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Abstract

Document weighting is an underspecified bot-
tleneck in black-box retrieval-augmented gen-
eration. Training-free systems inherit answer-
aggregation weights from retrieval similar-
ity, yet this proxy has not been systemati-
cally compared with evidence-based alterna-
tives. We propose a unified two-parameter
framework that generalizes REPLUG with an
evidence term; it is training-free, black-box,
and needs no large language model (LLM)
calls beyond voting. Similarity-only (A=0)
and evidence-only (A—o00) weighting are its
limiting cases, so one interpolation parameter
separates the retrieval prior from the evidence
signal. We evaluate across 3 LLMs (7B-70B),
3 open-domain question-answering datasets
(31,861 queries), and 3 off-the-shelf evidence
types. Cross-encoder and embedding-stability
evidence improve exact match in all 9 LLM—
dataset cells, whereas natural language infer-
ence (NLI) fails as a weighting signal, to our
knowledge the first systematic evidence of this
failure mode. The similarity prior is largely
redundant on NQ-Open and PopQA but helps
on TriviaQA, where retriever scores track gold
documents better; the pattern replicates under
the ES5 retriever, with smaller gains concen-
trated on long-tail PopQA. One default trans-
fers across datasets and scales with minimal
loss; calibration depends on signal type, not
scale. Practically: prefer cross-encoder evi-
dence, avoid NLI, and use vote mass for se-
lective prediction; weighting itself adds sub-
millisecond overhead.

1 Introduction

Retrieval-augmented generation (RAG) (Lewis
et al.,, 2020; Gao et al., 2023) has become the
de facto approach for grounding large language
model (LLM) outputs in external knowledge and
mitigating hallucinations, yet a fundamental ques-
tion remains underexplored: how should retrieved
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Method Train- Black-box, Soft ans.- Prior/evid.
free  no tok. prob level wts separation
REPLUG v X X X
Cross-encoder rerank v v X X
Multi-agent v v X X
Trained reranker X v X X
Ours v v v v

Table 1: Method comparison (columns: training-free;
black-box, no token probabilities; soft answer-level
weights; prior/evidence separation). Among the com-
pared methods, only ours combines all four proper-
ties; multi-agent methods additionally require multiple
LLM calls per query (§2).

documents be weighted during answer aggrega-
tion? Not all retrieved documents contribute
equally: some contain the answer while others are
topically related but factually unhelpful or noisy.

The dominant approach inherits weights from
the retrieval stage. REPLUG (Shi et al., 2024),
a widely adopted baseline, applies softmax over
retriever cosine similarity scores to mix per-
document LLM token distributions, requiring ac-
cess to output token probabilities. We adapt this
formulation to the voting setting for a stricter
black-box regime that uses only text outputs (§2).
The underlying assumption is straightforward:
documents ranked higher by the retriever should
contribute more to the final answer. A grow-
ing line of work instead trains specialized docu-
ment scorers or relies on multi-step LLM infer-
ence at test time (§2); such approaches typically
require task-specific training, model updates, or
extra LLM calls. Table 1 contrasts them with
ours along four axes (training-free, black-box, soft
answer-level weighting, and prior/evidence sepa-
ration).

Two questions have received comparatively lit-
tle attention. First, does retrieval similarity, a
proxy for query-document relevance, serve as
an effective signal for answer-level aggregation?
Second, which off-the-shelf evidence signals, if
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any, can improve document weighting without ad-
ditional training? To the best of our knowledge,
prior work has not systematically compared dif-
ferent off-the-shelf evidence types, namely cross-
encoder relevance (CE), embedding stability (ES),
and natural language inference (NLI), as docu-
ment weights for RAG answer aggregation.

We propose a unified two-parameter weight-
ing framework that generalizes REPLUG via an
evidence term, with similarity weighting (A=0)
and evidence-only weighting (A—oc0) as lim-
iting cases of a single A-controlled interpola-
tion. We conduct an empirical analysis spanning
3 LLMs from three model families (7B—70B),
3 open-domain question-answering (QA) datasets
(31,861 queries), and 3 off-the-shelf evidence sig-
nal types (§4).

We focus on the per-document voting regime,
whose motivating scenarios include multi-agent
RAG and edge/on-device deployment (not
evaluated here), and which natively supports
uncertainty-aware selective prediction (evaluated
directly). While concat-prompt attains higher
exact match (EM) with larger LLMs (§6.6),
voting’s vote-mass distribution yields a native
confidence signal that concat-prompt lacks.

Our contribution is a diagnostic framework sup-
ported by systematic empirical validation, rather
than a new weighting algorithm:

* A diagnostic, not a new algorithm. The
unified framework nests REPLUG (A=0) and
evidence-only weighting (A—00) as limiting
cases of a single interpolation, so A cleanly
attributes performance to the retrieval prior
versus the evidence signal.

