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Abstract

Multi-strategy question-answering agents of-
ten produce several plausible responses to one
query, but must ultimately show the user only
one. Voting treats answer agreement as trust,
yet strategies can disagree for different rea-
sons, and identical answers can rest on evidence
of unequal quality. We cast this final choice
as diagnosis-first evidence-risk arbitration and
introduce the Evidence-Risk-Aware Strategy
Reranker (ERSR), which canonicalizes a pool
of six responses, classifies their agreement type,
and applies a type-specific evidence rule while
returning one unchanged response. Calibration
uses only development data; for each evaluation
item, trusted reference answers, trusted refer-
ence evidence, and utility stay hidden, and the
selector never abstains. On a 900-item develop-
ment split drawn from FEVER, HotpotQA, and
SciFact, ERSR improves evidence-aware utility
over a development-selected fixed strategy by
+-0.052, with the largest gains on label conflicts
and unanimous answers with uneven evidence.
These results suggest that response-set struc-
ture, not agreement alone, is a useful signal for
choosing trustworthy answers.

1 Introduction

Multi-strategy agentic QA pipelines run several so-
lution strategies (prompting, reasoning, retrieval,
and verification) and must commit to one user-
facing response (Lewis et al., 2020; Dhuliawala
etal., 2024). Strategies may yield identical answers
with unequal evidence, or equivalent answers in dif-
ferent surface forms. Once generation finishes, the
system exposes one original response, making se-
lection a post-generation decision under evidence
constraints.

Existing evidence and factuality metrics diag-
nose retrieval, faithfulness, and unsupported claims
(Es et al., 2024; Saad-Falcon et al., 2024; Min et al.,
2023; Manakul et al., 2023), but stop short of the
final evidence-sensitive choice (Section 2). Aliases

Figure 1: Why agreement is not enough. Strategies may
disagree for different reasons, while identical answers
may carry absent, partial, or complete evidence. A
trustworthy selector must inspect the structure around
the answer, not only count it.

and label conflicts can fragment genuine agreement,
while unanimous answers can conceal sharply un-
even evidence (Figure 1). For fixed completed
responses without access to trusted reference an-
swers or evidence, should selection follow answer
agreement or response-set structure? ERSR canon-
icalizes the six answers, diagnoses their agreement
type, and applies a type-specific evidence rule be-
fore returning one unchanged response.

We study this decision on FEVER, HotpotQA,
and SciFact with six generated responses per item.
We fit ERSR on a development fitting pool and
evaluate on 900 held-out development items. All
selectors receive the same response set without
current-item trusted references or utility; baselines
cover fixed strategies, voting, agreement, heuris-
tics, and LLM-judge selection (Wang et al., 2023;
Zheng et al., 2023; Jiang et al., 2023; Hu et al.,
2024). A separate blinded audit rates trust on strat-
ified outputs with strategy identity and automatic
scores hidden, testing the human interpretation of
EATU rather than selector preference.

ERSR improves evidence-aware utility over
the development-selected fixed strategy by about
+0.052, with the largest gains on label conflicts and
unanimous answers with uneven evidence, where
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counting agreement discards structure. These re-
sults indicate that response-set structure, not agree-
ment alone, is a useful signal for post-generation
selection when trusted reference answers and evi-
dence are hidden, while also bounding the claim to
a development-only, non-abstaining protocol.

2 Related Work

Trustworthy model and agent evaluation.
HELM evaluates language models across scenarios
and metrics; AgentBench and AgentBoard cover
interactive agents (Liang et al., 2023; Liu et al.,
2024; Ma et al., 2024). These benchmarks provide
global diagnostics, whereas ERSR uses observable
same-item diagnoses for post-generation selection.

Evidence and factuality evaluation. RAG
grounds generation in external evidence (Lewis
et al., 2020); RAGAS and ARES assess retrieval
and faithfulness (Es et al., 2024; Saad-Falcon et al.,
2024). FActScore and RAGChecker localize fac-
tual and pipeline failures (Min et al., 2023; Ru
et al., 2024), while SelfCheckGPT and Chain-of-
Verification verify generated claims (Manakul et al.,
2023; Dhuliawala et al., 2024). ERSR uses these
signals to compare same-item candidates.

