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Abstract

Retrieval-augmented search agents answer
multi-hop questions by repeatedly issuing
search queries and accumulating evidence.
This creates a stopping problem: after the nec-
essary evidence has appeared, further retrieval
often adds cost, latency, and distracting con-
text rather than useful information. We frame
stopping as evidence coverage rather than
generator confidence, and introduce HALT,
a lightweight verification-aware policy that
leaves the search agent unchanged. Given ex-
pected hop claims, HALT stops only when
cumulative evidence supports each required
claim. Across three multi-hop QA bench-
marks, HALT reduces redundant search while
largely preserving exact match. We separate
a deployable setting, where hop claims are
generated from the question, from a diagnos-
tic upper bound that uses gold supporting-fact
annotations: generated claims give smaller
but still exact-match-preserving savings, while
gold claims show the larger savings available
when hop targets are clean. Baseline com-
parisons and ablations show that this behavior
is driven by claim—evidence alignment rather
than generic sufficiency, fixed stop positions,
or lexical overlap. Open-corpus pilots fur-
ther suggest that HALT abstains when cov-
erage cannot be reliably verified. Overall,
evidence coverage provides a practical run-
time control signal for improving retrieval-
augmented agents without retraining or mod-
ifying the host agent.

1 Introduction

Retrieval-augmented generation (RAG) systems
ground language models in external evidence.
In agentic RAG, this retrieval step becomes an
iterative search process: the model generates
queries, retrieves evidence, and conditions subse-
quent queries on the evolving trajectory. We re-
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fer to such systems as retrieval-augmented search
agents. This multi-step search is useful. Later
queries can recover bridge entities or fill missing
intermediate evidence, but the same loop creates a
stopping problem. After the needed evidence has
appeared, the agent may keep searching; in our set-
ting, a 3B Self-Ask agent runs to its search budget
on 78-88% of questions instead of halting on its
own. Those extra calls add latency and cost, and
may introduce irrelevant context that makes the fi-
nal answer harder rather than easier (Figure 1).

Retrieval-augmented search agents include self-
asking decomposition agents (Press et al., 2023),
ReAct-style tool use (Yao et al., 2023), and
reinforcement-learned search policies (Jin et al.,
2025; Chen et al., 2025). In these systems, stop-
ping is not a cosmetic implementation choice. It
determines how much evidence enters the context,
how much computation is spent, and when the
agent hands control back to the answer generator.

Most adaptive-retrieval and stopping methods
decide this using generator-side or trajectory-level
signals. They inspect answer confidence, reflec-
tion tokens, hidden states, trajectory state, or
token-level uncertainty to decide whether another
retrieval call is needed (Jiang et al., 2023; Trivedi
et al., 2023; Asai et al., 2024; Su et al., 2024).
These signals are useful, but they do not ask the
question we need for multi-hop stopping. A model
can be confident from partial evidence. It can also
keep searching even after the retrieved evidence al-
ready covers the necessary steps. We instead ask
a retrieval-side question: has the agent retrieved
evidence for every reasoning hop required by the
question?

We introduce HALT (Hop-Aligned Loop
Termination), a verification-aware stopping pol-
icy for multi-hop search agents. HALT leaves
the host search agent unchanged. After each re-
trieval loop, a small supervised verifier checks the
cumulative retrieved evidence against a set of ex-
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Figure 1: Post-coverage search. A standard agent may keep retrieving after all expected hop claims are covered.
HALT stops once a verifier matches every claim to the cumulative evidence.

pected hop claims. For each claim, the verifier pre-
dicts MATCH, PARTIAL, or NULL. The agent stops
only when all expected claims are matched. Thus,
HALT does not score the trajectory or candidate
answer as globally sufficient; it asks whether each
required hop has evidence.

This design keeps the stopping predicate sepa-
rate from the search policy. The search agent is
not retrained, the retriever is unchanged, and the
generator need not expose an internal confidence
signal. The predicate is also explicitly per-hop.
Matching one relevant fact is not enough if another
required hop remains unsupported. In our experi-
ments, the hop claims are obtained in two ways:
from supporting-fact annotations for diagnostic ex-
periments, or generated from the question alone
when such metadata is unavailable.

We evaluate HALT on HotpotQA, 2WikiMulti-
hopQA, and MuSiQue using Self-Ask agents with
3B and 7B backbones. A verifier trained once
on HotpotQA discrepancy labels is reused across
datasets and Self-Ask backbone scales. In the
closed BM25 distractor setting, our deployable
condition generates hop claims from the question
alone: savings are smaller and dataset-dependent,
but paired non-inferiority tests show that exact
match (EM) is preserved. Gold supporting-fact
claims serve as a diagnostic upper bound, showing
the larger savings available when hop targets are
clean—most strongly on the 3B agent, and with
EM preserved in all 7B gold-claim cells. In open-
corpus pilots, HALT becomes cautious: it fires on

only a small subset of HotpotQA questions with-
out EM loss, and on only 2.4% of Bamboogle
questions, again at no EM cost. We therefore treat
open-corpus retrieval as a stress test, not as the
main efficiency setting.

Our contributions are:

* Stopping as evidence coverage. We formu-
late stopping in retrieval-augmented search
agents as a test of whether retrieved evidence
covers the reasoning hops required by the
question, rather than whether the generator
appears ready to answer.

Hop-aligned loop termination. We intro-
duce HALT, which adds a small per-hop ev-
idence verifier to a frozen search agent and
changes only the halting predicate, leaving
the search policy, retriever, and generator un-
changed.

A distinct stopping signal. On identical tra-
jectories, HALT reduces search loops while
preserving standardized-extractor EM in the
main controlled setting. Baseline compar-
isons and ablations show that its decisions
are not explained by generic sufficiency, fixed
stop positions, expected-page matching, or
surface-form overlap.

2 Background and Related Work

Retrieval-augmented search agents. Retrieval-
augmented generation (RAG) grounds language
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models in external evidence (Lewis et al., 2020).
In agentic RAG, retrieval is no longer a single
preprocessing step: the model can issue queries
over multiple turns and use the evolving trajectory
to decide what to search next. Self-Ask (Press
et al., 2023) decomposes a question into follow-
up sub-questions, ReAct (Yao et al., 2023) inter-
leaves reasoning with tool use, and recent sys-
tems such as Search-R1 (Jin et al., 2025) and
ReSearch (Chen et al., 2025) learn search poli-
cies with reinforcement learning. Such policies
can internalize termination through the training re-
ward (Java et al., 2025), yet recent analyses find
that even reinforcement-learned search agents fre-
quently over-search or under-search relative to the
evidence actually required (Wu et al., 2026, 2025).
These systems make search adaptive, but termina-
tion is usually left to the agent policy or the gener-
ation process. We study it as a separate decision:
whether the evidence retrieved so far covers the
reasoning hops required by the question.

Adaptive retrieval. Adaptive-retrieval methods
decide when generation should call a retriever.
FLARE (Jiang et al., 2023) retrieves from low-
confidence tokens, while DRAGIN (Su et al.,
2024) estimates token-level information need with
its RIND signal. These methods are retrieval trig-
gers inside decoding. HALT addresses a different
point in the pipeline. The search loop is already
active; the question is when its accumulated ev-
idence is enough to stop. We include adaptive-
retrieval methods as retrieval-saving controls, but
in multi-hop QA reducing calls is useful only if
the stopped trajectory still preserves answer ac-
curacy. More broadly, when-to-retrieve methods
range from self-knowledge routing (Wang et al.,
2023) to uncertainty-based triggers, and a recent
benchmark argues that simple uncertainty esti-
mates can match more elaborate adaptive pipelines
on efficiency (Moskvoretskii et al., 2025). We
therefore report retrieval cost alongside accuracy.

Adaptive stopping and stopping signals. The
closest work asks when an iterative retrieval loop
should halt, but most stopping signals are global.
Self-RAG (Asai et al., 2024) uses reflection-token
critics; Stop-RAG (Park et al., 2025) learns a value
controller over trajectory state; SIM-RAG (Yang
et al., 2025) scores the sufficiency of a (question,
evidence, intermediate answer) tuple; SeaKR (Yao
et al., 2025) measures the model’s internal-state
uncertainty to decide when to re-retrieve; and IR-

CoT (Trivedi et al., 2023) stops when the reason-
ing chain produces an answer span. A common
thread is that these signals estimate generator con-
fidence, internal-state uncertainty, or global an-
swer sufficiency. Other controls operate at coarser
or later stages: Adaptive-RAG (Jeong et al., 2024)
selects a retrieval depth from question complex-
ity, while SuRe (Kim et al., 2024) verifies can-
didate answers after retrieval rather than control-
ling the loop itself. The construct closest to this
coverage view is the “sufficient context” notion of
Joren et al. (2025), but it is used to decide absten-
tion and diagnose hallucination rather than to halt
an iterative search loop. HALT differs in what it
asks the stopping module to judge: it scores cumu-
lative retrieved evidence against per-hop expected
claims during the loop. Its stopping predicate asks
whether each required hop is covered, not whether
the current trajectory or candidate answer is glob-
ally sufficient. This lets the stopping decision dis-
tinguish a trajectory that contains one strong fact
from one that covers the full multi-hop evidence
structure.

Multi-hop QA as a stopping testbed. Hot-
potQA (Yang et al., 2018), 2WikiMultihopQA (Ho
et al., 2020), and MuSiQue (Trivedi et al., 2022)
require evidence from multiple supporting facts or
reasoning steps. This makes them useful for test-
ing stopping policies. Stopping early can miss a
required hop; continuing after coverage adds re-
trieval cost and can bring in distracting evidence.