 Signal hierarchy. CE evidence improves
EM in all 9 (LLM, dataset) cells (8/9
Bonferroni-significant) and ES in all 9, while
off-the-shelf NLI yields no significant gains,
to our knowledge the first systematic evi-
dence of this failure mode (§5).

* When the similarity prior is redundant.
Evidence-only weighting matches the com-
bined formula on all 6 NQ-Open and PopQA
cells; the prior helps only on TriviaQA
(+0.70-0.95%p), the dataset with the highest
retriever—gold correlation (§6.1).

* Practical robustness. A single default
(6=0.5,\=30) stays within 0.52%p of per-
dataset optima and transfers across datasets

and scales (7B—70B); calibration depends on
the signal type, not scale (§6).

2 Related Work

Scope. We study the evidence signal used to
reweight documents within a fixed voting pipeline;
our formula (Eq. 2, §3) targets the weighting step,
not a new full RAG system.

Trained document scoring for RAG. Cross-
encoder passage rerankers are the canonical
trained document scorers in retrieval pipelines
(Nogueira and Cho, 2019; Nogueira et al., 2020).
We use such a model off-the-shelf and frozen
as one evidence signal (§3); the CE-Rerank/CE-
Topl baselines (§5, App. T) quantify what rank-
based use of the same model achieves. Spe-
cialized trained scoring includes InfoGain-RAG
(Wang et al., 2025a) (+17.9%p EM on Natural
Questions), RE-RAG (Kim and Lee, 2024), REAR
(Wang et al., 2024), CRAG (Yan et al., 2024),
Self-RAG (Asai et al., 2024), RankRAG (Yu et al.,
2024), and FIT-RAG (Mao et al., 2025). Trained
rerankers yield larger gains (+17.9%p vs. our
+0.5-4.1%p) but require task-specific labels and
model updates unavailable in black-box or low-
resource deployments. We therefore do not po-
sition the framework as a competitor to these sys-
tems. Where labels and model updates are avail-
able, a trained scorer such as InfoGain-RAG re-
ports gains several times larger than our best cell,
and trained pipelines such as RankRAG and Self-
RAG are the appropriate choice for raw EM. We
instead characterize what a strictly training-free,
off-the-shelf signal delivers at low cost (no extra
LLM calls; about 20 ms per query for the CE pass
and under 1 ms for the weighting). We also pro-
vide a diagnostic of when the retrieval prior itself
is the problem, which trained pipelines do not of-
fer.

Training-free RAG improvements. REPLUG
(Shi et al., 2024) uses retriever similarity as soft-
max weights for token-level probability mixing:
our \=0 special case, adapted to voting. Tok-
RAG (Xu et al., 2025), DVD (Jin et al., 2024), and
Entropy-Based Decoding (Qiu et al., 2025) per-
form token-level harmonization or per-document
logit mixing, all requiring white-box access. SuRe
(Kim et al., 2024), MAIN-RAG (Chang et al.,
2025), and Speculative RAG (Wang et al., 2025b)
require multiple LLM calls or training. Concur-
rent work VOTE-RAG (Xie and Sun, 2026) and
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LCR (Song et al., 2026) also rely on multiple
LLM calls. eRAG (Salemi and Zamani, 2024) is
an offline retrieval-evaluation metric (with labels),
whereas we use per-document answers at infer-
ence without labels. Our approach combines four
properties (Table 1): no training; black-box com-
patibility, using no token probabilities, attention,
or hidden states (unlike DVD, CrAM (Deng et al.,
2025), Tok-RAG); no LLM calls beyond the per-
document voting pipeline (unlike SuRe, MAIN-
RAG, Speculative RAG, VOTE-RAG, LCR); and
a single A-parameterized formula generalizing
REPLUG-style weighting. To our knowledge, it
is the first training-free diagnostic disentangling
retrieval-prior from evidence-signal contributions
across three off-the-shelf signal types.

RAG calibration and robustness. CalibRAG
(Jang et al., 2025), Reliability-Aware RAG (RA-
RAG) (Hwang et al., 2025), CrAM (Deng et al.,
2025), and Bayesian RAG (Ngartera et al., 2026)
target related calibration and robustness goals.
Their mechanisms differ from ours: trained
hidden-state forecasting (CalibRAG), per-source
reliability estimation (RA-RAG), white-box atten-
tion modification (CrAM), and a Monte Carlo
dropout variance penalty (Bayesian RAG) whose
subtractive form does not recover REPLUG.

3 Background and Method

3.1 Document Weighting in RAG

In per-document RAG with weighted majority vot-
ing, each retrieved document d; independently
conditions the LLM to generate an answer a; =
LLM(z, d;), and the final answer is selected by
weighted vote:

g):argm;ixlz w; (1)

where w; is the weight assigned to document d;.
The choice of w; determines how much each doc-
ument influences the final answer.

