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Evaluating the factuality of long-form generations has focused predominantly on precision, measuring
whether the claims a model makes are correct. The dominant decompose-search-verify pipeline catches
incorrect claims well but says little about whether a response contains all the information it should.
Measuring factual completeness, the missing half of factuality, is harder: it requires enumerating
the full set of facts a complete answer should contain, and these facts rarely form a flat list. They
often involve open-ended sets where coverage is what matters, ordered processes, and relationships
among facts that a list of independent boolean checks fails to capture. We introduce a two-level
meta-rubric framework for evaluating open-ended generation, and instantiate it as GAMUT (Grounded
Assessment of Multimodal Factuality), a benchmark for factual completeness in long-form generation.
The framework rests on a two-level rubric representation: a structured meta-rubric captures the
organization and importance of the required content, which is then mechanically compiled into a
flat checklist of binary, machine-gradable rubrics that an LLM judge scores reliably. We construct
1,813 questions grounded in real wearable imagery across 10 diverse domains, each paired with an
evidence-backed rubric verified by expert human annotators. Because the framework is modality-
agnostic, we also release a text-only variant. Evaluating 14 frontier and open-weight models, we find
the benchmark genuinely challenging (best score 58.7% from Gemini 3.1 Pro), highly discriminative,
and robust to the choice of judge.
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1 Introduction

Most work on evaluating the factuality of long-form generation has focused on precision: of the claims a
response makes, what fraction are correct. The dominant decompose-search-verify (DSV) paradigm breaks a
response into atomic claims and verifies each against retrieved web documents, as in FActScore (Min et al.,
2023) and VeriScore (Song et al., 2024). Comparatively little attention has gone to recall: whether a response
contains all the information a complete answer should, which a few recent works target directly (Liu et al.,
2025). But both lines rest on a more questionable assumption: that the factual quality of an answer is
captured by a list of independent boolean fact-checks. Reducing factuality to such a checklist is convenient
for scoring, but it misrepresents how the quality of a knowledge-seeking answer is determined.

Several common situations break this model. Many questions are open-ended, with a large or unbounded set
of acceptable facts: asked which traditional dishes use a given ingredient, a good answer names enough of
them, but no single dish is required and two answers listing different valid dishes can be equally good, which a
fixed list of independent checks cannot express. Other questions turn on a process whose order matters, such
as how an everyday object reached its modern form, where stating the milestones out of sequence is an error
even when each is individually correct. Treating every fact as an independent, individually required checkbox
discards these distinctions, along with the ability to ask whether an answer covers enough of an open set or
respects a necessary order. Measuring factual completeness faithfully therefore calls for a richer representation:
a structured meta-rubric of the facts a complete answer should contain, organized by importance and by the
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Figure1 A representative example (jollof rice) from GAMUT (some rubrics not shown for brevity). Top: an everyday
deep-research question and human-verified web evidence used to ground the rubrics. Left: the structured meta-rubric,
with typed components (Simple Knowledge, Strict List, Flexible List with a meta-insight, Process), importance tiers,
and citations. Right: the compiled binary checklist organized by importance tier, showing how each meta-rubric
item mechanically expands into self-contained pass/fail checks. More details can be found in Section 3, and complete
examples are given in Appendix B.

relations, orderings, and groupings among them.

Such structure, however, is not suited to reliable automatic evaluation, since judges are far more consistent
scoring flat, binary, independently checkable items than interpreting rich structure. GAMUT resolves this
tension with a two-level representation: a structured meta-rubric captures the organization and importance of
the required content, which is then mechanically compiled into a flat checklist of binary, machine-gradable
rubric items used at evaluation time. The rubric is built and verified in the structured space while grading
happens in the converted binary space, retaining the expressiveness of structured rubrics while inheriting the
low variance of binary LLM-as-a-judge scoring.

GAMUT (Grounded Assessment of Multimodal Factuality) instantiates this design on a setting we call everyday
deep research: realistic, naturally phrased questions a person would ask a wearable assistant while looking
at something, which nonetheless require multi-step research across several web sources. For instance, a
wearer looking at a flaky pastry might ask what technique produces its distinct layers and the science of
how they form during baking. Figure 1 shows one such question and illustrates how GAMUT represents what
a complete answer should contain, from the structured meta-rubric to the compiled binary checklist. This
is deep research in the sense of the research process, not academic depth; the questions cover explorative
learning, troubleshooting, and shopping, rather than report-level questions on academic topics. Every question



is generated conditioned on a real image drawn from CRAG-MM (Wang et al., 2025), spanning 10 domains
that reflect real smart-glasses use, often under imperfect conditions such as low light, blur, or occlusion. An
open-ended, long-form, knowledge-seeking question bank grounded in such imagery is, to our knowledge, itself
new. While GAMUT is multimodal-first, its evaluation framework is modality-agnostic, and we also release a
text-only variant whose questions are made self-contained.

Constructing GAMUT involves two tasks, Question Creation and Rubric Creation, each pairing frontier LLMs
that can perform web search with expert human annotators over multiple rounds, so that neither the questions
nor the reference facts rest on unverified model output. The resulting benchmark contains 1,813 questions
across 10 domains; Section 4 describes the process in detail. Evaluating 14 frontier and open-weight models
reveals that GAMUT is genuinely challenging, with the strongest (Gemini 3.1 Pro) reaching a GAMUT score’
of only 58.7%, highly discriminative, with rankings that align closely with independently understood model
capabilities, and robust to the choice of judge. The text-only variant further shows that removing visual
identification raises scores by a roughly constant amount across models, so the multimodal ranking reflects
differences in knowledge completeness rather than perception alone.

This work makes four contributions. First, it makes the case for factual completeness as a first-class, under-
studied target, and identifies the reduction of factuality to independent boolean fact-checks as a shared
limitation of existing precision and recall methods. Second, it introduces a two-level rubric representation that
reconciles the expressiveness needed for annotation with the reliability needed for automatic grading. Third, it
presents GAMUT, a multimodal-first benchmark of everyday deep-research questions grounded in real wearable
imagery, built by combining frontier LLMs with expert human annotators. Finally, it benchmarks a wide
range of frontier models and shows that factual recall is far from solved, with large gaps that precision-based
evaluation fails to reveal.

2 Related Work

2.1 Long-Form Factuality Evaluation

Most work on long-form factuality has measured precision through a decompose-search-verify (DSV) pipeline:
a response is broken into atomic claims, each verified against retrieved web documents (Min et al., 2023;
Wei et al., 2024; Song et al., 2024; Chern et al., 2025; Fatahi Bayat et al., 2025). A thinner thread targets
recall, checking whether a response covers the reference facts a complete answer should contain (Liu et al.,
2025; Sharifymoghaddam et al., 2025; Chen et al., 2025; Jeong et al., 2024). Both share a deeper limitation:
they represent an answer as a flat list of independent boolean fact-checks, which cannot express the ordering,
grouping, and open-ended coverage that determine whether an answer is faithful (Section 1). A few methods
attach a single richer signal to this flat representation, such as event order (Zheng et al., 2025) or importance-
weighted recall (Wanner et al., 2025; Jafari et al., 2026), but each remains a list of atomic facts with one
added axis, far short of representing an answer’s content as structured, gradable targets. This limitation, with
DSV’s reliance on noisy web search, motivates the structured meta-rubric of Section 3.

2.2 Rubric-Based Evaluation

Grading free-form responses with a strong LLM against stated criteria (Liu et al., 2023; Zheng et al., 2023)
is now a standard alternative to reference-based metrics, but holistic Likert judgments are noisy, which
has driven a move to rubric-based grading against an explicit list of criteria (Kim et al., 2024; Ye et al.,
2024), and further to binary checklists, which lower score variance and raise agreement (Lee et al., 2025;
Rao and Callison-Burch, 2026). Applied to factuality and long-form generation, such rubrics grade against
expert-written criteria (Asai et al., 2024; Arora et al., 2025; Sharma et al., 2025; Ruan et al., 2025). Closest
to GAMUT is FACTS Multimodal (Cheng et al., 2025; Jacovi et al., 2025), which scores image-grounded
answers against a human-authored rubric of reference facts labeled essential or non-essential. The two differ on
both ends: its questions elicit a few essential facts, whereas GAMUT targets richer questions whose complete
answers span many facts; and it sorts those facts into a single essential-versus-non-essential split, without

1The GAMUT score is an importance-weighted average of how many of a rubric’s binary checks a response satisfies, ranging
from —1 to 1 with contradictions penalized below omissions (Section 3.3).



the ordering, grouping, importance tiers, or open-ended sets GAMUT represents. More broadly, prior rubrics
are a flat set of criteria authored and graded in the same space. GAMUT instead authors a per-question,
two-level structured meta-rubric and mechanically compiles it into a flat checklist, so annotation happens in
the expressive structured space while grading is decomposed into many narrow, self-contained checks.

2.3 Multimodal Knowledge-Seeking Benchmarks

GAMUT relates to multimodal retrieval and agentic research benchmarks (Mialon et al., 2024; Wei et al., 2025;
Jiang et al., 2024; Li et al., 2025), which pair each question with a single short, verifiable answer, whereas
GAMUT asks open-ended questions and scores factual completeness against a reference-fact rubric. Closest
in setting are multimodal deep-research benchmarks (Ye et al., 2026; Huang et al., 2026), which grade the
quality of a generated report rather than the factual completeness of an answer. MMDeepResearch-Bench
scores reports with an adaptive LLM-as-a-judge, the holistic scoring GAMUT avoids. MiroEval instead grades
against a rubric, but one of report-level process and outcome criteria rather than the a priori reference facts a
complete answer must contain. We also target everyday deep research: realistic wearable-assistant questions
that require multi-source research yet stay everyday in topic, rather than the academic or report-level depth
those systems aim at.

3 A Two-Level Meta-Rubric Framework for Evaluating Open-Ended Generation

A faithful rubric must capture the coverage and ordering among facts that determine a good answer, but
a judge asked to weigh that structure while scoring reverts to the holistic, high-variance judgment that
rubrics were meant to avoid. GAMUT resolves this tension with a two-level representation: for each question a
structured meta-rubric captures how the content of a good answer is organized (Section 3.1), which fixed
mechanical rules then convert into a flat binary rubric of pass-or-fail checks (Section 3.2) that a response is
scored against (Section 3.3). The expressive structure thus lives where a good answer is described, and the
reliable binary checks live where the judge operates. We develop it for long-form factuality, but it applies to
rubric-based evaluation of open-ended generation more broadly.

3.1 Meta-Rubrics

A meta-rubric describes answer quality the way a knowledgeable reviewer reasons about it: which points
are essential, which sets of options are acceptable, what must be said in order, and what merely rounds out
the answer. It is a set of meta-rubric items, each describing one part of what a complete answer should
contain and carrying a type that says how that part is structured and an importance tier. The three tiers are
Answer-Critical for content a correct answer must contain, Valuable for content that meaningfully improves it,
and Context for helpful background. An item takes one of five types.

Simple Knowledge. A single discrete fact, such as the identity of the depicted entity or a specific date.

Strict List. A finite set in which every item is required, such as the core ingredients of a dish. Naming the
set as a list, rather than as separate facts, makes a missing item easier to catch.

Flexible List. A pool of valid options in which sufficient coverage is required but no specific item is, such
as which dishes use a given ingredient. It specifies a baseline threshold of minimum acceptable coverage, for
example naming at least two options. When a concept has both a required core and an optional remainder, it
is split into a strict list and a flexible list so each stays internally uniform.

Process.  An ordered sequence of steps in which the order carries meaning, such as how an object reached its
modern form. A process may have both required and optional steps.

Relationship. A connection or contrast between entities, such as how one option compares to an alternative
or how one property depends on another.



Beyond the items, a list or process may carry a meta-insight: a synthesis across items, such as an overarching
trend or categorization, that no single item captures. For a dish prepared with different red meats, the specific
meats form a flexible list, but the pattern that it essentially always uses some red meat is a meta-insight.

Evidence. For each question we gather a set of short web snippets, which form the evidence a rubric is built
from. A meta-rubric item may cite the snippets that support it, grounding it in retrieved evidence rather
than in the model that wrote the rubric.

