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Abstract
Agent quality on long-horizon tasks is usually
reported as a single number: the aggregate gain
of a tool-using agent over a non-agentic base-
line on a benchmark. We argue that this number
is not a property of the agent. It is jointly deter-
mined by a property of the benchmark and by
which sub-component of the agent happens to
be load-bearing, and reporting it alone makes
agent quality look benchmark-dependent and
irreproducible. We propose a four-stage evalu-
ation protocol that separates the two. Stage 1
characterizes the benchmark before any out-
come is observed, using an LLM-free diagnos-
tic we call recoverability: whether evidence
missed on the first retrieval is still reachable
from what the system has already seen, and if
so whether it is reachable by reformulation or
only by structural navigation. Stage 2 assigns
credit with an ablation ladder — one-shot RAG,
a choice-free fixed-iterative loop, and a full
agent — that localizes any measured gain to it-
eration or to open-ended agency. Stages 3 and 4
add the validity checks and cost accounting
that change verdicts in practice. Applying the
protocol to about 6,000 logged agent episodes
over eight corpora and three reader families, we
find that the headline agent gain ranges from
−0.21 to +0.30 (each corpus in its native met-
ric) purely as a function of the recoverability
regime, and that on reformulation-recoverable
corpora the choice-free loop recovers 65–96%
of the gain normally credited to agency under
the two stronger readers (and most of it under
the open reader). Agency earns its cost only
on the longest-horizon, navigation-recoverable
corpus, where iteration saturates by round 2
and leaves a residual (+0.15 under the open
reader at full N ) that no round budget closes
under any reader.

1 Introduction

Evaluations of tool-using agents on complex, long-
horizon tasks are typically summarized by one
quantity: the aggregate improvement of the agent

over a non-agentic baseline on some benchmark.
That quantity is unstable in a way that is rarely
reported. In this study, on the same agent harness,
the same three reader families, and a retrieval stack
held fixed within each corpus, the measured agent-
minus-baseline delta ranges from −0.21 to +0.30
across corpora. Each corpus is scored in its own
native metric, so these two endpoints are not on
one scale; the finding is the change of sign, not the
width of the span. A reader who sees only the fa-
vorable row concludes that agency works; a reader
who sees only the unfavorable row concludes that
it does not. Neither conclusion is about the agent.

We treat this as an evaluation-methodology prob-
lem rather than a modeling problem, and identify
two distinct confounds that a single headline num-
ber silently absorbs.

Confound 1: benchmark selection determines
the verdict. Whether extra retrieval can help at all
is a property of the task, fixed before any system
is run. If the first retrieval misses gold evidence
but that evidence is still addressable from what
the system has already seen, more retrieval has a
target; if it is not addressable, no amount of agency
helps. The proxies currently used for this — “multi-
hop,” “hard,” or the raw retrieval coverage gap —
do not separate the two cases. We exhibit subsets
with comparable coverage gaps (0.65–0.68 versus
∼1.00) and opposite agent value.

Confound 2: the gain is credited to the wrong
component. An agent changes at least two things
at once relative to a one-shot pipeline: it retrieves
more than once, and it chooses what to do next. A
positive delta is conventionally attributed to agency,
but a fixed, choice-free loop that only re-queries
is a strictly weaker system that may capture the
same gain. Throughout this paper such a loop is a
measuring instrument for credit assignment, not a
system we propose. Without that intermediate arm,
an evaluation cannot tell iteration from agency, and
it systematically over-credits the expensive compo-
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nent.
Contribution. We propose and instantiate a

four-stage protocol for evaluating agents on long-
horizon retrieval tasks (§3):

1. A-priori benchmark characterization.
Compute an LLM-free recoverability profile
for each benchmark and pre-defined subset
before observing any system outcome, and
stratify reporting by regime rather than by
difficulty label (§5).

2. Credit assignment by ablation ladder. Insert
a deterministic fixed-iterative arm between
the one-shot baseline and the full agent, and
report the fraction of the agent’s advantage
that it already captures (§6).

3. Validity checks that can flip a verdict. Pre-
registered equivalence testing for “no differ-
ence” claims, multi-reader replication, metric-
artifact audits, and cross-family judge re-
grading (§7).

4. Cost-aware reporting. Quality against re-
trieval calls, tokens, and latency on a Pareto
plane, since the agent’s advantage and its ex-
pense grow together (§8).

Applying the protocol to ∼6,000 logged agent
episodes over eight corpora and three reader fam-
ilies (Claude Sonnet 4.6, GPT-5.4, and an open
Qwen3.6-35B-A3B) yields three measurements
that a conventional single-number report would
have hidden. First, the a-priori recoverability pro-
file predicts the sign and rough magnitude of the
measured agent advantage, whereas the raw cover-
age gap mispredicts it out of sample. Second, on
reformulation-recoverable corpora the choice-free
loop captures 65–96% of the agent’s advantage un-
der the two stronger readers, so most of what is
normally reported as evidence for agency is evi-
dence for iteration. Third, the protocol does not
collapse into a blanket negative result about agents:
on the longest-horizon corpus in the study, where
missing evidence must be navigated through docu-
ment structure rather than rediscovered by a better
query, iteration saturates by round 2 and full agency
retains a residual (+0.15 under the open reader at
full N ) under every reader. An evaluation protocol
that can only produce negative results about agency
would not be a useful protocol; this one localizes
where agency actually pays.

2 What a single headline number hides

Consider the standard reporting unit: “system A
beats system B by ∆ on benchmark X .” For agen-
tic retrieval this hides a decomposition. Write M
for the set of gold passages missed by one-shot re-
trieval on a question; the agent can convert a miss
into an answer only if some available action makes
an element of M addressable. So ∆ factors, infor-
mally, into (i) how often the first retrieval misses,
(ii) what fraction of those misses any subsequent ac-
tion can reach, and (iii) which action class reaches
them. Quantity (i) is the familiar coverage gap and
is routinely reported. Quantities (ii) and (iii) are
almost never reported, and they are what make ∆
change sign across benchmarks.

Terms used throughout.

• Coverage gap = 1− gold-coverage@k: how
much gold evidence one-shot retrieval misses.

• Reformulation recoverability Rref =
|Mref |/|M |, where Mref ⊆ M is the missed
gold that a follow-up query recovers.

• Navigation recoverability Rnav: fraction re-
covered by structural actions (fetch-by-id, list
neighboring passages).

• Absent-from-query (AFQ): missed evidence
addressable by neither channel.

• Horizon: number of dependent retrieval steps
a question requires — each step’s query for-
mulable only after the previous step’s result.

