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Abstract

Do language model benchmarks actually mea-
sure what practitioners intend them to? Bench-
mark metadata often obscures how benchmarks
operationalize a capability: a “poetry” bench-
mark may omit haikus, while “instruction-
following” benchmarks may test for some ar-
bitrary set of skills. This coarseness prevents
practitioners from inspecting how capabilities
are operationalized at the item level, leading to
unclear estimates of model competence. We
introduce BENCHBROWSER, an auditing infras-
tructure that retrieves use-case-relevant items
from 20+ benchmarks, letting practitioners in-
spect the evidence behind benchmark claims.
Through a human evaluation with ten NLP prac-
titioners, we show that the retrieved items are
relevant and help support two meta-evaluations:
surfacing content validity threats, where ad-
vertised capabilities are unevenly represented
across facets, and convergent validity threats,
where nominally similar benchmarks induce
unstable model rankings. By tying validity con-
cerns to concrete examples, BENCHBROWSER
provides interpretable evidence to calibrate in-
terpretation of benchmark scores and improve
future iterations of benchmarks. The tool and
its code are publicly available.

1 Introduction

Practitioners often operate under a perilous assump-
tion: that public benchmarks act as reliable proxies
for their specific use-cases. Yet benchmarks differ
widely in both scope and granularity. For instance,
in some benchmarks each example probes a differ-
ent capability, as with InfoBench (Qin et al., 2024)
and AlpacaEval (Dubois et al., 2024). But in others,
all examples test the same targeted capability, as
in GSMS8K (Cobbe et al., 2021) and NutriBench
(Hua et al., 2024). This heterogeneity in design
can compromise the validity of our evaluations, i.e.,
the degree to which the performance of a model
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on a benchmark reflects its true competence in the
capability of interest (Bean et al., 2025; Ye et al.,
2025). To confidently deploy a model, a practi-
tioner must then answer a difficult question: Does
this benchmark provide comprehensive evidence of
a model’s competence for my specific use-case?

Answering this question is difficult because the
gap between a benchmark’s description and its con-
tent creates two distinct validity pitfalls. First,
evaluations can lack content validity: the extent
to which the items in a test adequately represent
the entire domain of the capability being mea-
sured. This can be compromised by sparse cov-
erage, where a practitioner probing for a multi-
faceted capability finds few relevant evaluation
items in a broad evaluation suite, or by scope-
metadata mismatch, where broad benchmark de-
scriptions mislead. For example, BIG-bench’s
hindu_knowledge task (Srivastava et al., 2023)
tests deity hierarchy but doesn’t cover origins of
spiritual texts—one of the many aspects that a prac-
titioner might be interested in. Second, evalua-
tions can often lack convergent validity: this occurs
when models evaluated on different benchmarks
measuring the same capability produce conflicting
rankings. A model might excel at “reasoning” on
science questions (AI2 ARC, Clark et al. 2018)
but could fail to “reason” about consistencies in
narrative summarization (FlawedFictions, Ahuja
et al. 2025). Confronted with these divergent oper-
ationalizations of reasoning competence, the prac-
titioner may be left unsure of which signal to trust
to choose a competent model for their use-case
(Eriksson et al., 2025).

Identifying these failures is slow and expensive
because validity is both item-level and stakeholder-
dependent. For one, manual audits of item-level
capabilities do not scale to tens of thousands of
benchmark items (Bean et al., 2025), and keyword
search over dataset cards cannot reveal how a ca-
pability is operationalized inside individual bench-
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Figure 1: BENCHBROWSER retrieves items relevant to a practitioner’s use-case from an index of 70k+ benchmark
items. The interface allows checking (a) example-level representation (amount of retrieved evidence, redundancy,
metric metadata) and (b) the stability of model ranks across subsets of retrieved examples (as well as existing
benchmarks) in order to surface threats to content validity and convergent validity, respectively.

mark items (Ma et al., 2025). Additionally, one
practitioner’s annotations of “coding ability” may
be based on purely syntactical standards, while
another’s may acknowledge properties like con-
currency; so static benchmark documentation is
unlikely to cover such subjective and evolving ca-
pability annotations (Zeng et al., 2025). Finally,
since validity concerns the interpretation and use of
a benchmark score, it is practitioners, and not only
benchmark designers, who have to inspect whether
these items instantiate their intended construct and
whether different operationalizations support con-
sistent conclusions (Wallach et al., 2025). There-
fore, this process must be accessible, fast, and
friendly to iteration for evolving practitioner defi-
nitions of capabilities.

In this work, we introduce BENCHBROWSER,
a retrieval-based tool for assessing evaluation va-
lidity (Figure 1 and §2). Given a natural-language
use case, BENCHBROWSER retrieves semantically
related items from tens of thousands of benchmark
examples in under 5 seconds, enabling practition-
ers to gauge how specific items and their design
(metric of success, domain coverage) impact the in-
terpretation of benchmark scores for that use-case.
We first validate that retrieved items are relevant
to practitioners through a human evaluation with
N = 10 NLP practitioners (§4 and §4.1).

We then use the retrieved evidence for two meta-
evaluations: (a) surfacing content validity threats,
where small facet changes expose large coverage
disparities (§5). For instance, we show how swap-
ping a single facet in a use-case like “programming
in Python” to “programming in Go” results in a
sharp drop in the number of available examples,
demonstrating that competence estimates in “pro-
gramming” may be disproportionately anchored to
this specific language. Then we demonstrate how
this evidence helps surface (b) convergent valid-

ity threats, where relevant retrieved items induce
model rankings that diverge from human-validated
benchmark rankings for the same use-case (§6).
For example, when evaluating models on their
ability to answer questions about the Hindu reli-
gion, the top-ranked models on the multiple-choice
BIG-bench hindu_knowledge task can drop to
nearly the worst-ranked when instead evaluated on
prompt-completion type examples from HellaSwag
(Zellers et al., 2019).

Overall, BENCHBROWSER surfaces evidence for
practitioners to directly assess validity rather than
relying on rigid annotation schema, enabling inter-
active evaluation of benchmark validity for novel
use-cases.

2 BENCHBROWSER

Given a use-case, BENCHBROWSER retrieves the
top-k relevant examples from a multi-benchmark
database in three stages — generating query
rewrites or anchors for retrieval, retrieving se-
mantically close items for these anchors and fil-
tering them using an LLM Judge. Unless other-
wise stated, LLM-based rewriting and filtering use
gpt-5-mini-2025-08-07.

2.1 Stage 1: Anchor Generation

Directly embedding practitioner use-cases for re-
trieval can often be insufficient: use-cases might be
abstract (e.g., “instruction following”), individual
benchmark examples may not be annotated with
fine-grained capability annotations that the practi-
tioner mentions in their use-case, or practitioner
use-cases may not contain format cues (e.g., MCQ
vs. long-form) which are inherent in benchmark
items. Therefore, we try different query-rewriting
strategies, a standard way to bridge query-retrieval
item mismatch (Rizvi et al., 2004; Antonellis et al.,
2008; Ma et al., 2023) to generate the anchors that
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minimize the effects of these constraints for our
retrieval (Noél et al., 1997). Prompts and exam-
ples are in Appendix A. Throughout the work, we
compare performance with Original, a no-rewrite
baseline that uses the raw use-case.

We test three other anchor generation methods:
(a) Rephrasing: Underspecified topics or capa-
bilities can attract a noisy set of examples with
weak relevance (Krovetz and Croft, 1992; Chen
et al., 2013), so we rewrite a use-case as n = 3
specific subtopics or component skills. (b) Ex-
ample Synthesis: Omitting format cues from the
retrieval anchor can significantly degrade retrieval
performance (Noél et al., 1997), hence, we gener-
ate n = 3 synthetic evaluation examples in formats
common in our benchmark database, such as long-
form QA, MCQ, and fill-in-the-blank, so that re-
trieval anchors resemble indexed benchmark items.
(c) Shorthand: Because many benchmark items
do not explicitly name the capability they test, we
also create a bounded-vocabulary representation
of the form (skill) & (key;) & (key,) & (keys).
Each Shorthand preserves the primary skill plus
salient topical cues. Unlike the other anchor meth-
ods, Shorthand retrieval maps both the practi-
tioner use-case and all indexed examples into this
shared representation, making latent capability la-
bels explicit and encouraging items with related
skills to cluster despite surface-format differences.
We implement this efficiently by fine-tuning a
Llama-3-8B-Instruct model on GPT-generated
(sample, shorthand) pairs and translating the
benchmark database once (detailed pipeline in
§A.D).

2.2 Stage 2: Semantic Retrieval

For each anchor, we compute semantic embed-
dings with BAAI/bge-en-icl (Xiao et al., 2024)
and retrieve nearest-neighbor examples using Faiss
(Douze et al.,, 2024). We chose this back-
bone after comparing standard BGE bi-encoders,
BAAI/llm-embedder, a cross-encoder reranker,
and bge-en-icl on topic queries (Appendix B).
bge-en-icl gives the best effectiveness—latency
tradeoff while being significantly faster than the
reranker. We retrieve the top-k nearest examples
per anchor, pool them, sort by similarity, and pass
the top candidates to filtering. We also compare
against BM25 (Robertson et al., 2009) and random
retrieval to confirm meaningful gains arise from
semantic retrieval over standard lexical baselines.

2.3 Stage 3: Filtering

The top-k pooled candidates are then scored by
an LLM judge. The judge checks if the example
has topical or skill overlap with the use-case, and
whether success on the example would provide
credible evidence of competence for the use-case.
This step aims to eliminate only the most obviously
unrelated examples and not to outright select the
relevant examples, as the latter is a non-trivial as-
pect to judge and is ultimately the practitioner’s pre-
rogative. The selection prompt is in Appendix B.3.

3 Evaluation Setup

We evaluate BENCHBROWSER on different eval-
uation query sets designed to stress-test retrieval
across query specificity, from broad topics (““Sci-
ence”) to practitioner-specific needs unlikely to
appear in existing benchmarks (“convert my paper
abstract into a teaser figure”). These sets provide
an evaluation scaffold to test our system and we de-
scribe them briefly below, grouped by their origin.
Full details and prompts are in Appendix C.

Synthetically Constructed Evaluation Queries.
(N = 158) We synthetically construct topics,
skills, and applications query sets; The topics set
covers broad knowledge areas, such as “sports”
or “law,” drawn from 58 BBH (Suzgun et al.,
2023) and MMLU subjects (Hendrycks et al.,
2021). The skills are cross-domain capabilities,
such as “reasoning” or “creative writing,” de-
rived from real-world Clio use-cases of Claude
and rewritten as broad skill descriptions using
claude-sonnet-4-5-20250929 (Tamkin et al.,
2024). Applications use the same source but de-
scribe concrete deployed tasks, such as “studying
for the SAT,” mirroring the specific user requests
common in instruction-following benchmarks (Qin
et al., 2024; Zhou et al., 2023; Wen et al., 2024).

Crowdsourced Evaluation Queries representing
Novel Practitioner Intent. (N = 21) To test
real use-cases that may be absent from existing
benchmarks, we crowdsource a novel set from
N = 9 NLP practitioners (e.g., “creating Mat-
plotlib visualizations for my research”). This set
helps evaluate whether BENCHBROWSER can sur-
face useful evidence for practitioner needs not al-
ready encoded as benchmark subjects.