3.2 Unified Weighting Framework

To compare retrieval-similarity and evidence sig-
nals on equal footing, we propose a two-parameter
family of weights that nests both regimes:
v = XP(Bsi) + A )
LTSk
Ej:l (exp(B - sj) + A-ej)
where s; is the retriever similarity score (cosine
similarity), e; € [0, 1] is the evidence score, /3 con-
trols the prior strength, and A controls the evidence

strength.  Unlike the hard document selection
used in reranking, the framework assigns graded
weights, interpolating continuously between RE-
PLUG and evidence-only weighting; this lets us
attribute EM and calibration changes to the sim-
ilarity prior, the evidence signal, or their interac-
tion.

The endpoints recover established approaches.
At A=0 the weights reduce to softmax(f - s),
equivalent to REPLUG-style similarity weighting
(the max-shift in the softmax cancels in the ra-
tio). As A—oo the weights approach evidence-
only weighting w; o e;. Intermediate A lets both
signals contribute, enabling controlled ablation of
the prior.

Notation. We use short labels for configura-
tions of Eq. 2: Naive (w;=1/k), SimW (A=0
at 5=0.5), Dir-X (default 5=0.5, A=30 with ev-
idence X), and EO-X (evidence-only, A—00),
where X € {CE, ES, NLI}. The Dir label
comes from reading Eq. 2 as a Dirichlet posterior
mean (exp([(s;) as prior, Ae; as evidence pseudo-
counts); we use it as a name, not as a claim of
calibrated posterior semantics.

3.3 Evidence Signals

We compare three off-the-shelf evidence signals:

Cross-Encoder (CE). We use
ms-marco—MiniLM-L-6-v2 (Reimers
and Gurevych, 2019) to compute query-
document relevance, applying sigmoid to the
logit: e; = o(CE(z, d;)).

Embedding Stability (ES). We measure how
robust the query-document cosine similarity is
to small Gaussian perturbations of the embed-
dings, combining stability with relevance. Let q
and d; be the sentence-transformer embeddings of
query x and document d; (a11-MiniIM-L6-v2
(Reimers and Gurevych, 2019), 384-dim, docu-

ment truncated to 512 characters). We sample
n=10 i.i.d. perturbations egﬂ,eﬁ{) ~ N(0,0°1)
with 0=0.01, compute similarities CEJ ) = cos(q+

egj ) d; + eg )), and define

ES __ 1
e, = )
1+ 10std;(¢”)

- max (0, mean; (ng))) )

3)
clipped to [0,1]. In Eq. 3, the first factor re-
wards low variance under perturbation (stability);
the second factor retains only documents with pos-
itive mean similarity (relevance). ES is a heuristic
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score that weights relevance by embedding stabil-
ity, not a calibrated Bayesian posterior.

NLI. We use nli-deberta-v3-base (He
et al., 2023; Williams et al., 2018) with e¢; =
P(entailment) +0.5- P(neutral), pairing the query
as premise and the document as hypothesis. Both
premise—hypothesis directions yield a low gold-vs.
non-gold area under the receiver operating char-
acteristic (ROC) curve (AUC; 0.45-0.59), so our
headline NLI-unreliability finding holds regard-
less of direction (App. C).

4 Experimental Setup

4.1 Datasets

We evaluate on three open-domain QA bench-
marks differing in domain, difficulty, and re-
triever. NQ-Open (NQ) (Kwiatkowski et al.,
2019): 8,757 queries from real Google searches
(Wikipedia answers), retrieved via dense pas-
sage retrieval (DPR) (Karpukhin et al., 2020)
with pre-computed cosine scores; gold-document
ratio 21.9% (fraction of top-10 retrieved docu-
ments containing the gold answer). TriviaQA
(TQA) (Joshi et al., 2017): 8,837 trivia-style
queries (Wikipedia, DPR), with a higher gold ra-
tio (35.3%) and stronger retriever—gold correlation
(p=0.30). PopQA (Mallen et al., 2023): 14,267
long-tail-entity queries retrieved via Contriever
(Izacard et al., 2022); at k=10, 608 queries re-
trieve <10 docs and fall back to k=8-9 (strict-k
details in App. F, P). Total: 31,861 queries x top-
10 documents (>310,000 pairs).

4.2 Language Models

We use three LLMs spanning a 10-fold parameter
range and three families (open-source and propri-
etary): Qwen2.5-7B-Instruct-Turbo (Yang et al.,
2024) (Alibaba), GPT-4.1-mini (OpenAl, undis-
closed size), and Llama-3.3-70B-Instruct-Turbo
(Grattafiori et al., 2024) (Meta); the two open
models were run using the Together Al platform.
Each LLM answers each document independently
with the same prompt template and greedy decod-
ing (temperature=0, max_tokens=50).