3 Method

3.1 Verification-aware Stopping

Let a search trajectory be a sequence of retrieval
loops 7 = (l1,l2,...,l7). Atloop l;, the agent
retrieves a set of sentences S;, and the cumula-
tive evidence is E; = (J,; S;. For a multi-hop
question g, HALT assumes expected hop claims
C(q) = (c1,c2,...,cK), where each claim states
the evidence needed for one reasoning hop (§3.2).
A verifier Vjy assigns each claim—sentence pair
one of {MATCH, PARTIAL, NULL}. For each claim,
HALT keeps the strongest label observed so far
over all retrieved sentences, ordered as MATCH >
PARTIAL > NULL. Since evidence only accumu-
lates, each loop scores only the newly retrieved
sentences .5; and updates these running labels.
Lety(®) = (Qii), el 3)%)) be the claim-level la-
bels after loop ¢. A stopping policy m maps this
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Figure 2: HALT pipeline. HALT adds a verification-aware stopping gate on top of a frozen search agent — policy,
retriever, and generator are untouched. Expected hop claims C/(g) (gold supporting facts, or generated zero-shot
from the question) are scored against each loop’s newly retrieved sentences by the per-hop verifier V, which keeps
an incremental running-max label per claim; the stopping policy 7 (default ALL_MATCH: every claim MATCH)
halts at the first satisfying loop, otherwise the agent re-enters loop ¢+1.

vector to a halting decision, and the agent stops at
the first loop i for which 7(y?) is true. We evalu-
ate:

* ANY_MATCH: stop when at least one ex-
pected hop claim is MATCH.

* ALL_MATCH: stop only when every expected
hop claim is MATCH.

ALL_MATCH is the default policy.
ANY_MATCH is a permissive contrast that
tests whether matching one hop is enough, rather
than complete hop coverage.

3.2 Expected Hop Claim Construction

HALT needs a target claim for each expected rea-
soning hop. We use two sources.

Gold claims are constructed from benchmark
supporting-fact annotations. They provide clean
hop targets and isolate the stopping mechanism
from claim-generation error, but rely on metadata
unavailable in deployment. We use them as a diag-
nostic condition.

Generated claims are produced zero-shot from
the question alone using Qwen2.5-3B. This re-
moves supporting-fact metadata and tests whether
the same verifier can stop from predicted hop tar-
gets. Both claim sources use the same verifier in-
put schema. Appendix C reports the record format,
prompt, and generated—gold alignment (F7=0.701
on 2Wiki and 0.455 on HotpotQA).

3.3 Verifier Architecture and Training

We instantiate Vp with Qwen2.5-3B-Instruct
(Yang et al., 2024) and train a LoRA adapter (Hu
et al., 2022) by supervised fine-tuning the causal
language model to emit the label of a claim-
sentence pair; no separate classification head is
added. At inference, the verifier scores each of the
three label strings MATCH, PARTIAL, and NULL
by its length-normalized token log-probability and
predicts the argmax. Training examples are built
automatically from HotpotQA: supporting-fact an-
notations provide claim—evidence pairs for re-
quired hops, and distractor passages provide un-
supported pairs. The discrepancy-label procedure
in §A maps examples to MATCH, PARTIAL, or
NULL.

The balanced training set contains 9,626 rows
from 4,903 questions. We train for 1,000 steps and
obtain 0.9304 macro-F1 on a question-disjoint dev
split of 2,374 rows. The verifier is trained once on
HotpotQA and reused without tuning across Self-
Ask backbones (Qwen2.5-3B/7B) and the three
benchmark datasets. Additional verifier diagnos-
tics are given in §A.

3.4 Statistical Testing Protocol

For each dataset—backbone cell, we evaluate stan-
dardized EM and average search loops. EM is
computed by a frozen Qwen2.5-3B-Instruct ex-
tractor applied to the cumulative chunks available
at the stop loop. We define Agpm = EMpgarr —
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EM;yrL and Ajgeps = 100ps 7 477 — 100psgy, ; , SO
negative Ajoops means fewer loops.

We compare HALT ALL_MATCH against FULL,
which runs the agent to the full trajectory bud-
get. For each cell, we use a paired bootstrap test
(Koehn, 2004) with 1000 resamples:

HEM . Apy < —¢ (NI) (1)
HY - Ajgops = 0 (sup) 2)

with ¢ = 0.02 (2pp). A cell passes only if both
EM non-inferiority and loop superiority reject af-
ter Holm correction at « = 0.05. The 3B fam-
ily has m=12 tests (2 endpoints x 3 datasets x 2
claim sources), and the 7B family has m=6 tests
(2 endpoints x 3 datasets, gold claims only). Be-
cause EM is a paired binary endpoint, we also re-
port paired-binary robustness checks using New-
combe hybrid-score confidence intervals (New-
combe, 1998) and exact McNemar tests (McNe-
mar, 1947) in §B. Margin justification and per-cell
statistics are reported in §B.

4 Experimental Setup

Datasets and splits. We evaluate on three multi-
hop QA benchmarks: HotpotQA in the distractor
setting, 2WikiMultihopQA, and MuSiQue. For
each dataset, we draw n=1000 questions from the
standard dev split. The 3B-agent and 7B-agent ex-
periments use the same question subsets. One ex-
ception: 115 MuSiQue questions yield no atomic
gold hop claims, so MuSiQue gold-claim statistics
use n=_885 (§B).

Retrieval settings. The primary experiments
use Setting A, a controlled closed-pool retrieval
setting. For each question, we build a BM25 sen-
tence index (Robertson and Zaragoza, 2009) over
the union of gold and distractor paragraphs sup-
plied by the benchmark. Each sentence is treated
as a candidate chunk, and each follow-up query re-
trieves top-K =3 sentences. Because the support-
ing evidence is present in the candidate pool, Set-
ting A isolates the stopping problem from open-
corpus retrieval failure.

We also report a small Setting B pilot with open-
corpus retrieval. The agent retrieves from a global
Wikipedia 2018 index (Petroni et al., 2021) using
dense ES5-base retrieval (Wang et al., 2022), fol-
lowing the open-corpus Wikipedia setting used by
Search-R1 (Jin et al., 2025) and ReSearch (Chen
et al., 2025). Setting B is closer to deployment,

but retrieval-quality failures can obscure the stop-
ping signal. We treat it as a pilot rather than the
primary statistical testbed; results are in §5.6.

Search agents. We use structured agents that
expose loop-level retrieval trajectories. Self-Ask
(Press et al., 2023), instantiated with Qwen?2.5-
3B-Instruct and Qwen2.5-7B-Instruct, is the host
agent for all main results. The maximum trajec-
tory budget is 8 loops; verifier details are in §3.3
and §A.

Baselines. We compare HALT with full-budget,
adaptive-stopping, and adaptive-retrieval controls.
Full runs the host agent to the full trajectory
budget. The adaptive-stopping baselines are V-
StopRAG (Park et al., 2025), a value-style clas-
sifier over cumulative evidence and loop index,
and V-SIMRAG (Yang et al., 2025), which ad-
ditionally conditions on the current sub-question
and sub-answer. We also report an OR-ensemble
of HALT and V-StopRAG as a signal-redundancy
check.

For adaptive-retrieval controls, we include
FLARE (Jiang et al.,, 2023) and DRAGIN-
approx (Su et al., 2024). FLARE triggers retrieval
from low-confidence tokens. DRAGIN’s original
RIND signal requires attention hooks that are un-
available in our setup. DRAGIN-approx there-
fore uses the same confidence-threshold interface
as FLARE, with a higher retrieval threshold. We
treat DRAGIN-approx as a retrieval-control refer-
ence rather than an exact reproduction of DRA-
GIN. Baseline training details, thresholds, and hy-
perparameters are reported in §D.

Answer extraction and EM. We report Native
EM, computed from each agent’s own answer
head, and Std-Ext EM, our primary endpoint,
computed by a frozen Qwen2.5-3B-Instruct ex-
tractor over cumulative chunks at the stop loop
with HotpotQA-style normalization. Native EM
serves as a faithfulness check. Unless otherwise
noted, all experiments use seed 13; prompts, hy-
perparameters, hardware, and reproducibility de-
tails are in §D.

5 Results

5.1 Primary: HALT at the 3B agent

Table 1 reports the gold-claim diagnostic condi-
tion for the conservative ALL_MATCH policy on
the Self-Ask 3B agent. HALT reduces average
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Dataset Full EM HALT EM AEM AF1  Fullloops HALT loops A loops NI test
2Wiki 0.184 0.199 +1.5pp +1.3pp 5.52 3.46 —37%  PASS
HotpotQA 0.306 0.297 —-09pp —1.5pp 5.71 315  —-45% FAIL
MuSiQue 0.083 0.086 +0.3pp +0.4pp 5.56 447 —20%  PASS

Table 1: Primary diagnostic result: HALT ALL_MATCH on Self-Ask 3B with gold claims. EM is from a frozen
Qwen2.5-3B extractor; NI uses e=2pp with Holm m=12 over the full 3B gold+generated family and records
whether non-inferiority was demonstrated. HotpotQA gold is a FAIL: its 95% CI [—2.6,40.8] pp crosses —¢.
MuSiQue uses its 885 valid rows (115 questions yield no atomic hop claims; §B). AF1 tracks AEM everywhere,

so the result is not an exact-match artifact.

Dataset AEM AF1  Aloops NI test
2Wiki +0.6pp +0.5pp —6.3%  PASS
HotpotQA —0.5pp —-0.7pp —9.3% PASS
MuSiQue —0.2pp —0.1pp —6.6%  PASS

Table 2: Cross-scale: HALT on Self-Ask 7B, gold-
claim condition. The same verifier from §5.1 is used
without retraining; all three cells pass Holm m=6. AF1
tracks AEM on every cell, so the EM result is not an
exact-match artifact.

search loops on all three datasets while largely
preserving Std-Ext EM: two of three gold cells
pass EM non-inferiority, and HotpotQA gold fails
only because its 95% CI crosses —e around a
small point decrease (AEM=—0.9 pp). Across the
full 3B family, including generated claims, HALT
passes EM non-inferiority in 5/6 cells and loop su-
periority in all six; generated claims yield smaller
but still EM-preserving loop reductions. Ap-
pendix B reports paired-binary robustness checks,
which give the same EM decisions.

The headroom comes from the agent itself: by
the logged stop reason, the 3B agent runs to its
search budget instead of halting natively on 87.5%
1 78.1% / 81.2% of questions (HotpotQA / 2Wiki
/ MuSiQue), so most trajectories contain post-
coverage search that an external coverage test can
remove.

5.2 Cross-scale transfer to a 7B Self-Ask
agent

We apply the same 3B verifier to a 7B Self-Ask
agent without retraining. Table 2 shows that all
three datasets pass both endpoints under Holm
m==6. Loop savings are smaller than at 3B, con-
sistent with the 7B agent already stopping earlier.
The stop-reason log makes this concrete: the 7B
agent halts natively on essentially every question
(budget exhaustion 0.0-0.5%), leaving little post-
coverage search to remove. We therefore read
the smaller 7B savings as limited headroom rather

than a failure of the coverage signal, which the
under-search analysis below tests directly.