Manually Curated Evaluation Queries for Exist-
ing NLP Benchmarks. (N = 20) In order to
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Topics

Skills Applications

Method Prec s @k Prec anchor @k NDCG@FK Recall@k Prec 5ys@QFk Prec anchor @k NDCG@FK Prec s @k Prec anchor @k NDCGQE
Random 0.304~ 0.478~ 0.702*  0.029  0.310" 0.396~ 0.628" 0.045~ 0.051~ 0.231~
BM25 0.529* 0.748* 0.850*  0.191*  0.654" 0.780" 0.823~ 0.320~ 0.309~ 0.648"
Original 0.763™ 0.887" 0.921* 0.350" 0.768"* 0.923 0.911* 0.572 0.722 0.870
Rephrasing 0.812~ 0.896" 0.923*  0.345" 0.775 0.933 0.908" 0.563 0.687 0.849
Shorthand 0.884 0.970 0.955~ 0.414 0.815 0.925 0.916 0.572 0.611~ 0.808"
Example Synthesis ~ 0.890 0.968 0.971 0.423 0.837 0.926 0.937 0.560 0.687 0.869

Table 1: Unified Retrieval Performance @K = 20: Sign-Flip Tests vs. Best Method Best values and second-best
values per column are highlighted in green and gold , respectively. * marks methods significantly below the best
method in that column by paired sign-flip tests with Holm correction (p < 0.05). Horizontal line separates neural
embedding-based methods (lower) from non-neural baselines (upper).

evaluate retrieval methods in a controlled setting,
we construct a set of use-case queries that are al-
ready targeted by existing NLP benchmarks. For
example, “Using meal descriptions to measure calo-
rie intake” is paired with NutriBench (Hua et al.,
2024), an existing test set measuring the nutritional
awareness of language models. We refer to these
paired benchmark test sets as gold test sets and ex-
clude them from our retrieval index explicitly. The
full query-to-task mapping is in Appendix D.3.

Retrieval metrics. We grade retrieved items with
gpt-5-mini-2025-08-07 as Relevant, Partially
Relevant, or Irrelevant. For precision and recall,
Relevant and Partially Relevant count as positives;
this follows standard graded-relevance informa-
tion retrieval decisions for exploratory search tasks
(Voorhees, 1998) where partial matches can still
expose users to plausible, non-dominant opera-
tionalizations of their intent (Wullach et al., 2026).
We report Prec ynchor @K for unfiltered anchor out-
puts, Prec ¢ @Fk for the final filtered system output,
and NDCGQk for ranking quality. Prec ynchor@Fk
is used only to select the anchor method, while
Prec ys@F is our main practitioner-facing retrieval
metric. For the ropics set, we also report RecallQk
on a restricted 28k-example database containing
only the relevant gold sets of examples; all other
metrics are computed over the full 70k-example
benchmark database listed in Appendix C.1.

4 BENCHBROWSER Finds Relevant
Examples

Anchor Comparison. Table 1 compares anchor-
ing strategies for retrieving relevant examples.
Across the topics and skills sets, rewriting-based
anchors (Rephrasing, Shorthand, Example Synthe-
sis) substantially outperform Random and BM25,
often by more than 10 points in Prec anenor @k and

Prec 4ys@F, and generally improve over the direct
Original baseline. Example Synthesis and Short-
hand are the strongest overall: Example Synthesis
is near-best across all three query sets, while Short-
hand performs comparably. Gains in NDCGQFk
show that rewriting improves ranking quality, not
only precision of top-ranked items. Recall@k is
conservative for all methods on the topics set: we
attribute this to the presence of multiple highly
overlapping use-cases in this set (e.g. high-school
vs. college chemistry) due to which examples
that are generally relevant to one use-case may
be counted as misses for a closely related one.
As a robustness check for our automatic evalua-
tions, we replicate the entire evaluation with an-
other LLM judge, gemini-2.5-flash-1lite, and
observe strong, statistically significant agreement
(p = 0.795 for Prec 4ys@Fk; Table 10, Appendix E).

Tie Breaking. Because Example Synthesis and
Shorthand are statistically indistinguishable in
Prec 4s@F, our primary metric, across every query
class (Table 1), we use two tie-breaking experi-
ments to decide the anchoring strategy for BENCH-
BROWSER. For the topics set, we test whether
model performances on retrieved examples pre-
serves the ranking of models on the gold test sets
for the fopics set (Appendix D.1). For the skills
and applications sets, which lack gold test sets, we
adopt the standard pooling methodology adopted in
TREC for tasks when exhaustive ground-truth is in-
tractable (Voorhees, 1998; Zobel, 1998). For each
method, we measure the overlap of retrieved exam-
ples with the union of examples judged relevant by
all anchoring methods (Appendix D.2). Example
Synthesis performs best in both experiments, so we
use it for all subsequent analyses.

User Interaction Metrics. We measure the end-
to-end latency of the tool over a traffic of ~ 200
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Table 2: Mean relevance of retrieved examples by human annotators

(Mpy) and LLM judge Mrm). T p < 0.05; F p < 0.0001. p is Spear-
man’s tho. kg and k.11 are Fleiss’s kappa for human-human
and human-LLM agreement. AC2;r and AC2y 11 are Gwet’s AC2.

%Rel is the % judged relevant by humans.

concurrent requests to be 5.28 + 1.48s supporting
its interactive use. (See Appendix F for a break-
down of statistics). We also confirm that for Ex-
ample Synthesis, Prec ¢y @k remains largely stable
as k grows for at least the topics set and skills
set (Appendix D.4). The relevance for applica-
tions set expectedly degrades more sharply, likely
because highly contextual use-cases have fewer
matching examples. Collectively, these results indi-
cate that BENCHBROWSER can return reasonably
sized pools of relevant items at interactive speeds.

4.1 Human Evaluation

Setup. We recruited N = 10 NLP practition-
ers to annotate the top-20 examples returned by the
tool across 71 use cases. Each example was labeled
by three annotators using the same three-point rel-
evance scale as the LLM judge (recruitment de-
tails are in Appendix G). Annotators labeled all
novel and known validation use-cases to measure
LLM-human relevance calibration on the primary
evaluation sets. They also labeled the top-20 ex-
amples for the ten highest-scoring topics, skills,
and applications queries under the LLM judge to
verify that high automatic relevance scores do not
merely reflect LLM agreeableness (Jain et al., 2025;
Arabzadeh and Clarke, 2025). This yields 4,260
human relevance judgments across 71 use cases.

Study Results. We map relevance labels to nu-
meric scores to compare human and LLM judg-
ments: Relevant = 1, Partially Relevant = 0.5,
and Irrelevant = 0. Table 2 shows that mean hu-
man relevance is close to mean LLM-judge rele-
vance for the topics, applications, and novel sets.
The largest discrepancy occurs in the known val-
idation set, likely due to a small number of eso-
teric benchmark tasks (such as BIG-bench Hard’s
novel_concepts) that are difficult to compress
into practitioner-style prompts (Appendix G.1).

Figure 2: Distributions of example rele-
vance judgments for the novel set shows
most disagreements are between Partially
Relevant and Relevant.

Table 2 also reveals that relevance judgments
are strongly skewed toward the Relevant class. Be-
cause this class imbalance makes standard correla-
tion metrics like p and x unreliable (Bexkens et al.,
2018; Gaudreault and Branco, 2024), we adopt
Gwet’s AC2 as our primary agreement metric since
it is more robust to class imbalance (Gwet, 2014).
Agreement between different human annotators as
measured with AC2 is moderate to high for most
query sets, though low to moderate AC2 for the
known validation and novel sets indicates a degree
of subjectivity. Agreement between humans and
LLM judges is moderate to high for all five query
sets, with AC2 ranging from 0.43 for the novel set
to 0.90 for the topics set.

Disagreement Analysis. The primary driver of
disagreement is calibration between Partially Rel-
evant and Relevant examples. Figure 2 illustrates
this pattern for the lowest-agreement novel set:
both human—human and human-LILM disagree-
ments occur mainly between Partially Relevant
and Relevant, indicating that lower AC2 is driven
primarily by calibration near the Relevant/Partially
Relevant boundary, not by catastrophic misses.
This pattern holds for the other query sets as well
(Appendix G.1). These calibration differences are
consistent with prior work on subjective annota-
tion tasks (Adams et al., 2023; McDonnell et al.,
2016; Shirani et al., 2021; El Dehaibi and MacDon-
ald, 2020), reinforcing the value of the practitioner-
driven item-level inspection that BENCHBROWSER
enables. Appendix G.1 provides agreement break-
downs and annotator comments supporting the chal-
lenge of distinguishing partial from full relevance.

5 Surfacing Content Validity Threats

Having established that BENCHBROWSER re-
trieves relevant item-level evidence, we now use
it to surface content validity threats: cases where
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Figure 3: Facet-level disparities indicate low content validity. Left: in nearly all skill families, facets can have
large differences in number of relevant retrieved examples. Right: one skill family from the bar plot: the disparity
between retrieved evidence for “literary genre” between “fantasy” and “historical fiction”. Appendix H.1 provides

more examples of such dispersion across additional skills.

benchmark items instantiate a capability too nar-
rowly. Content validity concerns whether an eval-
uation adequately represents the facets of the abil-
ity it claims to measure (Strauss and Smith, 2009;
Freiesleben and Zezulka, 2025; Wallach et al.,
2025). When this threat is not surfaced, aggregate
benchmark scores can appear to measure a broad
capability while actually reflecting only a narrow
operationalization. For example, if examples for
“code generation” mostly involve short Python snip-
pets, then performance on those examples says
little about code generation in other languages or
contexts. A natural way to probe this threat is
facet analysis (Landsheer and Boeije, 2010): hold
the broad capability fixed, such as “code gener-
ation,” while varying a single facet, such as pro-
gramming language, and then inspect benchmark
coverage. BENCHBROWSER operationalizes this
workflow by retrieving evidence for practitioner-
specified facets, allowing users to compare which
variants of a capability are well represented, under-
represented, or represented only through overlap-
ping generic items.

Experimental Setup. This workflow requires
skill families that enumerate variants of the same
broad capability. We use the skills set as seeds and
prompt claude-sonnet-4-5-20250929 to produce 20
skill families, each with six closely related variants
differing along one interpretable axis (120 total;
e.g., a code generation skill family with program-
ming language facet, a creative writing skill family
with literary genre facet). We manually verify that
variants are lexically separable so that changes in
query wording do not confound retrieval. The right
panel of Figure 3 shows a skill family with facets.

Evaluation. A fully principled human assess-
ment would require agreement-checked judgments
over both facet relevance and item relevance; this

is costly and cognitively burdensome because both
are stakeholder-dependent, and related facets often
retrieve overlapping near-duplicates (Strauss and
Smith, 2009; Cartwright et al., 2019; Henley and
Piorkowski, 2024). Accordingly, we use the LLM
judge validated in §4.1 as a relevance proxy in this
section. We compute the percentage of retrieved ex-
amples deemed Relevant, excluding Partially Rele-
vant examples to avoid overstating coverage. Large
disparities between facets within a skill family pro-
vide evidence of possibly low content validity.

Findings. The left panel of Figure 3 summarizes
the percentage of Relevant examples for the best-
and worst-represented facets of each skill family.
Closely related use-case variants often yield very
different numbers of Relevant examples, suggest-
ing substantial spread in the retrievable evidence
for different facets. The right panel gives one con-
crete example of this disparity demonstrating how
for a skill like “creative writing”, testing “fantasy”
story writing yields a large number of Relevant ex-
amples, whereas equally legitimate but less conven-
tional facets like writing “historical fiction” receive
much lower coverage despite targeting the same
broad capability. Appendix H finds the same trends
with a lexical BM25 baseline, suggesting that these
disparities reflect benchmark composition rather
than an artifact of the semantic retriever.

BENCHBROWSER’s interface allows users to
similarly retrieve evidence across facets they deem
relevant for their assessment (Step 2, Figurel).
Through this, BENCHBROWSER aims to help prac-
titioners gauge both, if (low number of items re-
trieved) and how diversely (low number of unique
samples) operationalize a practitioner’s capability
of interest.
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6 Surfacing Convergent Validity Threats

With the rapid proliferation of benchmarks, mul-
tiple benchmarks now often claim to evaluate the
same capability (Sun et al., 2025; Zhang et al.,
2025). This invites an often-untested assumption:
benchmarks measuring the same skill should sup-
port similar conclusions about which models are
better for that skill. Convergent validity formalizes
this expectation as an agreement between model
rankings induced by nominally similar evaluations
(Strauss and Smith, 2009; Bean et al., 2025). When
this agreement fails, benchmark results can yield
contradictory conclusions (Diddee and Ippolito,
2024; Zhou et al., 2026) which can hinder action-
able insights about which models are competent
for a practitioner’s capability of interest. BENCH-
BROWSER helps investigate such failures by retriev-
ing relevant examples for a practitioner’s use-case,
allowing the practitioner to test whether rankings
induced by existing benchmarks transfer to the re-
trieved sets of relevant examples.