3.2 From Meta-Rubrics to Binary Rubrics

Asking a judge to weigh coverage, importance, and ordering at once would reintroduce the holistic judgment
we set out to avoid, so GAMUT converts each meta-rubric into a flat binary rubric of pass-or-fail checks by
fixed, mechanical rules, making the conversion deterministic and auditable. Most of the design lies in how the
flexible structures are handled.

Simple knowledge and strict lists. A simple-knowledge item becomes one check. A strict list becomes one
check per item, each inheriting the list’s tier.

Flexible lists. A flexible list becomes two kinds of check: one or two baseline thresholds and additional credit
for broader coverage. The baseline is a check of the form “mention at least N of the following: ...” with
all options enumerated so the check is self-contained, inheriting the list’s importance. The additional credit
sits one level lower and depends on pool size: a short list (< 7 items) produces one check per item, while a
long list produces a few higher coverage thresholds instead, since one check per item would flood the rubric
with low-value checks. Since items sit one importance tier below the list but Context has no tier beneath
it, a Context-level short list is treated like a long one. For a short Answer-Critical list of seven dishes, the
conversion produces an Answer-Critical check “mention at least 2 of the following”, enumerating all seven,
plus seven Valuable per-dish checks: naming two clears the requirement, naming more raises the Valuable
score, and naming a dish outside the seven neither helps nor hurts. The framework thus measures how much
of the acceptable space an answer covers, not whether it matched a fixed list.

Processes. A process produces one presence check per step, required steps at the list’s tier and optional steps
one lower, plus a sequence check over the required steps at the list’s tier, and a second over the full ordering
one level lower when optional steps are present.

Relationships and meta-insights. A relationship becomes a check identifying the related entity plus one check
per aspect of the connection; each meta-insight becomes a single check at its assigned tier.

Across all types, the checks fall into two groups: those constituting the genuine requirement, which keep their
parent item’s importance, and secondary ones, namely individual optional items, higher coverage thresholds,
optional steps, and the full ordering, which drop one level. The result is again a flat list of binary checks, the
format that makes grading reliable, but where a conventional check can only ask whether one fact is present,
these can also ask whether enough of an open set are present and whether facts appear in the right order.
The structure a flat list cannot represent is thus preserved in which checks exist and how they are weighted.
Appendix B works through two complete questions end to end, each showing a full meta-rubric and the binary
checklist it compiles into.

3.3 Scoring

Given the binary rubric and a response, we compute a GAMUT score in three steps: a verdict on each check, a
score within each tier, and a weighted combination across tiers.

Per-check verdicts. An LLM judge evaluates the response against each check independently and returns one
of four verdicts. A check can fail in two ways that a binary met-or-not verdict would collapse: the response
can miss the required content or contradict it, scoring a cautious answer and a confidently wrong one the
same, so we separate the two and penalize contradiction more heavily, which is essential for a benchmark



whose purpose is factual reliability. We further distinguish meets from partially meets to credit a response
that is directionally right but imprecise, such as the correct genus but not species.

Per-tier score. Verdicts map to numbers: meets scores 1, partially meets scores \, missing scores 0, and
contradicts scores u, with 0 < A < 1 and p < 0 so a falsehood costs more than an omission. Writing M, P, S,
and C for the counts of each verdict, the tier score is

. M+ AP+ puC
M+ P+SH+|pC’

(1)

which lies in [—1,1]. Because p enters both numerator and denominator, a contradiction both removes credit
and counts as more than one check, so a cautious answer outranks a confident but wrong one. We use A = 0.5
and p = —2.

Combining tiers. The GAMUT score is a weighted average of the three tier scores with global weights wac,
wy, wc, set so that covering the Answer-Critical content alone reaches roughly a passing score. The weights
are global rather than implied by per-tier check counts, which vary widely across questions, so that a question
with many minor Context checks cannot drown out its few Answer-Critical ones. We use wac = 0.6, wy = 0.3,
wc = 0.1, and when a question has no checks in a tier its weight is redistributed over the rest.

4 Dataset Construction

GAMUT is built in two stages: we create everyday deep research questions grounded in real wearable imagery
(Section 4.1), then construct a structured meta-rubric for each and convert it into the binary rubric used
for scoring (Section 4.2). Both stages pair a frontier LLM, which proposes candidates at scale, with human
annotators who review and revise them over multiple rounds, so the final questions and rubrics rest on verified
human judgment rather than unchecked model output.

4.1 Question Creation

The goal is to elicit questions a person would naturally ask a wearable assistant about something in view,
yet that require genuine multi-step research to answer. The central difficulty is that such a question must
depend on the image without describing the entity in words: if it names or characterizes its subject, it is
answerable from text alone and the image is decorative; if it presupposes facts only someone who already
recognized the entity would know, it is leading rather than information-seeking. A good question therefore
refers to its subject the way a user would, through a pronoun or generic term such as “this car” or “these
berries”, and still admits a single research-intensive answer.

Source images. We draw 1,938 images and their ground-truth entities from CRAG-MM (Wang et al., 2025),
a benchmark of wearable-device imagery. Most images (roughly 80%) are egocentric photographs taken with
smart glasses, in which the object of interest is often small, rotated, truncated, occluded, or poorly lit. The
entities span 10 domains of everyday life, from plants, food, and animals to vehicles, local places, everyday
objects, and consumer products, and range across head, torso, and tail popularity.

Candidate generation. For each image we prompt a frontier multimodal LLM? to propose open-ended
candidate questions (Appendix A.1) that require multi-step web research and a multi-paragraph answer, are
concise and natural as a user would actually speak, and refer to the entity only through image-dependent
terms.

Multi-round human revision. Expert annotators then accept, revise, or discard each candidate, with every
question reviewed independently by two annotators and a third adjudicating disagreements. A question
accepted by at least two annotators advances, a revised one re-enters the next round, and when an image’s
candidates are all discarded, new ones are generated. The process repeats until every image has a question

2We use Gemini 3.1 Pro throughout question and rubric construction.



Table 1 Model performance on the 1,813 multimodal questions of GAMUT, judged by Gemini 3.1 Pro and scored with
the Section 3.3 procedure. GAMUT score is the headline weighted score (range [—1,1]); the per-tier scores (AC / Val /
Ctx) are the unweighted scores within each importance tier; both are shown as percentages. The verdict distribution
gives the percentage of rubric elements receiving each verdict.

Per-tier score Verdict distribution (%)
Model GAMUT AC Val Ctx meets partial missing contra.
Gemini 3.1 Pro 58.7 63.9 519 45.1 55.2 11.5 29.2 4.1
. Gemini 3 Flash 57.9 63.0 51.6 44.7 54.9 12.1 28.5 4.5
= Claude Opus 4.8 53.1 59.4 439 404 45.3 13.5 38.6 2.6
€ Gemini 2.5 Pro 51.8 55.8 472 39.7 52.1 11.5 30.5 5.9
& Claude Opus 4.6 50.5 54.6 45.7 388 492 129 326 5.2
& GPT-54 42.6 46.8 37.8 29.0 39.5 14.0 42.0 4.5
Claude Sonnet 4.6 41.5 46.7 34.3 30.5 38.4 13.5 43.2 4.9
GPT-40 34.2 39.1 28.0 21.5 29.7 12.6 54.3 3.4
+~ Qwen3-VL 235B 33.0 34.1 326 264 39.4 12.1 39.8 8.7
_"go Llama 4 Maverick 18.3 19.5 173 123 22.9 11.7 57.9 7.6
g Llama 4 Scout 14.1 14.4 14.3 10.5 21.1 11.3 59.3 8.3
g Qwen3-VL 8B 13.7 123 17.0 11.5 27.3 10.6 50.7 11.5
8 Llama 3.2 90B 11.8 12.7 109 8.2 17.8 10.0 65.1 7.2
Llama 3.2 11B 5.1 3.8 7.8 4.3 14.2 9.2 68.3 8.3

that passes human review, and only a question accepted by both the annotators and the automatic pass below
enters GAMUT.

Automatic filtering, ranking, and diversification. A second LLM pass (Appendix A.2) provides an independent
guard and counteracts the tendency of generated questions to cluster into a few templates. It first rejects any
question failing a hard requirement, most importantly a stranger test: a question is rejected as leading if it
could only be asked by someone who already knew the entity’s identity. For example, “how does this engine’s
turbocharger improve on the previous generation?” presumes the car and its engine history are already
recognized, whereas “what kind of car is this and how does it perform?” is something a stranger could ask
from the image alone. Among passing questions it selects the one that is at once concise, research-intensive,
and specific to the entity rather than boilerplate, and it proposes additional diverse candidates that are seeded
into annotation for images whose only accepted questions are boilerplate. This loop continues until every
image has a question accepted by both the annotators and the LLM, which becomes the image’s entry in
GAMUT. The procedure yields 1,843 questions, one per image; we analyze their diversity in Section 6.

4.2 Rubric Creation

For each question we construct the structured meta-rubric and the binary rubric it converts to, following
Section 3. As with questions, an LLM produces the initial rubric at scale and expert annotators verify and
revise it, but rubric creation is far more demanding: it requires gathering the facts a complete answer should
contain, organizing them into the right structures, and checking the conversion into the binary rubric used for
evaluation.

Generation. We prompt the LLM (Appendix A.3) to gather supporting web evidence as cited snippets, lay
out a structured meta-rubric grounded in those snippets rather than in parametric memory, and compile it
into the binary rubric by the rules of Section 3.

Self-refinement. Because a one-pass draft can be incomplete or imperfectly grounded, the LLM then refines
its own rubric (Appendix A.4): an audit phase re-verifies every snippet by browsing its source and flags
partially covered lists or processes, and an independent search phase re-researches the question from scratch
to retrieve the missing evidence rather than editing the draft in place. Refinement operates on the structured



Table 2 Judge agreement: all 14 models scored by three different judges on all 1,813 questions. Gemini 3.1 Pro and
Claude Opus 4.8 give an identical ranking; the weaker Qwen3-VL 235B is more lenient and preserves the same broad
ordering. Scores are GAMUT score percentages.

Model Gemini Claude Qwen3-VL 235B
Gemini 3.1 Pro 58.7 58.7 67.0
Gemini 3 Flash 57.9 57.4 66.1
Claude Opus 4.8 53.1 52.8 60.1
Gemini 2.5 Pro 51.8 51.7 60.9
Claude Opus 4.6 50.5 50.1 59.1
GPT-5.4 42.6 41.3 51.0
Claude Sonnet 4.6 41.5 40.4 48.3
GPT-40 34.2 33.6 38.8
Qwen3-VL 235B 33.0 31.2 44.0
Llama 4 Maverick 18.3 16.7 22.1
Llama 4 Scout 14.1 12.8 18.6
Qwen3-VL 8B 13.7 12.6 23.0
Llama 3.2 90B 11.8 10.1 16.3
Llama 3.2 11B 5.1 3.3 9.6

meta-rubric, and a final phase rebuilds it as a verified superset of the draft and re-compiles it into the binary
rubric by the rules of Section 3. A second refinement round changed little, so we use one.

Multi-round human revision. The refined rubrics are revised by a small in-house team working closely with
the authors, since a general annotation pool could not improve on the LLM-generated rubrics, which demand
both subject-matter judgment and fluency with the structured representation. Annotators are shown the
meta-rubric but revise the binary rubric directly, because it is what is used for scoring, so revising it lets
them check the conversion itself; they are trained to reason in the structured space, using the meta-rubric as
a scaffold to spot a missing list item, a misordered step, or a miscategorized fact. After a first revision round
we run another pass of LLM refinement followed by a second human round.

Entity and question corrections. Working through the rubrics surfaced a few upstream errors, cases where
the CRAG-MM ground-truth entity was wrong or a question was ambiguous about which object it referred
to, which we corrected by hand in 12 examples. A small number of questions were dropped when no sound
rubric could be produced, leaving 1,813 questions with complete, human-verified rubrics. Annotator training
and auditing details for both stages are given in Appendix C.