5.3 Bidirectional control: HALT also detects
under-search

The 3B result shows HALT can safely cut search
loops. A stronger agent raises the opposite ques-
tion: can the same coverage signal detect when an
agent stops too early? On the 7B agent, HALT’s
own ALL_MATCH criterion is never satisfied at
the agent’s native stop loop on 51% / 64% / 79%
of questions (HotpotQA / 2Wiki / MuSiQue) —
direct evidence of under-search at scale, consis-
tent with reports of over- and under-search in RL
search agents (Wu et al., 2026, 2025). We test
whether extending exactly these flagged trajecto-
ries recovers EM.

Design. On the subset of 7B questions
that self-stop without reaching ALL_MATCH
(n=511/635/723, after deduplicating repeated
MuSiQue question ids), we re-run the agent
with a —force-continue flag that overrides the
agent’s native stop and continues loop-by-loop
until ALL_MATCH fires or the budget (8 loops) is
exhausted; HALT then stops each forced trajec-
tory at its own ALL_MATCH loop. We disclose
that, unlike the cutting direction, this overrides the
agent’s own stop decision — HALT still supplies
only the continuation signal (full protocol and
extractor-consistency details in Appendix E.10).

Forcing continuation to coverage recovers EM.
On the HotpotQA under-covered subset (n=511),
EM roughly doubles from native-stop 0.162 to
0.323 when forced to continue to ALL_MATCH
coverage (+16.0pp), and 57% of the subset
reaches ALL_MATCH when forced. Continuing to
coverage also beats continuing to the full budget
(0.311 EM at ~ 8 loops, i.e. +1.2 pp worse at more
loops): HALT is not simply “search more”, and
in this comparison the coverage point is the better
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Dataset Full-pop AEM (gold) Full-pop AEM (gen)

HotpotQA +8.2pp [4+6.2,+10.3] +7.1pp [+5.1,+9.2]
2Wiki +2.7pp [+0.8, +4.5] +2.8pp [+0.9, +4.6]
MuSiQue  +4.3pp [+2.7,45.9] +3.6 pp [+2.2,+5.2]

Table 3: Bidirectional control on the 7B agent. Full-
population AEM from selectively forcing continua-
tion on HALT-flagged under-covered trajectories only,
keeping the rest of the population at native stop. 95%
paired-bootstrap CIs (seed 13, 1000 iters); all six cells
are strictly positive.

stopping target than the full budget.

Table 3 reports the full-population effect of
selectively continuing only the flagged under-
covered subset (the rest of the 7B population
stays at its native stop): EM rises on all six
datasetx claim-source cells with strictly positive
paired 95% Cls, and generated claims (no gold
metadata) are nearly as strong as gold, so the ef-
fect is not gold-dependent.

Mechanism control. The gain tracks cover-
age recovery, not just extra search: on Hot-
potQA, questions whose coverage recovered gain
+26.2 pp EM versus +2.7 pp for those that do not
(+7.7 vs +0.9 pp on 2Wiki; +15.6 vs +3.1 pp on
MuSiQue) — the gain concentrates exactly where
the coverage signal predicts it should (subset sizes
in Appendix E.10).

Together with §5.1-5.2, this shows the same
coverage signal controls both directions of the
stopping decision: cut on an over-searching 3B
agent while preserving EM under non-inferiority
testing, extend to coverage on an under-searching
7B agent for a population EM gain.

5.4 EM-loops Pareto and operating-point
comparison

Table 4 compares HALT with adaptive-stopping
and adaptive-retrieval controls on identical Self-
Ask 3B trajectories, and Figure 3 shows the cor-
responding EM—loops tradeoff.

With generated claims, HALT reduces loops
while passing paired EM non-inferiority on all
three datasets. The gold-claim diagnostic row
shows the larger savings available when hop tar-
gets are clean. The trained adaptive-stopping base-
lines either rarely fire on the combined dataset dis-
tribution or lose EM when specialized to a single
dataset. FLARE reduces retrieval aggressively but
establishes EM non-inferiority on no dataset: it
loses 6.3/3.2pp of EM on HotpotQA/MuSiQue,

and its 2Wiki tie (—0.1pp) has a paired CI that
still crosses —¢.

Zero-shot sufficiency judge. Prompting the
same frozen 3B backbone as a zero-shot suffi-
ciency judge (stop at the first loop with P(Yes) >
0.95) tests whether the trained verifier is necessary.
HALT is EM non-inferior to the judge on all three
datasets (paired, every 95% CI lower bound above
—e) and F1-superior on HotpotQA (AF1 +1.9 pp,
CI [+0.6, +3.2]), where the judge fires on 43% of
questions but prematurely: per-hop coverage is at
least as good everywhere and better where a global
sufficiency prompt over-fires.

DRAGIN-approx has small point-estimate EM
changes, but it does not pass the same paired-
bootstrap NI test used for HALT on any dataset
after Holm correction. For example, on Hot-
potQA its AEM 95% Cl is [—3.3, 4+2.4] pp. Under
our implemented control suite, the standardized-
extractor endpoint, and identical Self-Ask 3B tra-
jectories, HALT is the only distinct stopping pol-
icy that both reduces search loops and passes the
formal EM non-inferiority test.

The OR-ensemble does not improve the trade-
off. Because V-StopRAG contributes almost no
additional stops, its stop loop differs from HALT
(gen) on only 7/6/4 of 1000 questions; it therefore
passes EM non-inferiority (+0.3/—0.1/—0.1 pp)
by inheriting HALT’s firings rather than by occu-
pying a separate point on the Pareto frontier.

Operating-point sweep. To check whether V-
StopRAG and V-SIMRAG are disadvantaged by
a single threshold, we sweep both over 7 €
{0.05,0.10,0.15,0.20,0.30,0.50} on the same
trajectories. No threshold preserves EM on all
three datasets while giving meaningful loop sav-
ings, and thresholds that help one dataset hurt an-
other: 7=0.10 improves the 2Wiki tradeoff but
pushes HotpotQA beyond the € margin. The full
sweep is in Figure 5.

Per-question divergence from V-SIMRAG.
The stop loop chosen by HALT and V-SIMRAG
differs on 56.6%, 66.2%, and 27.7% of questions
on 2Wiki, HotpotQA, and MuSiQue, all above
the 25% pre-analysis divergence target: per-hop
claim—evidence verification is not simply recov-
ering the same signal as a generic sufficiency
critic. Full divergence statistics, together with
fixed-budget, operating-point and verifier-logit di-
agnostics, are in Appendices B and E.
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Aloops

Method n  2Wiki HotpotQA MuSiQue EM outcome Frontier?
(A) Verifier-based stopping (ours)
HALT ALL_MATCH (gold) 1000 —37% —45% —20% NI (2/3 gold; 5/6 family) Yes
HALT ALL_MATCH (gen, comparator) 1000 —17% —18% —2% NI (3/3 gen PASS) Yes(gen)
(B) Trained adaptive-stopping baselines (gen-claim)
V-StopRAG (combined-3 train) 1000  ~0% ~0% ~0% tie Nof
V-SIMRAG 1000  ~0% ~0% ~0% tie No!
V-StopRAG (2Wiki-only train) 500 —21% (n/a) (n/a) —1.2pp No'
V-LLM-judge (zero-shot) 1000 —13% —28% —10%  HALT NI vs judge 3/3 No®
(C) Adaptive-retrieval baselines
FLARE (5=0.4) 1000 —76% —79% —-72% —0.1/-6.3/—3.2pp No¥
DRAGIN-approx (8=0.6) 1000 —43% —50% —38% NI (0/3 FAIL) No*
(D) Ensemble
HALT OR V-StopRAG 1000 —17% —18% —2% +0.3/—0.1/—0.1pp =HALT

Table 4: HALT vs adaptive controls on the EM-non-inferiority x loop-superiority frontier. Groups (A), (B),
(D): identical Self-Ask 3B trajectories, generated-claim setting (gold-claim HALT row is diagnostic); group (C)
runs its own retrieval loops. Threshold sweeps in Figure 5. f: no loop savings; ¥: EM cost beyond =2 pp; *:
AEM within ¢ but paired NI fails 0/3 after Holm; ¥: fires prematurely on HotpotQA, where HALT is F1-superior;
. NI established on no dataset; |I: passes NI 3 /3, but is not a distinct operating point — it inherits HALT (gen)’s

firings.

5.5 Extractor robustness

The main EM endpoint uses a standardized
Qwen2.5-3B extractor so that stopping poli-
cies share a fixed answer head. Rerunning
the same Self-Ask 3B trajectories with a
Qwen2.5-7B-Instruct extractor (Table 5) raises
absolute EM by 3-13pp, but the HALT-
FULL gap stays small (—0.5/—0.7/4-0.4pp
on 2Wiki/HotpotQA/MuSiQue): the EM-
preservation result is not specific to the 3B
extractor. Point estimates are in §B.

5.6 Retrieval-shift stress test: Setting B

We also run an open-corpus pilot with dense
ES5 retrieval on Wikipedia 2018. On HotpotQA
(n=1000, gold-claim), moving from the closed
BM25 pool to open Wikipedia retrieval drops the
agent’s Std-Ext EM from 0.306 to 0.109. HALT
responds conservatively: its ALL_MATCH fire rate
falls from 67.6% in Setting A to 6.4% (18.4% for
ANY_MATCH), with population AEM=0pp and
—4% loops.

Rather than a failure mode, the fire rate is
itself a signal: this is verification-aware selec-
tive prediction. On the 6.4% of questions where
ALL_MATCH fires, same-extractor EM is 0.391
versus the 0.109 population baseline: a paired-
bootstrap AEM of +28.2pp [+16.3,+40.3], a

3B extractor 7B extractor

Dataset Full HALT Full HALT
2Wiki 0.184 0.199 0.305 0.300
HotpotQA 0.306 0.297 0.431 0.424
MuSiQue 0.083 0.086 0.120 0.124

Table 5: Extractor robustness. Same Self-Ask 3B tra-
jectories scored with 3B and 7B standardized extrac-
tors; HALT’s gap to FULL stays within 0.7 pp every-
where. MuSiQue is over its 885 valid rows (§B).