Experimental setup. For this analysis, we need

use-cases which are already measured by existing

public benchmarks, so we use the known validation

set (§3). For each use-case u, we evaluate n = 8

models on its pre-defined gold evaluation set GG,

and the example set retrieved by BENCHBROWSER

R,,. Each example is scored with its source bench-

mark metric, such as accuracy, exact match, or win

rate, and scores are aggregated to induce a model
ranking. An induced ranking is the ordering of the
same eight models by performance on either GG, or

R,,. Model and metric details are in Appendix I.
To separate retrieval-induced ranking changes

from finite-sample instability, we compare rankings

using two Kendall’s 7 estimates averaged over 100

Monte Carlo trials:

* Tret(u) tests whether the retrieved set R, induces
the same model ordering as the gold benchmark
G, at a matched evaluation budget. In each trial,
we compare the ranking induced by R,, with the
ranking induced by | R, | subsampled examples
from G,,.

* Teold(u) is a gold-only control for how much
the benchmark’s own ranking changes under the
same budget reduction. In each trial, we compare
the full gold set ranking with a ranking induced
by |R,| subsampled gold examples. This pro-
vides a task-specific ceiling on achievable rank
agreement when evaluating models on fewer ex-
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Figure 4: Kendall’s 7 correlations of model rankings
on gold test sets vs. retrieved sets for known validation
set use-cases with mean human relevance > 0.5. Wider
bars correspond to greater rank divergence A = Tyo1q —
Tret- 2 number of retrieved examples. 95% bootstrap
confidence intervals for the mean over trials.

amples (Yauney et al., 2026).!
We define rank divergence as A(u) = Tgo1a(u) —
Tret(u); large A indicates that retrieved relevant
items induce ranking changes beyond gold-set sam-
pling effects. To be extra cautious, we report only
use-cases whose retrieved examples have mean hu-
man relevance at least Partially Relevant.

Findings. Figure 4 shows that rank divergence
varies sharply across use-cases. Some retrieved sets
preserve benchmark-induced model comparisons,
while others produce large divergence or ranking
inversions, suggesting that topical relevance alone
is insufficient for establishing convergent validity.

Manual inspection suggests three recurring
drivers of these inversions, reflecting the practi-
cal ways in which practitioners might encounter
poor convergent validity (Table 3). First, rubric
shift occurs when retrieved examples match the
topic but change the format or scoring criterion,
such as moving from short factual questions to
longer, constraint-heavy, or open-ended prompts.
Such metric changes can systematically alter model
rankings, especially for win-rate-based generative
evaluations that are sensitive to calibration, some-
times even spurious, artifacts (Campbell and Fiske,
1959; Dubois et al., 2024; Gao et al., 2024b; Zheng
et al., 2025). Second, divergent operationaliza-
tion occurs when benchmarks that advertise the
same capability test different task families, yield-

! Appendix I reports same-cardinality gold—gold correla-
tions as an additional sanity check.
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Observed Cause 1: Rubric Shift

Example Query: “Hindu Religion”

BIG-bench Hard (Hindu Knowledge): Which of the
following gods are associated with a flying elephant
HellaSwag: Philosophy and Religion: How to learn about
ancient hinduism ...

Observed Cause 2: Divergent Operationalization
Example Query: “Solving Puzzles”

BIG-bench Hard (Colored Objects): On the desk, you
see items in a row: a gold textbook, a purple puzzle, a teal
necklace, and a silver pencil. How many non-gold items
do you see to the right of the pencil?

AlpacaEval: Hi, I’'m trying to solve a crossword puzzle,
but I’ve never done one of these before. Can you help?

Observed Cause 3: Context Shift (Recall — Applied)
Example Query: “Writing Programs”

HumanEval: Check if in given list of numbers, are any
two numbers closer to each other than given threshold.
InfoBench: ... you’ve came up with an algorithm for
solving the coding question your interviewer gave you but

Table 3: Observed causes of ranking inversions; gold

and blue highlights indicate an example is from the
gold set or the retrieved set, respectively.

ing construct non-equivalence. For example, for a
use-case like “solving puzzles”, BIG-bench Hard’s
riddle_sense may be relevant but too specific to
riddles to engender the same ranking as a bench-
mark testing logic puzzles, even though they both
test related reasoning skills. Finally, a context shift
can be observed when a use-case’s evaluation shifts
from purely testing recall to testing it’s applied use.

7 Related Work

Diagnosing low validity for AI benchmarks.
Recent audits stress grounding Al evaluation in va-
lidity measurements (Alaa et al., 2025; Salaudeen
et al.,, 2025; Ye et al.,, 2025), revealing that
LLM benchmarks often underspecify links be-
tween scores, measured constructs, and their opera-
tionalizations (Dietz et al., 2025; Reuel-Lamparth
et al., 2024; Wallach et al., 2025). This under-
specification degrades reliability, especially for
multifaceted capabilities. Since gathering valid-
ity evidence is costly—requiring expert annota-
tion (Bean et al., 2025), explicit operationalization
(Zeng et al., 2025; Bohacek et al., 2026), or stake-
holder definitions (Wallach et al., 2025; Guerdan
et al., 2025)—BENCHBROWSER targets this bottle-
neck by retrieving inspectable, item-level evidence
for practitioner-defined use cases, enabling system-
atic meta-evaluations without fixed taxonomies.

Improving open-ended evaluation. While lit-
tle work addresses validity inspection directly,
open-ended evaluation methods—including cus-
tom benchmark synthesis (Shashidhar et al., 2025;
Pombal et al., 2025), item-level annotation (Zeng
et al., 2025; Li et al., 2025; Kim et al., 2025),
and psychometric composition (Hofmann et al.,
2025)—instantiate relevant methodologies. Most
notably, Ghosh et al. (2025) dynamically rank
query-conditioned items for custom use-cases. Un-
like BENCHBROWSER, they focus on inducing a
ranking for the use-case as opposed to assessing if
retrieved query-conditioned items actually instan-
tiate the intended construct. Similarly, while Bo-
hacek et al. (2026) probe internal competency gaps
using SAEs—restricted to what model internals
realize—we focus on empowering practitioners to
elicit these gaps directly. By reusing vetted bench-
mark items (Liu et al., 2024), we map existing
operationalizations and avoid synthetic generation
biases (Huang et al., 2024; Chen et al., 2025) that
can often degrade purely synthetic testsets (Pombal
et al., 2025; Shashidhar et al., 2025). We anticipate
that such inspection, prior, to evaluation prevents
curating redundant, non-discriminative test data
(Maheshwari et al., 2024) and calibrates expecta-
tions for stable competence estimates in emerging
capabilities (Diddee and Ippolito, 2024).

8 Conclusion

Validating LLM benchmarks for emerging, multi-
faceted capabilities requires moving beyond aggre-
gate scores to directly audit exactly what is being
measured and sow. To facilitate this, we present
BENCHBROWSER, a meta-evaluation tool that sup-
ports cost-effective, transparent validity inspection
for practitioner-defined use-cases. Rather than re-
lying on any single evaluation suite (Veuthey et al.,
2025; Son et al., 2024; Chern et al., 2024), BENCH-
BROWSER surfaces atomic evidence across multi-
ple benchmarks, exposing the diverse ways abstract
capabilities are actually operationalized. Our evalu-
ations, corroborated by human annotators assessing
the relevance of retrieved data, show that BENCH-
BROWSER accurately retrieves relevant evidence
for assessing coverage and representation. Making
sources, rubrics, and framings inspectable allows
practitioners to rapidly inspect content and conver-
gent validity, revealing the specific subsets, outliers,
or artifacts driving ranking inversions. In doing
s0, BENCHBROWSER engenders more stable, con-
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textualized capability claims and directly guides
where future benchmark development should focus
to address underrepresented facets.

Limitations

Our human evaluation is limited in scale: to keep
annotation costs manageable, we restrict the num-
ber and diversity of use-cases and annotators. All
annotators were located in the United States. Al-
though we collect 4,260 relevance judgments, preci-
sion and coverage estimates may not fully general-
ize beyond the evaluated use-cases. An end-to-end
human evaluation of the tool would require a larger
time and resource budget to compensate annotators
for several iterations of tool use, which was outside
the scope of this project. Such an evaluation is an
important direction for future work.

The content-validity analysis in §5 does not elicit
or verify facets with annotators, because doing so
would require an additional layer of costly human
validation. Because these facets are generated by a
language model, they may reflect biased or incom-
plete facet selection. We expect that an LLM judge
can provide a useful preliminary signal of represen-
tational disparities, and expect that this signal will
be strengthened with human supervision during the
tool” actual use. Consequently, the analysis in this
section is intended primarily to demonstrate po-
tential representational disparities for practitioner
inspection, rather than to make actionable claims
about which facets require additional benchmark
coverage.

While BENCHBROWSER is intended for diag-
nosing benchmark validity, its underlying retrieval
mechanism could, in theory, be used to cherry-pick
evaluation sets that make a given model look best.

Finally, BENCHBROWSER can surface only the
validity concerns reflected in its indexed bench-
mark items and evaluated model outputs. Expand-
ing coverage to more benchmark suites, models,
and outputs from commercial models required by
some metrics is resource-intensive. As a result, any
conclusions drawn from the tool are bounded by the
current database and the feasible set of evaluated
models.
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A Anchor Generation Methods

A.1 Shorthand Anchor

Many benchmarks (e.g., WINOGRANDE, BIG-
bench) lack fine-grained capability annotations,
making it difficult to identify which skills are being
tested at the datapoint level. To ensure seman-
tic proximity among functionally similar samples
across diverse formats, we design structured textual
representations called shorthands.

Shorthand format. A shorthand follows the tem-
plate (skill) & (key,) & (key,) & (keys), where
(skill) denotes the primary cognitive ability re-
quired, and keys encode salient lexical or contex-
tual attributes that enhance retrieval precision.

Pipeline.

1. Seed Data construction. To train a model to
efficiently translate our index into the Short-
hand representation, we needed to generate a
small, high quality translation dataset where
a example corresponds to its equivalent short-
hand. To achieve a diverse set of exam-
ples to act as this set - we first embed 10
random subsets of our entire index using
the BAAI bge-en-icl embedding model.
Each subset contains 1000 examples (with-
out replacement). We, then, run t-SNE on
each subset separately and k-means per batch
(with £k = 10). Finally, we pick, both, the
n = 250 nearest-to-centroid and n = 250
farthest-from-centroid examples in each clus-
ter. Choosing these allows us to cover both,
the prototypical and well represented tasks as
well as the least represented tasks for the ini-
tial seed data construction. This allows us to
generate a dataset consisting of 5000 exam-
ples.

2. Finetuning Data Synthesis. We then use
gpt-5-mini-2025-08-07 to produce short-
hands for the 5000 examples. We use the
following prompt for this conversion.

/Shorthand Generation Prompt """You are
tasked with converting natural language
text into a concise shorthand format which
can be used to identify other datapoints
having similar capabilities. The format for
creating this shorthand is: < skill > &
<keyl> & <key2> & <key3> where:

- <skill> encodes the primary cogni-
= J
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s D
tive/technical ability needed to accomplish

the task underlying the text. Ask yourself:
"What is the primary cognitive/technical
ability needed to accomplish the task un-
derlying the text?" Some examples (NOT
EXHAUSTIVE): creative_writing, coding,
equation_solving, coreference_resolution,
strategy_planning, logical_reasoning,
factual_recall, reading_comprehension,
scientific_visualization, graphics, so-
cial_interaction, movie_trivia, statisti-
cal_analysis, etc.