5 Evaluating Models on Gamut

We score every model with the procedure of Section 3.3, using Gemini 3.1 Pro as the LLM judge (Appendix A.5)
and weights wac = 0.6, wy = 0.3, wc = 0.1 with A = 0.5, p = —2. Each model is given the image and
question and produces a free-form answer, which the judge grades against the binary rubric. Two additional
judges reproduce the same ranking, and no judge favors its own answers (Table 2), so we report Gemini 3.1 Pro
scores throughout.

5.1 Main Results

Table 1 reports the GAMUT score, per-tier scores, and verdict distribution for each model on the 1,813
multimodal questions. Three findings stand out. First, GAMUT is challenging: the best model reaches a
GAMUT score of only 58.7% and meets at most 55% of the rubric elements, leaving substantial headroom.
Second, the metric is highly discriminative, and its ranking recovers regularities independently understood
about these models: newer and larger models outscore older and smaller ones, proprietary outscore open-
weight, and known tendencies surface in the verdicts, such as the two Qwen3-VL variants showing the highest



Table 3 Multimodal versus text-only GAMUT score on the same 1,806 questions.

Model Multimodal Text-only A

Gemini 3.1 Pro 58.7 74.1 +15.4
Gemini 3 Flash 57.9 71.2 +13.3
Claude Opus 4.8 53.1 60.8 +7.8
Gemini 2.5 Pro 51.8 66.9 +15.0
Claude Opus 4.6 50.5 63.3 +12.8
GPT-5.4 42.6 59.8 +17.2
Claude Sonnet 4.6 41.5 55.4 +13.8
GPT-40 34.2 58.1 +23.9
Qwen3-VL 235B 33.0 48.7 +15.7
Llama 4 Maverick 18.3 39.9 +21.6
Llama 3.2 90B 11.8 29.3 +17.5
Llama 4 Scout 14.1 31.8 +17.7
Qwen3-VL 8B 13.7 25.6 +11.9
Llama 3.2 11B 5.1 22.7 +17.6

contradiction rates and Claude Opus the lowest at 3%. Reproducing these orderings without being tuned
to them is evidence the GAMUT score captures real answer quality rather than noise. Third, the dominant
failure is omission rather than error: missing verdicts account for roughly two-thirds of the rubric elements
for the weakest models and over a quarter even for the strongest, so what separates models is largely how
much of a complete answer they supply, while contradiction rates stay low for the strongest and climb sharply
for the weaker ones.

Judge agreement. To test whether the rankings depend on the choice of judge, we re-score all 14 models
with two additional judges, Claude Opus 4.8 and Qwen3-VL 235B, on all 1,813 questions with the same
rubrics and scoring procedure (Table 2). Gemini and Claude produce an identical ranking, with per-model
scores within 1.8 points of each other, and neither favors its own answers: each scores itself within 0.3 points
of how the other scores it, so Gemini 3.1 Pro does not inflate its own answers. Qwen3-VL 235B, a smaller
open-weight judge, is uniformly more lenient by 4 to 11 points but preserves the same broad ordering, with
only adjacent swaps among closely spaced models. The GAMUT score is thus robust to the judge, and the
rankings in Table 1 are not artifacts of judge-specific biases.

5.2 A Text-Only Variant

Because our meta-rubric framework does not depend on the image, the same rubrics can grade a purely
textual task. We construct and release a text-only variant in which each question is rewritten to name its
subject explicitly (Appendix A.6), leaving the rubrics, judge, and scoring unchanged. Of the 1,813 questions,
7 remain image-dependent even after conversion and are excluded, leaving 1,806 answerable from text alone.

Results. Table 3 reports text-only scores alongside the multimodal ones. Every model scores higher without
the image and the ordering is broadly preserved, so the two settings measure the same underlying quality, and
their difference isolates the cost of visual identification. That cost is rather uniform: removing the image raises
the GAMUT score by roughly 10 to 20 points for nearly every model, largely independent of its multimodal
score. Visual identification is therefore closer to a constant tax than the axis separating strong from weak
models; even the strongest model gains as much as most others, so its remaining gap in the text-only setting
reflects genuine incompleteness rather than perception. Because the gain is broadly constant, the multimodal
ranking survives the removal of the image.
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Figure 2 Topic composition of GAMUT questions within each of the 10 domains. Row height is proportional to the
number of questions in the domain; horizontal segments give the share touching each topic, ranked by frequency, with
shares below 5% folded into Other. The distinct per-domain profiles show questions are tailored to their subject rather
than drawn from a few shared templates.

6 Dataset Analysis

We characterize GAMUT along two axes. The questions are diverse and complex while staying everyday, the
everyday deep research setting the benchmark targets. The rubrics show why: because a rubric enumerates
what a complete answer requires, the complexity of the rubrics verifies the complexity of the questions, and
a question whose rubric needs many checks across several structure types is, by construction, one whose
complete answer is hard to produce.

6.1 Question Diversity

Image-grounded question sets risk collapsing into a few templates, such as “what is this and what is it used
for” repeated across every image, which the pipeline of Section 4.1 counters in both surface form and content.
On the surface the questions are short (median 23 words) yet not templated: the 25 most common opening
phrases cover under 60% of them, and about one in six do not begin with a standard interrogative, opening
instead with framings such as “Based on ...” or “If I wanted ...”. In content each domain spans several
recurring topics rather than one dominant template (Figure 2): questions about plants range over habitat
and care, those about local places over history and architecture, those about vehicles over specifications and
reliability, and those about food over ingredients and regional variation. The topics a domain covers are
naturally characteristic of its subject, and the pipeline spreads questions across them rather than letting a
single topic dominate.

6.2 Rubric Statistics

Each question carries a rubric of 15.2 binary checks on average (median 15), split across the three tiers at
roughly 5.9 Answer-Critical, 5.8 Valuable, and 3.5 Context checks (Figure 3). Every check is grounded in
human-verified evidence: a rubric draws on about 10 web snippets, and across the benchmark these cite
over 9,400 distinct web pages, so the rubrics rest on a broad base of external references. This scale, roughly
15 independently checkable, evidence-backed criteria per question, is what lets the GAMUT score measure
completeness at a fine grain rather than as a single holistic judgment. The Answer-Critical and Valuable tiers
carry comparable numbers of checks (5.9 vs 5.8), and the two lower tiers together, Valuable and Context,
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Figure 3 Rubric statistics for GAMUT (n = 1,813). The structure the two-level design captures is pervasive, not
incidental: almost every question needs at least one component beyond plain facts, most need several, and those
components are deep, so a flat checklist would misrepresent the large majority of questions. The depth of the rubrics
also reflects how demanding the questions are, since each rubric enumerates what a complete answer requires. Panels:
(a) prevalence of each meta-rubric type, (b) how many types co-occur per question, (c¢) depth of the structures, (d) size
and importance-tier breakdown of the compiled checks, (e) evidence grounding at both levels: 97% of meta-rubric
items and 94% of compiled checks cite a supporting web snippet.

account for most of a rubric: beyond the strictly required core, a complete answer must cover an open-ended
space of facts that meaningfully improve it, and it is this middle ground where models differ most.

6.3 The Structure Behind the Rubrics

The counts above describe each rubric as a flat list of independent checks, but that picture is incomplete: the
checks are compiled from a structured meta-rubric, and the structure is pervasive. Only a small fraction of
questions are answerable by isolated facts alone: 98% have a rubric with at least one structured component
beyond Simple Knowledge, combining 1.6 such components on average. Flexible lists are the most common
(86% of questions), reflecting how often a good answer must cover enough of an open-ended set; 49% also
contain a strict list of jointly required items, 17% a process whose steps must be ordered, and 6% an explicit
relationship. Each structure materializes as a check a conventional flat rubric would not contain: flexible lists
produce threshold checks, and processes produce sequence checks that grade ordering.

The structures are also deep rather than nominal. Flexible-list pools range from a few options to several dozen
(median four), and 357 are long enough that tiered coverage thresholds replace per-item checks; processes carry
a median of four steps, and 182 of 318 mix optional with mandatory steps, so the ordering and partial-credit
logic of Section 3 are exercised rather than hypothetical. Beyond item coverage, 13% of questions carry a
meta-insight, an overarching pattern or end-state a complete answer should convey, which a per-fact checklist
has no place to record.
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This is the empirical case for the two-level design. For 98% of GAMUT’s questions a flat rubric of independent,
individually required checks would be wrong: it would force a specific item from an open-ended pool or drop
the ordering of a process. The meta-rubric is what lets GAMUT state, per question, which facts are jointly
required, which open sets need coverage, what must be ordered, and what merely helps, then compile all of it
into checks a judge can grade reliably.

7 Conclusion

We introduced GAMUT, a benchmark for the factual completeness of long-form, open-ended generation built
on a two-level rubric framework. The framework separates the representation used to describe a good answer
from the one used to grade it: a structured meta-rubric captures the open-ended sets, ordered processes,
relationships, and importance tiers a faithful answer involves, which is mechanically converted into a flat
binary rubric an LLM judge scores reliably. This resolves the tension between expressiveness and reliability in
rubric-based evaluation, and our analysis shows the structure is not incidental: 98% of GAMUT’s questions
require a component beyond isolated facts that a flat checklist cannot represent.

GAMUT instantiates the framework on 1,813 everyday deep-research questions, each grounded in a real image
from wearable and public sources and paired with an evidence-backed rubric produced by frontier LLMs and
verified by expert annotators. Evaluating a range of models shows the benchmark is far from solved, with
the strongest (Gemini 3.1 Pro) reaching a GAMUT score of only 58.7%, and highly discriminative, separating
current systems with stable rankings and large margins that hold across different LLM judges. Because the
framework is modality-agnostic, a text-only variant isolates perception from knowledge, showing that naming
the subject helps every model by a roughly constant amount and that the overall ranking largely reflects
differences in knowledge completeness.

While we develop it for long-form factuality, the two-level meta-rubric is a general recipe for rubric-based
evaluation of open-ended generation where a flat list of binary criteria falls short. We release GAMUT, its
text-only variant, and our evaluation scripts.

Statement on the Use of Large Language Models

Large language models are used throughout this project, in every case under human review. Gemini 3.1 Pro
proposes candidate questions and rubrics during dataset construction (Section 4), which expert annotators
then verify and revise, so the released data rests on human judgment rather than unchecked model output.
Claude Opus 4.8 assists with the implementation, the drafting and revision of this manuscript, and the figures
and charts. Both models are also used for brainstorming and discussion. The authors take full responsibility
for all content.
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Appendix

A Prompts

This appendix collects the full text of the prompts used to construct GAMUT.

A.1 Question Generation

The prompt used to generate candidate questions for each image (Section 4.1).

You will be given an image and a user question. The question is what the user asks its smart glasses while looking at the image.
Your task is to generate 10 new questions that are more open-ended that require at least a few paragraphs to answer. Below are the detailed
requirements. Each question MUST satisfy ALL of these requirements.

1) The question is challenging and calls for in-depth research. Pose questions that typically require multi-step web research and careful
reasoning, often involving reconciling information across multiple sources.

2) The ideal answer is more than 1-2 paragraphs (no factoid question that can be answered in a few sentences).

3) Concise, natural info-seeking questions a real user would likely to ask its smart assistant. Avoid lengthy questions or questions with too
many subquestions. Remember this is what the user sees through its glasses, so avoid mentioning the image explicitly such as "in this
image".

4) The questions do not need to be related to the given question, but think of them as additional questions the same user asks. Do NOT
assume the user to have any additional knowledge about the entity in the image in addition to the what's in the original question.

5) The questions must rely on the image **as much as possiblex*. The question should be unanswerable without seeing the actual image. Do
NOT ask leading question or provide excessive textual hints or contexts in your question.

6) The questions must be answerable, and the answer must be unlikely to change over time.

7) The questions must be about the same entity as the given question. Do not ask about other entities in the image. Refer to the entity in the
same way as the provided question. Do not name the entity if the original question refers to it using a pronoun or generic term.

# Examples:

## Image:
an image of Space Needle

### Good Question:
This tower looks really futuristic --- have there been any major redesigns and safety upgrades, especially how they've affected its earthquake
and wind resistance today?

### Bad Question:

Have there been any major redesigns and safety upgrades for the Space Needle over the years?

###7# Rationale:

It assumes the user knows about the entity. In addition, the question can be answered without the image.