4.3 Baselines

We compare against six baselines spanning the full
performance range. Naive uses uniform weights
w;=1/k. SimW is REPLUG-style softmax( -
s) at 5=0.5 (A=0 in Eq. 2; § is varied over
{0.5,1.0,2.0,4.0} only in §6). Evidence-only

uses w; = ¢€;/) ;€j, the A — oo limit.
CE-Rerank hard-selects the top-5 documents
by CE score with uniform weighting (approxi-
mately halving the input, as in common rerank-
ing pipelines). Generation Oracle marks a query
solved if at least one of the 10 per-document an-
swers matches gold. It is a generation (not re-
trieval) upper bound for any voting-based aggre-
gation. Since a per-document answer may draw
on the LLM’s parametric knowledge rather than
the document itself, this bound is aggregation
headroom, not retrieval quality. Random draws
Dirichlet(1, ..., 1) weights averaged over 100 tri-
als with fixed seed (performance floor).

4.4 Evaluation

We report EM as the primary metric and F1
as the secondary accuracy metric. For selective
prediction, we report the area under the ROC
curve of confidence against per-query correct-
ness (AUROC), the area under the risk—coverage
curve (AURC), and Risk@Coverage at 0.8 and
0.9. For calibration, we report Expected Calibra-
tion Error (ECE) and SmoothECE (Btasiok and
Nakkiran, 2024) (kernel-based). Statistical sig-
nificance is assessed via McNemar’s test (Mc-
Nemar, 1947) with per-claim-family Bonferroni
correction (a/27, covering the 9 (LLM, dataset)
cells x 3 signal methods = 27 comparisons per
headline claim; the cross-claim family-wise error
rate is not further controlled). The «/27 divi-
sor is applied uniformly (conservative for positive
findings); null findings are additionally checked
against their family-specific divisor (App. R).
Three-seed repeated-split stability is reported in

Appendix E.
All main results use a fixed default
£5=0.5,A=30 (half-split calibration supports

£=0.5; A=30 sits on the plateau of Figure 2;
Appendix K). The overfitting bound vs. per-cell
grid optima is <0.52%p (§6), comparable to the
smallest effect in Table 2 and below all others.
Cross-dataset transfer and 3-seed stability are
verified post-hoc (Appendices B, E).

5 Results
5.1 Main Results

Table 2 and Figure 1 present the main results us-
ing the default configuration (5=0.5, A=30) for
cross-encoder evidence. 8 out of 9 improve-
ments are statistically significant (McNemar p <
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Signal comparison: AEM across 9 (LLM, dataset) cells
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Figure 1: Signal comparison: AEM (%p vs Naive) across 9 (LLM, dataset) cells at the default configuration
(8=0.5, A=30). CE improves EM in all 9 cells; ES gives smaller positive gains; NLI consistently degrades EM.

0.001, Bonferroni-corrected for 27 comparisons).
The only exception is TriviaQA with GPT-4.1-
mini (p=0.058 raw, above the Bonferroni threshold
a/27 =~ 0.0019), where both Naive and Dir-CE
are already near the per-LLM ceiling. Full per-cell
McNemar statistics are in Appendix D.

Cross-encoder evidence improves EM in all 9
conditions (3 LLMs x 3 datasets; 8/9 Bonferroni-
significant), from +0.5%p (GPT-4.1-mini on
TQA) to +4.1%p (Llama-70B on PopQA). First,
improvements are largest on PopQA (4+2.6 to
+4.1%p, the largest single gain being on Llama-
70B), where long-tail entities make retrieval nois-
ier and evidence-based filtering more valuable.
Second, similarity weighting (SimW) underper-
forms Naive on NQ for all three LLMs: retriever
similarity is at best neutral and at worst counter-
productive as a voting signal (§6).

Across all 9 cells, Dir-CE recovers on average
11.6% of the Generation Oracle headroom (range
4.0-18.3%; C'4 in Appendix O).

These improvements are robust to the retriever:
replacing the dense retrievers (DPR/Contriever)
with sparse BM25 reproduces the CE gain on
all three datasets (+1.2 to +2.0%p EM; Ap-

pendix Q).

5.2 Isolating the Weighting Stage

Aggregate EM conflates retrieval, weighting, and
generation failures. To isolate the weighting stage,
we partition each cell’s queries by whether the top-
10 contains a gold document under the dataset-
native annotation (has-gold: 72.7% / 75.3% /
62.5% of NQ/TQA / PopQA; the split is retriever-
determined, hence identical across LLMs). We
then re-run the McNemar analysis per subset (Ta-
ble 3; full statistics in Appendix R).

The gain grows on the has-gold subset (42.19
— +3.39%p average), positive in all nine cells
(eight robustly significant; TQA/GPT-4.1-mini

marginal: the one cell not significant on the full
test set (Appendix D), moved to the boundary once
retrieval-failure queries are removed). On the no-
gold subset the effect vanishes (—0.38%p; no cell
significant in either direction at a,/27): reweight-
ing cannot recover evidence that was never re-
trieved, and the small negative drifts are consistent
with down-weighting documents that elicit correct
parametric answers. The decomposition thus lo-
cates the CE gain at the weighting stage.