- <keyl>,<key2>, <key3> are 1-3
SPECIFIC and DISTINCTIVE features
that maximize retrieval precision; For
adding each feature/key, ask yourself: -
"What are the specific document types,
topics, and/or entities in this text" that
need to be preserved for retrieving similar
datapoints? - Is there any specific topic
underlying being asked by the user query:
"machine learning" "statistics" "poetry"
etc - include that as a key. - Is there
any specific output format mentioned in
the query: "research papers", "clinical
cases", "financial reports" "emails" etc -
include that as a key. - Is the the query
about a specific person, organization, or
entity - include that as a key. If there
are multiple entities, or placeholders
like "X", "Y", "Z" - include the broad
category of the entity (e.g., "actor",
"writer", "sportsperson" "female") and
number of entitites as a key. - Is the user
looking for a specific task like: "sort-

non

ing_ascending", "counting_3_objects",
"implementing_neural_network"- include
that as a key. - If the text includes

a mathematical formula: include the
concept type of the formula (e.g., "dif-
ferential_equations”, "linear_algebra",
"probability_distribution") - If the user
has only specificed a single topic - use
that as the key. DO NOT ADD A SKILL
UNLESS ITS SPECIFIED. - If the user
has only specified a single skill/task - use
that skill/task as the key. DO NOT ADD
A DIFFERENT TASK UNLESS ITS
SPECIFIED. - Use underscores for multi-
word concepts (e.g., "machine_learning",
"social_skills", "new_york") - Make)




sure that no key adds a new generic do—\
main/skill/topic to the query. STRICTLY
FOLLOW THIS RULE. - Separate each
key with an ampersand. - Return exactly
1 shorthand for a user query wrapped in
XML tags: <shorthand></shorthand>. -
IMPORTANT: Only include keys, if they
add unique, searchable value. If there are
no more distinctive features, USE FEWER
KEYS rather than padding with generic
terms. Your final outputs should be of the
form: <shorthand> </shorthand> Here
are some examples of shorthands:

3. Model Finetuning. @ We then finetune
Llama-3-8B-Instruct via on (example,
Shorthand) pairs. We fine-tuned the base
model using 4-bit quantization (QLoRA) with
a maximum sequence length of 4096 tokens.
Parameter Efficient Fine-Tuning (PEFT) was
applied via Low-Rank Adaptation (LoRA)
with arank of » = 64, a scaling factor o = 32,
and a dropout rate of 0. The LoRA adapters
targeted the query, key, value, output, gate,
up, and down projection modules. Training
was performed for 2 epochs using the 8-bit
AdamW optimizer with a learning rate of
1 x 10~ and a linear decay schedule with a
warmup ratio of 0.03. We utilized a per-device
batch size of 2 with 8 gradient accumulation
steps, resulting in an effective batch size of
16. To ensure reproducibility, the random seed
was set to 3407.

4. Index translation. We use our finetuned ver-
sion of the model to translate all benchmark
examples from our benchmark database into
their respective shorthand notation. This step
yields cost-efficient annotation, constrains the
vocabulary, and enforces consistent skill ver-
balization across all the examples in the trans-
formed benchmark database. Some examples
from the final benchmark database are pro-
vided below.

Once this translated benchmark database is gen-
erated, we create the FAISS (Douze et al., 2024) in-
dex for this benchmark database to use for retrieval
when Shorthand is used as an anchor generation
strategy.

A.2 Anchor Generation Prompts

Rephrasing Baseline.
p

Segment Generation Prompt

"""Given a user query, create **three brief re-
finements** of that query that are appropriate
for retrieving examples representing the inter-
est highlighted in the query. Use the following
rules:

- If the query is compositional, i.e., it contains
multiple concepts, make different operational-
izations of each concept. For example: if the
query is ‘scientific visualizations for scientific
papers‘ - each refinement should focus on a dif-
ferent sub-part of this query: like scientific vi-
sualizations, visualizations for scientific papers
and tools for visualizations. - If the query is
about some broad capability, enlist different sub-
topics that test for that capability. For exam-
ple: if the query is ‘trivia‘ - each refinement
can include common topics included in trivia
questions like ‘celebrity history‘, ‘geography®,
‘world history‘, etc. - If the query is about some
broad topic, enlist different related domains and
sub-topics that are related to that topic. For
example: if the query is ‘biology‘ - each re-
finement can include different related domains
like ‘genetics‘, ‘ecology’, ‘dermatology’, etc. -
If the query is about a specific task, generate
different contextual forms of that task. For ex-
ample: if the query is ‘Creative Writing® - each
refinement can include different types of cre-
ative writing like ‘poetry*, ‘short stories‘, ‘nov-
els‘, etc. - If the query describes a scenario -
‘Cooking indian food* - list different activities
that can be performed in that scenario. For ex-
ample: ‘indian spices’, ‘indian food recipes‘ and
‘indian desserts‘. - If the query is a proper Noun
- ‘Harry Potter® - generate at least one query that
highlights the broad task associated with that
proper noun, for example: ‘fantasy literature*
or ‘magic‘, and one that lists the most popular
form of that proper noun, for example, ‘Harry
Potter Books‘. - If the query is a question -
‘What is the Capital of France ;, - generate at
least one query that highlights the topic of that
question. For example: ‘Capitals of different
countries‘, ‘Facts about France® and ‘Paris‘. -
If it falls under neither of these categories, for

example: ‘Can Elephants fly ; - generate queries
N J
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that cover reasonable aspects of that query: For
example: ‘Animals that can fly*, ‘Elephant facts*
and ‘Flying facts*.

* Make sure that one refinement is not a sub-
set of another refinement. * Make sure that
at least one refinement highlights the broad
domain of the query. For example, if the
query is ‘chess‘ - one refinement should in-
clude ‘board games‘. * Avoid making overly
complicated refinements by using simple words
and phrases. * Focus on what would attract
different types of relevant test cases or docu-
ments from existing test benchmarks. ALWAY'S
Return your responses in the following XML
format; each refinement should be in a sepa-
rate <refinement> tag: <refinements> <refine-
ment> </refinement> </refinements> DO NOT
INCLUDE ANY OTHER TEXT IN YOUR RE-
SPONSE or any reasoning in your response. The
user query is: query

~

Original: understanding geopolitical tensions in Southeast

Asia

Rephrasing: South China Sea maritime disputes

Example Synthesis: Discuss the factors driving contempo-
rary geopolitical tensions in Southeast Asia

Shorthand: geopolitical_analysis & southeast_asia

Table 4: Four methods for producing retrieval anchors.

B Embedding-Based Semantic Retrieval

Details

B.1 In Context Examples for the Embedding
Models (used during Original, Example
Synthesis and Rephrasing Index
Creation)

This subsection provides the In-Context Examples
used for the BGE-en-icl model in Table 5.

Example Synthesis Baseline.
p

A.3 Examples of Anchors

The table provides an example of all the anchors
produced for the use-case: “understanding geopo-

litical tensions in Southeast Asia”.

\
Testcase Generation Prompt use-case Relevant example
"""Given a user query, generate 3 testcases Verify scien-  Claim: AdaBERT achieves inferior perfor-
that is representative of the user’s interest that tific claims “}gnce Wt})‘ﬂ"i;‘;é““;ca‘?gly Wor;ﬁmggtthet

. emency by /X, BEvidence: € datase
can help evaluate an Al Model on its compe- contains 3772 word pairs. The accuracy of
tence on the users intent. The rules for gener- ConVecs 70.02% is not significantly differ-
ating the testcases are as follows: - The test- i‘;;iﬂ?’;‘légztfvcg/‘g;fuytg SimDiffs (72.4%).
case should be STRICTLY between 1-2 lines Blogging Write a blog announcing the opening of a
and not very verbose. - Each testcase can be new mall in the town of Serenity.
of a different format (Long Form, MCQ, Fill Unit Testing Questlor}: An anagram is the result of
. . Code rearranging the letters of a word to pro-
in the blank, etc.) - Only include the ques- duce a new word. Note: anagrams are
tion/input for a testcase and not the expected out- case insensitive Complete the function to
put. - Return each testcase wrapped in a separate ;iteu;gagﬁfgfl‘z;‘:; ;feurmrf;sr A e
<testcase> </testcase> tag. Your final outputs otherwise. Examples: foefet is an ana-
should be of the form: <testcases> <testcase> gram of t;)ffeeT- ut_Aidi : code - ir}?port
. unittest class TestAre nagramsrunc-
Some question related tq the query </testcase> tion(unittest. TestCase): This class con-
<testcase> Some question related to the query tains unit tests for the are_anagrams
</testcase> <testcase> Some question related "fllmfttll?nt.tdef tes‘—anagfal?(“l?:
es at two anagrams return 1rue.

to the query </testcase> </testcases> DO NOT self assertTrue(are_anagrams("foefet”,
INCLUDE ANY OTHER TEXT IN YOUR RE- "toffee")) def test_not_anagram(self): Test
SPONSE or any reasoning in your response. - that two non-anagrams refurn False.
The user query is: {query} """

_ query iy Y, Table 5: ICL Examples used for the BGE-en-icl model.

Note: All records share the instruction: "Given
an activity, retrieve relevant records that have the
same underlying concepts and topics as the given

activity"
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Retriever Type Prec,@k Recall@k NDCG Time (s)
bge-base-V1.5 0.208 0.004 0.291 0.048
bge-large-V1.5 0.332 0.004 0.353 0.044
11m-embedder 0.488 0.012 0.537 0.029
bge-en-icl 0.694 0.218 0.684 1.040
bge-reranker 0.664 0.176 0.632 14.030
Table 6: Retriever Performance Comparison:

bge-en-icl achieves the highest Prec i@k, Recall@k
and NDCG@Fk with reasonable latency.

B.2 Comparing Embedding-Models and
Retriever Configurations for the
Retriever Backbone

We measure the Prec 4@k and Recall@k on the
raw user use-cases from the fopics set on several
widely used dense retriever backbones spanning
(i) standard BGE bi-encoders: BAAI/bge-base-
en-v1.5 and BAAI/bge-large-en-v1.5 which are
popular semantic embedding construction mod-
els; (i) BAAI/llm-embedder, a popular instruction-
tuned/LLM-derived embedding model suited for
diverse retrieval augmented generation applica-
tions especially involving long, abstract queries
(Zhang et al., 2024); and (iii) a cross-encoder
reranker BAAI/bge-reranker-base, which jointly
models query—example interactions rather than in-
dependent embeddings. The reranker’s inclusion
also allows us to test whether higher compute per
query can compensate for the representation gap
induced by broad, under-specified practitioner use-
cases. Finally, we include the (iv) BAAI/bge-en-icl,
an embedding construction model that is designed
to better encode instructional intent and task struc-
ture using guidance from In-Context Learning ex-
amples demonstrating ideal recall. We leverage
the latter to diversify our retriever’s recall of di-
versely formatted examples by including the same
in the in-context learning examples we generate
for the case. §B.1 outlines the in-context exam-
ples used when generating the embeddings for the
BAAI/bge-en-icl model. All values reported here
at k = 20.

Table 6 shows that bge-en-icl provides the
best overall trade-off: it achieves the highest
system precision (Prec 4@k =0.694), RecallQk
(0.218), and ranking quality NDCGQ¥k, sub-
stantially outperforming both generic BGE en-
coders and the stronger 11lm-embedder baseline
(Prec 4ys@k =0.488, Recall@k =0.012). Notably,
while the bge-reranker is competitive in accu-
racy (Prec 4ys@k =0.664, recall=0.176), its latency
is an order of magnitude higher (14.03s vs. 1.04s),

making it impractical as a default backbone for the
interactive needs for our tool. In contrast, en-icl
yields the strongest effectiveness metrics while re-
maining within a reasonable per-query compute
budget, and we therefore adopt bge-en-icl as our
default retriever backbone in BENCHBROWSER.