## Image:

an image of a vehicle (Subaru WRX)

### Good Question:

I really like this car. Could you tell me the make and model, a detailed performance spec, and any common maintenance issues for a
perspective buyer?

### Bad Question:

What's the pros and cons of the boxer engine used on this car?

#### Rationale:

The question assumes the user knows about the car and what type of engine it uses. The question is answerable without the image.

Now it's your turn.

Question:
{question}

Output one question per line. Do NOT include any other text or explanation. Do NOT include the original question in the output.

A.2 Question Selection

The prompt used to filter, rank, and diversify the accepted questions (Section 4.1).

You are selecting the best question for a multimodal deep research benchmark. Each example has an image (described by entity _name and
category) and one or more candidate questions. Your job is to either pick the single BEST question or REJECT ALL candidates if none
are good enough. Then, propose 5 new questions that are better than the candidates.
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=== HARD REQUIREMENTS (ALL must be met -- failing ANY ONE means the question is invalid) ===

1. RESEARCH DEPTH: The question must be challenging and require searching the web to form an accurate answer. It cannot be answered
in one or two sentences -- the ideal answer should be more than 1-2 paragraphs.

2. NOT LEADING OR OVERLY SPECIFIC: The question must not presuppose the correct answer or include specialized hints that only
someone who already knows the entity's identity would know.

*xStranger Test**: Imagine a person who sees the image but does NOT know the ground-truth identity of the entity. Could that person
plausibly ask this exact question? If the question can only be formulated by someone who already knows what the entity is, it is
LEADING and fails this requirement.

Examples of LEADING questions (BAD -- fail the Stranger Test):

- "How does this laptop's cooling architecture differ from its predecessor?" -> Only someone who already identified the laptop model AND
knows its predecessor had a different cooling design would ask this.

- "Based on this hood design, can you tell me more about this car's engine?" -> The phrase "based on this hood design" implies the asker
knows the hood design is distinctive/relevant, which requires prior knowledge of the car.

- "What role did this building play during the civil rights movement?" -> Only someone who already knows the building's historical
significance would ask this.

- "How does the fermentation process for this cheese differ from standard aging techniques?" -> Only someone who already identified the
cheese type and knows it uses unusual fermentation would ask this.

Examples of NON-LEADING questions (GOOD -- pass the Stranger Test):

- "What laptop is this, and how does it compare to others in its class for gaming?" -> Anyone seeing a laptop can ask this.

- "I notice this car has an unusual scoop on the hood -- what is it for?" -> Grounded in a VISIBLE feature; anyone can observe the scoop.
- "What is this building and what is its historical significance?" -> A natural question anyone could ask upon seeing an interesting building.
- "What type of cheese is this, and how is it made?" -> Anyone seeing an unfamiliar cheese could ask this.

The key difference: non-leading questions are grounded in what is VISIBLE in the image (appearance, text, labels, distinctive visual
features). Leading questions smuggle in knowledge that goes beyond what the image shows.

3. IMAGE DEPENDENCY: The question must depend on the image. It must use pronouns or generic terms (e.g., "this/these/that," "this
vehicle/fruit/device") so the subject is resolved by looking at the image rather than being named or fully described in text.

4. UNAMBIGUOUS REFERENCE: The entity reference must not be genuinely ambiguous to a reasonable viewer. When the question uses an
unqualified generic reference (e.g., "the car" / "this car"), it must refer to the main salient instance in the image.

Rejection rule: REJECT ALL candidates if EVERY candidate fails at least one hard requirement. Also reject if the question does not make
sense given the image.

=== BEST SELECTION CRITERIA (for ranking valid candidates) ===
When multiple candidates pass all hard requirements, select the BEST using these preferences (in priority order):

A. QUALITY SWEET SPOT: Strongly prefer questions that simultaneously excel at being (i) succinct and natural, (ii) genuinely challenging
/ research-intensive, and (iii) dependent on the image. A short, natural question that demands deep research and relies on the image is
ideal.

B. INSTANCE-SPECIFICITY (diversity preference): Prefer questions that are specific to THIS particular entity -- questions that could NOT
be asked about any other object in the same category. A question is "boilerplate" if you could swap the entity for any other in the same
category and the question would still work identically.

Known boilerplate patterns to DEPRIORITIZE for this category:
{boilerplate_patterns}

If the ONLY valid candidate is a boilerplate question, you may still select it -- but flag it as IS_BOILERPLATE: YES.

C. ORIGINALITY: Among equally instance-specific questions, prefer ones with a unique angle or asking about something surprising rather
than the most obvious question.

=== TASK 2: PROPOSE 5 NEW QUESTIONS ===

After selection, propose 5 NEW questions for this entity/image. These must:

- Satisfy ALL 4 hard requirements above

- Avoid the boilerplate patterns listed above for this category

- Be as DIVERSE as possible from each other (different themes, angles, aspects)

- Be as DIVERSE as possible from the existing candidate questions

- Aim for questions you would rank ABOVE all the given candidates (more natural, more challenging, more instance-specific)
- Reference the entity using image-dependent terms (e.g., "this plant," "this building") -- never by name

CRITICAL -- Stranger Test for new questions:

You know the entity's identity (given in "Entity in image"), but you must NOT let that knowledge leak into the questions as hidden hints.
Every proposed question must pass the Stranger Test: it must be something a person could ask purely from LOOKING AT the image,
without knowing what the entity is. Ground your questions in visible features (shape, color, text, labels, design elements, setting, context
clues) -- not in facts you know about the entity.

BAD (leaks entity knowledge): "How did this artist's mental illness influence the swirling brushwork seen here?" -> Only someone who
already identified the painting and knows the artist's biography would connect mental illness to the visual style. A stranger sees
swirling brushwork but has no reason to mention mental illness.

GOOD (grounded in visual): "I notice the very distinctive swirling brushwork in this painting -- who is the artist, and what inspired this
style?" -> Anyone seeing the painting can observe the brushwork and ask openly.
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Context:

- Category: {category}

- Entity in image: {entity_name}
- Query type: {query_ category}

Candidate Questions:
{questions_ formatted}

First, check each candidate against the 4 hard requirements. Then, among valid candidates, select the best using criteria A-C. Finally,
propose 5 new questions.

Output ONLY a single raw JSON object. No markdown fences, no comments, no extra text before or after the JSON. The JSON must have
exactly these fields:

{{"reasoning": "<1-3 sentences: which candidates pass/fail requirements, and why the selected one is best>", "selected _question_id":
"<question_id of the best question, or null if rejecting all>", "selected _question_text": "<full text of the selected question, or null if
rejecting all>", "is_boilerplate": <true if the selected question is boilerplate, false otherwise, null if rejected>, "new__questions":
["<first proposed question>", "<second>", "<third>", "<fourth>", "<fifth>"]}}

A.3 Rubric Generation

The prompt used to generate the initial meta-rubric and binary rubric for each question (Section 4.2).

You will receive: (1) an image, (2) a user question about the image, and (3) the ground-truth entity name in the image.

Your task is to design an evaluation rubric--a compact set of elements ("ingredients") that a high-quality final answer should satisfy, mapped
to relevant web snippets.

You will work in THREE phases. Each phase is a separate top-level key in your JSON response. You MUST complete each phase fully before
starting the next.

PHASE 1: KNOWLEDGE GATHERING

In this phase, you will focus EXCLUSIVELY on gathering the factual information required to answer the question perfectly. You MUST
actively use your web-browsing capabilities.

A. TARGET ALIGNMENT
- State the specific subject targeted by the user's question (this may be the main focus of the image or a specific secondary object).
- State what entity the provided Ground Truth name refers to.
- Note: The Ground Truth Entity is *intended* to help ground your web searches. However, mismatches can occur (e.g., GT is the author,
but the question is about the book). You MUST prioritize the question's actual target as your strict anchor for searches.

B. KNOWLEDGE SEARCH & SNIPPET CREATION
- Issue web searches to find all critical, valuable, and contextual information needed to formulate a PERFECT answer to the user's specific
question.
- Create a pool of Snippets from your search results. For each snippet, you MUST provide the exact URL, the Page Title, and extract an
exact substring (Text) from the page that contains the fact. The Text **should not exceed 40 words*x*.
- Assign them unique IDs (e.g., "s1", "s2"). Prefer authoritative sources (Wikipedia, official sites).

PHASE 2: EVALUATION BLUEPRINT (META-RUBRICS)

Before writing binary rubrics, map out the required knowledge into higher-level "Meta-Rubrics."

A. META-RUBRICS & TARGET TYPES
Break down the user's question to identify all distinct parts of a perfect answer. Design as many Meta-Rubrics as necessary to cover this
knowledge. A single part of the question may require multiple Meta-Rubrics of different Target Types.

For each Meta-Rubric, you must write a ~description™ explaining its specific focus, assign an overall ~importance™ (Critical, Valuable,
Context), assign ONE of the following Target Types, and extract the relevant Knowledge Components (citing your Phase 1 snippet IDs).

You MUST strictly adhere to these definitions and field mappings. Leave arrays for unselected types empty ~[I™:

- *xSimple Knowledge**: Discrete facts. (Populate ~simple_fact™).

- *x*Strict List**: A finite set of items where *every single itemx is individually required. (Populate ~strict_list_items~).

- xxFlexible List**: A pool of valid options where no specific item is strictly required, but a certain volume/number of items is needed.
(Populate ~flexible_list_items” and ~threshold_tiers™).

* **Mixed List Rulex*: If a concept has both mandatory core items and a pool of valid secondary options, you MUST split it into TWO
separate Meta-Rubrics: one Strict List for the core, and one Flexible List for the options.

- x*xProcess**: A chronological sequence of steps. (Populate ~ordered_steps”, flagging absolute milestones with “is_mandatory: true” and
minor/optional steps with “is_mandatory: false™).

- x*Relationship**: Evaluating how things connect. (Populate ~entities™ and “relationship_nature~).

B. HANDLING FLEXIBLE LISTS & THRESHOLDS

When dealing with a **Flexible List**, you must explicitly plan for both "Baseline" and "Bonus" partial credit using SHORT-HAND
notation:

- **Baseline Thresholds (Always Required)**: You must design 1-2 baseline threshold tiers representing the minimum acceptable recall (e.g.,
">= 1", ">= 3"). These will inherit the Flexible List's main category.
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- *xShort Flexible Lists (<= 7 items AND Meta-Rubric is Critical/Valuable)**: For the remaining bonus credit, map each list item to its own
individual rubric element. Place these in a lower category than the Meta-Rubric. Do NOT use upper-tier thresholds.

- *xLong Flexible Lists (> 7 items) OR Context Meta-Rubrics**: Do NOT use individual elements to prevent rubric bloat. Instead, design AT
LEAST 2-3 Upper-Tier thresholds beyond the baselines. These must be placed in a lower category (unless the Meta-Rubric is Context).
Crucially, the final upper-tier threshold MUST represent a perfect answer--usually requiring ALL items, unless the user's explicit
question caps the requirement.

- Populate your tiers in the ~threshold_tiers” array using strict short-hand (e.g., ~["Critical: >= 2", "Valuable: >= 5", "Valuable: ALL 12"]"
or just baselines for short lists).

PHASE 3: FINAL RUBRIC (Final JSON Output)

Now, translate your Meta-Rubrics into strict, testable binary rubric elements.