These quantities compose: the gap counts misses,
and Rref /Rnav partition them into what is reach-
able and how. Two benchmarks can miss the
same amount of gold while differing completely in
whether the missing passages are nameable from
the question, exposed by an intermediate result,
or reachable only by walking document structure.
The gap is therefore a precondition for retrieval
improvement, not an explanation of it, and cannot
choose between one-shot RAG, fixed iteration, and
a full agent.

Horizon length is the third axis, and it is where
long-horizon evaluation specifically goes wrong. A
densely cross-referenced regulatory question can
look long-horizon while being AFQ at step 1, so its
effective horizon for a retrieval agent is one. Both
horizon and recovery channel must be reported:
agency pays where the horizon is long and the
recovery channel is navigation, not merely where
the horizon is long.
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3 A four-stage evaluation protocol

The protocol is a reporting discipline, not a new
system. Each stage is a measurement that can be
made from artifacts an evaluation already produces.

Stage 1 — characterize before you measure.
For each benchmark and each pre-defined subset,
compute the coverage gap at the operating retrieval
depth together with an estimate of the recovery
channel, both fixed before any system outcome is
inspected. The gap is a pure retrieval measurement
requiring no model call. For the channel we use two
LLM-free probes: (a) a one-step pseudo-relevance-
feedback expansion (Rocchio, 1971) — expand the
query with top-IDF terms from its own first-hop
top-3 passages, re-retrieve, and ask whether gold
is now covered — as a conservative lower bound
on Rref ; and (b) structural reachability, i.e. whether
gold sits in an already-retrieved document but in
a passage the first retrieval did not return, as an
upper bound on Rnav’s contribution. Subsets are
defined by question structure (hop type, hop depth,
reference-group size), never by outcome. Stage 1’s
output is a position on the recoverability plane (Fig-
ure 1) — a prediction, not a result.

Stage 2 — assign credit with an ablation lad-
der. Report three arms, not two, on every corpus
where the middle arm is meaningful: (R1) one-
shot top-k RAG; (R2) a fixed-iterative loop that
reformulates and re-retrieves for a fixed number of
rounds with no tool choice, no adaptive stopping,
and no navigation policy — IRCoT/Self-Ask-style
(Trivedi et al., 2023; Press et al., 2023), but used
here as a deterministic ablation instrument rather
than proposed as a system; (R3) the full tool-using
agent. The reported statistic is the gap-closing
fraction γ = (R2 − R1)/(R3 − R1): the share
of the agent’s advantage that a choice-free system
already delivers. A gain with γ ≈ 1 is evidence
for iteration; only the residual 1 − γ is evidence
for agency. Sweeping R2’s round budget addition-
ally reports where the gain saturates, which is the
operational horizon of the benchmark.

Stage 3 — make the null claims testable. Long-
horizon evaluation produces many “no difference”
cells, and a non-significant difference is not equiv-
alence. We require: paired bootstrap CIs (Efron
and Tibshirani, 1993) and permutation tests for dif-
ference claims with Holm–Bonferroni correction
(Holm, 1979); two one-sided tests (Lakens, 2017)
against margins fixed before any test-set delta is

viewed for equivalence claims; replication across
≥ 2 reader families at full N ; a metric-artifact au-
dit (does the gain survive exact match, and are the
winning answers simply longer?); and, where an
LLM judge is used, a re-grade by an independent
judge family over identical stored prompts. We re-
port below one case where the artifact audit flipped
a sign and one where the judge check changed a
magnitude by 3.7×.

Stage 4 — price the horizon. Report quality
against cost in retrieval/search calls on every cor-
pus, and in input tokens and wall-clock latency
wherever instrumented, plotting the arms as a
Pareto frontier. This is not cosmetic: quality and
cost both rise with recoverability, so a flat frontier
is itself a finding.

The rest of the paper follows this order. §4 de-
scribes the experimental setup; §5–§8 then apply
one stage each, in sequence; §9 condenses the re-
sult into a reporting checklist.

4 Experimental setup

Arms. The architectures are intentionally min-
imal, so that the within-corpus comparison is
the only moving part. R1/RAG-strong retrieves
top-k once and calls the reader; one-shot gold
coverage saturates with depth, so we set k=8
as the operating point and retain k=4 as a
breadth control. R2/fixed-iterative repeats a
reformulate-and-retrieve prompt for a fixed num-
ber of rounds, with no tool choices and no adap-
tive stopping. R3/agent-strong may call search,
get_passage, and list_doc_passages,
choosing its own queries, reads, and stopping point.
Within each corpus all arms share the reader, re-
triever setting, and native metric.

Readers. Three families covering the
open/hosted split: Qwen3.6-35B-A3B, Claude Son-
net 4.6, and GPT-5.4. The open reader runs at full
N on every arm; the two stronger families replicate
the headline comparison at full N and the ablation
ladder on a paired subset.

Corpora. Eight corpora spanning the recover-
ability plane: ObliQA (Gokhan et al., 2024) (reg-
ulatory QA over mutually referenced rules), Hot-
potQA (Yang et al., 2018) and MuSiQue (Trivedi
et al., 2022) (Wikipedia multi-hop), ConditionalQA
(Sun et al., 2022) (conditional QA over long UK
government documents), plus SQuAD (Rajpurkar
et al., 2016), ConvFinQA (Chen et al., 2022), TAT-
QA (Zhu et al., 2021) and FinQA (Chen et al.,
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Figure 1: The recoverability plane produced by
Stage 1. Horizontal: one-shot coverage gap (1−gold-
coverage@k); vertical: reformulation recoverability
Rref . Both coordinates are computed before any system
outcome is observed; the grey annotations give the mea-
sured agent advantage for reference only. Position on
this plane, not the horizontal coordinate alone, is what
predicts the measured agent advantage.

2021) as controls; App. A lists the arms available
for each, App. E discusses the two controls that
look agent-favorable and are not, App. G gives
benchmark context, and App. H shows qualitative
agent-vs-RAG traces. Each corpus is scored in its
native metric, so magnitudes are not comparable
across rows — which is precisely why the proto-
col reports within-corpus contrasts and gap-closing
fractions rather than pooled deltas. This one setup
serves all four stages: Stage 1 uses only the corpora
and the retriever, Stage 2 the three arms, Stage 3 the
reader families and judges, and Stage 4 the logged
search calls.

5 Stage 1: characterization predicts the
verdict

Table 1 is the conventional headline table with one
change: rows are grouped by the Stage-1 regime,
assigned before any outcome was observed, and
each delta carries a Stage-3 verdict. The grouping
does the explanatory work.