Multi-output selection. Self-consistency uses
agreement (Wang et al., 2023); LLM-as-judge and
LLM-Blender rank or fuse outputs (Zheng et al.,
2023; Jiang et al., 2023); RouterBench routes be-
fore generation (Hu et al., 2024). ERSR instead
diagnoses typed answer-evidence configurations
after six responses exist and returns one unchanged
response.

3 Method

Post-generation arbitration. For an input z, six
strategies (Direct, Chain-of-Thought, BM25-RAG,
Dense RAG, Hybrid RAG, Evidence Verifier) each
produce a response ¢; = (as, €5, s, Mg): answer,
cited evidence, rationale, and observable metadata.
Selector g returns one index and exposes that strat-
egy’s original response without fusion. Current-
item trusted reference answers, trusted reference
evidence, and utility are unavailable. Unlike pre-
generation routing, the decision object is the rela-
tionship among completed responses.

Typed response-set diagnosis. ERSR canonical-
izes surface-form answers into clusters, then ap-
plies a fixed diagnosis priority: (1) task-label vs.
specific-label conflicts use task-compatible support

comparisons; (2) mutually inconsistent specific la-
bels favor supported, internally consistent candi-
dates; (3) answer aliases and fragmented spans
normalize before evidence comparison; (4) unan-
imous answers skip voting and break ties by evi-
dence completeness and self-grounding. Diagnosis
chooses which comparison to make; missing sig-
nals trigger deterministic fallbacks rather than a
learned prediction.

Fitting versus selection. ERSR is deterministic.
On 2,100 fitting items we estimate a shrinkage cal-
ibration table keyed by dataset, diagnosis, strategy,
and answer/evidence/diversity buckets, and select
active components plus a self-grounding weight by
five-fold within-dataset search. The frozen config-
uration includes a development-admitted FEVER
policy for NEI-versus-specific-label conflicts. It
always returns a candidate and never abstains. The
claim is therefore no current-item trusted refer-
ences at selection time, not that the offline metric
never uses references. No learned ranker is en-
abled.

Offline evidence-aware utility. After selection
we score the chosen response with

u;i(s) = Ai(s)Fi(s)(1 = Ui(s)) (1 — Ki(s)),

ey
where A is the task-native answer score, g is evi-
dence F1, and U and K are unsupported-claim and
contradiction risks in [0, 1]. The itemwise product
is Evidence-Adjusted Trust Utility (EATU), aver-
aged over items; it is not the product of the four
factor means. For evaluation, A uses task-native an-
swer scoring, F'r measures evidence overlap, and
U and K use reference-based NLI where applica-
ble, with deterministic fallbacks. All four metrics
are computed only after selection.

Decision trace. Each trace records clusters, diag-
nosis, admissible candidates, activated rule, and
winner. Ties return an original candidate with-
out rewriting. Diagnosis, calibration, normalized-
evidence comparison, and self-grounding are on;
learned ranking and consensus fusion are off.
ERSR neither chooses which strategies to run nor
fuses answers.

4 Experimental Setup

We test three claims under a matched candidate
pool: (i) typed arbitration improves joint evidence-
aware utility; (ii) gains concentrate where answer
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Figure 2: ERSR diagnoses before selecting. All six answers agree but evidence depth differs, so the unanimous-
answer rule returns Hybrid-RAG (two sources). EATU is offline and not a router input.

agreement is uninformative; (iii) the effect is stable
under pool re-splits, and the utility has a human-
trust reading.

Matched pool. We use 3,000 items (1,000
each from FEVER, HotpotQA, and SciFact) with
one generated response from each of six strate-
gies (Thorne et al., 2018; Yang et al., 2018; Wadden
et al., 2020). Sampling uses seed 42. A determin-
istic per-dataset lexicographic-prefix split assigns
2,100 items to fitting and 900 to development evalu-
ation (300 per dataset). Fitting chooses calibration,
active rule components, and the fixed comparator.
Every selector receives the same six responses per
item, so paired differences come from arbitration
rather than a second stochastic generation. Neither
split is newly collected or untouched.