3.58x [2.55,4.78] lift. The ANY_MATCH point
still lifts EM by +15.2 pp [+9.4, +21.1] (2.39x)
at 18.4% coverage (seed 13, 1000 iters). HALT
identifies the answerable subset and abstains else-
where. Bamboogle (n=125, generated claims) be-
haves the same way: ALL_MATCH fires on 2.4%
of questions, with EM unchanged on the fired sub-
set and over the population (0.072 — 0.072) —
highly selective, not a total abstention. Details and
a case study are in Appendix E.3.

5.7 Cost and latency overhead

HALT adds verifier calls while avoiding genera-
tor search loops. Raw token accounting is net
positive for HALT on all six arms (net +4,993
to +8,503 raw tokens/query): the verifier’s cheap
parallel-prefill scoring processes more raw tokens
than the expensive sequential decode it avoids. We
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Figure 3: EM-search-loop tradeoff relative to FULL, 3B Self-Ask agent. Each point shows the change in average
search loops and Std-Ext EM against FULL on 1,000 examples per dataset (HALT ALL_MATCH on MuSiQue uses
its 885 valid rows). Lower x means fewer loops, higher y higher EM. The dashed line marks the non-inferiority
margin —e= — 2 pp. Vertical bars show 95% paired-bootstrap CIs for AEM on HALT ALL_MATCH and DRAGIN-

approx.

therefore state our cost claim in search iterations
and wall-clock, not raw tokens. Measured end-to-
end on HotpotQA (n=100, timed replay), FULL
averages 47.40 s/query versus 30.94 s (—35%) for
HALT-gold and 40.62s (—14%) for HALT-gen,
with 95% paired-bootstrap ClIs strictly below zero
in both arms; the verifier is only 5-7% of total
time. Full tables are in Appendix E.4.

6 Analysis

We now test whether HALT stops for the intended
reason: cumulative evidence covers the expected
hop claims. With the fixed-budget comparison in
§5.4, the analyses below check four simpler ex-
planations: a fixed trajectory position, a single
matched hop, page-title overlap, and lexical over-
lap (further diagnostics in Appendix E).

ALL_MATCH VS ANY_MATCH. The conser-
vative ALL_MATCH policy produces a non-
degenerate stopping distribution: on Self-Ask 3B,
ALL_MATCH firings spread over loops 1-3
with a “never” tail, while the permissive
ANY_MATCH fires at loop 1 on 73/77/42% of
2Wiki/HotpotQA/MuSiQue questions (each over
its valid rows) — matching one hop is often easy
on two-hop questions but does not show that all
required hops are covered, and MuSiQue’s lower
rate reflects its longer claim chains. We default
to ALL_MATCH; per-loop distributions are in Ap-
pendix E.

6.1 Does HALT use claim—evidence
alignment?

Three controlled ablations on the same Self-
Ask 3B trajectories test this directly (full table and

protocols in Appendix E.9). Replacing a ques-
tion’s hop claims with another question’s collapses
the ALL_MATCH fire rate (0.591 — 0.034 on
2Wiki, 0.676 — 0.196 on HotpotQA); restoring
only the gold EXPECTED PAGE field recovers lit-
tle (0.034 — 0.105 on 2Wiki); and shuffling word
order within retrieved chunks also collapses firing
(0.676 — 0.077 on HotpotQA). None of the four
simpler explanations survives.

Verifier transfer. Trained only on HotpotQA
discrepancy labels, the same checkpoint reaches
0.940 macro-F1 on a 2Wiki discrepancy set built
the same way (vs. 0.930 on HotpotQA dev), and
its page overlap with the HotpotQA training pages
is low on 2Wiki and MuSiQue — transfer is not ex-
plained by memorized page titles (Appendix A).

7 Conclusion

We presented HALT, a verification-aware stop-
ping policy for retrieval-augmented search agents.
HALT leaves the host agent, retriever, and gen-
erator unchanged, and stops when retrieved evi-
dence covers each expected reasoning hop. Across
multi-hop QA benchmarks, HALT reduces redun-
dant search while largely preserving standardized-
extractor EM. Under open-corpus retrieval shift it
becomes cautious: on HotpotQA its fire rate drops
from 67.6% to 6.4%, and on Bamboogle to 2.4%,
both without EM loss.

The distinction is simple: stopping should ask
not only whether the generator appears ready to
answer, but whether retrieved evidence covers the
question’s reasoning structure. Making this check
per-hop reduces post-coverage search without re-
training the agent or relying on generator confi-
dence.
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Limitations

Scope of the stopping formulation. HALT as-
sumes that the host agent exposes loop-level re-
trieval trajectories and that expected reasoning
hops can be represented as claims. This fits struc-
tured agents such as Self-Ask, but does not di-
rectly cover free-form agent trajectories without
clear hop boundaries. Extending HALT to such
settings would require either runtime hop segmen-
tation or a trajectory-level variant of the claim—
evidence alignment signal. The claim set is also
fixed before search begins; re-generating claims
conditioned on the accumulated evidence is a nat-
ural extension that we leave to future work.

Evaluation scope. Our main statistical claims
are made in Setting A, a controlled closed-pool
retrieval setting designed to isolate stopping from
open-corpus retrieval failure. Setting B provides
an open-corpus stress test, where HALT behaves
conservatively under retrieval shift, but we do not
treat it as the primary efficiency setting. Our
open-corpus selective-prediction analysis more-
over uses gold hop claims as a diagnostic; an open-
corpus evaluation of the deployable generated-
claim condition remains future work. The reported
results should therefore be read as evidence that
evidence-coverage stopping can reduce redundant
search in controlled multi-hop QA, not as a com-
plete deployment study across retrieval backends
and domains.

Scale dependence of the savings. The effi-
ciency gains depend on how much the host agent
over-searches. Our 3B Self-Ask agent rarely halts
on its own—it runs to the search budget on 78—
88% of questions—and HALT removes much of
that redundancy, whereas the 7B agent already
stops natively on nearly all questions, leaving lit-
tle headroom, and HALT’s savings shrink accord-
ingly. We do not read this as evidence that scale re-
moves the need for stopping control: even reward-
trained search agents exhibit over- and under-
search (Wu et al., 2026, 2025), and the small 7B ef-
fect may reflect our verifier under-capturing resid-
ual redundancy rather than its absence. Character-
izing that residual redundancy at larger scales is
future work.

Generality and deployment. The verifier is
trained on HotpotQA discrepancy labels and
reused across datasets and agent scales. Al-
though the transfer and ablation results are en-

couraging, broader evaluation is needed across
languages, domains, agent formats, and claim-
generation methods. In particular, all results
use 3B-7B open-weight backbones (with a cross-
family transfer check on Phi-3.5-mini); frontier-
scale agents, whose search and stopping behav-
ior may differ qualitatively, remain untested. Our
baseline comparisons also include practical ap-
proximations for methods whose original signals
are not directly available in our setup. Finally, our
cost analysis reports measured end-to-end wall-
clock with batched verification on one dataset; a
production deployment would still require mea-
surements under realistic scheduling and serving-
stack constraints.
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A Verifier Details

Discrepancy label construction. Each training
example pairs an expected hop claim c (built from
a HotpotQA supporting-fact title and its associ-
ated sentence) with a candidate evidence sentence
e and receives one of three labels: (i) MATCH if
e is the gold supporting sentence for ¢ and the
supporting-fact title in ¢’s record matches the gold
page; (ii) PARTIAL if e is on the same gold page
as c but is not the gold supporting sentence (topi-
cal overlap without establishing the specific fact);
and (iii) NULL if e is drawn from a benchmark dis-
tractor passage that does not appear in the ques-
tion’s supporting facts. We negative-sample dis-
tractors uniformly from the per-question distractor
pool and balance the three classes by undersam-
pling NULL to match the smaller class count. The
train/dev split is question-disjoint at the HotpotQA
question level, and the same procedure (applied to
2Wiki supporting-fact metadata) yields the cross-
dataset evaluation set used in Table 6.

Architecture and training. The verifier is
a Qwen2.5-3B-Instruct model fine-tuned via
LoRA (Hu et al.,, 2022) to emit one of the
three label strings; at inference each label
is scored by its length-normalized token log-
probability and the argmax is predicted (no sep-
arate classification head; §3.3). We use rank
r=16, a=32, dropout 0.05, and target modules
{q,k,v, 0, gate,up, down} ;. The training data is
a question-disjoint balanced subset of HotpotQA
discrepancy labels (9,626 training rows / 2,374
dev rows over MATCH/PARTIAL/NULL). We train
for 1,000 steps with paged AdamW (8-bit), learn-
ing rate 2x107%, per-device batch size 1, and
4-bit NF4 quantization with double quantization
and bf16 compute. The held-out dev macro-F1 is
0.9304.

We run input-component ablations on the held-
out HotpotQA dev split. Masking the answer
surface drops macro-F1 by only 0.002, suggest-
ing that the verifier is not relying on answer-
string matching. Dropping the EXPECTED PAGE
field drops macro-F1 by 0.176; dropping the EX-
PECTED HOP CLAIM field drops macro-F1 by
0.218; and lowercasing only the evidence sentence
drops macro-F1 by 0.009. The expected claim is
therefore the most load-bearing input component,
with page information contributing additional sig-
nal.

Cross-dataset verifier macro-F1. The verifier
is trained on HotpotQA discrepancy labels only.
To test label-level transfer, we evaluate the same
checkpoint on a 2Wiki discrepancy-label set con-
structed with the same procedure (7,003 rows over
the same three labels). MuSiQue does not ship
supporting-fact metadata in our gold file, so we
cannot build a directly comparable label set for it.

Eval split Acc. Macro-F1
HotpotQA dev (n=2374, in-dom.) 0.946 0.930
2Wiki dev (n=7003, cross-dset) 0.942 0.940

Table 6: Cross-dataset verifier classification quality.
The HotpotQA-trained verifier transfers to the 2Wiki
label set at macro-F1 0.940, essentially matching the
in-domain 0.930.

Page-overlap diagnostic. A possible concern
is that the strong 2Wiki transfer could be ex-
plained by Wikipedia-page memorization rather
than claim—evidence matching. We therefore mea-
sure page overlap between HotpotQA verifier-
training pages and evaluation supporting-fact
pages. From the HotpotQA SFT data (~ 12K ex-
amples), we extract the set of unique “Expected
page” / “Evidence page” titles (n=12,070) and
compute overlap for each evaluation set.