On given-document corpora both arms read
the same supplied report, so they tie by construc-
tion. On absent-from-query ObliQA the first re-
trieval misses ∼54% of gold, yet across all three
reader× retriever systems the agent reaches no ad-
ditional gold: the two strong systems are TOST-
equivalent within the a-priori margin, and the open-

Qwen system falls behind RAG. The claim that
survives every reader and every judge concerns evi-
dence reached, not answer quality: on GPT/dense
the agent’s gold coverage (0.48) does not exceed
RAG’s hit@8 (0.64), and on the open Qwen system
the agent searches 2.4× as often while reaching
gold indistinguishably (0.766 vs. 0.758, agent vs.
RAG). On reformulation-recoverable corpora ev-
ery CI excludes zero, and the advantage grows with
the coverage gap (Figure 1) (+0.08 on HotpotQA,
+0.28 on MuSiQue). On navigation-recoverable
ConditionalQA the agent also wins under every
reader (+0.16 to +0.30) — but §6 shows that this
gain has a different internal composition, which is
invisible here and is exactly what Stage 2 exists
to expose. The grouping survives a depth con-
trol: at k=4 the AFQ and given-document settings
stay near zero while the recoverable ones remain
positive and ordered (HotpotQA +0.14, MuSiQue
+0.17).

5.1 Stage 1 within corpora, and its
counterexample

Four corpora are too few, and too confounded with
domain and metric, to establish that the Stage-1 co-
ordinate is load-bearing. We therefore cut each cor-
pus into pre-defined subsets that vary how hidden
the evidence is while holding corpus, reader, and
metric fixed. ObliQA splits by reference-group size
(G1, G2–3, G4+); HotpotQA by hop type (com-
parison, bridge-open, bridge-hidden); MuSiQue
by reasoning depth (2/3/4 hops); given-document
ConvFinQA pins the zero-gap origin. For each sub-
set we pair the a-priori, LLM-free coverage gap
with the measured agent advantage (Table 2).

A weighted least-squares fit gives advantage =
−0.08 + 0.31 · gap (R2 = 0.52); we read the
line as descriptive rather than as a calibrated effect
size, because the y-axis pools native metrics onto a
common [0, 1] scale. The rank relationship is the
meaningful one: Spearman ρ = 0.62 over all ten
points and ρ = 0.79 over the seven non-ObliQA
subsets. The same ordering holds within corpora,
where the metric is fixed — HotpotQA from bridge-
open (+0.05) to bridge-hidden (+0.21), MuSiQue
across hop depth (+0.22 → +0.36).

The counterexample is the point of the ex-
ercise. ObliQA’s G2–3 and G4+ subsets have
gaps of 0.65–0.68, comparable to the recoverable
Wikipedia subsets, so a coverage-only characteri-
zation would predict a large agent gain. They gain
nothing. A leave-one-subset-out model fit only on
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corpus Stage-1 regime reader RAG (R1) agent (R3) ∆ 95% CI Stage-3 verdict γ calls×
ConvFinQA given-doc Qwen 0.654 0.654 +0.000 — ∆=0 constr. — —

Claude 0.967 0.967 +0.000 — ∆=0 constr. (pilot) — —

ObliQA AFQ Claude/BM25 3.338 3.414 +0.076 [−0.018,+0.168] TOST-equiv. no R2 1.50
GPT/dense 2.952 2.926 −0.026 [−0.134,+0.082] TOST-equiv. no R2 1.69
Qwen/BM25 2.669 2.461 −0.208 [−0.325,−0.092] RAG ahead no R2 2.39

HotpotQA reform.-rec. Claude 0.702 0.778 +0.077 [+0.045,+0.110] significant 65% 1.55
GPT 0.629 0.793 +0.163 [+0.128,+0.199] significant 92% 1.51
Qwen 0.592 0.684 +0.093 [+0.053,+0.133] significant 122% 2.33

MuSiQue reform.-rec. Claude 0.384 0.660 +0.276 [+0.237,+0.316] significant 77% 2.63
GPT 0.284 0.545 +0.261 [+0.221,+0.303] significant 96% 2.55
Qwen 0.184 0.336 +0.152 [+0.112,+0.191] significant 58% 3.63

ConditionalQA navigation-rec. Claude 0.473 0.631 +0.159 [+0.107,+0.210] significant 8% 1.54
GPT 0.206 0.509 +0.303 [+0.242,+0.364] significant 27% 2.11
Qwen 0.262 0.465 +0.203 [+0.147,+0.261] significant 41% 2.75

Controls
SQuAD‡ directly reachable Qwen 0.84 0.84 0.00 — no agent arm — —
TAT-QA† given-doc Qwen 0.79 0.79 0.00 — given-doc tie — —
FinQA† given-doc Qwen 0.48 0.48 0.00 — given-doc tie — —

Table 1: The headline table under the protocol: rows are grouped by the Stage-1 regime assigned before any outcome
was observed, and every cell carries a Stage-3 verdict rather than a bare delta. Native metric per corpus (ObliQA
grade/5; HotpotQA/MuSiQue token-F1; ConditionalQA format-aware fair-score; ConvFinQA/FinQA exec-acc;
TAT-QA score), so magnitudes are not comparable across rows. N=500 per cell except ConditionalQA (285),
MuSiQue/Claude (498), ObliQA/Qwen (499), SQuAD (300), ConvFinQA/Claude pilot (30). Reading the ∆ column
alone gives a swing of −0.21 to +0.30 with no explanation; reading it against the regime column does. The two
right-hand columns bring the Stage-2 gap-closing fraction γ (Table 4; 80-question paired subset) and the Stage-4
search-call multiplier calls× (Table 6) into the same view, so the conventional two-arm delta and what the four
stages add can be read side by side; ObliQA carries no R2 arm. Controls: ‡ SQuAD has no full-agent arm — ∆ is
R2 vs. R1; † TAT-QA/FinQA are given-document reader-competence controls (∆=0 by construction). Per-corpus
tests in App. B, Table 8.

corpus subset gap ∆ n

ObliQA
G1 0.21 +0.02 139
G2–3 0.65 −0.00 227
G4+ 0.68 −0.04 134

HotpotQA
bridge-open 0.27 +0.05 305
comparison 0.39 +0.04 96
bridge-hidden 1.00 +0.21 99