5.3 Evidence Type Hierarchy

Table 4 compares the three evidence types. CE
achieves the highest discrimination AUC (0.728—
0.776) and the largest EM gains (+2.2%p average).
However, the relationship between AUC and EM
improvement is not monotonic: TriviaQA has the
highest CE AUC (0.776) but the smallest average
gain (+1.42%p), whereas PopQA has the lowest
AUC (0.728) yet the largest gain (+3.40%p). Raw
discrimination captures only part of the picture;
the benefit of reweighting also depends on how
often the retriever alone is insufficient, which is
more frequent for PopQA’s long-tail entities.

ES provides modest but consistent improve-
ments (+0.82%p average), positive in all 9 cells
(8/9 Bonferroni-significant; App. D). It is a vi-
able alternative when cross-encoder inference is
unavailable, though its higher computational cost
(~0.16s/query vs. CE’s ~0.02s/query) makes it
less attractive in practice.

In this setting, NLI reweighting is not only in-
effective but tends to reduce EM: at the default
configuration, the average change is —1.38%p
across all 9 (LLM, dataset) cells, with 0/9 show-
ing a Bonferroni-significant improvement and 7/9
showing a significant decrease (per-cell McNemar
statistics: Table 14, Appendix C). We analyze this
in §6.1.

Soft weighting vs. hard selection. Across 9
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Naive SimW Dir-CE
Dataset LLM EM Fi EM Fi EM Fi AEM
Qwen-7B 28.4+037 38.94039 | 27.74+049 37.8+055 | 30.44+038 41.8+033 | +1.9
NQ GPT-4.1-mini | 32.440.15 46.8+0.01 | 32.1+0.12 46.34£0.05 | 33.9+0.14 48.6+0.16 | +1.5
Llama-70B 28.140.27  41.640.17 | 27.7+0.18  40.8+0.09 | 30.0+024 44.54+0.13 | +1.9
Qwen-7B 5244058 60.84049 | 52.24049 60.64+040 | 54.7+057 64.3+059 | +2.4
TQA GPT-4.1-mini | 62.9+021 73.24040 | 63.14+0.13 73.3+030 | 63.44+021 74.1+026 | +0.5
Llama-70B 60.14£0.09 71.44021 | 60.1+021 71.4+023 | 61.5+0.15 73.5+0.18 | +1.4
Qwen-7B 28.4+034 3334032 | 28.4+040 33.44038 | 31.84+0.18 37.5+009 | +3.4
PopQA  GPT-4.1-mini | 31.8+028 37.44024 | 31.9+024 37.44023 | 34.5+026 40.8+032 | +2.6
Llama-70B 26.1+006  30.340.16 | 26.24+0.12  30.3+020 | 30.24+020 35.9+0.18 | +4.1

Table 2: Main results with the fixed default configuration (5=0.5, A=30, CE evidence) applied uniformly across all
cells. SimW = REPLUG-style similarity weighting (5=0.5). Bold = highest EM and F1 across Naive/SimW/Dir-
CE in each row. EM and F1 are percentages rounded to one decimal place; AEM is the raw difference rounded to
one decimal place and may differ from the difference of the displayed values by 0.1%p. All point estimates use the
fixed default on the full test set; +swd is a separate 3-seed 50/50 cal/test repeated-split check (seeds 42, 123, 456;
Appendix E). With n=3 it carries wide uncertainty, so all significance claims rely on McNemar’s test on the full

test set (8/9 cells; see text), not on +std.

Dataset Full Has-gold  No-gold
NQ +1.75 +2.48 —0.17
TQA +1.42 +2.11 —-0.70
PopQA +3.40 +5.59 —-0.26
Average +2.19 +3.39 —0.38

Table 3: AEM (Dir-CE — Naive, %p) by retrieval
outcome, averaged over the 3 LLMs. Has-gold
is positive in 9/9 cells: eight robustly Bonferroni-
significant at /27, and TQA/GPT-4.1-mini passes nu-
merically (p=1.5x1072 vs. 1.9x10~3) but is reported
as marginal; none of the no-gold cells is significant.
Per-cell table and family-size sensitivity: App. R. Full-
set values recomputed under strict k=10 (within 0.1%p
of Table 2).

conditions, soft evidence weighting wins in 7 over
hard top-5 CE reranking (margin up to +2.08%p),
ties in 1 (NQ / GPT-4.1-mini, —0.06%p within
noise), and loses in 1 (Llama-70B on PopQA,
—0.64%p). Continuous weights preserve soft rel-
evance information that binary selection discards.