Page overlap Any-pgQ All-pgQ

85.1% 36.8%
5.6% 0.4%
3.3% 0.8%

Eval set

HotpotQA (n=1000) 1198/1976 (60.6%)
2Wiki (n=1000) 53/2343 (2.3%)
MuSiQue (n=911) 10/950 (1.1%)

Table 7: Page-level overlap between HotpotQA verifier-
training pages and evaluation supporting-fact pages.
Cross-dataset evaluation pages are almost disjoint from
the verifier-training pages, especially under the all-
page question-level criterion. The m in each row
label is the number of evaluation questions with
extractable supporting-fact page metadata (89/1000
MuSiQue questions lack this metadata and are ex-
cluded); the “Page overlap” fraction’s denominator is
instead the number of unique evaluation pages pooled
across those questions (950 for MuSiQue), not a per-
question count, so it need not match n.

Bidirectional cross-training
(2Wiki—HotpotQA). The HotpotQA-trained
verifier obtains macro-F1 0.940 on 2Wiki, slightly
above its in-domain 0.930. To check whether
this asymmetry comes from an easier 2Wiki label
distribution, we train the same LoRA verifier from
scratch on 2Wiki SFT data and evaluate both in-
domain and cross-domain. The 2Wiki-trained run
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Cross-dataset verifier confidence on 2Wiki dev (HotpotQA-trained)
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Figure 4:

class; y-scales are independent per panel.

uses 100 training steps, with otherwise identical
hyperparameters.

Train set Eval set Acc. Macro-F1
HotpotQA SFT HotpotQA (in-dom.) 0.946 0.930
HotpotQA SFT 2Wiki (cross) 0.942 0.940
2Wiki SFT 2Wiki (in-dom.) 0.914 0911
2Wiki SFT HotpotQA (cross) 0.860 0.859

Table 8: Bidirectional cross-training of the LoRA ver-
ifier. The 2Wiki-trained verifier drops 5.2 pp macro-
F1 on HotpotQA, while the reverse direction shows no
drop.

Verifier confidence on cross-dataset transfer.
Figure 4 shows the verifier’s softmax probability
of the gold label on the 2Wiki cross-dataset evalua-
tion. The Null class is near-saturated (mean 0.99);
Match and Partial are less certain (mean 0.71 and
0.75) and form the main error boundary.

B Per-cell Statistical Test

NI margin choice. The non-inferiority margin
€ = 0.02 (2pp) used in §3.4 is fixed in absolute
EM points rather than relative to each dataset’s
baseline EM. This keeps the decision rule identical
across datasets. It is also conservative on low-EM
datasets: for MuSiQue, where the baseline EM
is around 0.07, a 2pp margin is a large relative
change. We also pre-specify a 25% per-question
stop-loop divergence target for the V-SIMRAG
comparison; the corresponding divergence sum-
mary appears below.

MuSiQue  denominator. In  the  gold-
claim condition, 115 of the 1,000 sampled
MuSiQue questions yield no atomic hop claims
(skip_reason: no_claims) and carry no verifier

P(Partial | input)

T y T T T T T T
0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
P(Null | input)

Cross-dataset verifier confidence on 2Wiki dev (n=7003). Histograms show P(gold label) for each

trajectory at all. They are excluded from both
numerator and denominator, so every MuSiQue
gold-claim point estimate and test in this paper is
reported over the remaining n=885 valid rows;
the generated-claim condition always produces
at least one claim and stays at n=1000, and
2Wiki and HotpotQA have no such rows in either
condition. The excluded rows contribute exactly
zero signal to the comparison (EM 0.000 and F1
0.042 under both FULL and HALT, hence A=0
on every endpoint), so retaining them would move
the level columns by about 1pp while leaving
the A columns and every verdict unchanged.
Separately, the MuSiQue n=1000 evaluation slice
contains only 911 unique question ids, because
89 questions were sampled and scored twice;
paired statistics therefore pair rows positionally
rather than by question id, which is exact because
every MuSiQue artifact shares the same row order.
Finally, the valid-row set is determined per run
by whether claim generation returns claims for
a question, so its exact membership can differ
slightly between runs: the original 7B gold-claim
run yields 105 distinct no-claims questions and
its forced-continuation counterpart 106, and this
is not a single flip — 11 questions are skips only
in the forced run and 10 only in the original.
We therefore treat the valid-row set as a per-run
property of the artifact being analysed rather than
as a fixed subset of MuSiQue.

B.1 3B Family (Holm m=12)

Paired-binary robustness. Since EM is binary
at the question level, we additionally compute
Newcombe hybrid-score Cls for the paired pro-
portion difference and exact two-sided McNemar
tests on discordant pairs. These tests use the
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Cell AEM 95% CIEM pnxi Aloops pgp Pass

2Wiki gen 40.003 [—0.007,4-0.013] 0.000 —0.953 0.000 PASS
2Wiki gold 40.015 [+0.002,40.028] 0.000 —2.053 0.000 PASS
HotpotQA gen —0.001 [—0.013,40.011] 0.001 —1.012 0.000 PASS
HotpotQA gold —0.009 [—0.026, +0.008] 0.095 —2.557 0.000 FAIL
MuSiQue gen  —0.001 [—0.003,4-0.000] 0.000 —0.115 0.000 PASS
MuSiQue gold +0.003 [—0.006, 4-0.012] 0.000 —1.089 0.000 PASS

Table 9: 3B family non-inferiority + superiority test,
e=2pp, Holm m=12. PASS requires rejection on both
endpoints. The single failing cell is HotpotQA gold,
whose EM CI crosses —¢.

same per-question EM outcomes as Table 9. The
Newcombe NI decisions exactly match the paired-
bootstrap NI decisions; the only EM-NI failure re-
mains HotpotQA gold. McNemar is an equality
test rather than a non-inferiority test, so we report
it as a direction-of-change diagnostic rather than
as the decision rule.

Cell Full-only HALT-only AEM Boot CI Newcombe CI McNemar p
2Wiki gen 11 14 40.3 [-0.7,+1.3] [—0.7,+1.3] 0.690
2Wiki gold 15 30 +1.5 [+0.2,+2.8] [+0.2,+2.8] 0.036
HotpotQA gen 17 16 —0.1 [-1.3,+1.1] [~1.2,+1.0] 1.000
HotpotQA gold 40 31 —0.9 [-2.6,+0.8] [~2.6,+0.8] 0.342
MuSiQue gen 1 0 —0.1 [—0.3,+0.0] [-0.5,+0.3] 1.000
MuSiQue gold 6 9 +0.3 [—0.6,+1.2] [-0.6,+1.3] 0.607

Table 10: Paired-binary robustness checks for 3B
EM. Full-only and HALT-only are discordant question
counts. ClIs are in percentage points for AEM =
EMpgarr — EMgy.. Newcombe non-inferiority at
=2 pp gives the same PASS/FAIL pattern as the boot-
strap CI in Table 9.

B.2 7B Family (Holm m=6)

Table 11 repeats the test for the 7B agent, where
the family is the three gold-claim cells on both end-
points.

Cell n  AEM Rej. NI? Rej. loops?
2Wiki 7B 1000 +0.006 v v
HotpotQA 7B 1000 —0.005 v v
MuSiQue 7B 1000 —0.002 v v

Table 11: 7B family non-inferiority + superiority test,
e=2pp, Holm m=6. All three cells pass both end-
points.

B.3 7B-Extractor Family

We repeat the standardized-extractor evaluation
with Qwen2.5-7B-Instruct on the same Self-Ask
3B trajectories. The point estimates are the same
as Table 5; we report them as a robustness check
rather than as a separate formal NI family.

Cell n  AEM A loops
2Wiki 7B-ext 1000 —0.005 —2.053
HotpotQA 7B-ext 1000 —0.007 —2.557
MuSiQue 7B-ext 885 +0.004 —1.089

Table 12: Point-estimate changes under the stronger
standardized extractor used in Table 5. All EM changes
are within £0.7 pp.

B.4 DRAGIN-Approx (Holm m=3)

The DRAGIN-approx point-estimate AEM falls
within e=2 pp on all three datasets (§5.4). We ap-
ply the same paired-bootstrap NI test under Holm
m=3 to check whether these point estimates im-
ply formal non-inferiority. They do not: all three
95% CIs cross —¢.

Cell AEM 95% CIEM pni Aloops psyy Pass

2Wiki +0.001 [—0.023,+40.024] 0.101 —2.388 0.000 FAIL
HotpotQA —0.004 [—0.033,4-0.024] 0.161 —2.841 0.000 FAIL
MuSiQue —0.001 [—0.021,+0.019] 0.078 —2.144 0.000 FAIL

Table 13: DRAGIN-approx vs FULL paired NI + superi-
ority, e=2 pp, Holm m=3. All three datasets pass loop
superiority but fail EM non-inferiority because the 95%
CI for AEM crosses —¢.

B.5 Stop-Loop Divergence from V-SIMRAG

Table 14 reports the per-question stop-loop diver-
gence against the 25% pre-analysis target quoted
in §5.4.

Dataset Divergence Target
2Wiki 56.6%  25%
HotpotQA 66.2%  25%
MuSiQue 277%  25%

Table 14: Per-question stop-loop divergence between
HALT ALL_MATCH and V-SIMRAG. All datasets ex-
ceed the pre-analysis target, supporting the claim that
per-hop claim—evidence verification is distinct from the
generic sufficiency critic.

C Hop Claim Construction Details

Claim record schema. Gold and generated
claims use the same record schema; only the
source of the fields differs. Each record contains a
supporting page title (gold) or LLM-generated
target_entity, an expected_target string, a
role field (bridge_title vs. answer_node), an
answer_type field, and an expected_claim. In
the gold condition, K equals the number of dis-
tinct supporting titles. In the generated condition,
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K equals the length of the parsed JSON list. The
verifier sees the same input schema in both cases:
question, expected_target (the hop claim’s pre-
dicted target entity, not the question’s gold an-
swer), expected hop claim, expected page/target
fields, evidence page, and evidence sentence.

No gold-answer leakage at test time. The ver-
ifier’s expected_target field is the per-hop tar-
get entity carried in the claim record, not the
question’s gold answer. In the gold-claim con-
dition this string is derived from supporting-fact
metadata for the corresponding hop (e.g. the
bridge title); in the generated-claim condition it
is the expected_target produced by the LLM-
generated claim list (§C). The question-level gold
answer is never an input. Consistent with this,
masking the expected_target string at evalua-
tion time drops verifier macro-F1 by only 0.002
(§A), confirming the verifier does not rely on
answer-string matching even when the field con-
tains a label-bearing entity.