B.3 Filtering selection prompt

( SELECTION PROMPT: You are evaluating |

whether a test case is relevant for assessing an
Al model’s ability to help with a specific user
task. You are given: - <user_intent> Some
topic, a description of some scenario, a capa-
bility or an application that some user is inter-
ested in <user_intent> - <test_case> Some
question/test case that might be used to evaluate
that system. </test_case>.
A test case is RELEVANT if correctly answering
it would demonstrate capabilities that directly
support the user’s intent. Consider the follow-
ing:

* Knowledge Overlap: Does the test require
knowledge domains that overlap with what
the user needs?

 Skill Transfer: Would the reasoning, anal-
ysis, or problem-solving skills needed for
this test directly apply to the user’s task?

» Practical Utility If an Al can handle this
test case well, would that increase confi-
dence it can help the user with their specific
goal?

Rate the relevance as one of the following:
e 1: Test case is relevant to the user’s intent.

* (0: Test case maybe relevant to the user’s
intent but not directly relevant.

e -1: Test case is not relevant to the user’s
intent

Provide your rating (only 1,0 or -1) wrapped in

the <score> and </score> tags.
N J

C Evaluation Setup and Datasets

C.1 Benchmarks Included in
BENCHBROWSER

In Table 7, we include all the benchmarks that
are included in BENCHBROWSER’ benchmark
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database. In Table 8 we include the metric used
by each benchmark. The exact breakdown (all the
individual MMLU and Big Bench Hard datasets)
along with information about their metrics can also
be accessed on the website, under the Convergent
Validity tab ("Existing Benchmarks’).

C.2 Evaluation Categories

Motivation Skill-based testing is directly aligned
with the traditional motivation for constructing
LLM evaluation benchmarks, so practitioners di-
rectly benefit from being able to use BENCH-
BROWSER’s analysis to anticipate the need to con-
struct a new skill-oriented benchmark. Topics and
application-oriented testing is more implicitly rel-
evant to discovering new facets where evaluating
LLM:s could help discover new strengths and weak-
nesses. These set of queries can help practitioners
decide new contexts to include in future bench-
marks which are increasingly focusing on maxi-
mizing coverage and topical diversity of real-world
user intents.

Topics use-cases. An index is constructed using
only BIG-bench Hard (BBH) and MMLU test sets,
covering 58 use-cases (tasks and subjects). MMLU
college-level subsets are excluded due to topic re-
dundancy (e.g., “Human Aging”, “High School Bi-
ology”, “Clinical Knowledge”). Each topic-based
query tests for focused conceptual alignment on a
single subject area, enabling controlled measure-
ment of retriever precision on narrow topical do-

mains.

Skills use-cases. To represent practitioner-facing
evaluation intents, we derive 50 skill-based use-
cases from the Clio analysis of real-world model
usage (Tamkin et al., 2024). High-level skills (e.g.,
“instruction-following™, “critical thinking”, “cre-
ative writing”) are prompted to claude-sonnet-4-5-
20250929 for naturalistic phrasing. The evaluation
index aggregates ~67k examples from 20 modern
benchmarks such as IFEval (Zhou et al., 2023),
InfoBench (Qin et al., 2024), MMLU, and BBH,
enabling retrieval testing over both long-form and
MCQ styles. This setup evaluates whether the re-
triever can generalize across benchmark formats
and domains.

Applications use-cases. These 50 Clio-seeded
synthetic prompts simulate concrete tasks like
“studying for the SAT” or “debugging HP printer
errors.” They assess how well retrievers locate eval-

uation items relevant to practical scenarios. Preci-
sion@20, NDCG @20, and yield are reported per
application, using the same 20-benchmark index as
the skills setup. Such testing is crucial for under-
standing real-world generalization and identifying
missing evaluation coverage across practical tasks.

Novel use-cases. We circulated a Google Form
surveying NLP practitioners (graduate students
within Al-focused field) to seek novel use-cases
that they were interested in evaluating LL.Ms on.
The participants were allowed to make more than
one submission and up to 3 submissions. Each
participant was requested to provide at least one
peer-reviewed research paper that demonstrates the
common utility of the use-case of their interest to
the broader scientific community, ensuring the rele-
vance and validity of our evaluation scenarios. This
generated a set of 21 use-cases. Some use-cases
were processed to omit personal identifiers - for
example, ‘recommend me food that can satisfy my
dietary constraints‘ was modified to ‘recommend-
ing food that satisfies dietery restrictions.

C.3 Prompts for Generating Usecases

We use the Clio (Tamkin et al., 2024) paper to seed
the usecases for which we test BENCHBROWSER.
This is done to ensure that we don’t pick usecases
that are too disconnected from real-world needs.

Generating Usecases for the skills set For gen-
erating the skill set we use the high-level task cat-
egories emerging from a random sample of 1M
Claude.ai conversations as described in the paper
(Table 7, Appendix F in (Tamkin et al., 2024)).

(" . . . A
You are given a list of high-level use case cate-

gories for which Claude is used by real-world
users. Your task is to identify the underlying fun-
damental skills that users need when engaging
in tasks in these categories.

For each category, think about:

* What are the core cognitive abilities re-
quired? (e.g., reasoning, analysis, creativ-
ity)

* What technical competencies are involved?
(e.g., coding, data manipulation, system
design)

* What interpersonal or communication
skills are needed? (e.g., persuasion, em-

pathy, cultural awareness)
N J
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Benchmark Citation \ Benchmark Citation
IFEval Zhou et al. (2023) logiqga Liu et al. (2021)
MMLU Hendrycks et al. (2021) mathqa Amini et al. (2019)
TruthfulQA Lin et al. (2022) openbookga Mihaylov et al. (2018)
HellaSwag Zellers et al. (2019) gasper Dasigi et al. (2021)
ARC Clark et al. (2018) triviaga Joshi et al. (2017)
Winogrande  Sakaguchi et al. (2020) webgs Berant et al. (2013)
BBH Suzgun et al. (2023) AlpacaEval Dubois et al. (2024)
gsm8k Cobbe et al. (2021) ComplexBench  Wen et al. (2024)
headqga Vilares and Gémez-Rodriguez (2019) | Infobench Qin et al. (2024)
humaneval Chen et al. (2021)
Table 7: Benchmarks Used for Example Retrieval
Category Key Used Processors / Benchmarks
Custom Metric Varied complexbench (point_judges), infobench (DRFR), ifeval
(inst_level_strict_acc), llmbar (gold label)
Accuracy acc nutribench, truthfulQA, arc, mmlu, winogrande, hel-

laswag, headqa, logigqa, mathga, openbookqa, sciq,
pubmed, wmdp, moral_stories, big-bench tasks

exact_match triviaga
pass@1 humaneval
Exact Match exact_match bbh, gsm8k, webqs
F1 Score f1/f1_abstractive qasper
Win Rate win mtbench, koala, vicuna, Ifqa, alpacaeval

Table 8: Summary of evaluation metrics used across benchmarks.

) N
* What metacognitive or strategic capabili- * Web and Mobile App Development
ties are at play? (e.g., planning, decision- : -
making, problem diagnosis) » Content Creation and Communication
Generate a list of 50 broad, transferable skills * Academic Research and Writing
that represent these fundamental capabilities. « Education and Career Development
These skills should be:
: : * Advanced AI/ML Applications
» Atomic: Each skill should represent a sin-
gle, measurable capability * Business Strategy and Operations
* Cross-domain: Skills should be applicable * Language Translation
across multiple use case categories
* DevOps and Cloud Infrastructure
» Evaluable: Each skill should be something - :
that can be tested or benchmarked * Digital Marketing and SEO
* Granular enough to be distinctive: Avoid L D) el giets ) Wikmallize on )

overly generic terms like "intelligence" or

"ability"
Return your answer wrapped in XML tags.
Example: <skill>cultural
adaptation</skill>

Input - Use Case Categories:

Generating Usecases for the applications set
For the applications set, we use the ground-truth
categories from an evaluation dataset of 19,476
synthetic chat transcripts that outline more specific
contexts under which Claude is utilized. We ask
claude-sonnet-4-5-20250929 to generate appli-
cations on the basis of the provided categories using
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the following prompt.

4 N
You are given a list of broad categories of

tasks for which Claude is used by real-world
users. Create a list of 50 applications based on
the given categories. Do not make the com-
positional applications i.e., applications that
combine too many tasks. Return your answer
wrapped in XML tags "usecase" "usecase" Ex-
ample: "usecase" improving home energy ef-
ficiency "usecase" Example: "usecase" recom-
mending Netflix series for me "usecase"

* Software development questions

* Elementary school homework help
 Technology troubleshooting

 Health and fitness advice

* Questions about geopolitics

* Parenting and childcare tips

» Language learning and translation help
* Financial planning and investment

* Theological and philosophical questions

» Environmental science and sustainability

Book discussions and literary analysis

Sports rules and strategy questions
* Cooking and recipe inquiries
* Job application questions

* Home improvement and DIY projects

Pet care and animal behavior

» Romantic relationship advice

Movie and TV show recommendations

* Music theory and instrument learning

* Tourism and travel questions
= J

C.4 Evaluation Metrics

We use the following metrics for evaluation:

(a) MethodPrecision @k, =
l{di:igk/\stk(di)e{l’o}}‘ - This quantifies

the precision of the ranking methods i.e.,

the number of relevant or partially relevant
retrieved examples before the relatedness
filtering within BENCHBROWSER.

(b) SystemPrecision@k, =
[{disi<kALy(di)E{RELPART}} [ rpp.
k

quan-
tifies the precision of BENCHBROWSER i.e.,
the number of relevant or partially retrieved
examples by BENCHBROWSER after the
relatedness filtering.

(c) Intersection@k; = hlt%(k) For the tie-

breaking experiment, we also report the
Intersection@k; which helps identify which
method recalls the highest number of exam-
ples among all the examples returned by all
the methods.

(d) Recall@k: In the Bounded Recall setup, mea-
sures how many of the returned examples ac-
tually belong to the expected gold test set for
that use case:

d
Recall@k = w (1)
4
where G is the gold test set for the given use

case.

(e) Common cutoff: K. = max{k : [T} >
09T}

(f) Correlation with Model Ranking: Wherever
gold sets are available compute the correlation
between the rankings of models when evalu-
ated on a validation set (gold test set) versus
our retrieved test set of the same advertised
intent.

(g) NDCG @k (Normalized Discounted Cumu-
lative Gain): Measures the quality of ranking
by considering both relevance and position,
with higher-ranked relevant documents con-
tributing more to the score:

DCG@k

NDCG@k = IDCGEK )

where DCG@k (Discounted Cumulative
Gain) is defined as:

k 2rel(di) -1
DCG@k = _ 3
; log, (i + 1) )
and IDCG @k (Ideal Discounted Cumulative

Gain) is the DCG @k score of the perfect rank-
ing. Here, rel(d;) is the relevance score of
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document d; at position ¢, and the logarith-
mic discount factor log, (7 + 1) reduces the
contribution of lower-ranked documents.

C.5 Evaluation Prompts

The key distinction between our Prec @k and
Prec anchor@FK is guided by the distinction between
our evaluation prompt used by the LLM Judge
for the Filtering Stage (referred to as the Selec-
tion Prompt) and the LLM Judge used for the fi-
nal evaluation. While the Prec apchor @k evaluation
aims at ascertaining which proportion of examples
ranked by any anchoring method (Example Synthe-
sis, Shorthand, etc) are related to the user’s intent,
the Prec @k evaluation prompt is strongly sit-
vated in a practitioner’s intent of actually using
the retrieved examples for a downstream task. We
make this distinction assuming that practitioners
might be lenient in claiming relatedness but not
necessarily find a testcase useful for their specific
intent if the test case is only broadly related to their
task.