Signal vs. functional form. We compare
against three further training-free rules on the
same cached answers (Appendix T). Dir-CE beats
reciprocal rank fusion (RRF) (Cormack et al.,
2009) of the similarity and CE ranks in all 9 cells
(avg +1.71%p; 8/9 McNemar-significant), ties
Borda voting over CE ranks (—0.16%p; no cell
significant, nominal edge to Borda in four cells),
and splits 5—4 with CE-Topl selection (PopQA
favors selection). Two functional forms over the
same CE signal perform equivalently, while fusion
re-admitting the similarity prior loses consistently:

Evid. AUC Avg | AEM

NQ TQA PopQA | AUC | (avg)
CE 738 776 728 747 | +2.19
ES 15 734 124 724 | +0.82
NLI 504 512 .502 506 | —1.38

Table 4: Evidence discrimination (AUC: gold vs. non-
gold documents) and average EM improvement across
3 LLMs at default (5=0.5, A=30). NLI AUC is reported
on a 500-query per-dataset sample (App. C).

Method \ EM AURC| R@.8| R@.)9]
Gen-Oracle | 46.6 - - -
Dir-CE 30.0 539 .654 679
EO-CE 30.0 551 .656 679
CE-Rerank | 29.9 541 .652 .680
Naive 28.1 .564 .678 700
SimW 27.7 .560 .677 .698
Random 24.5 - - -

Table 5: Baseline comparison (Llama-70B, NQ, CE).
R@.8 = Risk at 80% coverage (| = lower is better);
ties and near-ties are read off in the text. Gen-Oracle =
Generation Oracle (§4). Per-cell AUROC and AURC:
Table 10.

the evidence signal matters more than the form in-
corporating it.

5.4 Selective Prediction

Beyond accuracy, evidence-based weighting also
improves selective prediction, the ability to ab-
stain on likely-incorrect answers while maintain-
ing coverage.

Table 5 reports a full baseline comparison
on one representative cell (Llama-70B, NQ);
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A sensitivity (B=0.5, avg over 9 cells)
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- ES
0 - —&— NL

AEM (%p vs Naive)

T T T T T
0 0.1 051 3 10 30
A (evidence weight)

Figure 2: A sensitivity at 3=0.5 (average of 9 cells). CE
plateaus at A\>10; ES stays positive but modest; NLI
stays below zero. Error bars: standard errors.

among the voting-based methods Dir-CE shows
the lowest AURC, ties EO-CE on EM (30.0)
and R@.9 (.679), and ties CE-Rerank on R@.8
(within noise). The pattern transfers across cells
(e.g., Llama-70B/PopQA Risk@0.8: 0.704 —
0.654); per-LLM EM/F1 and the 9-cell selective-
prediction table are in Appendix A (Table 10).

6 What the Framework Reveals

We use the framework’s A parameterization to iso-
late why the patterns in §5 arise: when the retrieval
prior helps, when it is redundant, and when evi-
dence alone suffices.

6.1 Evidence-Only Sufficiency

Evidence-only weighting (without the retrieval-
similarity prior) achieves near-identical EM to the
full formula on NQ and PopQA (gap <0.2%p in
all 6 cells), though not as identical classifiers. On
NQ with Qwen-7B they disagree on 543 predic-
tions and flip correctness on 140, with wins and
losses approximately balanced.

Practically, on NQ and PopQA the retriever
score can be skipped using evidence-only weight-
ing (w; o e;) with negligible loss. The excep-
tion is TriviaQA, where the combined formula
wins by +0.70 to +0.95%p across LLMs, plau-
sibly because TriviaQA has a higher retriever—
gold-document correlation (Spearman p between
the retriever score and the binary gold-document
label over all query—document pairs: 0.30 vs.
NQ 0.20, PopQA 0.29) and gold-document ra-
tio (35.3% vs. 21.9-22.7%). When the retriever
tracks answer utility its scores add complemen-
tary signal; otherwise they add noise. This is
consistent with SimW underperforming Naive on
NQ, where DPR’s topical relevance does not align
with answer utility (McNemar: SimW is signifi-
cantly worse than Naive in 2 of the 3 NQ cells at
«/27 and never significantly better in any of the 9

cells; App. D). This redundancy is specific to the
evidence-dominant default: at A<1 the prior is ac-
tive, widening the Dir-CE vs. EO-CE gap to up to
3.8%p (Appendix L).

Why does NLI underperform? When used
as a document-weighting signal, the NLI score
(P(entailment) + 0.5 - P(neutral)) tends to reduce
EM rather than improve it. At the default config-
uration (8=0.5, A=30), the average EM change is
—1.38%p across the 9 (LLM, dataset) cells, with
0/9 Bonferroni-significant improvements and 7/9
Bonferroni-significant decreases. Across the full
24-point (5, ) grid (24 x 9 = 216 runs), no
NLI configuration we tested yields a Bonferroni-
significant improvement in any cell, while 131 of
the 216 runs are Bonferroni-significant decreases
(Appendix C). A plausible explanation is a train—
test mismatch: NLI models judge strict entailment
between short premise—hypothesis pairs, whereas
RAG documents are long passages in which the
answer-bearing span occupies only a small frac-
tion of the text (Liu et al., 2024), diluting the en-
tailment signal. This remains a plausibility argu-
ment rather than a mechanistic verification; our
contribution is to quantify, under a unified weight-
ing framework, how strongly the failure mode
propagates to downstream-task EM across all 216
evaluations.