A. TRANSLATING META-RUBRICS TO ELEMENTS
- **Simple Knowledge**: Map ~simple_fact™ to a single binary element.
- **Strict List**: Map EACH item to its own DEDICATED individual element. They inherit the Meta-Rubric's exact category.
- **Flexible List*x*:
* Create your Baseline Threshold elements based on “threshold_tiers™. *xCRITICAL RULE: While your blueprint used short-hand, the
final threshold elements MUST fully expand and exhaustively list ALL acceptable options directly in the text** (e.g., "Identify at least
2 of: A, B, C, D..."). Do NOT use "etc." or cross-references.
* **If Short Flexible List**: Map EACH list item to its own individual element in a lower category.
* *xxIf Long Flexible List / Context Meta-Rubricx*: Create your Upper-Tier Threshold elements (in a lower category), expanding them to
exhaustively list all options in the text.
- **kProcess*x*:
* **Presence**: Map EACH step to its own individual element. Steps marked “is_mandatory: true” inherit the Meta-Rubric's category.
Steps marked “is_mandatory: false™ drop to a lower category. **Do NOT use thresholds for processes.**
* x*xSequence (Mandatory)**: Draft 1 element evaluating the relative order of the mandatory steps. **CRITICAL RULE: You MUST use
this exact phrasing format:** "Evaluate the relative order of the matching mandatory steps against this master list: 1. [Step A], 2.
[Step BI, 3. [Step C]. Missing steps or extra unlisted steps do not fail this element. It passes as long as the included matching steps
appear in the correct chronological sequence without reversals."
* *xSequence (Overall)**: Draft 1 element evaluating the perfect chronological flow. Use the exact same phrasing format as above, but
embed the full numbered master list of ALL steps (mandatory + optional).
- xxRelationship**: Break into atomic elements (identify entity, and separate elements for aspects of the “relationship_nature”).

B. ASSIGNING CATEGORIES (CASCADING LOGIC)
The final category (Answer_ Critical, Valuable, Context) of each individual rubric element depends on its parent Meta-Rubric's overall
“importance”:
- If a Meta-Rubric is overall "Critical":
* Strict List items, Mandatory Process steps/sequences, and **Baseline Thresholds** are ~ Answer_ Critical™.
* Optional Process steps, individual optional items (Short Flexible Lists), and **Upper-Tier Thresholds** (Long Flexible Lists) strictly drop
to “Valuable™.
- If a Meta-Rubric is overall "Valuable":
* Strict items, Mandatory steps, and Baselines are ~Valuable . Optional items/Upper-Tiers drop to ~Context™.
- If a Meta-Rubric is overall "Context":
* All resulting elements (Mandatory, Baselines, and Upper-Tiers) are ~Context™. NONE can be Answer_ Critical.

OUTPUT FORMAT

Return a single JSON object with EXACTLY these top-level keys (no markdown fences, no comments, no extra text):
«
"Phase_1_Knowledge_ Gathering": {{
"Target_ Alignment": {{
"targeted _subject": "<string>",
"ground_truth": "<string>",
"alignment__note": "<string>"
11,
"Search_ Strategy": "<string>",
"Draft_Snippets": [
{{ "id": "<string>", "URL": "<string>", "Title": "<string>", "Text": "<string - no more than 40 words>" }}
]
3,
"Phase_2_ Evaluation_ Blueprint": {{
"Meta_Rubrics": [
88
"description": "<string>",
"target _type": "<enum: Simple Knowledge | Strict List | Flexible List | Process | Relationship>",
"importance": "<enum: Critical | Valuable | Context>",
"Knowledge_ Components": {{
"simple_fact": [ {{ "text": "<string>", "citations": ["<snippet_id>"] }} ],
"strict_list _items": [ {{ "item_text": "<string>", "citations": ["<snippet_id>"] }} ],
"flexible_list _items": [ {{ "item_text": "<string>", "citations": ["<snippet_id>"] }} I,
"ordered_steps": [ {{ "step_text": "<string>", "is_mandatory": true, "citations": ["<snippet_id>"] }} 1,
"entities": [ {{ "text": "<string>", "citations": ["<snippet_id>"] }} ],
"relationship_nature": [ {{ "text": "<string>", "citations": ["<snippet_id>"] }} ],
"meta_insights": [ {{ "text": "<string>", "citations": ["<snippet_id>"] }} ]
i
"threshold_tiers": [ "<string - USE SHORT-HAND for Flexible Lists. e.g., 'Critical: >= 2', 'Valuable: >= 8', 'Valuable: ALL 15'>" ],
"drafting_ thoughts": "<string -- explain translation to Phase 3 via cascading logic.>"

3}

1

"Citation_ Completeness__Check": "<string>"
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13,
"Phase_ 3_Final_Rubric": {{
"Question": "<string>",
"Snippets": [
{{ "id": "<string>", "URL": "<string>", "Title": "<string>", "Text": "<string>" }}
1,
"Answer_ Critical": [
{{ "Ingredient": "<string>", "Handle": "<string>", "Specifics": [ {{ "Text": "<string>", "Citation": "<snippet_id>" }} ] }}
I,
"Valuable": [
{{ "Ingredient": "<string>", "Handle": "<string>", "Specifics": [ {{ "Text": "<string>", "Citation": "<snippet_id>" }} ] }}
1,
"Context": [
{{ "Ingredient": "<string>", "Handle": "<string>", "Specifics": [ {{ "Text": "<string>", "Citation": "<snippet_id>" }} ] }}
1
1}
1}

ELEMENT REQUIREMENTS

Each element is one checklist item the final answer should satisfy:

- xxIngredient**: Start with a strict, verifiable command verb (e.g., "State", "Specify", "Identify", "Cite", "Mention", "Warn", "Quantify").

- Evaluate exactly one indivisible concept (unless it is a Threshold Element or a Sequence Element).

- Formatted as strict binary conditions (pass/fail).

- *xSelf-Contained**: The element MUST be fully understandable and gradable in isolation. Do not reference other elements or external

context (e.g., avoid "from the list above" or "the aforementioned").

- DO NOT use subjective verbs like "Explain," "Describe," or "Discuss."

- Specify exact numerical thresholds, ranges, names, dates, or descriptions where applicable.

**THRESHOLD ELEMENTS**: When grading Flexible Lists via Baseline or Upper-Tier Thresholds, YOU MUST create distinct aggregate
threshold elements based on your "“threshold_tiers™ array. **These elements MUST fully expand the short-hand to exhaustively list ALL
acceptable options directly in the text** (e.g., "Identify at least 4 of the following 12 secondary uses: A, B, C, D..."). DO NOT use
shortcuts like "e.g." or "etc." The evaluator must have the complete universe of acceptable answers within this single sentence.

*xxHandle**: Short (2-5 words, Title Case), general label that abstracts the ingredient.

- *xSpecifics**: Zero or more exact quotes from snippets:

- "Text": an exact substring from a snippet's Text field (preserve punctuation/casing; do not paraphrase).
- "Citation": the snippet's id exactly as it appears in the Snippets array.

CATEGORY DEFINITIONS

- *xAnswer__ Critical**: Minimal essentials that directly determine correctness/completeness. Missing any one makes the answer effectively
wrong or incomplete.

- **Valuablex*: Substantial supports that meaningfully improve the depth, precision, or usefulness of the answer (e.g., specific examples,
distinguishing features, practical implications, or expert-level elaborations).

- »xContext**: Helpful background that aids understanding but is not required for correctness (e.g., basic definitions, general geographic
origins, or orienting details).

TARGET BUDGET (FLEXIBLE)

- Aim for 710 valid Snippets.

- Aim for AT LEAST ~5 Answer_ Critical elements.

- Aim for AT LEAST 1-2 Valuable elements.

*Note: These are guidelines, not hard constraints. The strict rule that "all snippets must be cited" takes absolute priority.*

RULES

1) Complete Phase 1 entirely before Phase 2, and Phase 2 before Phase 3.

2) *xExactness**: Quotes in Phase 3 Specifics must be exact substrings from snippet text. No edits to punctuation, casing, or numbers.

3) **No Orphan Snippets**: Every snippet in the final Phase 3 output MUST be cited by at least one rubric element in its ~Specifics™ array.

4) *xUnsupported essentials (rare)**: If an ingredient is clearly essential but no snippet supports it, include it with "Specifics": [] -- use
sparingly and only with high confidence.

5) *xMandatory Entity Element**: You MUST include at least one Answer_ Critical element that requires identifying the specific subject
targeted by the question.

6) Raw JSON only. Your entire response must be parseable JSON -- no markdown fences, comments, or trailing commas.

INPUT

- Question: {question}
- Ground Truth Entity Name: {entity_name}

A.4 Rubric Refinement
The prompt used for LLM self-refinement of the draft rubric (Section 4.2).
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You will receive: (1) an image, (2) a user question about the image, (3) the ground-truth entity name, and (4) a DRAFT rubric (JSON)
generated by another model.

Your task is to review, restructure, and refine the draft rubric by fixing factual errors, filling knowledge gaps, applying strict threshold
grading curves, and enforcing atomic, self-contained formatting.

You will work in FOUR phases. Each phase is a separate top-level key in your JSON response. You MUST complete each phase fully before
starting the next.

PHASE 1: DRAFT AUDIT (Snippets & Rubrics)

In this phase, you will review the draft to verify its facts and understand its intended coverage, specifically looking for gaps and incomplete
lists/processes.

A. TARGET ALIGNMENT
- State the specific subject targeted by the user's question.
- State what entity the provided Ground Truth name refers to.
- Note: The Ground Truth Entity is *intended* to help ground your web searches. However, mismatches can occur. You MUST prioritize
the question's actual target as your strict anchor.

B. SNIPPET AUDIT
For EACH snippet in the draft, actively use your browsing tool to verify it.
- Determine if the snippet is valid (URL exists, correctly matches the targeted subject, and quoted text is exactly matched).
- Evaluate snippets that are NOT cited by the draft rubric. Do they contain missing information, or are they irrelevant "hard negatives"?
- Ensure the Text field is an EXACT quote (max 40 words).
- Decide the Action: KEEP, DELETE (if invalid/irrelevant), EDIT (to fix quotes), or SPLIT.

C. DRAFT RUBRIC AUDIT
Review each draft rubric element for correctness, relevance, and formatting. Crucially, use the draft for inspiration to find missing siblings:
- *xCompleteness Flaggingx*: If a draft rubric tests a single item from a broader category or a single step from a larger procedure (e.g.,
"Mention Affiliation A" or "State Step 2"), you MUST flag this as a partial list/process. You will use this flag in Phase 2 to search for
the *exhaustive* list or complete sequence.
- Determine if the rubric is factually correct, properly categorized, and formatted as a strict, self-contained binary check.

PHASE 2: INDEPENDENT SEARCH & KNOWLEDGE EXPANSION

To avoid "anchoring bias" on a flawed draft, you must now independently search for missing knowledge.

A. SEARCH STRATEGY
- Formulate a search strategy to answer the question from scratch, ensuring you cover all aspects of a PERFECT answer.
- Explicitly target the "Completeness Flags" raised in Phase 1C. If the draft had an incomplete list or sequence, you MUST search for the
comprehensive, exhaustive set of items or steps.

B. NEW SNIPPET CREATION
- Issue web searches to find this missing information and ADD new snippets.
- Assign them new, unique IDs (e.g., "s_new_1", "s_new_2").

PHASE 3: EVALUATION BLUEPRINT (META-RUBRICS)

Now, synthesize your verified knowledge into a structural blueprint. Your blueprint MUST act as a correct, verified superset: encompassing
the valid ideas from the draft rubric PLUS your newly discovered exhaustive knowledge.

A. META-RUBRICS & TARGET TYPES

Break down the complete required knowledge into distinct parts. Design as many Meta-Rubrics as necessary. For each Meta-Rubric, write a
“description” explaining its focus, assign an overall ~importance™ (Critical, Valuable, Context), assign ONE Target Type, and extract
the Knowledge Components (citing your Phase 1/Phase 2 snippet IDs).

You MUST strictly adhere to these definitions and field mappings. Leave arrays for unselected types empty ~[I™:

- **xSimple Knowledge**: Discrete facts. (Populate “simple_fact™).

- *xCompleteness Resolution**: If you resolved a Completeness Flag from Phase 1 for a set of valid entities, options, or sequential steps, you
MUST use the “Strict List™, “Flexible List™ or “Process™ Target Type to exhaustively enumerate all of them. Do NOT collapse them
into a generic ~Simple Knowledge™ wildcard.

- **Homogeneous Lists Only**: A Strict or Flexible List MUST only contain items of the exact same conceptual class (e.g., all ingredients, all
locations, or all dates). **Do NOT merge distinct conceptual dimensions** (e.g., mixing geographical origins with historical dates) into a
single "catch-all" list. If a question requires multiple distinct dimensions of knowledge, you must create separate Meta-Rubrics for each,
or map standalone facts to ~Simple Knowledge".