Primary comparator only. The sole preselected
comparator is the fixed strategy chosen on develop-
ment fitting data (BM25-RAG). The evaluation-
post-hoc best fixed strategy (Evidence Verifier)
is reported only as a deliberately optimistic de-
scriptive reference. Selection baselines without
current-item trusted references are majority self-
consistency, a confidence/evidence heuristic, an-
swer agreement, and an LLM-as-judge that sees
the input and shuffled candidate answers, evidence
records, and explanations, then returns a strategy
identifier. Table 1 reports EATU, oracle regret, A

relative to the post-hoc best fixed strategy, and
recorded tokens/latency. Confidence intervals use
20,000 paired bootstrap resamples (seed 42); the
primary p-value uses 50,000 two-sided paired sign
flips with the same seed and a plus-one correction.

What the audit is and is not. The ERSR config-
uration is frozen for the 900-item evaluation and
for alternative-utility checks. Twenty deterministic
re-splits repeat fitting and evaluation on the same
response corpus; they probe split sensitivity, not
generation-time variance or live serving. A sep-
arate metric audit samples 120 item-strategy out-
puts per dataset under coverage/risk/utility strata.
Sheets hide strategy identity and automatic scores;
annotators rate correctness, support, contradiction,
and trust. The audit tests whether EATU correlates
with human trust labels, not whether annotators
prefer ERSR over another selector in paired com-
parison.

5 Results

Joint evidence-aware utility improves. Table 1
shows that ERSR reaches 0.248 EATU versus
0.197 for the development-selected fixed strategy
(BM25-RAG; train-selected static in the table).
The paired gain is 4+0.0516 (95% bootstrap CI
[0.0377,0.0664]; two-sided sign-flip p < 0.0001),
with 70 wins, 823 ties, and 7 losses. Equal util-
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Selector family/method Performance Resource use Protocol
EATU Regret A post-hoc Selected C/L End-to-end C'/L

Static single-output selectors

Post-hoc best fixed 0.208 0.061 +0.000 769/3.27  769/3.27 Single fixed

BM2S5 retrieval static 0.197 0.072 -0.011 776/4.06  776/4.06 Single fixed

Train-selected static 0.197 0.072 -0.011 776/4.06  776/4.06 Single fixed

TOPSIS static 0.192  0.076 -0.016 747/5.65  747/5.65 Fixed profile

Candidate-output selectors without current-item trusted references

Majority/self-consistency 0.180 0.088 -0.028 522/3.14  4414/28.07 Six responses

Confidence/evidence heuristic ~ 0.172 0.097 -0.036 637/3.95 4414/28.07 Six responses

Answer agreement 0.157 0.111 -0.051 497/2.89  4414/28.07 Six responses

LLM-as-judge 0.154  0.114 -0.054 757/4.33  4414/35.14 Six + judge

NLI risk only 0.039 0.229 -0.169 447/2.48 4414/28.07 Six responses

Representation-prior selector

Embedding prototype only 0.111 0.158 -0.097 703/4.51 703/4.51 Representation prior

ERSR arbitration

ERSR 0.248 0.020 +0.041 747/4.95 4414/28.07 Six responses

Oracle reference

Oracle EATU selector 0.269 0.000 +0.061 659/4.35  4414/28.07 Post-hoc oracle

Table 1: Frozen 900-item development results. A uses the evaluation-post-hoc best fixed strategy; regret uses the
per-item oracle. C'/L is recorded tokens/latency, not a live-serving benchmark. NLI-only is diagnostic (signal
coverage 0.0). Primary text comparisons use development-selected BM25 (same EATU as train-selected static).

ity does not necessarily imply identical candidate

[+.0387, 4.0691)).

Versus evaluation-post-hoc

choices. Dataset gains are +0.0839 on FEVER,
40.0550 on HotpotQA, and +0.0160 on SciFact;
the SciFact sign-flip result is not significant at 0.05
(p = 0.0588) and marks a weaker boundary. Post-
hoc best fixed reaches 0.208, still below ERSR,
and is not a preselected comparator. Relative to
voting, agreement, heuristics, and LLM-as-judge,
ERSR is best on EATU and lowest on regret among
non-oracle selectors. End-to-end C'/ L matches the
six-response pool; selected C'/ L is the cost of the
exposed response only.