Supporting  diagnostics are in  Appen-
dices C (direction, McNemar) and M
(roberta-large-mnli, still low-AUC);

off-the-shelf NLI does not appear to justify its ex-
tra cost (~0.11 s/query) as a document-weighting
signal in this setting. Two qualitative case studies
(a CE success and an NLI failure on NQ with
Qwen-7B) are in Appendix H.

6.2 A Modern High-Precision Retriever

Do these findings survive a modern retriever?
We re-encoded the full 21M-passage corpus with
e5-base-v2 (Wang et al., 2022) and re-ran all
nine cells (App. S). Dir-CE still improves EM in
9/9 cells, but the average gain shrinks (4+2.19 —
+0.71%p; on corpus-comparable PopQA, +3.40
— +1.63%p) and significance concentrates where
retrieval remains hardest (the three PopQA cells;
largest +2.14%p on Llama-70B). The similarity-
only prior becomes fully redundant (SimW —
Naive < 0.1%p in every cell), and a (5, \) grid
finds the fixed default within 0.41%p of every per-
cell optimum (A > 10 optimal throughout). As
Appendix Q anticipated, ES retrieves an answer-
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Source + | NQ TQA PopQA
NQ 30.0 615 30.2
TQA 29.5 619 29.7
PopQA 30.0 o615 30.2
Grid Oracle | 30.0 61.9 30.2
Max loss 0.53%p

Table 6: Cross-dataset transfer (Llama-70B, CE). The
source dataset’s best (3, ) is applied to each target.
EM in percent. Grid Oracle = the per-dataset best EM
achievable within the tested (3, \) grid (distinct from
the Generation Oracle in Table 5).

bearing document for 70-81% of queries with a
compressed similarity spread (/0.03), so weight-
ing choices matter little where retrieval is already
strong (NQ/TQA) and still pay in the long-tail
regime (PopQA). The diagnostic’s value is iden-
tifying when weighting matters.

6.3 Hyperparameter Robustness

We examine sensitivity and transferability in two
ways.

Default configuration. A single setting (5=0.5,
A=30) achieves grid-best or near-grid-best perfor-
mance: 5 of the 9 conditions match the per-dataset
best (to two decimal places; 6 of 9 at the displayed
one-decimal precision), and the maximum loss is
0.52%p. The same robustness replicates on ES
(gap <0.41%p in all 9 cells; App. S). Practition-
ers can adopt this default on similar English open-
domain factoid QA benchmarks, with the caveat
that it was informed by tuning on these datasets,
so it is not fully dataset-independent; the transfer
results below bound, but do not eliminate, this de-
pendence.

Cross-dataset transfer. We take the best (5, \)
from one dataset and apply it unchanged to oth-
ers (Table 6; all three LLMs in Appendix B). Here
“best” is selected on each source dataset’s full test
set, so diagonal entries are upper bounds while
off-diagonal entries represent the realistic transfer
metric (held-out split stability: Appendix E). The
maximum off-diagonal transfer loss is 0.53%p for
Llama-70B (0.69%p Qwen-7B, 0.52%p GPT-4.1-
mini). NQ and PopQA share near-identical opti-
mal configurations (5=0.5, A=30 for two of three
LLMs).

6.4 Accuracy-Calibration Trade-off

Evidence reweighting can affect calibration.
CE concentrates weights, reducing entropy

from log10=2.303 to 2.073/1.989/2.087 on
NQ/TQA/PopQA (—10.0/—13.6/—9.4%), sharp-
ening the vote distribution (App. O). Under
SmoothECE (Btasiok and Nakkiran, 2024), the
Dir family wins in 10/18 (LLM, dataset, evidence)
conditions: Dir-ES 8/9 cells, Dir-CE 2/9 (Dir-ES
trades ~1-2%p EM for better SmoothECE). The
signal type, CE (accuracy) vs. ES (calibration),
dominates over scale. Binned ECE (App. G) and
Brier decomposition (App. I) corroborate.

Efficiency note. On a cost-normalized basis
(C5, Appendix O), CE is the only signal whose
EM gain justifies its inference latency. CE yields
+0.110 AEM/ms at 20 ms, ES +0.005 at 160 ms
(~21x less per ms), and NLI —0.013 at 110 ms,
actively harmful.

6.5 Effect of Retrieval Depth (%)

The benefit of evidence weighting grows mono-
tonically with k: averaged over the 9 cells, AEM
rises from +1.4%p at k=3 to +1.5 at k=5 and
+2.2 at k=10 (Table 16, Appendix F), as CE fil-
ters more non-gold documents at larger k. Fig-
ure 2 shows a broad \ plateau.