MuSiQue
2-hop 0.81 +0.22 251
3-hop 0.97 +0.36 161
4-hop 1.00 +0.28 86

ConvFinQA given-doc 0.00 0.00 30

Table 2: Stage-1 coordinates vs. measured advantage
over ten pre-defined subsets (Figure 2). The gap column
is an LLM-free retrieval measurement fixed before any
outcome was inspected; subsets are defined by question
structure. ObliQA’s high-gap subsets are the diagnostic
counterexample: as under-covered as the recoverable
ones, with no advantage.

the seven recoverable subsets predicts +0.18 for
these points against a measured ≈ 0, while achiev-
ing LOSO r=0.87 inside the recoverable regime.
Since the regimes were assigned a priori and no
curve was fit to produce them, this is a genuine

Figure 2: Agent advantage vs. a-priori coverage gap
across the ten subsets of Table 2. Advantage rises
with the gap when the missing evidence is recoverable;
ObliQA’s high-gap subsets sit below the line because
their misses are absent-from-query. The residual, not
the line, is the informative part. App. F adds the Condi-
tionalQA point.

out-of-sample failure of the coverage-only diagnos-
tic. Stage 1 therefore needs the channel probe, not

691

https://arxiv.org/abs/2509.03787
https://arxiv.org/abs/2509.03787
https://arxiv.org/abs/2509.03787
https://doi.org/10.1145/3406522.3446023
https://doi.org/10.1145/3406522.3446023
https://doi.org/10.1145/3406522.3446023
https://arxiv.org/abs/2602.14270
https://arxiv.org/abs/2602.14270
https://proceedings.mlr.press/v267/bowyer25a.html
https://proceedings.mlr.press/v267/bowyer25a.html


corpus R1 2-rd 3-rd 5-rd R3
(r=1) (agent)

MuSiQue 0.184 0.286 0.304 0.312 0.336
HotpotQA 0.592 0.695 0.707 0.702 0.684

ConditionalQA 0.262 0.317 0.315 0.311 0.465

Table 3: Round-budget sweep of the R2 ablation instru-
ment (open Qwen reader, full N , k=8; each corpus’s na-
tive metric). On the reformulation-recoverable corpora
the choice-free loop exceeds the agent on HotpotQA
and closes most of the MuSiQue gap by round 3. On
navigation-recoverable ConditionalQA it saturates at
≈0.31 from round 2 onward and never approaches the
agent’s 0.465 even at five rounds — so the residual is
not a budget problem.

just the gap: the PRF probe recovers only 1.5%
of ObliQA’s uncovered gold against 19.8% of Hot-
potQA’s.

6 Stage 2: credit assignment

Stage 1 tells us whether extra retrieval can help;
Stage 2 asks which component delivers it. We hold
the number of retrieval opportunities roughly fixed
and remove the choice: R2 runs a fixed number of
reformulate-and-retrieve rounds at a budget com-
parable to the agent’s.

On reformulation-recoverable corpora, most
of the reported agent gain is iteration. At full N
under the open reader (Table 3), R2 closes +0.12
of MuSiQue’s +0.15 agent gap and exceeds the
agent’s HotpotQA score. Under the two stronger
readers, an 80-question paired-subset replication
gives γ between 65% and 96% (Table 4). The
gain is spent by rounds two to three; round 5 adds
nothing. Under a conventional two-arm report, all
of this would have been filed as evidence for open-
ended agency.

On the navigation-recoverable corpus, agency
is the residual. ConditionalQA is the longest-
horizon corpus here in the sense that matters: recov-
ering an answer requires reading a specific passage,
listing its neighbors, and deciding when enough
conditions are gathered. R2 is flat from round 2
(≈ 0.31) and never reaches the agent’s 0.465; γ is
41%/27%/8% under Qwen/GPT/Claude, against
65–96% on the wiki corpora under the two stronger
readers (Table 4). We read γ as an operational esti-
mate of Rref ’s share of total recoverability, and the
+0.15 residual as the one place here where agency,
not iteration, does the work.
γ is stable across the axes an evaluation would

MuSiQue HotpotQA CondQA

iter. gain r3−R1 k=8 +0.12 +0.12 +0.05
k=4 +0.13 +0.13 +0.09

gap-closing
fraction γ

Qwen 58% 122% 41%
GPT 96% 92% 27%
Claude 77% 65% 8%

Table 4: Robustness of the Stage-2 statistic. Top: the
iteration gain is undiminished — slightly larger — at
k=4, so it is reformulation rather than retrieval breadth.
Bottom: γ = (R2 − R1)/(R3 − R1) under three reader
families (80-question paired subset; Claude, and Con-
ditionalQA/GPT, against their full-N agent anchors;
HotpotQA/Qwen exceeds 100% because R2 beats the
agent). γ separates the two recoverable regimes under
every reader.

vary: undiminished at k=4, replicated under all
three reader families, and preserved under dense re-
trieval (FAISS over bge-base), where R2 still closes
95% of MuSiQue’s gap and exceeds the agent on
HotpotQA while closing 16% of ConditionalQA’s.
A negative control confirms that γ measures the cor-
pus rather than rewarding extra calls: on single-hop
SQuAD, where one-shot coverage is already 0.91,
R2 yields ∆F1= 0.00 at N=300 even though its
reformulations lift recall@k from 0.91 to 0.94 —
it recovers passages the reader did not need.

6.1 Behavioral evidence for the same split

Stage 2’s conclusion is a claim about mechanism,
so we check it against what the agent actually did.
We classify every logged episode from its ordered
query log (Table 5) into one-shot (a single search),
parallel (≥ 2 searches whose entities all already
appear in the question), and sequential (a later
query names a new entity discovered from a prior
result). Sequential share is a behavioral proxy for
realized horizon.

The strong agents adapt: on MuSiQue, Claude
abandons one-shot retrieval almost entirely (7.6%)
and chains sequentially 85% of the time (GPT
58%), while on ObliQA both stay near 60% one-
shot. For each strong reader the sequential share
orders the corpora exactly as the measured gain
does (Claude: ObliQA 21% ≈ HotpotQA 25% ≪
MuSiQue 85%). This supports the Stage-2 read-
ing twice over. Chaining, not repetition, is the
mechanism — which is why one-shot RAG cannot
emulate it. But chaining is a form of reformula-
tion, which R2 does emulate — which is why γ is
high on the wiki corpora. Structural navigation is
the behavior R2 cannot emulate, and correspond-
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corpus agent searches 1-shot par. seq.