- *xStrict List**: A finite set of items where *every single item* is individually required. (Populate ~strict_list_items").

- *xFlexible List**: A pool of valid options where no specific item is strictly required, but a certain volume/number of items is needed.
(Populate ~flexible_list_items™ and ~threshold_tiers™).

* xxMixed List Rulex*: If a concept has both mandatory core items and a pool of valid secondary options, you MUST split it into TWO
separate Meta-Rubrics: one Strict List for the core, and one Flexible List for the options.

- *xProcess**: A chronological sequence of steps. (Populate ~ordered_steps”, flagging absolute milestones with “is_mandatory: true” and
minor/optional steps with “is_mandatory: false™).

- x*xRelationship**: Evaluating how things connect. (Populate ~entities” and “relationship_nature™).

B. HANDLING FLEXIBLE LISTS & THRESHOLDS

When dealing with a **Flexible List**, you must explicitly plan for both "Baseline" and "Bonus" partial credit using SHORT-HAND
notation:
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- x*xBaseline Thresholds (Always Required)**: You must design 1-2 baseline threshold tiers representing the minimum acceptable recall (e.g.,
">= 1", ">= 3"). These will inherit the Flexible List's main category.

- **Short Flexible Lists (<= 7 items AND Meta-Rubric is Critical/Valuable)**: For the remaining bonus credit, map each list item to its own
individual rubric element. Place these in a lower category than the Meta-Rubric. Do NOT use upper-tier thresholds.

- *xLong Flexible Lists (> 7 items) OR Context Meta-Rubrics**: Do NOT use individual elements to prevent rubric bloat. Instead, design AT
LEAST 2-3 Upper-Tier thresholds beyond the baselines. These must be placed in a lower category (unless the Meta-Rubric is Context).
Crucially, the final upper-tier threshold MUST represent a perfect answer--usually requiring ALL items, unless the user's explicit
question caps the requirement.

- Populate your tiers in the “threshold_tiers™ array using strict short-hand (e.g., “["Critical: >= 2", "Valuable: >= 8", "Valuable: ALL 15"]"
or just baselines for short lists).

PHASE 4: FINAL REFINED RUBRIC (JSON Output)

Do not attempt to output a 1:1 mapping of the old draft elements. Instead, translate your Phase 3 Meta-Rubrics directly into the final,
perfect rubric elements.

A. TRANSLATING META-RUBRICS TO ELEMENTS
- **Simple Knowledge**: Map ~“simple_fact™ to a single binary element.
- **Strict List**: Map EACH item to its own DEDICATED individual element. They inherit the Meta-Rubric's exact category.
- **Flexible List*x*:
* Create your Baseline Threshold elements based on ~threshold_tiers™. **CRITICAL RULE: While your blueprint used short-hand, the
final threshold elements MUST fully expand and exhaustively list ALL acceptable options directly in the text** (e.g., "Identify at least
2 of: A, B, C, D..."). Do NOT use "etc." or cross-references.
* *xIf Short Flexible List**: Map EACH list item to its own individual element in a lower category.
* xxIf Long Flexible List / Context Meta-Rubric**: Create your Upper-Tier Threshold elements (in a lower category), expanding them to
exhaustively list all options in the text.
- *xProcess**:
* **Presence**: Map EACH step to its own individual element. Steps marked “is_mandatory: true” inherit the Meta-Rubric's category.
Steps marked “is_mandatory: false” drop to a lower category. **Do NOT use thresholds for processes.**
* x*xSequence (Mandatory)**: Draft 1 element evaluating the relative order of the mandatory steps. **CRITICAL RULE: You MUST use
this exact phrasing format:** "Evaluate the relative order of the matching mandatory steps against this master list: 1. [Step A], 2.
[Step BI, 3. [Step Cl. Missing steps or extra unlisted steps do not fail this element. It passes as long as the included matching steps
appear in the correct chronological sequence without reversals."
* *x*xSequence (Overall)**: Draft 1 element evaluating the perfect chronological flow. Use the exact same phrasing format as above, but
embed the full numbered master list of ALL steps (mandatory + optional).
- *xRelationship**: Break into atomic elements (identify entity, and separate elements for aspects of the “relationship_nature™).

B. ASSIGNING CATEGORIES (CASCADING LOGIC)
The final category (Answer_ Critical, Valuable, Context) of each individual rubric element depends on its parent Meta-Rubric's overall
“importance”:
- If a Meta-Rubric is overall "Critical":
* Strict List items, Mandatory Process steps/sequences, and **Baseline Thresholds#** are ~ Answer_ Critical™.
* Optional Process steps, individual optional items (Short Flexible Lists), and **Upper-Tier Thresholds** (Long Flexible Lists) strictly drop
to “Valuable™.
- If a Meta-Rubric is overall "Valuable":
* Strict items, Mandatory steps, and Baselines are ~Valuable . Optional items/Upper-Tiers drop to ~Context™.
- If a Meta-Rubric is overall "Context":
* All resulting elements (Mandatory, Baselines, Upper-Tiers) are ~Context™. NONE can be Answer_ Critical or Valuable.

OUTPUT FORMAT

Return a single JSON object with EXACTLY these top-level keys (no markdown fences, no comments, no extra text):
8
"Phase_ 1_Draft_ Audit": {{
"Target_ Alignment": {{
"targeted _subject": "<string>",
"ground_truth": "<string>",
"alignment__note": "<string>"
1},
"Snippet _Audit": [
{{ "id": "<string>", "finding": "<string>", "action": "KEEP | DELETE | EDIT | SPLIT" }}
1,
"Draft_ Rubric_ Audit": [
{{ "handle": "<string>", "evaluation": "<string>", "completeness_flag": "<string or None>" }}
1
1},
"Phase_2_Independent_Search": {{
"Search_ Strategy": "<string>",
"New_Snippets_Added": [
{{ "id": "<string>", "reason_added": "<string>", "URL": "<string>", "Title": "<string>", "Text": "<string>" }}
1
1,
"Phase_3_Evaluation_ Blueprint": {{
"Meta_ Rubrics": [

&1
"description": "<string>",
"target _type": "<enum: Simple Knowledge | Strict List | Flexible List | Process | Relationship>",
"importance": "<enum: Critical | Valuable | Context>",

"Knowledge_ Components": {{
"simple_fact": [ {{ "text": "<string>", "citations": ["<snippet_id>"] }} ],
"strict_list_items": [ {{ "item_text": "<string>", "citations": ["<snippet_id>"] }} ],
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"flexible_list_items": [ {{ "item_text": "<string>", "citations": ["<snippet_id>"] }} ],

"ordered_steps": [ {{ "step_text": "<string>", "is_mandatory": true, "citations": ["<snippet_id>"] }} 1],

"entities": [ {{ "text": "<string>", "citations": ["<snippet_id>"] }} ],

"relationship_nature": [ {{ "text": "<string>", "citations": ["<snippet_id>"] }} ],

"meta_insights": [ {{ "text": "<string>", "citations": ["<snippet_id>"] }} ]
1},
"threshold _tiers": [ "<string - USE SHORT-HAND for Flexible Lists. e.g., 'Critical: >= 2', 'Valuable: >= 8', 'Valuable: ALL 15'>"],
"drafting_ thoughts": "<string -- explain translation to Phase 4 via cascading logic.>"

1

I,
"Citation_ Completeness__Check": "<string>"
i}
"Phase_4_ Final_Refined_ Rubric": {{
"Question": "<string>",
"Snippets": [
{{ "id": "<string>", "URL": "<string>", "Title": "<string>", "Text": "<string>" }}
1
" Answer_ Critical": [
{{ "Ingredient": "<string>", "Handle": "<string>", "Specifics": [ {{ "Text": "<string>", "Citation": "<snippet_id>" }} ] }}
I,
"Valuable": [
{{ "Ingredient": "<string>", "Handle": "<string>", "Specifics": [ {{ "Text": "<string>", "Citation": "<snippet_id>" }} ] }}
I
"Context": [
{{ "Ingredient": "<string>", "Handle": "<string>", "Specifics": [ {{ "Text": "<string>", "Citation": "<snippet_id>" }} ] }}
]
3}
}}

ELEMENT REQUIREMENTS

Each element is one checklist item the final answer should satisfy:
- xxIngredient**: Start with a strict, verifiable command verb (e.g., "State", "Specify", "Identify", "Cite", "Mention", "Warn", "Quantify").
- Evaluate exactly one indivisible concept (unless it is a Threshold Element or a Sequence Element).
- Formatted as strict binary conditions (pass/fail).
- *xSelf-Contained**: The element MUST be fully understandable and gradable in isolation. Do not reference other elements or external
context (e.g., avoid "from the list above" or "the aforementioned").
- DO NOT use subjective verbs like "Explain," "Describe," or "Discuss."
- Specify exact numerical thresholds, ranges, names, dates, or descriptions where applicable.

- **THRESHOLD ELEMENTS#**: When grading Flexible Lists via Baseline or Upper-Tier Thresholds, YOU MUST create distinct aggregate
threshold elements based on your “threshold_tiers™ array. **These elements MUST fully expand the short-hand to exhaustively list ALL
acceptable options directly in the text** (e.g., "Identify at least 4 of the following 12 secondary uses: A, B, C, D..."). DO NOT use
shortcuts like "e.g." or "etc." The evaluator must have the complete universe of acceptable answers within this single sentence.

- x+Handle**: Short (2-5 words, Title Case), general label that abstracts the ingredient.

- **Specifics**: Zero or more exact quotes from snippets:

- "Text": an exact substring from a snippet's Text field (preserve punctuation/casing; do not paraphrase).
- "Citation": the snippet's id exactly as it appears in the Snippets array.

CATEGORY DEFINITIONS

- xxAnswer _ Critical**: Minimal essentials that directly determine correctness/completeness. Missing any one makes the answer effectively
wrong or incomplete.

- **Valuablex*: Substantial supports that meaningfully improve the depth, precision, or usefulness of the answer (e.g., specific examples,
distinguishing features, practical implications, or expert-level elaborations).

- »xContext**: Helpful background that aids understanding but is not required for correctness (e.g., basic definitions, general geographic
origins, or orienting details).

RULES

1) Complete each phase sequentially.

2) **Do not renumber existing Snippet IDs.** Preserve the original IDs exactly as provided. Assign distinct IDs to new snippets and use
those exact IDs in your Citations.

3) **Mandatory Tool Use for Verification**: You MUST actively use your browsing tool to navigate to URLs to verify quotes, validate
sources, and search for missing knowledge.

4) *+xNo Orphan Snippets**: Every snippet in the final Phase 4 output MUST be cited by at least one rubric element in its ~Specifics™ array.

5) All Specifics "Text" values must be exact substrings from the cited snippet's Text field. No paraphrasing, no punctuation/casing changes.

6) Raw JSON only. Your entire response must be parseable JSON -- no markdown fences, comments, or trailing commas.

INPUT

- Question: {question}

- Ground Truth Entity Name: {entity_name}
- Draft Rubric:

{draft_rubric}

23



A.5 LLM Judge

The system prompt and evaluation template used by the LLM judge to grade each binary rubric check
(Section 3.3).

SYSTEM PROMPT

You are a rigorous and objective evaluator. Your task is to judge whether an answer adequately addresses specific rubric requirements.

You must evaluate holistically, not mechanistically. Your goal is to assess whether the answer would be genuinely useful and accurate to a
reader asking this question -- not to perform literal string matching against rubric text.

You must evaluate each rubric element independently and provide a structured verdict.

EVALUATION PROMPT

## Question
{question}

## Rubric Requirements
The following rubric elements define what a high-quality answer should contain. Each element has an "Ingredient" (the requirement) and
optionally "Specifics" (supporting citations from reference materials).

{formatted_rubrics}

## Answer to Evaluate
{llm_ answer}

## Task

For EACH rubric element listed above, determine whether the answer:

- **meets**: The answer substantively satisfies this rubric requirement. The relevant information is present and correct.

- *xpartially _meets**: The answer addresses this rubric requirement but with insufficient specificity, vague approximation, or only partial
coverage. The reader gets directionally correct information but not the full or precise detail the rubric requires.