We corroborate this assumption with annotators
during our human evaluation. For most compar-
isons, we stick to Prec 4@k, as that is the practi-
cally useful metric that practitioners would expect
maximized.

[ EVALUATION PROMPT: """ You are evaluat- |
ing whether a test case is relevant for assessing
an Al model’s ability to help with a specific
user task. You are given: - <user_intent> Some
topic, a description of some scenario, a capabil-
ity or an application that some user is interested
in </user_intent> - <test_case> Some ques-
tion/test case that might be used to evaluate that
system. </test_case> Your evaluation criteria
is: A test case is RELEVANT if successfully
answering it would demonstrate capabilities that
directly support the user’s intent. Consider the
following:

* Knowledge Overlap: Does the test require
knowledge domains that overlap with what
the user needs?

* Skill Transfer: Would the reasoning, anal-
ysis, or problem-solving skills needed for
this test directly apply to the user’s task?

 Practical Utility If an Al can handle this
test case well, would that increase confi-

dence it can help the user with their specific
= J

goal?
Rate the relevance as one of the following:

* RELEVANT: If an Al can answer this test
case correctly, it would strongly imply that
it can help the user with their specific goal.

* PARTIAL RELEVANT: If an AI can an-
swer this test case correctly, it would some-
what imply that it can help the user with
their broad goal i.e., with the topic or the
skill needed by the user.

* IRRELEVANT: Answering this question,
would not provide any useful indication
about if the Al can fulfill the user’s intent.

Provide your rating and wrapped in the <label>

and </label> tags.
N J

D Additional Evaluation of Anchor
Generation Methods for Retrieval

D.1 Tie-breaking: Computing Correlation
between Model Performances on
Retrieved Set and Gold Test Set for fopics
set

Measuring the correlation between the perfor-
mance of a model on a gold test set that is explicitly
designed for a use-case with the performance of
the model on the set of retrieved examples can be a
strong sanity check on the utility of the retrieved
examples. Accordingly, for the topics set, we com-
pute the performance of N = 8 models on the 58
BBH and MMLU testsets and then compute their
correlation with the performance of the models
on the sets of retrieved examples for the same
use-cases. We use the following models for our
evaluation: We use the following eight models for
our evaluation: Llama-3.1-8B-Instruct,
Llama-3.1-Tulu-3-8B,
Mistral-7B-Instruct-vo.2,
Qwen1.5-14B-Chat, Qwen2.5-7B-Instruct,
c4ai-command-r7b-12-2024, gemma-2-9b-it,
and gemma-3-4b-it. Since all the benchmarks
in this set use either accuracy or exact string
match as their metric for reporting accuracy, we
aggregate the per-sample accuracy or exact-string
match (€ 0, 1) and then normalize by the number
of retrieved examples to obtain each model’s
performance on the retrieved set. As a baseline, we
also plot the correlation between the performance
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Figure 5: We observe that performance on the retrieved
testset and the gold test set (BBH and MMLU for the
topics set set) show reasonable to high correlation.

of the models on the bottom-k and a random slice
of the benchmark index as a way of calibrating
random correlation.

Figure 5 demonstrates that the performance of
the models on the retrieved sets and gold sets have
high correlations: highest for the Example Synthe-
sis anchor method.

D.2 Tie-breaking: Estimating Overlap with
Approximated Gold Set for applications
set and skills set

Use-cases in the application and skill sets do not
have pre-defined gold sets of human-curated exam-
ples. Therefore, we cannot calculate the recall@k
metric for these use-cases. Instead, we compare
the different retrieval methods using a metric we
call intersection@Fk. This metric measures the over-
lap between a method’s relevant examples and the
full set of examples that are deemed relevant by
any method. To do this, we first run each retrieval
method for a relatively large value of k¥ = 80 and
then take the union of all the examples that are
judged as relevant by any method. Then, for a
method m with ranked list R,,(q) = [d1,do,...],
we compute the intersection of the examples up
to rank k retrieved by BENCHBROWSER with the
union set and divide by k.

Figure 6 shows that the testcase method consis-
tently has higher intersection@k values across all
three sets of use-cases.

To investigate the cause of the spike observed
at the tail end of the intersection (Figure 6), we
compute the support fraction across k which de-
notes what fraction of the queries actually con-
tribute to the precision at a particular value of k.
Formally, for method m, the support is sy, (k) =
H{g : 1G(@)] > 0 A |Run(q)] > k}|, and the
support fraction is §,,(k) = s, (k)/Q. We define
Kcommon(m) = max{k : $,,(k) > 0.9}, so points
beyond K ommon are backed by fewer than 90% of
queries. In Figure 6: the green area hence marks

Intersection@k
ﬁ( |
Intersection@k
[

K K
— bm2s segment —— shorthand —— testcase —— vanilla

Figure 6: intersection@k in approximated recall setup:
Gray region indicates precision for fewer than 90% of
queries. For each method we compute K pmmon: the
largest k for which > 90% of tasks contribute a value at
every position < k (i.e., their lists are at least that long).
The area up to K ommon under that method’s curve is
filled green (trusted, high task support); the tail beyond
K common 1s filled grey (lower support). A dot marks
(K common, Precision at K common.) Here: segment
denotes Rephrasing, shorthand denotes Shorthand, zest-
case denotes Example Synthesis and vanilla indicates
Original.

the common area versus the greyed out region
indicates the region where intersection@k is con-
tributed by less than 10% of the queries; Through
this we yield a more stable comparison between the
macro averages at large k by avoiding dominance
by a small, unrepresentative subset of easy queries
where achieving high precision is naively possi-
ble. Ultimately, this experiment further provides
evidence of Example Synthesis’ reasonable profi-
ciency and generality in being able to (a) retrieve
relevant examples and (b) retrieve the largest set of
relevant examples for any use-case.

D.3 known validation set use-cases and their
corresponding Gold Test Sets

Table 9 specifies the use-cases designed for the
known validation set.

D.4 Precision of BENCHBROWSER as K is
increased

Figure 7 shows Prec 4@k for the best-performing
anchor (Example Synthesis) as we vary the num-
ber of retrieved examples, k. For fopics set and
skills set, precision remains relatively stable as k
grows, indicating that BENCHBROWSER can return
larger pools of examples without rapidly flooding
practitioners with irrelevant items. This may be es-
pecially useful when practitioners want to sample
a broader, larger set of examples for using doing
fine-grained selection over or using as an alternate
test set for custom use-cases for which gold test
sets don’t exist.

In both experiments, performance on the applica-
tions set set is noticeably lower across all methods
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Usecase

Gold Test Set

Learn how to measure my carbohydrate intake and make my meals more balanced

nutribench (Hua et al., 2024)

Test my knowledge of different sports and their respective players

bb_sports

Help me learn more about the Hindu religion

bb_hindu

Test me on different topics in science

sciq (Welbl et al., 2017)

Help me answer questions for my biomedical research

pubmed (Jin et al., 2019)

Help me mitigate different biological, cyber, and chemical attacks

wmdp (Li et al., 2024)

Explain the ethically right choice to make under different kind of situations

moral_stories (Emelin et al.,

2021)
Can help me write one-line python codes bb_code_line
Helps me find common substrings between strings bb_cs_algo

Assists me in fact checking my claims

bb_fact_checker

Tests me on the properties of human organs

bb_human_organs

Teaches me how to use metaphors in daily language

bb_identify_odd

Learn how to identify common misconceptions

bb_misconceptions

Helps me resolve moral dilemmas

bb_moral_permissibility

Teaches me how to identify the underlying concept or theme among a few things

bb_novel_concepts

Can solve riddles for me

bb_riddle_sense

Can help me understand the social implications of my actions

bb_social_iqa

Help me figure out if someone supports my argument

bb_social_support

Tests my emotional intelligence

bb_strange_stories

Table 9: Prompts with Corresponding Gold Datasets used for the Known Validation Set. All datasets prefixed with
“bb” are included in the Big Bench Dataset (Srivastava et al., 2023).

0.8 7

0.7 4

n=62.1
0.6 1

0.5 A
n=62.4
0.4

Precsys@k

0.3 - n=32.1

0.2 4

0.1 4

0.0

LI
510 20 40 80
k

—@— Topics —@— Skills Applications

Figure 7: System precision (Prec .,@Fk) as a function
of k for topics set, skills set, and applications set. For
topics set and skills set, precision remains high as k
increases, while applications set exhibits a sharper de-
cline.

(Table 1, Figure 7), reflecting the difficulty of re-
trieving examples for highly contextual use-cases
from existing benchmarks. This drop in precision
is not surprising since applications set use-cases
often bundle multiple skills and entities (e.g., do-
main, user role, format, constraints), only some
of which may be followed or available in the ex-
amples included in the benchmarks. Despite this,
Example Synthesis has high performance in this set
too where the non-rewrite based Original baseline
actually becomes the most competitive retrieval

method. In alignment with prior work, this par-
ity between the Original and Example Synthesis
based anchoring highlights the complexity in de-
vising and choosing a single rewrite method that
can maintain retrieval performance across a wide
variety of practitioner use-cases (Kalra et al., 2025;
Salemi et al., 2024).

E Automatic Judge Calibration with
Another Automatic Judge

To further validate the sanity of our automatic rel-
evance judgments we also replicate the automatic
precision computation in Table 1 with another au-
tomatic judge i.e., gemini-2.5-flash-1lite and
report the spearman correlation between the scores
enlisted by this model and our designated judge,
gpt-5-mini in Table 10.

Category Score  Precgs@k  Prec,Qk
Overall 0.629* 0.700* 0.795%
applications set 0.613% 0.738% 0.725%
known validation set  0.549* 0.485* 0.604*
Skills 0.603* 0.626* 0.747*
Topics 0.576*  0.562* 0.622*

Table 10: Spearman correlation coefficients at k=10 and
k=20 respectively. First Prec ¢ys@k column corresponds
to k=10 and the 2nd one corresponds to k=20. ¥ indi-
cates p < 0.001; T indicates p < 0.05.

The resulting Spearman correlations are con-
sistently positive and statistically significant (Ta-
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GPT-5-mini 2500
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3
o

Judge

Gemini-2.5-Flash-lite - 1500

Relevance Label

Figure 8: Marginal relevance-label distributions as-
signed by GPT-5-mini (designated judge) and Gemini-
2.5-flash-lite over the same evaluated top-k retrieved
items.

ble 10), indicating that items judged as more rele-
vant by our designated judge also tend to be judged
as more relevant by the alternative judge. This
provides evidence that the relative relevance or-
dering induced by our automatic evaluation is sta-
ble under judge substitution, supporting the robust-
ness of our aggregate retrieval comparisons. Fig-
ure 8 also reports the marginal label distributions
assigned by each judge across all evaluated items.
Both judges use all three labels and share the same
qualitative pattern—RELEVANT is most frequent,
followed by PARTIAL RELEVANT but they dif-
fer in strictness: gpt-5-mini assigns RELEVANT
more often (=57%) and gemini-2.5-flash-lite as-
signs fewer RELEVANT labels (=49%). Together
with the strong item-level rank agreement, this sug-
gests that the judges largely agree on which items
are comparatively more vs. less relevant, while
disagreeing primarily in the decision boundary be-
tween RELEVANT and IRRELEVANT (i.e., Gemini
is more conservative). This pattern is consistent
with reasonable calibration for our use case as ag-
gregate precision trends seem stable (at least across
method) under an alternate judge.

F System Infrastructure and Profiling

F.1 Hosting Infrastructure

BENCHBROWSER is  deployed as a
Google Cloud Run service in region
northamerica-northeast1, provisioned with
4 GiB RAM and 1 vCPU. To reduce cost, we set
the minimum number of instances to 0, so requests
may incur cold-start overhead; each request has
a 120s deadline (requests exceeding this limit
are terminated). Cloud Run request concurrency
is set to 80. To avoid GPU-backed embedding
computation, we outsource embeddings to the
Deeplnfra API, using BAAI/bge-en-icl at a rate
of $0.0100/Mtoken. Our reported end-to-end
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(a) End-to-end latency distribution.
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(b) Mean stage-time breakdown.