Gains sit where agreement discards structure.
Relative to BM25-RAG, the two largest diagnosis
cells are NEI-versus-specific-label conflicts (406
items; mean gain +.0512) and unanimous answers
(254 items; mean gain +.0608). The first requires
comparing task-compatible support when answers
disagree; the second, illustrated in Figure 2, re-
quires looking past the answer when voting is unin-
formative. These cells link the aggregate improve-
ment to diagnosis-first selection. The seven losses
comprise two label-conflict items and five Hot-
potQA alias, fragmentation, or evidence-tie cases,
which remain the clearest residual failure modes.

Stability and utility-form sensitivity. Across
20 repeated 70/30 re-splits of the same response
corpus, ERSR beats the fitting-selected fixed
strategy in 20/20 runs (mean +.0507, range

best fixed, the mean is +.0454 ([+.0327, 4+-.0531]);
FEVER and HotpotQA are positive in 20/20 and
SciFact in 19/20. These runs change only the
split: they test partition sensitivity, not new-data or
generation-time generalization. Holding the selec-
tor fixed, five alternative utilities preserve the direc-
tion against BM25-RAG: product (Eq. 1) +.0516,
equal-additive 4-.0948, weighted-product +.0613,
minimum-gate +.0536, and lexicographic +.0552.
The claim is limited to this tested family; the or-
dering is not an artifact of a single scalarization
alone.

A human-trust reading of the utility, not a pref-
erence win. On 360 stratified item-strategy out-
puts with strategy identity and automatic scores
removed, two annotators reach 0.828 trust-label
agreement and £ = 0.764. EATU correlates with
mean human trust at Spearman p = 0.434. This
supports EATU as an evidence-sensitive trust corre-
late; it is not a paired preference study and does not
show that annotators prefer ERSR-selected outputs
over another selector.

6 Conclusion

When multi-strategy agentic QA must expose one
original response, answer agreement alone is an
incomplete trust signal. Casting the final step
as diagnosis-first evidence-risk arbitration, ERSR
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improves joint evidence-aware utility over the
development-selected fixed strategy and over vot-
ing, agreement, and global judging on this devel-
opment pool, with gains concentrated where label
conflicts or unanimous answers hide uneven evi-
dence. Matched pools, diagnosis breakdowns, re-
splits, and a blinded trust audit support a response-
structure effect within the limits below. Future
work may test abstention, generation-time redraws,
and matched learned routers under the same no-
current-item-trusted-reference constraint.

Limitations

All results use a development-only protocol on one
frozen six-response corpus; the claim is therefore
arbitration under fixed candidates, not generation-
time variance or live serving. ERSR is select-only
and never abstains, so unsupported but fluent an-
swers can still be returned. It is a final gate, not
a safety layer. The human audit validates metric-
trust correlation on stratified outputs, not paired
preference among selectors, so the main result
does not rely on a human A/B win. We compare
interpretable typed rules to fixed, vote, heuristic,
and judge selectors, not to a matched-supervision
learned router; the coverage-0.0 NLI-only row is
diagnostic only and is not a competitive NLI router.
FEVER alternative evidence groups remain flat-
tened in the current scorer.

Ethical Considerations

ERSR is a select-only final gate: it can still return
fluent but unsupported answers and must not be
treated as a safety layer. Deterministic traces may
aid auditing, but consequential deployment needs
domain-specific validation and a separately imple-
mented abstention or escalation path.
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Appendix A. Case Studies

Figure 3 contrasts a held-out HotpotQA item
with a fitting-pool FEVER mechanism illustra-
tion. Trusted references and EATU are absent from

candidate-level selection; the FEVER item’s post-
hoc utility may have influenced fitting and is not
held-out evidence.