ObliQA Claude 1.50 61.8 17.0 21.2
GPT 1.69 60.4 18.4 21.2
Qwen 2.39 15.2 0.8 84.0

HotpotQA Claude 1.55 50.6 24.8 24.6
GPT 1.51 66.0 13.8 20.2
Qwen 2.33 23.4 36.6 40.0

MuSiQue Claude 2.63 7.6 7.4 85.0
GPT 2.55 32.4 9.2 58.4
Qwen 3.63 3.8 23.0 73.2

Table 5: Agent search strategy (% of episodes) under
one entity-novelty classifier. Strong agents match their
realized horizon to the corpus; the open reader does not,
chaining 84% of the time on ObliQA where there is
nothing to chain.

ingly get_passage/list_doc_passages
calls appear in 223 of 500 ObliQA traces and in
zero HotpotQA or MuSiQue episodes. The open
reader is an instructive negative: it chains where
there is nothing to chain (84% on ObliQA) and
reaches no additional gold, which is why search-
call count alone is not a quality signal and should
not be reported as one.

7 Stage 3: checks that changed a verdict

We report the three Stage-3 checks that were not
merely confirmatory.

Equivalence testing turned an ObliQA non-
result into a testable claim. A bare p > 0.05
on the two strong ObliQA systems would have
licensed no conclusion at all. Under pre-registered
TOST margins (grade ±0.25, a quarter of a grade
point and below the just-noticeable difference; rates
±0.05), both are positively equivalent (p=4×10−5

and 2×10−4), while the open-Qwen system is not
equivalent and favors RAG (Table 8).

The artifact audit caught a sign error on one
corpus. Naive token-F1 on ConditionalQA favored
RAG by 0.10; format-aware scoring reversed the
sign. Having found one artifact we audited the rest:
on the wiki corpora the agent’s exact-match gain
equals its F1 gain (∆EM/∆F1 = 1.04 and 1.06)
and its answers are no longer than RAG’s, so those
advantages are not verbosity effects (Table 9).

Cross-family judge re-grading changed a
magnitude by 3.7× without changing the conclu-
sion (App. D). ObliQA is graded by an LLM judge
(Zheng et al., 2023), with known self-preference
and reliability risks (Liu et al., 2023; Wang et al.,
2024). Re-grading both strong systems with an
independent local open-model judge over identical

corpus reader ∆qual. calls× tok× lat× verdict

ObliQA GPT −0.005 1.69 4.4 3.1 ✗ no
Claude +0.015 1.50 — — ✗ no
Qwen −0.042 2.39 — — ✗ no (tax)

HotpotQA Claude +0.077 1.55 — — route
GPT +0.163 1.51 — — route
Qwen +0.093 2.33 — — iterate

MuSiQue Claude +0.276 2.63 — — iterate
GPT +0.261 2.55 — — iterate
Qwen +0.152 3.63 — — iterate

Cond. QA Claude +0.159 1.54 — — ✓ agent
GPT +0.303 2.11 — — ✓ agent
Qwen +0.203 2.75 — — ✓ agent

Table 6: Agent cost relative to one-shot RAG. ∆qual.
is agent-minus-RAG (grade/5 for ObliQA); tok×/lat×
measured only on ObliQA/GPT. Verdicts follow a fixed
rule applied per cell: ✗ when ∆qual. is inside the equiv-
alence margin; “route” when a per-query signal recovers
the gain more cheaply than blanket escalation; “iterate”
when R2 matches the agent (§6); ✓ when the residual
after R2 justifies the full agent.

stored prompts gives high item-level agreement
(Pearson 0.85–0.86, within-one-grade 95–98%)
but a judge-sensitive magnitude: on Claude/BM25
the agent’s edge widens from +0.076 to +0.282,
and the open Qwen system mirrors this under the
GPT judge (−0.062 → −0.208). The disagree-
ment is not explained by refusals (unchanged at
+0.281 on the 381 questions where both arms an-
swer substantively) and only weakly tracks length
(r=0.17). Two lessons follow: a single-judge mag-
nitude on a long-horizon generative task should be
reported as judge-conditional, and an evaluation
should anchor its load-bearing claim on a quan-
tity the judges cannot disagree about. The agent
reaches no additional gold in any ObliQA system,
so “the agent reaches no additional evidence” sur-
vives every judge, whereas “the agent’s answers
are no better” does not.

8 Stage 4: pricing the horizon

Quality and cost both rise with recoverability, so
the relevant object is a frontier, not a delta (Fig-
ure 3, Table 6). In retrieval/search calls — the
only unit available on every corpus — the agent
runs 1.5–3.6× RAG’s single shot. Calls understate
the true expense, since each agent step is a full
reader call: on the one fully instrumented system
(ObliQA/GPT) the agent costs 3.1× the latency
and 4.4× the input tokens of one-shot RAG for no
quality gain.

Cost-aware reporting also exposes when a
cheap signal suffices. As a retrospective ceiling
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Figure 3: Quality vs. cost (mean search calls) for four policies under the Claude reader (ObliQA panel: GPT/dense);
oracle and router are analysis instruments, not deployable systems. The frontier is flat on ObliQA (paying more
buys nothing); the per-query router sits above the full agent at lower cost on mixed-recoverability HotpotQA; and
only on the high-recoverability corpora does the frontier reward full agent cost.

estimate (App. C) we route a query to the agent iff
its gold is not fully covered by one-shot BM25 top-
8 — LLM-free but label-dependent, so an analysis
instrument rather than a policy. It captures 66–79%
of the oracle’s gain over RAG across the three read-
ers while escalating 43% of HotpotQA queries. On
ObliQA it over-escalates and, except under Claude
(+14%), loses (−6% to −21%), reproducing the
Stage-1 failure of coverage-only characterization
at policy level (Table 10). Gating on the PRF probe
removes that over-escalation almost entirely (0.8%
escalated rather than 53.6%), but one lexical expan-
sion recovers only 4.1% of MuSiQue’s uncovered
gold and under-escalates on deep chains: the recov-
erability test that works is one that iterates, i.e. R2
itself.

9 What we recommend reporting

The protocol reduces to a checklist. (1) State each
benchmark’s a-priori coverage gap and recovery
channel and group results by regime; a suite with no
AFQ member and no navigation-recoverable mem-
ber cannot distinguish iteration from agency at all.
(2) Report three arms, the gap-closing fraction γ,
and a round-budget sweep for R2; a two-arm table
cannot support a claim about agency. (3) Test null
cells for equivalence against pre-registered margins,
replicate across ≥ 2 reader families, audit for met-
ric artifacts, and report LLM-judge magnitudes as
judge-conditional. (4) Report quality against calls,
and against tokens and latency where instrumented.