Figure 9: Latency of the BENCHBROWSER web demo.
(top) Empirical CDF of request latency over 210 runs
of the public BENCHBROWSER demo (k=35), with per-
centile markers (p50/p90/p95/p99). Median latency is
4.47s; tail latency remains below 8.95s at p99 (0O fail-
ures). (Right) Average time spent in each pipeline stage,
showing testcase generation (1.67s; 31.7%), embedding
generation (0.99s; 18.8%), and sample scoring (0.59s;
11.2%) as the dominant contributors; the remaining time
corresponds to end-to-end overhead.

latency includes the external embedding API call
(network + inference) in addition to backend
processing but does not include the time to
warm start the container (which can be anywhere
between 60 to 180 seconds depending upon cloud
resource availability as well as asset load time).

F.2 Latency Profiling

We report end-to-end latency for the public BENCH-
BROWSER demo over 210 requests (1 iteration per
query; no failures) in Figure 9. Latency is 5.28
+ 1.48 s (mean =+ stdev), with p50 = 4.47 s, p90
= 7.08 s, p95 = 7.90 s, and p99 = 8.95 s (min
3.75 s, max 9.68 s). A stage-level breakdown at-
tributes 1.67 s (31.7%) to testcase generation, 0.99
s (18.8%) to embedding generation, and 0.59 s
(11.2%) to sample scoring; the remaining ~2.02
s (~38%) is unattributed overhead (primarily re-
quest/response handling, serialization, networking,
and other pipeline glue).
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G Human Evaluation of
BENCHBROWSER

We obtained an Institutional Review Board (IRB)
exemption under the 2018 Common Rule (45 CFR
§ 46.104(d)) to conduct our study with N = 10
annotators. Annotators were compensated with a
DoorDash food order (up to $20 USD) for approxi-
mately one hour of participation. Eligibility criteria
required that participants be at least 18 years old,
fluent English speakers, currently residing in the
United States, and have prior experience working
on at least one NLP project.

In Figure 10 we include the instructions provided
to the annotators and provide a screenshot of the
interface used by annotators to provide relevance
judgments for the retrieved samples (Figure 11).

G.1 Detailed Analysis of Human—Automatic
Disagreement

Known Validation outliers. A closer analysis
of the Known Validation set reveals that the
large mean difference between human and auto-
matic relevance scores (Table 2) is driven by six
use-cases with unusually large per-use-case deltas
(0.40-0.75), with humans consistently assigning
lower relevance. These use-cases are drawn from
benchmarks that test abstract or esoteric capabil-
ities, making it difficult to “retrofit” a concise
practitioner-style use-case. For instance, the most
extreme deviation (mean difference 0.75) arises
from BIG-bench’s novel_concepts task (Srivas-
tava et al., 2023), whose original goal is to “mea-
sure the ability of models to uncover an underlying
concept that unites several ostensibly disparate
entities, which hopefully would not co-occur fre-
quently.” We simplify this to a retrieval use-case
of “identifying the underlying concept for a given
set of items.” Annotator comments (Table 11) in-
dicate that, without the full benchmark context,
this simplified use-case encourages annotators to
form narrow, idiosyncratic interpretations. exam-
ples that are consistent with the original benchmark
designer’s intent, but not with the annotator’s in-
ferred interpretation, are then marked as Irrelevant,
increasing the human—automatic gap. We observe
similar issues for other abstract tasks in this set, sug-
gesting that retrofitting highly specialized bench-
marks into short use-cases can systematically bias
human judgments downward.

Inter-annotator agreement. We also investigate
the relatively low Fleiss’s « for several sets (Ta-

Your Instructions

a topic (eg: "Marketing’), a skill (eg: ‘Programming’), or an application (eg: ‘Making a website for my business’) that

a test case (some times a Question-Answer Pair, Fill n the Blank, MCQ, etc). You might also see some examples
ey aren't paired with a question; Assume these are completion-type testcases which will be used as prefix’ or prompts

ted in using an Alto help them with t

Figure 10: Interface showing the annotation instructions
to the annotators.

BenchBrowser Human Annotation Tool

Usecase 2 of 19

-

Task Description

Please rate each testcase based on its relevance to the task description

Sample 10121

wh

C o~ L e ] e ]

Figure 11: Annotation Interface for BENCHBROWSER

ble 2). Figure 12 plots confusion matrices for (a)
the LLM judge versus the majority human label
and (b) pairs of human annotators. In both cases,
most disagreements occur between Relevant and
Fartially Relevant relevant labels rather than be-
tween Relevant and Irrelevant, indicating that an-
notators and the LLM generally agree on whether
an item is “in the ballpark™ and differ mainly on
how strict to be. Table 11 illustrates this with exam-
ple comments from annotators on disputed items:
both annotators often articulate plausible but dif-
ferent interpretations of what counts as “relevant”
to a given use-case (e.g., whether sentiment classi-
fication suffices for “detecting emotional support
in conversations”). This pattern matches prior find-
ings that inter-annotator agreement is modest for
inherently subjective constructs such as quality, rel-
evance, or interest (Adams et al., 2023; McDonnell
et al., 2016; Shirani et al., 2021), and suggests
that our IAA values mainly reflect the intrinsic
ambiguity of the task rather than poorly specified
instructions.
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Table 11: Comments from Annotators over samples where we observe disagreement: Annotator A is always the
annotator assigning a high relevance (1) and Annotator B is always the annotator assigning a low relevance (0).

Sample Annotator Comment

use-case: Learn Differential Equations
Prompt: Antiderivar la siguiente funcion
f(x)=(x+1)(2x-1)

A says: “solving DEs requires computing antiderivatives;” B says: “The
question is testing both translation and maths;within maths, differential
equation is not explicitly tested so on average I this isn’t relevant”.

use-case: Detecting emotional support in conversations

Group chat excerpt: Owner: @Team - A says : The task is sentiment classification which is relevant to detecting
Aren’t you too unpunctual? We agreed on emotions.

10 o’clock yesterday ..... B says: The task description is specifically asking for cases that test
Prompt: Determine the emotion of the emotional support, while the question tests emotion classification with
owner’s last message. Choose from predefined categories which aren’t relevant to emotional support.
[negative, neutral, positive].

use-case: Identifying the underlying concept for a given set of items

All of the following support the Annotator B: Given the broad nature of "concepts, factual knowledge,"
endosymbiotic theory .... EXCEPT technically anything in a domain could share underlying concepts. This
seems too abstract and insufficiently related to the specific task so I can
consider this partially relevant at best". Annotator A marks as 'relevant’ but
does not justify in the comments.

* Mitochondria and chloroplasts divide

* Mitochondria and chloroplasts have
ribosomes ...

22.7% 17.9%

line of an annotator judging relevance for use-cases
that they are either not interested in or are not ex-
perts in (Voorhees, 1998; Saracevic, 2007). Fig-
10.7% = 4.2% | 6.1% . . .
© ure 13 confirms that the qualitative trends from Fig-
ure 3 hold under this lexical baseline, suggesting
that our findings are due to benchmark composition
rather than an artifact of the semantic retriever.
We confirm that the lexical baseline also demon-
strate the same trend in spread of relevance, reiter-
ating that the variation in relevant count spread ob-
served is an artifact of the properties of the use-case
and not due to lossy semantic retrieval. Ultimately,
this confirms that some facets are underserved com-
pared to other dominant facets.

<} 8% 4.5%

12.0% 53.6%

B Oelas 10.8% 45.7%

0 0.5 1
Human Judge 2

Figure 12: Intra and Inter-Label distributions between
LLM and human annotators on the examples evaluated
from all the sets. Most disagreements occur between
partially relevant and relevant categories rather than
polar opposites, implying calibration rather than con-
ceptual divergence.

H Additional Details for Content Validity H.1 Example of Use-Cases showing Spread in

We manually verify that the 120 use-cases for Relevant Count across Variations
demonstrating the utility of BENCHBROWSER in
§5 are constructed such that induced variations are
lexically distinct. Assuming a very rigid relevance
criterion of which deems that “a example is rele-
vant only if it explicitly states the induced variation”
(following which it is already checked for seman-
tic relevance at the filtering stage) - even a lexical
baseline is expected to give similar trends in the
variation of the spread of relevant examples across
variations of the same usecase. We use

Accordingly, we also construct a lexical BM25  our

Table 13 (placed at the end of the appendix to avoid
hindering readability of existing content) includes
examples of the task descriptions and consequent
yields of examples across variations along the same
axes.

I Additional Details for Convergent
Validity

the following eight models for
evaluation: Llama-3.1-8B-Instruct,

baseline which only retrieves an example if it ex-
plicitly mentions the variation’s keyword. Though
stringent, this has been shown to be a realistic base-

Llama-3.1-Tulu-3-8B,
Mistral-7B-Instruct-v@.2,
Qwen1.5-14B-Chat, Qwen2.5-7B-Instruct,
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Figure 13: BM2S5 retrieval results for calibrating the variation in content validity as reported by BENCHBROWSER

c4ai-command-r7b-12-2024,
and gemma-3-4b-it.

gemma-2-9b-it,

Accuracy Aggregation for Model Performance
Estimates Model performance is evaluated us-
ing the specific metric designated by each bench-
mark, as summarized in Table 8. The majority
of benchmarks supported by the Eval Harness
(Gao et al., 2024a) provide per-sample accuracy
based on strict string matching or binary accuracy.
We utilize these values directly, noting that they
are bounded between 0 and 1 (representing a bi-
nary exact match or correct prediction).For bench-
marks employing Win-Rate as a metric, we gen-
erate model inferences and compute the win-rate
against a fixed set of standard responses generated
by the Ministral-8B-Instruct-2410 model. In
this comparison, a win against the reference model
is encoded as 1, while a tie or loss is encoded as
0 (serving as an accuracy equivalent).For the re-
maining benchmarks requiring custom evaluation
protocols, we employ the specific metrics and li-
braries provided by the original authors. For in-
stance, InfoBench (Qin et al., 2024) is evaluated
using the provided code for its designated DRFR
metric. These per-sample scores are subsequently
aggregated to derive the final model performance
estimates.

To control for any variance in retrieval results in-
duced due to difference in prompting language, we
write 5 task descriptions per use-case and retrieve
examples for each. Then we pick the prompt that
has the high automatic precision and have those
annotated by human annotators. To account for
the change the Kendall’s 7 due to the size of the
retrieved set and measure the internal heterogeneity
of the gold set, we compare the Kendall’s 7 across
multiple configurations, described in detail below.

I.1 Contextualizing Kendall’s Tau

For each task, we select a single retrieval prompt
shared across all models: the prompt with the high-
est automatic retrieval precision. We then evaluate
all models on the same retrieved subset for that task.
Let a!®* denote model m’s mean accuracy on its
retrieved items (with n,,, retrieved items), and let
a2 denote its mean accuracy on the full gold eval-
uation set. We compare the following Kendall’s
T correlations per task (averaged over S = 100
Monte Carlo trials) in order to account for the fact
that the retrieved sets are often much smaller than
the gold sets:

(i) Same-cardinality retrieved—gold: 7 c¢. We
compare the retrieved ranking {a''},, to a
gold ranking estimated at matched evalua-
tion budget. In each trial s, for every model
m we subsample n,,, examples from its gold
pool, compute the subsampled gold accuracy

1d
aly ’(S), and compute

) = ({as s {0514} )

T

Tret 1S Meant to ascertain if the retrieved set
induces the same model ordering as the gold
set, if both were evaluated with the same
number of examples.