Generation prompt. Generated claims are pro-
duced by zero-shot prompting Qwen2.5-3B-
Instruct with the question and the instruction:

For the multi-hop question below, list the en-
tities or facts that must be retrieved in order
to answer it. Each item should identify a tar-
get entity, what role it plays in the question
(bridge title, intermediate entity, or final an-
swer node), and what the retrieved evidence
should establish about it. Output a JSON list
with fields target_entity, expected_target,
target_role, answer_type, expected_claim.

We do not provide in-context examples. If JSON
parsing fails, we fall back to a single hop claim
constructed from the question and the LLM’s first
sentence.

Number of claims K. On 2Wiki generated
claims, K=2 for 986 questions, K=3 for 10,
K =4 for 3, and K=5 for 1. On HotpotQA gen-
erated claims, K =1 for 1, K=2 for 992, K =3 for
6, and K=4 for 1. The two-hop majority reflects
the structure of both benchmarks.

Quality vs gold. Treating each question’s gold
supporting-fact titles as target entities, generated-
claim target-entity overlap yields F1=0.701 on
2Wiki and F7=0.455 on HotpotQA. We also track
a NO_MATCH bucket where none of the generated
target entities overlaps any gold title. HALT’s fire
rate in this bucket is 0% on both datasets, indicat-

ing that poor generated claims reduce firing rather
than inducing spurious stops.

Generation cost. Each question’s generated
claims require one < 256-token LLM call before
the search loop starts. In our implementation this
adds approximately 0.4 s per question and is in-
cluded in the cost profile (§5.7).

D Reproducibility Details

Hardware and software. All experiments run
under Python 3.12 with PyTorch 2.7, Trans-
formers 4.53, sentence-transformers 5.0, and
datasets 4.0 on a workstation with two
RTX 3090 (24 GB) and one RTX 4090 (24 GB)
GPU. The 3B agent and verifier each fit on a sin-
gle 24 GB GPU; the 7B agent is sharded across
two 24 GB GPUs. The Setting B FAISS in-
dex is memory-mapped from host RAM, mak-
ing dense retrieval CPU-RAM-bound rather than
GPU-bound. All experiments use random seed 13.

D.1 Baseline Reproduction

All baseline controls in Table 4 operate on the
same Self-Ask 3B trajectories as HALT whenever
applicable, so loop counts and EM are directly
comparable.

V-StopRAG. V-StopRAG is implemented as a
Qwen2.5-1.5B-Instruct backbone with a 2-way
classification head over trajectory states. A state
is labeled positive if adding more loops does not
improve EM on the full trajectory. We train two
configurations: a combined-3 model pooled across
HotpotQA, 2Wiki, and MuSiQue, and a 2Wiki-
only specialist. Both use 2 epochs, learning rate
104, paged AdamW, 4-bit NF4 quantization, max
input length 2048, and inference threshold 7=0.5.
The model fires if P(stop | state) > 7 at any loop.

V-SIMRAG. V-SIMRAG uses the same back-
bone and training recipe as V-StopRAG, but its in-
put additionally includes the current sub-question
and the agent’s loop-level intermediate answer.
The positive class is whether the current question,
cumulative evidence, and intermediate answer are
sufficient to answer the original question.

FLARE. We reproduce the public FLARE con-
trol: the generator emits a sentence, and if any to-
ken in that sentence has probability below 5=0.4,
retrieval is triggered using the partial sentence as
the query. We use Qwen2.5-3B-Instruct, top-K=3
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sentences per retrieval, a maximum of 8 generated
sentences per question, 64 new tokens per sen-
tence, 4-bit NF4 quantization, and seed 13.

FLARE [-sweep robustness (n=1000). Be-
cause [ controls how aggressively FLARE re-
trieves, the comparison in Table 4 could be sen-
sitive to that single choice. We therefore re-
run FLARE at three confidence thresholds 5 €
{0.3,0.4,0.5} on all three datasets and report
standardized-extractor EM in Table 15. EM in-
creases monotonically with S on every dataset,
confirming that FLARE trades search depth for ac-
curacy. Even at the most retrieval-heavy setting
(8=0.5), FLARE remains below the Self-Ask Full
reference on HotpotQA (—3.8 pp) and MuSiQue
(—0.6 pp). On 2Wiki the two are statistically tied
(+0.3 pp), and at this setting FLARE issues fewer
retrieval loops than HALT on that dataset (2.02 vs
4.56 in the generated-claim condition). FLARE’s
cost is therefore not search depth but the inter-
face it requires and the accuracy it gives up: it
monitors per-token generation confidence and re-
generates the current sentence whenever retrieval
is triggered, which presumes white-box access to
the generator’s token probabilities, and its EM is
dataset-fragile — as the rows above show, no sin-
gle 3 preserves EM on all three datasets. We there-
fore keep FLARE as an adaptive-retrieval control
rather than as a substitute for the verifier stopping
signal.

163 2Wiki HotpotQA MuSiQue Avg.
0.3 0.179 0.210 0.037 0.142
0.4 (main) 0.181 0.243 0.044 0.156
0.5 0.185 0.268 0.070 0.174
Self-Ask Full ref. 0.182 0.306 0.076 0.188
Table 15: FLARE standardized-extractor EM at

n=1000 for 5 € {0.3,0.4,0.5}. EM rises with 5 on
every dataset, but FLARE remains below Self-Ask Full
on HotpotQA and MuSiQue at all three thresholds.

DRAGIN approximation. DRAGIN’s original
RIND signal depends on token-level attention
statistics (Su et al., 2024). Because those hooks
are not available in our setup, DRAGIN-approx
uses the FLARE interface with a higher retrieval
threshold, 8=0.6. We treat it as an adaptive-
retrieval reference rather than as an exact reproduc-
tion of DRAGIN.

HALT OR V-StopRAG. The OR ensemble
stops at the first loop where either HALT
ALL_MATCH or V-StopRAG fires. It is included
only as a redundancy check for the stop signals.

D.2 Setting B Retrieval Details

Setting B replaces Setting A’s per-question BM25
distractor pool with dense retrieval over the full
Wikipedia 2018 corpus. The agent policy, genera-
tor, and verifier are otherwise unchanged.

* Corpus. FlashRAG Wikipedia 2018 snap-
shot (Petroni et al., 2021) (~ 7.9M passages
after segmentation).

* Query encoder. intfloat/e5-base-v2
(Wang et al., 2022) with the standard “query:”
prefix.

* Index.  FAISS IndexFlat exact inner-
product search, memory-mapped from the
prebuilt wiki18_e5. index.

* Retrieval. Top- K =3 passages per follow-up
query, with up to 12 sentences per passage
after sentence segmentation.

* Agent. Self-Ask Qwen2.5-3B-Instruct, 4-bit
NF4 quantization, max 8 loops, max 80 new
tokens per follow-up, seed 13.

* Devices. QA generator on cuda:9, E5 en-
coder on cuda:1; FAISS search is CPU-
RAM-bound.

Bamboogle uses the same retrieval stack and
LLM-generated hop claims, because it does not
provide gold supporting-fact metadata.

D.3 Standardized Extractor

To compare retrieval-side stopping policies un-
der a common answer head, we evaluate every
stopping policy with a frozen standardized extrac-
tor (Std-Ext) that takes the cumulative retrieved
chunks at the stop loop and emits a short-form
answer. The 3B Std-Ext is Qwen2.5-3B-Instruct;
the stronger extractor used in §5.5 is Qwen2.5-7B-
Instruct. Both run with 4-bit NF4 quantization.

Prompt template. A two-turn chat with the sys-
tem instruction “You are a concise QA assistant.
Output only the answer, no extra words.” The user
turn is:
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You will read evidence and answer a
question concisely.

Evidence:
<concatenated retrieved chunk text>

Question: <original question>
Answer (concise, no explanation):

Decoding. We use greedy decoding, 48 new to-
kens, and max input length 4,000 tokens. If the
chat-templated prompt exceeds the input budget,
we truncate only the evidence block; the system
prompt, question, and answer cue are preserved.

Why standardize. Without a fixed extractor,
EM-vs-loops comparisons are confounded by each
agent’s native answer head. On a 2Wiki n=200 di-
agnostic, FLARE and DRAGIN-approx have near-
zero native EM but Std-Ext EM of 0.135 and
0.145, respectively. The standardized extractor
therefore compares stopping policies by the an-
swerability of their retrieved chunks rather than by
implementation-specific answer formatting.

E Extended Results and Robustness

This appendix collects auxiliary analyses that sup-
port the Results and Analysis sections.

E.1 Fixed-budget baseline

A simple alternative to learned stopping is to trun-
cate every trajectory at a fixed loop budget. We
compare fixed budgets against HALT on the same
Self-Ask 3B trajectories in the generated-claim
condition.

Policy 2Wiki HotpotQA MuSiQue

fix=3 0.184 0.294 0.066

EM fix=5 0.187 0.309 0.076
Full 0.182 0.306 0.076
HALT ALL_MATCH 0.185 0.305 0.075

fix=3 3.00 3.00 3.00

looDs fix=5 5.00 5.00 5.00
P Full 5.52 5.71 5.52
HALT ALL_MATCH 4.56 4.69 5.40

Table 16: Fixed-budget baseline on Self-Ask 3B,
generated-claim condition. Fixed budgets occasionally
match HALT but apply a uniform cutoff and do not test
evidence sufficiency per question.

E.2 Operating-point sensitivity
Baseline threshold sweep. V-StopRAG and V-
SIMRAG use a binary stop classifier with de-

fault threshold 7=0.5. On our trajectories this de-
fault rarely fires (V-StopRAG < 1%, V-SIMRAG

< 1.4% across datasets). We therefore re-
threshold cached per-loop stop probabilities at 7 €
{0.05,0.10,0.15,0.20,0.30,0.50}.