- *xmissing**: The answer does not address this rubric requirement at all. The relevant information is entirely absent.

- **contradicts**: The answer contains information that MATERIALLY contradicts this rubric requirement in a way that would mislead the
reader.

**Guidance and examples:**

"meets" vs "partially__meets":

- Rubric requires species "Daviesia longifolia", answer says "Daviesia longifolia" -> meets. Answer says "a Daviesia species" ->
partially__meets (right genus, missing species). Answer says "Bossiaea ensata" -> contradicts (wrong genus entirely).

- Rubric requires "269 cu in displacement", answer says "268.5 cu in" or "around 270" -> meets (trivial rounding, reader not misled). Answer
says "between 250 and 300 cu in" -> partially__meets (correct range but too vague to be useful). Answer says "340 cu in" -> contradicts.

- Rubric requires "PhD focused on British and American naval history", answer says "PhD in History" -> partially__meets (right field,
missing the specific focus area).

"missing" vs "partially__meets":
- If the answer says nothing at all about the topic -> missing.
- If the answer touches on the topic but with wrong specifics or insufficient detail -> partially _meets.

"contradicts" -- use ONLY for substantive factual errors:

- Wrong identification (e.g. Gala apple when it's Honeycrisp).

- Wrong dates, wrong people, fabricated claims.

- Do NOT use "contradicts" for trivial numerical rounding, minor unit conversions, or inconsequential precision differences.

- When in doubt, ask: "Would a knowledgeable reader consider this answer materially wrong on this point?" If no, it is not a contradiction.

Output your evaluation as a JSON object with the following structure:
T json
A8
"evaluations": [
A8
"category": "<Answer Critical | Valuable | Context>",
"handle": "<rubric handle>",
"verdict": "<meets | partially__meets | missing | contradicts>",
"justification": "<1-2 sentence explanation>"
13,
1
1

IMPORTANT:

- Evaluate EVERY rubric element listed above. Do not skip any.

- Output ONLY the JSON object, no other text before or after it.

- Evaluate the quality and factuality of the response holistically, not mechanistically.
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A.6 Text-Only Question Conversion

The prompt used to convert each multimodal question into a self-contained text-only question by resolving
the entity from the rubrics (Section 5.2).

You will receive: (1) an image, (2) a user question about the image, (3) the ground-truth entity name in the image, and (4) a set of grading
rubrics for the question.

Your task is to convert the multimodal user question into an unambiguous, text-only question that can be perfectly understood and answered
without ever seeing the image.

You will work in THREE phases. Each phase is a separate top-level key in your JSON response. You MUST complete each phase fully before
starting the next.

PHASE 1: TARGET ALIGNMENT

A. TARGET ALIGNMENT
- State the specific subject targeted by the user's question (this may be the main focus of the image or a specific secondary object).
- State what entity the provided Ground Truth name refers to.
- Note: The Ground Truth Entity is *intended* to help identify the subject. However, mismatches can occur (e.g., GT is the author, but
the question is about the book). You MUST prioritize the question's actual target as your strict anchor.

B. RESOLVE THE MOST-SPECIFIC TRUE ENTITY (use the rubrics)

The provided Ground Truth Entity Name is frequently UNDER-SPECIFIED (e.g., a generic category like "changing table", "ATM", or
"nutcracker statue") rather than the real, named entity. A question anchored to an under-specified entity is often meaningless or
non-answerable as standalone text (e.g., "the manufacturer of the changing table" makes no sense without the image).

- The rubrics contain the ground-truth-quality information humans used to grade the answer. Among the ~Answer_ Critical™ rubric
elements, there is almost always an **identification rubric** -- the element that pins down what the subject actually is. It is USUALLY
the first ~ Answer_ Critical” element, and its “Handle" typically reads like "Identify <X>", "<X> Identification", "Make And Model",
"Scientific Name", "Identify Brand/Manufacturer/Species/Product", etc. Its ~Ingredient” (and ~Specifics*) name the real entity.

- Read that identification rubric and extract the MOST-SPECIFIC real entity it establishes (e.g., a specific brand, manufacturer, model,
species, product, or named work -- such as "Rubbermaid Commercial Products" rather than "changing table").

- If multiple rubric elements add specificity (e.g., brand + model + generation), combine them into the single most-specific correct entity
name.

- If NO rubric element clearly performs identification, fall back to the most specific name available from the first ~Answer_ Critical”
element, then the Ground Truth Entity Name.

- Record this as the “resolved _entity . This -- NOT the raw Ground Truth name -- is the strict anchor for Phase 2.

PHASE 2: QUESTION CONVERSION

Convert the original question into a standalone text question, anchored to the “resolved__entity™ from Phase 1.

- **xDrop image-only identification asks**: If the question asks to "identify", "name", "what is the make/model/brand/species of", or
otherwise determine WHAT the subject is, REMOVE that sub-question. Identification is only meaningful when looking at the image; in
a text-only question you already state the entity. Keep only the substantive, knowledge-seeking parts of the question.

- Example: "Could you identify the manufacturer of the changing table and provide a detailed overview about their history in the
commercial childcare market?" (resolved_entity = "Rubbermaid Commercial Products") -> "Could you provide a detailed overview
of the history of Rubbermaid Commercial Products in the commercial childcare market?"

- **Substitution**: Replace deictic pronouns and image references (e.g., "this car", "the building in the picture", "it", "the changing table")
with the exact “resolved_entity”.

- **Grammar & Flow**: Ensure the new question reads as a natural, meaningful, grammatical standalone question.

- *xPreserve Intent**: Do not answer the question or add external facts beyond inserting the resolved entity; simply reformulate the question
itself.

PHASE 3: AMBIGUITY VERDICT

Evaluate your converted text question. Can a person perfectly understand and answer this question using ONLY general knowledge, without
needing to look at the original image?

Assess the converted question for remaining visual dependencies:

- *xSpatial/Relational Dependencies**: Does it ask about something "next to" or "behind" the resolved entity without naming it? (e.g.,
"What is the red object next to the Honda CR-V?") -> AMBIGUOUS.

- **Specific Visual States**: Does it ask about a transient, image-specific state? (e.g., "Is the Honda CR-V in this picture damaged?" or
"What color is the apple?") -> AMBIGUOUS.

- **OCR/Text in Image**: Does it ask to read unspecified text? (e.g., "What does the sign on the Honda CR-V say?") -> AMBIGUOUS.

- **xGeneral Knowledgex*: Does it ask about factual history, specifications, processes, or general traits of the resolved entity? (e.g., "What
year was the Honda CR-V first produced?") -> UNAMBIGUOUS.

Note: A question is NOT ambiguous merely because the original Ground Truth name was under-specified -- if you successfully resolved a
specific entity in Phase 1 and removed image-only identification asks in Phase 2, the converted question should be UNAMBIGUOUS.

Determine the final verdict: "UNAMBIGUOUS" or "AMBIGUOUS".

OUTPUT FORMAT

Return a single JSON object with EXACTLY these top-level keys (no markdown fences, no comments, no extra text):
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8
"Phase_1_Target_ Alignment": {{
"targeted _subject": "<string>",
"ground _truth": "<string>",
"identification_rubric": "<string -- quote/summarize the Answer_ Critical element used to identify the real entity, or state none was
found>",
"resolved _entity": "<string -- the most-specific true entity name; the strict anchor for conversion>",
"alignment__note": "<string -- note any mismatch or under-specification and confirm the resolved target>"
Bl
"Phase_ 2_ Question_ Conversion": {{
"original _question": "<string>",
"removed_identification__part": "<string -- the identification sub-question you dropped, or 'none'>",
"converted__text__question": "<string>"
11
"Phase_3_ Ambiguity_ Verdict": {{
"reasoning": "<string -- explain whether the converted question still relies on unstated visual context, spatial relations, or transient visual

states>",
"verdict": "<enum: UNAMBIGUOUS | AMBIGUOUS>"
1}
1}
INPUT

- Original Question: {question}
- Ground Truth Entity Name: {entity_name}
- Grading Rubrics: {rubrics}

B Full Examples

Figure 1 shows a partial example in the main text. Here we give two complete examples, reproduced verbatim
from GAMUT, that together exercise every meta-rubric type and every conversion rule of Section 3. Each
figure shows the question and its human-verified web evidence, the full structured meta-rubric (Section 3.1),
and the complete binary checklist it compiles into (Section 3.2), with each check placed in its importance tier.

Figure 4 is the complete version of the jollof rice example from Figure 1. Its Flexible List of supporting
ingredients is Answer-Critical, so its baseline threshold check stays Answer-Critical while its per-item checks
drop to Valuable, the one-level demotion of Section 3.2. Its Process has both mandatory and optional steps,
so it produces one sequence check over the mandatory steps at Answer-Critical and a second over the full
ordering at Valuable. The meta-insight attached to the Flexible List becomes a single Valuable check.

Figure 5 is a Tang sancai figure, and it exercises the one type the jollof example does not: a Relationship,
connecting the lead-based glaze to why it runs during firing. It also places a meta-insight inside a Strict
List rather than a Flexible List, and it uses all five meta-rubric types in a single question. Together the two
examples cover Simple Knowledge, Strict List, Flexible List, Process, Relationship, and meta-insights, and
show how each compiles into binary checks whose importance tier follows the rules of Section 3.2.

C Annotator Training and Auditing

Question creation. Annotators were given guidelines describing the task, the criteria for a good question
(naturalness, requires multi-step search, image-dependent, and so on), and worked examples. They then
completed scored gold jobs, and those passing at 95% moved to the live task. Completed jobs were audited
at 10% and accepted or rejected with feedback, and further rounds followed the two-way review with
third-annotator adjudication described in Section 4.1.

Rubric creation. Annotators watched a task-and-tool video, then took a guidelines quiz (10 two-part items,
each a true/false paired with a related multiple-choice question); those passing at 90% advanced. After
practice examples, they attended two 45-minute trainings, one on meta-rubrics and one on binary rubrics,
each with a Q&A session that prompted further clarifications to the guidelines, and a chat channel connected
annotators with the authors throughout. Completed jobs were audited at 10% and returned with comments
and edge-case feedback for revision.
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“"What dish is this, and what information is available about its key ingredients and
preparation methods?”

Full worked example — every meta-rubric item and every compiled check shown, verbatim (Jollof rice)

@ Structured Meta-Rubric

ary Checklist

how a complete answer is organized — typed by structure & importance, grounded in evidence EDmES mechamcaHyeexpanded into self-contained pass/fail checks an LLM judge scores reliably
() Dish identity CERE, ANSWER-CRITICAL — required for a correct answer
Identify the main dish. © oish identity
dentirvitheldishiastoliofTice e () state that the dish is Jollof rice. 51
@ Mandatory ingredients
e Mandatory ingredients CRITICAL

() Identify rice as a mandatory base ingredient. ' s1
Identify the core mandatory base ingredients. [7) Identify tomatoes or tomato paste as a mandatory base ingredient. 's1 s4
+Rice s1 - Tomatoes or tomato paste 's1 's4 =-Onions s1 s2 = Peppers (such as () Identify onions as a mandatory base ingredient. 's1 2

5‘3"“3"‘“""5" habanero, or bell peppers) GD@ED - Cooking oil or fat Glasis) - Salt () Identify peppers or chilis (such as bell peppers, scotch bonnet, or habanero) as a mandatory base
s ingredient. /st
() 1dentify cooking oil or fat as a mandatory base ingredient. s_new_4
o Supporting ingredients CRITICAL [7) Identify salt as a mandatory base ingredient. ' s_new_4

Identify secondary supporting ingredients that enhance the flavor profile. © supporting ingredients
< Broth or stock (s3.(ss
pepper) (s new 1 (s newd
garlic (s_newz

et & Specific spices (e.g., curry powder, thyme, white
leaves ‘s_news < Fresh ginger sz < Fresh

< Bouillon or Maggl cubes 's_newd

() Identify at least 2 of the following 6 secondary supporting ingredients: broth or stock, specific spices
(such as curry powder, thyme, or white pepper), bay leaves, fresh ginger, fresh garlic, or bouillon or
Maggi cubes. (5355 s new_1 (s_new2 s newd

O prepara

* META-INSIGHT — Jollof rice typically contains various combinations of spices together

n

with a flavorful cooking liquid (stock, broth, or a bouillon/Maggi cube). 's3  s_new_1 . . )
G () specify the mandatory preparation step of pureeing or blending the tomatoes, onions, and peppers into
B a liquid base.
() Specify the mandatory preparation step of frying, cooking down, or caramelizing the blended base or
© @D preparation cRiTICAL tomato paste in ol (=4

() Specify the mandatory preparation step of combining the uncooked rice and broth or liquid with the

Identify the chronological preparation steps, both mandatory and optional cooked tomato base.

| Puree or blend the base | & Rinse therice = | Fry or caramelize the base | >
[_Combine the rice with the base | > = [_simmer until absorbed | >

Allow the bottom to burn slightly (] oroer Evaluate the relative order of the matching mandatory steps against this master list: 1. Puree or
B blend the base, 2. Fry or caramelize the base, 3. Combine the rice with the base, 4. Simmer until

absorbed. Missing steps or extra unlisted steps do not fail this element. It passes as long as the

included matching steps appear in the correct chronological sequence without reversals. 52 'sé 5

. s
o Ideal rice type VALUABLE

Specify the ideal rice type for the dish.