Applied here, the checklist yields a falsifiable
summary of which architecture a task justifies:
one-shot RAG when evidence is directly reach-
able; fixed iteration when misses are reformulation-
recoverable, which covers most of what the multi-

hop literature currently attributes to agency; a full
agent when misses require structural navigation;
and no escalation when misses are absent-from-
query, where the right intervention is to fix the task,
metadata, or input context rather than the architec-
ture.

10 Related work

Agentic and iterative retrieval. RAG couples a re-
triever with a reader (Lewis et al., 2020; Karpukhin
et al., 2020). Agentic extensions let models ask
follow-ups, call tools, or critique retrieval mid-
generation (Yao et al., 2023; Schick et al., 2023;
Press et al., 2023; Trivedi et al., 2023; Jiang et al.,
2023; Asai et al., 2024). We treat these mechanisms
as the object of measurement rather than proposing
another; our R2 arm is deliberately a stripped-down
IRCoT used as an instrument.

Difficulty- and routing-based accounts.
Adaptive-RAG routes by predicted question com-
plexity (Jeong et al., 2024) and GRADE separates
retriever- from generator-side difficulty (Lee et al.,
2025). Our diagnostic is narrower and evaluation-
facing: we split retriever-side difficulty by recovery
channel rather than by amount, which explains
why difficulty-based escalation over-escalates on
corpora like ObliQA.

Agent evaluation and benchmark validity.
The closest empirical result is Ferrazzi et al. (2026),
who find that strong non-agentic systems often
match agentic RAG at lower cost — establishing
that the headline gain can vanish, where we identify
when (the Stage-1 regime) and which component
was responsible (the Stage-2 γ). Stage 3 draws
on the LLM-as-judge reliability literature (Zheng
et al., 2023; Liu et al., 2023; Wang et al., 2024)
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and standard equivalence and multiple-comparison
practice (Lakens, 2017; Holm, 1979; Efron and
Tibshirani, 1993).

11 Conclusion

A single agent-minus-baseline number on a long-
horizon benchmark confounds a property of the
benchmark with a claim about the agent’s archi-
tecture. The four-stage protocol separates them:
a-priori recoverability characterization predicts the
sign of the measured advantage where coverage
gap alone mispredicts it out of sample, and the
ablation ladder shows that 65–96% of what is nor-
mally credited to agency (under the two stronger
readers) is delivered by a choice-free loop — while
isolating the one navigation-recoverable regime
where agency retains a residual that no round bud-
get closes.

Limitations

The dataset taxonomy is intentionally heteroge-
neous, and each row supports a different claim;
we do not claim a uniform design across rows.
The fully evaluated three-arm comparisons are Hot-
potQA, MuSiQue, and ConditionalQA; ObliQA
carries R1 and R3 only, because Stage 1 predicts
and Stage 3 confirms that R3 adds nothing there,
so an R2 arm would have no gap to close. The
controls are narrower by design: SQuAD has no
full-agent arm, and ConvFinQA’s given-document
equivalence is true by construction, so we treat
it as anchoring rather than as testing the retrieval
contrast.

The navigation-recoverable regime rests on a sin-
gle corpus. ConditionalQA is the only benchmark
here whose misses require structural actions, so
“agency pays on navigation-recoverable tasks” is
supported by three reader families on one corpus
rather than by several corpora, and we flag this as
the weakest link in the protocol’s coverage. Rnav is
also measured less directly than Rref : we estimate
it as the residual 1 − γ plus trace-level tool-use
evidence, rather than with a standalone LLM-free
probe of the kind Stage 1 provides for Rref .

The agent results use a single harness, and a
different harness could shift absolute numbers, al-
though the direction tracks the Stage-1 regime
across five independent corpora and replicates
at full N under three reader families. ObliQA
depends on an LLM judge; §7 reports that de-
pendence rather than resolving it, and a human-

agreement study remains future work. Finally,
the parallel-vs-sequential classification is an entity-
novelty heuristic over the query log rather than a
hand-verified label, and token/latency instrumenta-
tion exists on only one system, so the cross-corpus
cost unit is search calls.

Ethics Statement

All corpora are public and no proprietary data
is used. Regulatory and financial QA carries a
compliance-advice misuse risk; we treat all out-
puts as decision support rather than advice, and we
note that the AFQ finding is itself safety-relevant
— on that corpus the agent produces more answers
than one-shot RAG (21% vs. 35% refusal) without
reaching more evidence, which is a failure mode
worth measuring rather than a capability. Readers
and agents are hosted or open LLMs with pinned
identifiers and dates. All corpus builders, character-
ization probes, scoring scripts, and raw generations
and grades will be released, and ObliQA is addi-
tionally graded with a fully local open-model judge
so that the headline scoring is reproducible without
any metered API.

Use of AI assistants. LLM-based coding and
writing assistants were used to scaffold experiment
and scoring code, to edit prose and LATEX, and to
check consistency between tables and text. The
experimental design, data handling, analyses, re-
ported numbers, and claims are the authors’ own,
and the authors verified and take full responsibility
for all content.
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A Dataset details

Table 7 places every dataset on the recoverability
coordinates and records which protocol arms are
measured for each.

B Significance tests and artifact checks

Per corpus we compute a paired bootstrap (Efron
and Tibshirani, 1993) (95% CI, 10k resamples, seed
27), a paired permutation test (10k), a-priori TOST
equivalence (Lakens, 2017) for tie claims (mar-
gins fixed before viewing any test-set delta: grade
±0.25, below the just-noticeable difference; rates
±0.05), and McNemar (McNemar, 1947) on the
binarized outcome; difference claims are Holm–
Bonferroni corrected (Holm, 1979).

C Router validation

D Judge sensitivity on ObliQA

Table 11 reports the ObliQA grade gap under
each judge family. Item-level agreement is high
throughout, but the magnitude is judge-sensitive
on two systems in opposite directions — a judge-
dependent assessment of answer quality given the
same evidence, not a retrieval difference. On the
GPT/dense system, citation-in-corpus is 93=93
(TOST-equivalent, p = 0.004) and the one archi-
tectural difference is refusal (RAG 35% vs. agent
21%, p < 0.001): the agent answers more, not
more faithfully, and that extra answering is not
bought with extra evidence.