Unanimous answer with uneven evidence. For
the HotpotQA question “Which fantasy film from
1971 featured the song The Age of Not Believing?”,
all six strategies answer Bedknobs and Broomsticks.
Evidence Verifier recovers one relevant line (post-
hoc EATU 0), whereas Hybrid-RAG recovers two
(evidence F1 and EATU 1.0). ERSR therefore re-
turns the unchanged Hybrid-RAG response. Fig-
ure 2 visualizes the same item.

Task label versus specific label. For the fitting-
pool FEVER claim “Bethany Hamilton’s autobi-
ography wasn’t adapted into a film”, five strate-
gies predict REFUTES, while Dense-RAG predicts
NoT ENOUGH INFO. The reference label is NOT
ENOUGH INFO, with no trusted evidence for a spe-
cific judgment. ERSR returns Dense-RAG (post-
hoc EATU 1.0). This task-native label is not router-
level refusal; it illustrates protection against over-
commitment.
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[Case 1] HotpotQA

Question

Which fantasy film from 1971 featured the song The Age of Not Believing?

Candidate responses

Cluster Bedknobs & Broomsticks
Candidate audit table

DP/CoT ans ok, ev=0, EATU=0
BM25/Dense/EV ev=1, F1=.67
Hybrid ev=2, EvF1=1, EATU=1

all six answer F1=1.0
tokens/candidate 369 fo 746

Risk signals read by ERSR

Decision trace

type = unanimous_answer
rule = evidence complefeness
Hybrid evidence count = 2
ofher eligible candidates <=1

Ttem-level arbitration

Evidence-risk reading
all answers agree; vote has no signal
single-hop evidence recall=5

Representative response fext
CoT 1971 Disney fantasy film
Hybrid E1 song to "Bedknobs.."
E2 Bedknobs fo 1971 fantasy
Hybrid links song, film, and year

full path needs song + film-year
Hybrid supplies the full two-hop chain

Post-hoc audit
trusted evidence hidden at selection
oracle = hybrid_rag; regret = O

Baseline choices
agree/majority/NLI -> CoT
CoT correct answer, no evidence
post-hoc EATU=0

judge / heuristic -> hybrid

ERSR

selects hybrid_rag

uses two generated evidence lines
selected Acc=1, EvF1=1, EATU=1

Mechanism fakeaway
agreement is not enough
evidence depth changes EATU

| Response selected by ERSR

hybrid_rag

EATU=1, regret=0

] [Case 2] FEVER Claim

Bethany Hamilton's autobiography wasn't adapted into a film.

Candidate responses

Clusters REFUTES 5 / NEI1

Risk signals read by ERSR

Decision frace

Candidate audit table
REFUTES 5 strafegies

NEI Dense only; vofes = 5 vs 1
majority Acc=0, EATU=0
dense Acc=1, EvF1=1, EATU=1
reliable evidence empty; hidden

type = task_vs_specific_label
rule = task-compatible support
NEI candidate = Dense-RAG
specific-label candidates = 5

Ttem-level arbitration

Evidence-risk reading
related evidence is not enough

specific labels over-commit

Representative response fext
Verifier adapted info film in 2011
evidence autobiography + film
Dense no info on adaptation
Dense returns no evidence with NEI

minority NEI becomes risk signal
rule selects Dense-RAG

Post-hoc audit
reference label hidden at selection
oracle = dense_rag; regret = O

Baseline choices
agree/majority/NLI -> direct
judge / heuristic -> verifier
both choose REFUTES
post-hoc EATU=0

ERSR

selects dense_rag

output NOT_ENOUGH_INFO
selected Acc=1, EvF1=1, EATU=1

Mechanism takeaway
task-native NEI limits overcommitment
ERSR arbitrates after generation

dense_rag

| Response selected by ERSR NOT_ENOUGH_INFO, EATU=1 |

Figure 3: Two ERSR cases. Top: on held-out HotpotQA, all answers agree, but only Hybrid-RAG supplies the
complete two-hop evidence chain. Bottom: in a fitting-pool FEVER illustration, five REFUTES outputs conflict
with Dense-RAG’s task-native NOT ENOUGH INFO. Scores and oracle information are post-hoc; the lower case is
neither held-out evidence nor router-level refusal.
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