Method 7 Fire Avg.stop EM
Baselines (2Wiki, Self-Ask 3B)

V-StopRAG  0.05 0.98 1.76 0.161
V-StopRAG  0.10 0.80 3.02 0.188
V-StopRAG 020 0.32 4.75 0.186
V-StopRAG  0.50 0.01 549 0.182
V-SIMRAG 0.05 0.98 1.58 0.158
V-SIMRAG 0.10 0.83 298 0.175
V-SIMRAG 0.20 0.31 4.82 0.182
V-SIMRAG 0.50 0.00 5.51 0.182

HALT (match-logit margin, same trajectories)

HALT 7=-2 — 0.895 1.85 0.183
HALT 7=-1 — 0.758 2.65 0.196
HALT 7=0 — 0.59%4 3.44 0.195
HALT =1 — 0.149 5.03 0.186
HALT 7=2 — 0.020 545 0.182

Table 17: Operating-point sweep on 2Wiki. HALT
stays on the loop-vs-EM frontier over a broad range
of match-logit thresholds, whereas aggressive V-
StopRAG/V-SIMRAG thresholds shorten trajectories
with larger EM loss.

HALT threshold robustness. For
HALT, Match is decided when Matchy, —
max (Partialy,, Nully,) > 7. On 2Wiki, sweeping
T € {-2,-1,0,1,2} shifts the average stop
loop from 1.85 to 5.45, while EM remains in
[0.182,0.196]. The default 7=0 operating point is
therefore inside a relatively flat region of the EM
curve. MuSiQue sweep statistics use the 885 valid
rows (§B); the corresponding MuSiQue sweep is
in Table 18 and shows the same flat-EM pattern
between 7=0 and 7=+2.

Method T Fire Avg.stop EM
HALT -2 0.660 2.90 0.053
HALT -1 0.520 3.57 0.073
HALT —0.5 0425 3.98 0.078
HALT 0 0.298 4.44 0.086
HALT +40.5 0.162 496 0.087
HALT +1 0.075 5.29 0.088
HALT +2 0.016 5.50 0.087
Table 18: HALT match-logit threshold sweep on

MuSiQue, Self-Ask 3B gold-claim condition, over the
n=885 valid rows. Lowering 7 makes the verifier fire
earlier and saves loops at a steadily increasing EM cost;
the default 7=0 sits at the knee.

Sweep-vs-primary residual. The 7 sweep re-
derives stop decisions by re-thresholding cached
per-claim match margins rather than re-running
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Figure 5: Operating-point sweep across all three datasets, Self-Ask 3B. V-StopRAG and V-SIMRAG are swept
by post-hoc re-thresholding cached stop probabilities. HALT sweeps the verifier match-logit margin. FULL is the

upper-right reference point.

the verifier end-to-end, so it does not reproduce
the primary pipeline’s decisions exactly. At the
default 7=0 the residual against Table 1 is at most
1.8 points of fire rate, 0.03 loops, and 0.7 pp of EM
across all three datasets: 0.594 vs 0.591 fire and
0.195 vs 0.199 EM on 2Wiki, 0.658 vs 0.676 and
0.290 vs 0.297 on HotpotQA (the largest gap), and
0.298 vs 0.294 and 0.0859 vs 0.0859 on MuSiQue.
We therefore read the sweep as characterising the
shape of the loop—EM frontier, with Table 1’s 7=0
values as the reported operating point.

E.3 Setting B pilot details

The Setting B pilot uses Self-Ask 3B over the
FlashRAG Wikipedia 2018 corpus (~ 7.9M pas-
sages) (Petroni et al., 2021), dense E5-base-v2 re-
trieval (Wang et al., 2022), and a FAISS index
(§D.2). We focus on HotpotQA and Bamboogle
because both are sourced from English Wikipedia;
using 2Wiki or MuSiQue with this corpus would
mix open-corpus retrieval failure with snapshot
mismatch.

The open-corpus pilot  supports the
conservative-firing interpretation. On Hot-
potQA, replacing the closed distractor pool with
dense Wikipedia retrieval sharply lowers the un-
derlying retrieval-and-answering quality (Native
EM 0.292—0.115). The verifier responds by
firing on only 6.4% of questions for ALL_MATCH
(vs 67.6% in Setting A), yet this conservative
regime still trims average loops by —4% with
AEM = 0.0 pp—i.e., HALT remains lossless
under open-corpus retrieval, simply because it
abstains from stopping when the verifier cannot
confirm sufficiency.

Metric HotpotQA A (n=1k) HotpotQA B (n=1k) Bamboogle B (n=125)
Native EM (agent) 0.292 0.115 0.112
Full Std-Ext EM 0.306 0.109 0.072
HALT ALL_MATCH EM 0.297 0.109 0.072
AEM (pp) —0.9 0.0 0.0
Full loops 5.71 4.12 3.34
HALT ALL_MATCH loops 3.15 3.96 3.31
A loops —45% —4% —0.7%
Fire rate ALL_MATCH 0.676 0.064 0.024

Table 19: Setting B pilot (n=1000 on HotpotQA,
n=125 on Bamboogle). HotpotQA B shows the effect
of swapping the closed BM25 distractor pool for dense
Wikipedia 2018 retrieval: underlying EM drops sharply
(0.292—0.115), but HALT remains lossless (AEM =
0.0 pp) while still trimming loops by —4%. The two
Setting B columns share the retrieval stack and chunk-
ing configuration of §D.2, but not their claim source:
HotpotQA B is the gold-claim diagnostic condition,
whereas Bamboogle supplies no gold supporting-fact
metadata and is necessarily run with LLM-generated
hop claims. The Bamboogle column is therefore not a
like-for-like comparison with the HotpotQA columns.
Bamboogle Setting B passages are single sentences,
so the per-chunk sentence cap never binds (at most
three qualifying sentences across all chunks). On Bam-
boogle HALT fires on 2.4% of questions, trimming
loops by —0.7% with AEM = 0.0 pp.

Per-question case study (HotpotQA, Set-
ting B). We further audit the 64 questions
where ALL_MATCH fires. Among them, the
agent-extracted EM at the HALT-stop loop is
0.391 versus 0.359 at the end of the full trajectory:
stopping early is not merely safe but 3.1 pp bet-
ter on the fired subset. The selection mechanism
is sharply precision-oriented: fired-subset EM is
3.58x [2.55,4.78] the same-extractor population
baseline of 0.109 (paired-bootstrap 95% CI, seed
13, 1000 iters; AEM=+28.2pp [+16.3,+40.3]),
while the 936 not-fired questions have a much
lower end-of-trajectory EM of 0.092, showing

7215



2Wiki (n =1000)

HotpotQA (n=1000)

MuSiQue (n = 885)

E any_match
w 607 3 all_match 60 -
C
e
0
0 407 40 1
o]
o
X 20 - 20 A
0 e e e 0
RV AV ANV EVEVEN NN KRN N
(2 (2
< <
Stop loop

I any_match
3 all_match 60 1

E any_match
3 all_match

Stop loop

40 A
20 A

e 0-

FOENE GOV OTOED D
&

Stop loop

Figure 6: Per-loop HALT fire rate on Self-Ask 3B. ALL_MATCH spreads across early loops with a “never” tail,
while ANY_MATCH concentrates at loop 1. Each panel is over its dataset’s valid rows, so MuSiQue is over 885
(§B); the “never” bin therefore counts only questions the verifier declined to fire on, not questions with no claims

to verify.

HALT abstains exactly where the agent is unlikely
to be correct anyway. The more permissive
ANY_MATCH operating point (18.4% coverage)
gives a smaller but still significant lift, +15.2 pp
[+9.4,4+21.1] (2.39%). The per-question break-
down at the ALL_MATCH operating point gives 7
wrong—correct switches and 5 correct—wrong,
yielding a net +0.20 pp population EM shift that
rounds to O at three decimals. We treat this as
evidence that HALT’s open-corpus behaviour
is a graceful-degradation feature rather than a
limitation: under retrieval distribution shift, the
verifier defaults to abstention but retains a usable,
conservative firing surface that identifies the
answerable subset (verification-aware selective
prediction) without a population accuracy penalty.
This Setting B result uses gold hop claims; we
report it as a gold-claim diagnostic of open-corpus
behavior, not as a deployable open-corpus result.

Bamboogle (n=125, generated claims) repro-
duces the same selective pattern on a smaller
sample. ALL_MATCH fires on 3/125 questions
(2.4%); on that fired subset EM is 0.333 both at
the HALT stop loop and at the end of the full tra-
jectory, and over the population EM is unchanged
(0.072 — 0.072, F1 0.1206 — 0.1193) while av-
erage loops fall from 3.336 to 3.312. The more
permissive ANY_MATCH operating point fires on
13/125 (10.4%) and saves more search (3.336 —
3.168 loops, —5.0%), but costs EM on its fired sub-
set (0.308 — 0.231, one question lost) and over
the population (0.072 — 0.064) — the same or-
dering between the two policies seen in Setting A.
Loop savings are small in absolute terms because

the Bamboogle trajectories are short to begin with.

E.4 Cost and latency profile

HALT adds sentence-level verifier calls and avoids
generator search loops. Table 20 reports the
verifier-side wall-clock in our implementation; Ta-
ble 22 below reports measured end-to-end wall-
clock, and Table 21 reports the corrected raw-
token accounting.

Setting Aloops Ver. calls/q Ver. time*
Self-Ask 3B 2Wiki —2.05 9.7 4.16s
Self-Ask 3B HotpotQA —2.56 8.6 3.81s
Self-Ask 3B MuSiQue —1.09 12.03 5.925s

Table 20: Verifier-side cost profile for ALL_MATCH
at 3B scale, gold-claim condition. * Qwen2.5-3B +
LoRA, unbatched wall-clock.

Raw token accounting is net positive for HALT.
A naive token count is the wrong cost met-
ric, but we report it for completeness. Us-
ing the exact Qwen2.5-3B-Instruct tokenizer
against the cached agent transcripts, Table 21
gives the corrected six-arm accounting (3 datasets
x gold/generated claims). HALT’s verifier calls
process more raw tokens than the generator de-
coding they avoid, on every arm: net raw to-
kens/query range from +4,993 (HotpotQA gold)
to +8,503 (MuSiQue generated). We state this
plainly: HALT’s efficiency claim is about search
iterations and measured wall-clock, not raw to-
ken count. The verifier’s tokens are cheap parallel-
prefill scoring calls, while the generator tokens it
avoids are expensive sequential decode steps un-
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der repeated full re-prefill; the batched per-query
latency (rightmost column, at a measured 116 ms
per batch-8 claim—evidence pair) remains favor-
able throughout.