E Two corpora that look agent-favorable
and are not

Table 12 gives representative items for both cor-
pora. Difficulty without retrieval dependency:
ConvFinQA. ConvFinQA is hard — 72% of turns
are history-dependent follow-ups and 67% require
a computed program — yet its evidence is a single
given report, so the agent’s retrieval freedom has
nothing to act on. The control is not vacuous, be-
cause the reader is competent once evidence is sup-
plied: the open reader scores 65.4% [61.1, 69.4] at
N=500 given the document, and the same reader
scores 0.79 on TAT-QA and 0.48 on FinQA. To ob-
tain a non-trivial ∆ we also run ConvFinQA pooled

Figure 4: Agent advantage vs. a-priori coverage gap
across all 11 analysis subsets, including ConditionalQA.

over all 1,806 reports (N=300), the purest AFQ
case: the agent does not beat RAG (∆ = −0.07,
CI [−0.13,−0.02]), even though its reformulations
do lift gold-report recall (0.62 → 0.67) — the bot-
tleneck is un-addressability, not search effort.

Two LLM-free attributions. (i) On ObliQA,
decomposing each question into ∼3 sub-queries
and unioning retrievals at matched budget is in-
distinguishable from one shot (87% exact ties),
and following the real cross-reference graph res-
cues zero navigation-exclusive gold. (ii) In a re-
triever× architecture 2×2, the agent shows no dif-
ference on ObliQA and HotpotQA-not-hidden un-
der both dense and BM25, and helps on HotpotQA-
hidden under both; the retriever is a large orthogo-
nal main effect (dense→BM25 moved the ObliQA
grade +0.52).

F Cross-subset trend including the
navigation case

Figure 4 repeats Figure 2 with the ConditionalQA
point added. It sits off the reformulation trend by
construction: its coverage gap predicts an advan-
tage that reformulation cannot deliver (Table 3)
and that only structural navigation does, which is
the second dimension the plane of Figure 1 makes
explicit.

G Additional benchmark context

HotpotQA (Yang et al., 2018) and MuSiQue
(Trivedi et al., 2022) supply bridge/comparison and
2–4-hop questions; MuSiQue is constructed to re-
sist retrieval shortcuts. ConditionalQA (Sun et al.,
2022) targets conditional answers over long gov-
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Dataset Task/domain R1 R2 R3 Outcome metric Stage-1 probe Role

ObliQA
(FSRA)

Regulatory QA
over mutually
referenced rules

Yes No Yes LLM grade/5 Coverage gap, PRF
probe, trace-derived
Rnav

Absent-from-
query anchor

HotpotQA Wikipedia multi-
hop QA

Yes Yes Yes Token F1 / EM Coverage gap, PRF
probe, hidden-subset
split

Reformulation-
recoverable

MuSiQue Wikipedia com-
positional QA

Yes Yes Yes Token F1 / EM Coverage gap, PRF
probe, hop-depth split

Reformulation-
recoverable, long
horizon

ConditionalQA UK government
conditional QA

Yes Yes Yes Format-aware
fair-score

Coverage gap, low
Rref , structural ac-
tions

Navigation-
recoverable, long
horizon

SQuAD Single-hop
Wikipedia QA

Yes Yes No Token F1 / EM One-shot coverage,
fixed-loop recall gain

Control: directly
reachable

ConvFinQA
(given)

Conversational
financial QA,
report provided

Yes No Yes Executed-
answer accuracy

Zero gap by construc-
tion

Control: given-
document

ConvFinQA
(pool)

Financial QA
under pooled
retrieval

Yes No Yes Executed-
answer accuracy

Coverage gap, low
Rref

Control: absent-
from-query

TAT-QA† Financial ta-
ble/text QA,
document pro-
vided

Yes No No Dataset score Zero gap by construc-
tion

Control: reader
competence

FinQA† Financial numer-
ical QA, docu-
ment provided

Yes No No Executed-
answer accuracy

Zero gap by construc-
tion

Control: reader
competence

Table 7: Dataset taxonomy and available measurements. Arms are deliberately not uniform: the protocol requires
R2 only where Stage 1 predicts a recoverable gap, and requires R3 only where a retrieval contrast exists. †:
given-document control.

ernment documents. As controls we add single-
hop SQuAD (Rajpurkar et al., 2016) and the given-
document financial sets TAT-QA (Zhu et al., 2021)
and FinQA (Chen et al., 2021). For the finan-
cial and regulatory domain we use ConvFinQA
(Chen et al., 2022), built on FinQA, and the Reg-
NLP/ObliQA benchmark (Gokhan et al., 2024),
whose RIRAG-2025 shared task (Gokhan et al.,
2025) drew systems such as the BM25-prefiltered
RAGulator (Aushev et al., 2025) — reinforcing that
strong lexical retrieval is the regulatory norm our
R1 arm adopts. We treat these not as leaderboards
but as points on a recoverability plane.

H RAG-wins / agent-inert traces
(ObliQA, the equivalence corpus)

To substantiate the claim that we report equivalence
and divergence with equal weight (§7), we show
the direction the headline tables do not foreground:
cases where one-shot RAG beats the agent on the
low-dependency regulatory corpus. On ObliQA
(Claude/BM25, N = 500) the two arms are near-
mirror images: agent-wins 145, RAG-wins 112,
ties 243—a 49% exact-grade tie rate and a net

agent edge of only +0.076 grade. Where the gold
is reachable in one query, the agent’s extra retrieval
is at best inert and sometimes harmful: it over-
navigates into a refusal or drifts to a related-but-
wrong passage. Three representative cases where
one-shot RAG scored strictly higher follow.

Q. What metrics or indicators are recommended
or required to communicate the environmental and
social impacts of a Petroleum Reporting Entity?
RAG (1-shot, top-k): answers from 12.3.1, cor-
rectly noting no specific metrics are prescribed. ✓

(A)
Agent: “Not found in provided context” — refused
despite the gold passage being retrievable. ✗ (F)

Q. What is the required audit process for verifying
the origin of Accepted Spot Commodities under
ADGM regulation?
RAG (1-shot, top-k): states the firm must have
delivery/storage arrangements covering approval,
management, monitoring and audit (22.4.4). ✓ (A)

Agent: reformulated
toward “third-party verification,” retrieved a related
passage, and missed the core delivery-arrangement
requirement. ✗ (D)
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corpus reader claim n R1 R3 ∆ 95% CI verdict

ConvFinQA Qwen equiv. (constr.) 500 0.654 0.654 +0.000 — ∆=0 by construc-
tion

Claude equiv. (constr.) 30 0.967 0.967 +0.000 — ∆=0 by construc-
tion (pilot)

ObliQA GPT / dense equivalence 500 2.952 2.926 −0.026 [−0.134,+0.082] TOST-equiv.
(p=4×10−5)