() Specify the mandatory preparation step of simmering on low heat until the liquid is absorbed and the rice
is cooked.

Seal the pot tightly

one fixed sequence - solid = mandatory - dashed = optional (s2)(s#)(s5)(56)(s7) (s_new_3) (s_new.4

Specify the use of long-grain rice, such as parboiled or basmati rice. (s1s8 VLRIREDDS = Gl e o Sio s

@ supporting ingredients
() Origin & culture

Identify broader contextual details about the dish's origin and culture.

CONTEXT (] % state that Jollof rice typically contains various combinations of spices together with a flavorful

cooking liquid (stock, broth, or a bouillon or Maggi cube). ' s3

[ Identify broth or stock as a secondary supporting ingredient. 's3 's5  s_new4

< Originates from West Africa or Senegal s1
the Yollof Wars' 's9

< Subject of a regional rivalry known as

<> Entirely cooked together in a single pot 'si () Identify specific spices (such as curry powder, thyme, or white pepper) as a secondary supporting

ingredient. (s_new 1 (s_news

[ Identify bay leaves as a secondary supporting ingredient. ' s_new_4
() Identify fresh ginger as a secondary supporting ingredient. | s_new_2
() Identify fresh garlic as a secondary supporting ingredient. ' s_new_2

(") 1dentify bouillon or Maggi cubes as a secondary supporting ingredient.
© preparation

() Specify the optional preparation step of rinsing the rice thoroughly to remove excess starch. 55

() Specify the optional preparation step of sealing the pot tightly (e.g., with foil and a lid) to trap steam
while simmering.

snewd

s new_3

() Specify the optional preparation step of deliberately allowing the bottom of the rice to burn slightly to
impart a smoky flavor. 57

(7) oroer Evaluate the relative order of the matching mandatory and optional steps against this master
list: 1. Puree or blend the base, 2. Rinse the rice, 3. Fry or caramelize the base, 4. Combine the rice with
the base, 5. Seal the pot tightly, 6. Simmer until absorbed, 7. Allow the bottom to burn slightly. Missing
steps or extra unlisted steps do not fail this element. It passes as long as the included matching steps

appear in the correct chronological sequence without reversals. s2 's5 s4 s new3 s6 s7

@ 1ceatrice type

(") Specify the use of long-grain rice, such as parboiled or basmati rice. 's1  s8

CONTEXT — helpful background

@ origin & culture

() Identify at least 1 of the following 3 contextual details: that the dish originates from West Africa or
Senegal, that it is the subject of a regional rivalry known as the “Jollof Wars', or that it is entirely cooked
together in a single pot. (s1 59

() Identify at least 2 of the following 3 contextual details: that the dish originates from West Africa or
Senegal, that it is the subject of a regional rivalry known as the “Jollof Wars', or that it is entirely cooked
together in a single pot. st 59

O

Identify ALL 3 of the following contextual details: that the dish originates from West Africa or Senegal,
that it is the subject of a regional rivalry known as the ‘Jollof Wars', and that it is entirely cooked together
inasingle pot. (s1s9

HUMAN-VERIFIED WEB EVIDENCE — EVERY ITEM ABOVE CITES THESE SNIPPETS (sn

enwikipedia.org Valid dashofjazz.com Valid el-afriklounge.com Blocked foodnetwork.com Blocked
Jollof rice - Wikipedia Authentic Nigerian Jollof Rice Recipe - Dash of How to Make Nigerian Jollof Rice - El-Afrik Lounge What Is Jollof Rice? - Food Network
s1) Jollof (fdza'loff), o jollof rice, is a rice dish from Jazz 54 Stir in the tomato paste and cook for a few minutes 59) The long-standing rivalry among West African nations.
Senegal, West Africa. It is typically m s2) Tomatoes, Onions, and Peppers are pureed to create until it begins to caramelize. Incorporate is rooted in one seemingly simple question
the liquid base for cooking the rice, includ 55 Add the Rice: Rinse the rice thoroughly to remove
53 Chicken and Beef Stock combined make for the best excess starch, then add it to the pot. Stir w
flavor 56) Cover the pot and reduce the heat to low. Let it simmer
57, Many people believe that jollof tastes best when a bit for about 20-30 minutes, or until the
of it burns as this imparts a smoky flav
58 Parboiled Rice is a long grain type of rice that is
immaculateruemu.com Blocked

considered the best rice for jollof rice in thedinnerbite.com Invalid

Classic s.new_1

Spices like curry powder, thyme, and white
pepper round out the flavor profile.

igerian Jollof Rice Authentic Niges

n Jollof

e Recipe
s_new_2) Fresh ginger and garlic add aromatic warmth and s_new3) Place a baking paper or foil over the pot and

s_new_4) Add rice and oil o a large pot over medium flame,
a subtle spice that enhances the overall taste. _new cover tightly with its ld, this is just to allow
P followed by blended tomato mixture, tomato p o !
A-F trace each compiled check back to its bric (same colour) VALUABLE  CONTEXT importance (S ORDER

= source snippet  k meta-insight sequence check

Figure 4 A complete example from GAMUT (jollof rice), the full version of Figure 1. Left: the structured meta-rubric.
Right: the compiled binary checklist, grouped by importance tier. Bottom: the human-verified web evidence, grouped
by source page. All text is reproduced verbatim.
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@® Structured Meta-Rubric
how a complete answer is organized — typed by structure & importance, grounded in evidence

—

COMPILES

o Historical & cultural identity

Core background — every item required.

CRITICAL

= era = Tang Dynasty s6 s_new_3

= style = Sancai / three-colour ware 's1 s3
* META-INSIGHT — the groom's foreign appearance reflects the cosmopolitan culture &
Silk-Road trade of the era. (s7

CRITICAL

0o Why the glaze runs

Causal mechanism linking an entity to its effect.

entity > lead-based glaze [ lead-oxide flux (s1  s_new_2

aspect - the flux makes glazes highly fluid, melt at low temp, and run into each other,
giving the runny look s_new_1

s_new_2

CRITICAL

o CIETED) Two-firing technique

Ordered technique; all three steps mandatory.

[ biscuit-fire the body | = [ apply lead glazes ] - [ 2nd firing 800-1000 °C ]

one fixed

equence - all mandatory (s4)(s10)(s1)(s9)(s_new 5

o Metal-oxide colorants

Pool of valid options, graded by coverage (baseline >2).

VALUABLE

< iron - amber (s2
<> manganese s_new_4

<> copper - green 52 (s_new_4
< cobalt > blue 's_new_4

s_new_d

G Supplemental facts

Helpful background, not required for correctness.

CONTEXT

- purpose = funerary objects /[ tomb figures (mingqi) s
- body = earthenware / white clay
- lead glaze was toxic = impractical for daily use ' ss

s_new_3

510510 (s_new_2

HUMAN-VERIFIED WEB EVIDENCE — EVERY ITEM ABOVE CITES THESE SNIPPETS (sn

en.wikipedia.org valid en.wikipedia.org

Sancai — Wikipedia
B

Tang dynasty tomb figures — Wikipedia
s6) Pottery figures of people & animals made in the Tang
dynasty.

Body made of white clay, coated with coloured glaze,
fired.
Sancai (
ware.

| "three colours") — a versatile decorative

s

2

Two firings were needed; easier & cheaper than
porcelain
s_new 1) Glazes ran into each other at the edges — the

characteristic look. umma.umich.edu

Valid

Valid

“"The glaze on these figures has a very distinct, runny look; can you explain the firing
technique used to create this effect and its historical origins?”

Full worked example — every meta-rubric item and every compiled check shown (Tang sancai tomb figures).

® Compiled Binary Checkli

into self

pass/fail checks an LLM judge scores reliably

ANSWER-CRITICAL — required for a correct answer

@ Historical & cultural identity one check per item
("] Identify the historical era of the figures as the Tang Dynasty. s6 s_new3

("] Identify the ceramic style as Sancai (Tang Sancai / three-colour ware). s s3

© why the glaze runs entity + aspect

("] Identify that the glaze is lead-based / uses lead oxide as its principal flux. 's1 s new2

("] State that the lead flux makes the glazes highly fluid and run into each other during firing, creating the
runny look. (s_new 1 's_new_2

@ Two-firing technique 3 step checks + order

(") state that the body underwent an initial biscuit fi

g. (54510 (s news
("] State that the lead-based glazes were then applied to the bisqued body. 's1 s news
("] state that the piece underwent a second firing at ~800-1000 °C. 's1 59 s_new.s

[*) Verify the firing steps appear in the correct order: biscuit-fire - glaze - second firing.

VALUABLE — meaningfully improves the answer

@ cultural synthesis

() % Mention that the groom's foreign appearance reflects the cosmopolitan culture & Silk-Road trade of
the Tang era. s7

° Colorants — coverage baseline threshold

("] Identify at least 2 of the following metal-oxide colorants in Sancai glazes: copper (green), iron (amber),
cobalt (blue), manganese. s_nev_4

CONTEXT — helpful background

@ cultural purpose
("] Specify that the figures were produced as funerary objects / tomb figures (mingqi). s6 's_new.3

© colorants — per item one check per item

("] I1dentify copper as the colorant producing a green glaze. s2
(") Identify iron as the colorant producing a brownish-yellow / amber glaze. ' s2
("] Identify cobalt as the colorant producing a blue glaze. 's_new_4

("] I1dentify manganese as a colorant used in Sancai glazes. 's_new_ 4
@ supplemental facts

("] state that the body is made of earthenware | white clay. sl 510 s new2

(") state that the lead-based glaze was toxic, making the objects impractical for everyday use.

artic.edu Blocked smarthistory.org Blocked

The Silk Road & China’s Tang — Art Institute of
Chicago
8 Their lead-based glaze was poisonous, so it was never
practical
59 Sancai pottery was fired at a relatively low
temperature, ~1,000 °C.

Tomb figure of a groom — Smarthistory
s7 | People of different races came to China via the Silk

myasianartblog.blogspot.com valid

stdaily.com invalid
s_new 3 Pa;l‘CU‘Q;W 35505‘319(: with the Tang dynasty Tomb Guardian — U. Michigan Museum of Art Adventures in Asian Art Tang Sancai: Ancient Chinese Ceramic Firing
- ts t
éﬁ ‘s 907) & its tomb figures o s_new_2 ) Lead flux fused the coloured glazes to the 510 ) The unglazed body usually needs a higher "biscuit” s_new_5 | Two firings: first the bare body, then again after
s_new_4) Colouring agents: copper->green, iron->amber, carthenware at low temperature. firing first the lead glaze
cobalt->blue, manganese.
A-E trace each compiled check back to its meta-rubric (same colour) ~ ANSWER-CRITICAL ~ VALUABLE CONTEXT importance  (Sn) = source snippet % meta-insight ~(ORDER  sequence check

Figure 5 A complete example from GAMUT (a Tang sancai figure), exercising all five meta-rubric types including a
Relationship. Layout as in Figure 4. All text is reproduced verbatim.
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