MuSiQue skip-row correction. MuSiQue gold
has 115/1000 rows with no atomic claims to verify
(skip_reason: no_claims), which carry no loop
or verifier-call fields. Averaging by dividing the
sum over the 885 valid rows by the full n=1000
silently treats the 115 skip rows as zero-loop, zero-
verifier-call rows in the denominator, biasing every
MuSiQue gold average low; we use the valid-row
denominator (n=885) throughout this appendix
and in Table 1.

Measured end-to-end wall-clock. Table 20’s
verifier-time column and Table 21’s batched-
latency column isolate verifier-side cost, but the
actual question is whether HALT saves wall-clock
once the avoided generator loops are accounted for.
We measure this directly rather than estimating it.
Using timed replay decomposition on HotpotQA
(n=100, Setting A, Self-Ask 3B, greedy decod-
ing so loop counts are deterministic and match the
cached trajectories 100/100), we run the agent live
with per-loop timestamps, apply the cached HALT
stop loops, reconstruct claim—evidence pairs of-
fline (validated 100/100 against cached verifier
calls), and score them live with the batched (B<8)
verifier.

E.5 Per-loop fire-rate distribution

On 2Wiki, ALL_MATCH firings spread over loops
1-3 with a long “never” tail (41%). HotpotQA is
similarly multi-modal (L1 25%, L2 29%, never
32%). MuSiQue has a lower overall fire rate
(0.294 over its 885 valid rows, versus 0.591 and
0.676), but its fired cases still span loops 1-3. By
contrast, ANY_MATCH fires at loop 1 on 73% of
2Wiki, 77% of HotpotQA and 42% of MuSiQue
questions.

E.6 When does HALT help?

Controlled distractor dose. As a diagnostic for
distractor contamination, we vary the number of
distractor passages per question on HotpotQA at
n=200. At 1, 5, and 7 distractors, AEM for
HALT ALL_MATCH minus FULL is +0.5, +0.5,
and +2.0 pp. The direction is consistent with the
hypothesis that avoiding extra post-coverage con-
text can help, but the absolute effect is small. We

therefore treat this as secondary diagnostic evi-
dence rather than as the main mechanism argu-
ment.

MuSiQue floor subset. On MuSiQue, the low
absolute EM baseline makes aggregate changes
small. We split questions by whether FULL is
correct under the standardized extractor. In the
FULL-correct subset (n=73), ALL_MATCH fires
on 51% of questions with safe-stop rate 84%. In
the FULL-incorrect subset (n=927), ALL_MATCH
fires on 27% of questions with safe-stop rate 96%.
The overall AEM=+0.3 pp is therefore the net ef-
fect of a small number of correct—incorrect and
incorrect—correct changes, rather than a system-
atic floor-effect artifact.

E.7 K sensitivity and lexical-overlap checks

Truncating to a single hop claim (K=1) drops
the ALL_MATCH fire rate from 0.591 to 0.493 on
2Wiki, from 0.676 to 0.395 on HotpotQA, and
from 0.260 to 0.133 on MuSiQue. The drop is
larger on datasets with longer or more decisive
later-hop structure. This supports the main anal-
ysis: second-and-later hop claims affect whether
HALT fires, not merely when it fires.

E.8 Stronger-extractor robustness:
supplementary detail

Table 5 reports the main stronger-extractor result.
Two additional observations are useful. First, the
standardized extractor is important for compar-
ing adaptive controls: on a 2Wiki n=200 diag-
nostic, FLARE has native EM 0.000 but Std-Ext
EM 0.135, while DRAGIN-approx has native EM
0.000 and Std-Ext EM 0.145. Second, the Hot-
potQA AEM under the 7B extractor narrows from
—2.2pp at n=500 to —0.7 pp at n=1000, indicat-
ing that the earlier larger gap was within sampling
variability.

E.9 Verifier ablation details

Table 23 reports the three controlled ablations sum-
marized in §6.1, run on the same Self-Ask 3B tra-
jectories.

(a) Random hop claim. We replace each ques-
tion’s expected hop claims with claims from a dif-
ferent question. The ALL_MATCH fire rate col-
lapses (0.591 — 0.034 on 2Wiki, 0.676 — 0.196
on HotpotQA, 0.260 — 0.018 on MuSiQue): the
verifier rarely fires when the expected claim is un-
related to the retrieved evidence.
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Dataset Claims n  Aloops Ver. calls/q Gen. out. tok saved/q Ver. tok processed/q Net raw tok/q (ver — saved) Batched latency/q
HotpotQA  gold 1000 —2.56 8.58 98 5,092 +4,993 1.00s
HotpotQA  gen 1000 —1.01 10.98 39 6,518 +6,479 1.27s
2WikiMQA gold 1000 —2.05 9.66 66 5,735 +5,669 1.125s
2WikiMQA gen 1000 —0.95 10.31 31 6,122 +6,092 1.20s
MuSiQue  gold 885 —1.09 12.03 41 7,142 47,101 1.40s
MuSiQue  gen 1000 —0.11 14.33 4 8,507 +8,503 1.66s

Table 21: Corrected six-arm token accounting. Generator output tokens/loop extracted verbatim from persisted
transcripts (Qwen2.5-3B tokenizer, exact match against tool_trace length on 5,705/5,517/5,516 loops for hot-
pot/2wiki/musique). Verifier prompt length uses the measured mean 197.86 tokens/call (n=128 distinct prompts,
min 171/max 246), x3 for the 3-way label forward pass. MuSiQue gold is reported over its 885 valid rows
(115/1000 rows have no atomic claims to verify and are excluded from both numerator and denominator; see §E.4
note below). Net raw tok/q is positive on every arm: HALT costs more raw tokens than it saves. Batched latency/q

is calls/q x 116 ms (measured batch-8 ms/pair).

Arm Mean s/q Mean loops Ver. share A vs FULL [95% CI]

47.40 5.80

30.94 3.49
40.62 4.75

FULL
HALT-gold
HALT-gen (deployable)

6.5%
5.4%

—16.45's (—35%) [~19.9, —12.9]
—6.77s (~14%) [~10.2,-3.3|

Table 22: Measured end-to-end wall-clock, Hot-
potQA n=100, paired bootstrap (seed 13, 1000 iters).
Both HALT arms save wall-clock with 95% ClIs strictly
below zero. The verifier is only 5-7% of total time;
each avoided loop costs ~16.45/2.31~7.1s of wall-
clock, because every loop issues three .generate()
calls with full re-prefill on the 4-bit model (retrieval is
<0.3% of loop time). This measured rate supersedes an
earlier unmeasured “1.0-1.5s per loop” estimate that
had propagated into a mislabeled “per avoided loop”
figure; we retire that estimate in favor of the measured
numbers above.

(b) Page-fixed claim-random. The random-
claim ablation changes both the claim text and the
EXPECTED PAGE field, and dropping EXPECTED
PAGE alone reduces verifier macro-F1 by 0.176
(§A), so the collapse could partly come from page-
title mismatch. Keeping the EXPECTED PAGE
field fixed to the question’s own gold supporting-
fact title while replacing the other claim fields re-
covers only a small part of the firing (0.034 —
0.105 on 2Wiki, 0.196 — 0.216 on HotpotQA,
0.018 — 0.017 on MuSiQue), far below the gold
baselines: page information contributes, but does
not explain the stopping signal.

(c) Evidence word-shuffle. Shuffling word or-
der within each retrieved chunk keeps the same
tokens but disrupts sentence-level meaning; firing
collapses (0.591 — 0.049 / 0.676 — 0.077 /
0.260 — 0.008), so the verifier is not detecting
bag-of-words overlap.

Condition 2Wiki HotpotQA MuSiQue
Baseline (gold) 0.591 0.676 0.260
(a) Random hop claim 0.034 0.196 0.018
(b) Page-fixed claim-rand  0.105 0.216 0.017
(c) Evidence word-shuffle 0.049 0.077 0.008

Table 23: Verifier ablations on Self-Ask 3B trajecto-
ries. Each cell shows the ALL_MATCH fire rate, i.e., the
fraction of questions on which HALT halts. Rows (a)-
(c) test claim mismatch, page-title control, and word-
order disruption.

E.10 Bidirectional-control protocol details

Protocol. The forced-continuation runs in §5.3
re-run the 7B agent on the flagged under-covered
subset with the released —-force-continue flag:
the agent’s native “no follow-up” decision is over-
ridden and search continues loop-by-loop until
ALL_MATCH fires or the budget (8 loops) is ex-
hausted; HALT then stops each forced trajectory at
its own ALL_MATCH loop. This is the same “agent
unchanged, verifier controls the loop” philosophy
applied to extend rather than cut: HALT supplies
only the continuation signal, never search queries
or answer content.

Mechanism-control subset sizes. Splits below
are recovered/non-recovered and sum to the
forced subset size (511 HotpotQA, 635 2Wiki, 723
MuSiQue). Under gold claims, coverage recovers
under forcing for 290/221 of the HotpotQA under-
covered questions (+26.2pp EM for the recov-
ered group versus +2.7 pp for the rest), 311/324
on 2Wiki, and 135/588 on MuSiQue (i.e. only
19% of forced MuSiQue trajectories reach cov-
erage). Recovery is markedly lower when hop
claims are generated from the question instead of
taken from gold metadata: 114/397 on HotpotQA,
182/453 on 2Wiki and 14/709 on MuSiQue, con-
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sistent with noisier generated claims being harder
to satisfy even under forced continuation. In every
condition the non-recovered majority stays near its
native-stop EM — forcing continuation on trajec-
tories that never reach coverage barely helps.

MuSiQue de-duplication. The MuSiQue
n=1000 slice holds only 911 unique question
ids: 89 questions were scored twice. Flagging
under-covered trajectories by raw row therefore
gives 793 rows, which collapse to 723 unique
questions (60 duplicated under-covered and 10
duplicated no-claims rows; the other 19 duplicates
fall on already-covered questions). The forced-
continuation artifact is exactly that 723-question
set (both symmetric differences against the
flagged set are empty), so we report n=723. This
is a duplication in the sampled dev slice, not a
modelling artifact.

Extractor consistency. Native-stop and
forced-continuation EM, and the selective-
continuation metric that combines them, are all
read from the same standardized 3B-extractor
field (policies.{full,all_match}.em) rather
than from either agent’s own-answer proxy.
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