Claude / BM25 equivalence 500 3.338 3.414 +0.076 [−0.018,+0.168] TOST-equiv.
(p=2×10−4)

Qwen / BM25 equivalence 499 2.669 2.461 −0.208 [−0.325,−0.092] not equiv.—RAG
ahead

HotpotQA Claude difference 500 0.702 0.778 +0.077 [+0.045,+0.110] significant (Holm
p<10−3)

GPT difference 500 0.629 0.793 +0.163 [+0.128,+0.199] significant (CI excl.
0)

Qwen difference 500 0.592 0.684 +0.093 [+0.053,+0.133] significant (CI excl.
0)

MuSiQue Claude difference 498 0.384 0.660 +0.276 [+0.237,+0.316] significant (Holm
p<10−3)

GPT difference 500 0.284 0.545 +0.261 [+0.221,+0.303] significant (CI excl.
0)

Qwen difference 500 0.184 0.336 +0.152 [+0.112,+0.191] significant (CI excl.
0)

ConditionalQA Claude difference 285 0.473 0.631 +0.159 [+0.107,+0.210] significant (Holm
p<10−3)

GPT difference 285 0.206 0.509 +0.303 [+0.242,+0.364] significant (CI excl.
0)

Qwen difference 285 0.262 0.465 +0.203 [+0.147,+0.261] significant (CI excl.
0)

Table 8: Stage-3 tests per reader family. The three Claude-reader difference corpora reach the permutation-test
resolution floor (raw p < 10−4 at 10,000 resamples); we report the Holm-corrected bound p < 10−3 rather than a
point estimate. GPT and Qwen rows are full-N replications reported by paired-bootstrap CI and lie outside the
Holm family.

corpus reader ∆F1 ∆EM ∆EM
∆F1 len (R/A/g)

HotpotQA Claude +0.077 +0.080 1.04 2.2 / 2.3 / 2.4
MuSiQue Claude +0.276 +0.293 1.06 2.2 / 2.4 / 2.7

Table 9: Stage-3 metric-artifact audit. The agent’s exact-
match gain equals its F1 gain and its answers are no
longer than RAG’s, so the wiki advantages are not ver-
bosity effects. “—”: not measured in this audit.

Q. Are there collaborative mechanisms for Rele-
vant Persons to share best practices on risk assess-
ments of Restricted Scope Companies?
RAG (1-shot, top-k): correctly answers that no
general sharing mechanism exists; the regulation
points to bilateral dialogue under the risk-based
approach. ✓ (B)
Agent: refused (“Not found”) despite the relevant
context. ✗ (F)
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corpus reader all-R1 router oracle all-R3 escalated gain captured extra cost

HotpotQA Claude 0.702 0.792 0.826 0.778 43% 73% 54%
GPT 0.629 0.783 0.823 0.792 43% 79% 68%
Qwen 0.592 0.701 0.759 0.684 43% 66% 52%

MuSiQue Claude 0.384 0.659 0.695 0.660 89% 88% 94%
GPT 0.284 0.549 0.593 0.545 89% 86% 94%
Qwen 0.184 0.342 0.397 0.336 89% 74% 93%

ConditionalQA Claude 0.473 0.641 0.696 0.631 90% 76% 91%
GPT 0.206 0.516 0.566 0.509 91% 86% 91%
Qwen 0.262 0.462 0.525 0.465 91% 76% 91%

ObliQA GPT 0.590 0.586 0.669 0.585 54% −6% 68%
Claude 0.668 0.679 0.745 0.683 54% 14% 68%
Qwen 0.534 0.519 0.606 0.492 54% −21% 63%

Table 10: Coverage-only router validation, by reader family (quality on each corpus’s native metric rescaled to
[0, 1]; ObliQA rows are grade/5 under the GPT judge; cost in mean retrieval/search calls; the coverage signal, and
hence the escalation %, is reader-independent). The pattern replicates across all three families and reproduces the
Stage-1 failure mode: useless-to-harmful on absent-from-query ObliQA (+14% to −21%).

system ∆GPT ∆qwen agree

GPT / dense −0.026 (eq.) +0.035 (eq.) r=0.85
Claude / BM25 +0.076 (eq.) +0.282 (sig.) r=0.86
Qwen / BM25 −0.208 (sig.) −0.062 (eq.) r=0.87

Table 11: ObliQA agent−RAG grade gap under each
judge (N=500 per system). Within-one-grade agree-
ment is 95–98% throughout.
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corpus a representative question
(verbatim)

why it looks agent-favorable what actually decides it
(∆=Agent−RAG)

ObliQA
absent-from-
query

“. . . acceptable arrange-
ments for . . . control of
storage facilities under
COBS Rule 22.4.3?”

A second required clause—the
AML/CFT obligation for
the same spot-commodity
activity—sits in a different
part of the rulebook, so it looks
like the agent must chase a
cross-reference.

Nothing in the question names
“AML” or “money laundering,” so no
reformulation can target that clause;
the agent reaches no more gold than
one shot. ∆ ≈ 0.

ConvFinQA
given docu-
ment

“and how much does that
change represent in relation
to this 2005 weighted aver-
age exercise price?”

The follow-up is uninter-
pretable without the dialogue
history and needs a two-step
program (subtract then
divide)—textbook multi-
step reasoning.

Both numbers (60.94, 25.14) are in
the one given table; both arms read
the same document and run the same
executor. The difficulty is reasoning,
not retrieval. ∆ = 0 by construc-
tion.

HotpotQA
hidden-but-
findable

“What government position
was held by the woman who
portrayed Corliss Archer in
the film Kiss and Tell?”

The answer hinges on a person
the question never names.

Hop 1 reveals the bridge entity
Shirley Temple; a query naming her
then retrieves “Chief of Protocol.” It-
eration turns the miss into the answer.
+0.21 F1 on the hidden subset.

MuSiQue
hidden-but-
findable

“Who is the grandmother
of Philippe, Duke of Or-
léans?”

The grandmother is two hops
away; the intermediate parent
is unnamed.

Hop 1 → the father Louis XIII; a
query naming him → “Marie de’
Medici.” One-shot retrieval stops at
the parent. +0.28 F1.

Table 12: One representative question per corpus. The upper two look well suited to an iterative agent, yet the agent
earns nothing, because the missing or hard part is not reachable by another query. The lower two look no different
on the surface, but their missing evidence is hidden-but-findable. A retrieval-side coverage probe alone cannot tell
the upper pair from the lower — which is why Stage 1 requires a channel probe.
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