(i) Internal gold stability (full vs. subset):
Tgold- 10 quantify how much rankings can
fluctuate due to finite-sample effects alone,
we measure the stability of gold rankings
when reducing the gold set’s size. In each
trial s we subsample n,, gold examples per

1
model, compute &%)

i = ({8519, {a814O,,)

Thus, 74014 provides a task-specific ceiling
on rank agreement attributable to reduced
evaluation budget.

, and compute
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Figure 14: 7414 shows how model rank correlation
decreases when selecting a subset of the gold evaluation
set; Tyt measures additional divergence introduced by
retrieval. n is the number of retrieved examples for each
task.

In each trial s, we compute A(5) = g((fl)d —

Means of A with 95% bootstrap confidence inter-
vals are in Figure 14. If a task has more retrieved
examples than its gold set, no subsetting occurs so
Tgold 1 1 and error bars are not meaningful.

Fully same-cardinality sets. As an additional
control, we also report Kendall’s 7 correlations
in a setting with completely matched evaluation
budgets for all sets that are compared. For each
task, let ngoq be the number of examples in the
gold evaluation set, and let k = min(%ngold, Nret)-
Then for each model, we recompute the previous
quantities where all sets have cardinality k. To start
with, we sample a uniformly random subset of the
gold evaluation set of size ngolq and split it into two
subsets, each of size k.

(i) T/et- We subsample k examples from the
retrieved pool and use the first set of k exam-
ples from the gold pool to compute Tr’((;) in

the same manner as 7,¢¢ above.

(i) Gold-gold repeatability (subset vs. sub-
set): 7/ We use both of the size-k sub-

sanity*
sets of the gold set, compute the correspond-
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Figure 15: 7/, ;;, shows how model rank correlation
decreases when selecting a subset of the gold evaluation
set; 7/, measures additional divergence introduced by
retrieval. Here all evaluation sets used for model rank-
ings have the same cardinality k in a given task.

ing accuracies, and compute

ok = 7({af0 60}, fagI e},

This isolates the intrinsic uncertainty in rank-
ings when the evaluation budget is smaller
(without referencing the full gold ranking).
/(s)

. (s)
In each trial s, we compute A'(*) = sanity —

79 Means of A’ with 95% bootstrap confidence

ret
intervals are in Figure 15.

Results. Figures 14 and 15 plot the means of
these various quantities for all tasks. Table 12 at
the end of the appendix gives other summary statis-
tics for the distributions. 7019 and Tsanity quantify
how reliable model ordering is even within the orig-
inal benchmark at the relevant sample size. This
helps us confirm that the low 7, we observe is not
due to inherent heterogeneity in the gold set. How-
ever, Tyet 1S often much lower (sometimes near-zero
or negative), which we posit is indicative of diver-
gent operationalizations and rubric mismatches in
the retrieved sets vs the original gold evaluation
sets. Even when comparing against the more strin-
gent 7/ . . we see that 7., is lower, indicating low

sanity?
convergent validity.
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Task Quantity Mean Std  pl0  p25 p50 p75  p90 ‘ Quantity %&£ Mean Std pl0 p25 p50 p75  p90

wmdp Tret 0.17 023 011 000 017 036 045]7, 60 0.8 022 -0.11 004 018 036 045
pubmed Tret 20.04 027 -044 -0.19 -004 011 025]7, 69 -005 029 -040 -025 -007 0.1 033
bb_moral_permissibility et 2006 028 -040 -025 -007 0.1 0237, 78 -001 028 -040 -0.1I8 004 0.4 036
bb_misconceptions Tret 0.11 026 -021 -0.07 014 029 0437, 69 0.2 024 -018 -001 014 029 043
bb_cs_algo Tret 0.10 023 -023 -0.04 011 029 040 |7, 73 008 027 -026 -0.11 008 029 046
moral_stories Tret 2001 025 -037 -0.18 000 0.1 0337, 67 -000 025 -029 -0.1I8 000 0.4 029
bb_sports Tiet 043 012 029 036 043 050 057 |7, 73 046 011 029 040 047 055 062
nutribench Tret 004 022 025 -0.11 004 021 0337, 62 001 021 -029 -0.16 004 012 027
bb_social_iqa Tret 2005 022 -033 -0.19 -004 011 0217, 76 -0.03 023 -033 -0.18 -004 0.1 033
scig Tiet 012 016 -0.08 003 011 021 0337, 78 0.4 015 -008 004 015 022 033
bb_fact_checker Tret .10 020 -036 -022 -0.13 001 0.5 |7, 76 -0.11 022 -036 -022 -0.13 001 0.14
bb_strange_stories Tret 007 018 -0.19 -0.04 007 021 0297, 72008 016 -0.11 -001 011 021 026
bb_code_line Tret 015 000 015 015 015 015 015]7, 30 009 025 -0.20 -0.07 007 030 044
bb_social_support Tret 0.1 014 -029 -021 -0.11 000 007 | 7, 60 -0.15 015 -036 -029 -0.14 -007 001
bb_hindu Tret 036 0.19 -057 -047 -036 -021 -0.11| ., 48 -037 019 -057 -047 -036 -025 -0.18
bb_novel_concepts Tret 000 000 000 000 000 000 000 |7, 16 010 024 -021 -008 008 025 0.39
bb_identify_odd Tret 0.04 000 -004 -004 -004 -004 -004|r, 23 008 025 -039 -024 -0.11 007 025
bb_human_organs Tret 008 000 -008 -008 -008 -0.08 -0.08 |7l 21 004 027 -031 -0.16 008 023 038
bb_riddle_sense Tt 2023 000 -023 -023 -023 -023 -023 |7 24 021 023 -0.52 -035 022 000 008
wmdp Teold 039 025 004 022 042 057 0697, 60 020 024 -011 004 0I8 036 049
pubmed Teold 020 028 -0.19 004 023 041 054 |7, 69 000 031 040 -022 000 0.19 044
bb_moral_permissibility  7old 027 031 -016 004 028 052 069 |7, 78 011 023 -043 -029 -0.11 004 019
bb_misconceptions Teold 046 021 014 036 050 057 071 |7, 69 010 026 025 -0.02 0.1 029 043
bb_cs_algo Teold 047 020 015 036 050 062 071 |7, ~ 73 028 023 000 015 029 044 056
moral_stories Taold 037 024 004 021 036 055 067 |7, 67 017 026 012 004 015 033 045
bb_sports Teold 082 012 064 071 084 091 097 |7, 73 076 012 062 060 077 085 091
nutribench Taold 045 023 018 033 046 062 071 |7, 62 035 024 007 08 033 049 0.65
bb_social_iqa Teold 053 022 021 040 056 069 077 |7, ~ 76 035 023 004 021 037 050 065
scig Taold 071 013 055 062 071 079 089 |7, 78 057 017 037 047 058 067 077
bb_fact_checker Teold 0.55 018 036 043 057 064 072 |7, 76 038 024 011 021 036 057 065
bb_strange_stories Taold 074 015 055 067 076 084 091 |7, 72 047 020 021 034 048 063 074
bb_code_line Taold 100 000 100 100 100 100 100 |7, 30 038 016 018 029 040 049 059
bb_social_support Teold 074 0.4 057 064 076 086 093 |7, 60 061 016 040 050 064 071 079
bb_hindu Taold 062 017 040 050 062 075 086 |7y, 48 036 022 007 025 037 049 0.65
bb_novel_concepts Teold 100 000 100 100 100 100 100| 7, 16 049 018 024 034 049 062 072
bb_identify_odd Taold 100 000 100 100 100 100 100 |7 23 054 018 030 040 054 067 075
bb_human_organs Teold 100 000 100 100 100 100 100| 7, 21 040 021 015 024 038 055 0.69
bb_riddle_sense Taold 100 000 100 100 1.00 100 100 |7 ~ 24 054 017 033 043 055 069 074
wmdp A 021 034 022 007 021 050 0674 60 001 032 -036 -021 000 019 042
pubmed A 025 037 030 005 027 049 073|4 69 005 046 -056 -026 004 040 0.60
bb_moral_permissibility A 033 048 -033 002 040 076 090 | A/ 78 -0.11 037 -055 -036 -007 0.14 032
bb_misconceptions A 036 029 -0.01 014 043 057 071|4 69 -002 032 -037 -021 000 019 036
bb_cs_algo A 036 027 000 022 038 057 0674 73020 032 -0.18 000 025 041 055
moral_stories A 038 035 009 020 037 059 0814 67 0.7 035 -032 -002 024 038 0.60
bb_sports A 039 016 015 029 043 052 057 |4 73030 014 011 021 029 036 049
nutribench A 041 035 000 015 038 064 0874 62 034 033 -008 012 037 057 070
bb_social_iqa A 058 034 014 030 062 083 1.00]| 4 76 038 038 -0.11 008 041 069 0386
sciq A 058 023 029 043 059 073 086 | A 78 043 022 019 030 043 058 071
bb_fact_checker A 065 027 036 050 064 079 093] A 76 049 033 007 029 049 071 091
bb_strange_stories A 067 015 048 062 069 081 084|4 72040 022 011 026 043 057 064
bb_code_line A 085 000 085 085 085 085 085|4 30 028 031 -0.08 008 030 049 066
bb_social_support A 086 021 064 079 090 107 1074 60 076 019 050 068 078 087 096
bb_hindu A 098 027 059 080 103 121 131|a 48 073 029 032 055 077 090 1.2
bb_novel_concepts A 100 000 100 100 100 100 1.00 | A’ 16 039 032 003 019 044 058 079
bb_identify_odd A 104 000 104 104 104 104 104|2 23 062 033 014 040 062 088 101
bb_human_organs A 108 000 108 108 108 108 1.08]| 4 21 036 033 -004 011 037 054 082
bb_riddle_sense A 123 000 123 123 123 123 123 |4 24075 029 038 053 079 094 LI2

Table 12: Distributions of the convergent validity quantities discussed in Appendix I across 100 Monte Carlo trials.
k for the right-hand quantities is the average evaluation set size that was chosen.
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math word problems Prec@k instruction following Prec@k  creative writing Prec@k

Domain Context Output Format Literary Genre

“solve finance calc. problem” “format response as Markdown”  “write fantasy story”
finance calculation 1.000  Markdown 0.967 fantasy 0.759
travel distance 0.933 JSON 0.867  science fiction 0.679
construction material 0.900 table 0.633  mystery 0.654
cooking measurement 0.679 YAML 0.448  romance 0.625
inventory management 0.500  bullet list 0.414  horror 0.583

historical fiction 0.517

email composition Prec@k  debugging code Prec@k  code generation Prec@k
Communication Tone Error Type Programming Language

“write follow-up email” “debug syntax error” “write function in Python”
follow-up 0.880  syntax error 0.867  Python 0.867
formal business 0.808  runtime error 0.714 C++ 0.741
urgent request 0.577  logic error 0.690  Rust 0.478
apologetic 0.476  security vulnerability 0.393  JavaScript 0.346
casual friendly 0.462  performance issue 0.357 Java 0.286
thank you 0.391 memory leak 0.269 Go 0.100
trip planning Prec@k  legal documents Prec@k  workout design  Prec@k
Destination Type Document Type Fitness Goal

“plan trip to multiple cities” “draft partnership agreement” “design workout for rehab.”
trip to multiple cities 0.733  partnership agreement 0.385  rehabilitation 0.500
trip under budget cap 0.640 licensing agreement 0.370  weight loss 0.273
trip to Asia 0.467 employment contract 0.333  strength 0.261
trip to Europe 0.400  non-disclosure agreement 0.250  muscle gain 0.208
trip to rural village 0.267  privacy policy 0.231  endurance 0.185
weekend trip only 0.227  terms of service 0.182  flexibility 0.111

Table 13: Dispersion in number of Relevant samples retrieved across facets of the same use-case. Most use-
cases show substantial spread: some variants (green) have many Relevant examples, while others (red) are barely
represented. Placed here for Section H.
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