6.6 Voting vs. Concat-Prompt

We benchmark against the dominant concat-
prompt paradigm, in which the top-k documents
are concatenated into a single LLM call. Con-
cat wins EM in 6/9 cells (avg 4+-2.09%p over Dir-
CE, range —3.00 to +11.00%p; Appendix P, with
PopQA voting metrics on the strict k=10 subset
for fair comparison). Three observations:

(i) The advantage is concentrated on
the largest model. Concat — Dir-CE av-
erages —1.27%p on Qwen-7B (voting wins
2/3), —0.09%p on GPT-4.1-mini (mixed), and
+7.64%p on Llama-70B (concat wins 3/3). This
is consistent with the documented positional
degradation of long-context inputs (Liu et al.,
2024); the size dependence itself is an empirical
observation across our 9 cells, not a general
scaling claim.

(ii) Voting offers complementary value be-
yond EM. The vote-mass distribution is a native
confidence signal: even on Llama-70B/NQ where
concat wins EM (37.59 vs. 30.01), Dir-CE attains
the lowest AURC (.539) and tied-best Risk@0.9
(.679) among voting methods (Table 5). Concat
produces a single output, lacking graded confi-
dence without auxiliary scoring.
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(iii) Complementary regimes, plus motivat-
ing scenarios. Our evidence supports a scoping
rather than a winner. Concat-prompt is prefer-
able for raw EM with large models. Evidence-
weighted voting is preferable when calibrated ab-
stention is needed: Dir-CE has the lowest mean
AURC of the three voting rules in all 9 cells (Ta-
ble 10). It is also preferable when the LLM is
small: on Qwen-7B, the smallest open-weights
model tested, voting beats concat on 2/3 datasets
(avg +1.27%p). Quantized/on-device deployment
and multi-agent RAG systems (SuRe, MAIN-
RAG, etc.; §2), where per-document generation
is the native mechanism, are motivating scenarios
for this regime, not evaluated deployments. The
framework does not claim to outperform concat-
prompt generally; it gives the per-document vot-
ing regime a unified evidence-based weighting in-
terface and a A-controlled diagnostic.

7 Conclusion

We proposed a unified two-parameter frame-
work generalizing REPLUG via an evidence
term (training-free, black-box, low-overhead) and
used it to diagnose which off-the-shelf signals
help.  Across 3 LLMs and 3 datasets, CE
improves EM in all 9 cells (+0.5-4.1%p; 8/9
Bonferroni-significant, larger on has-gold), ES
gives smaller gains, and NLI reduces EM. The re-
trieval prior is redundant on NQ/PopQA, on both
the DPR/Contriever and the ES5 retrieval sets, but
helps on TriviaQA. The default (5=0.5, A=30)
stays within 0.52%p of grid optima across 7B-
70B, and vote-mass yields a native selective-
prediction signal (§6.6) that concat-prompt lacks.
Practically: prefer CE, use ES for calibration,
avoid NLI, omit the prior on NQ/PopQA, and test
new evidence scores under the same formula. Fu-
ture work: multi-hop QA and adaptive signals.

Limitations

Our study has several limitations. First, we eval-
uate only on open-domain factoid QA with ex-
tractive answers; our findings may not transfer
to long-form generation, summarization, or multi-
hop QA (e.g., HotpotQA). Second, our compari-
son with REPLUG uses similarity-weighted vot-
ing rather than its original token-level probability
mixing, since our setting assumes text-only out-
puts (a stricter black-box than the no-fine-tuning
regime REPLUG targets). Third, our evalua-

tion covers only English; multilingual settings
and the BGE retriever remain untested. Beyond
the two dense retrievers of the main experiments
(DPR, Contriever), a BM25 check (Appendix Q)
confirms the CE signal transfers across retriever
families, and a full 9-cell ES5 evaluation (Ap-
pendix S) confirms the predicted high-precision
regime (gains positive in all cells but smaller,
concentrated on long-tail PopQA). Fourth, the
accuracy—calibration trade-off depends on the ev-
idence signal rather than model scale (Dir-CE im-
proves accuracy but often worsens SmoothECE;
Dir-ES trades accuracy for better SmoothECE in
8/9 cells); we treat calibration as a diagnostic
rather than jointly optimizing both. Fifth, we do
not benchmark against multi-LLM-call training-
free frameworks (SuRe, MAIN-RAG, Specula-
tive RAG, VOTE-RAG, LCR), as a fair com-
parison would require controlling for prompt de-
sign, token budget, and per-method tuning; a con-
trolled same-budget comparison is future work.
We report instead a concat-prompt comparison
(§6.6, Appendix P), in which concat wins EM
in 6/9 cells (especially Llama-70B) while voting
remains preferable on Qwen-7B and for selec-
tive prediction. We also report same-cost com-
parisons against training-free aggregation rules
(RRF, Borda, CE-Top1; Appendix T). Sixth, sev-
eral methodological choices remain to be refined.
Evidence signals use different truncation lengths
(CE/NLI 1,000, ES 512, LLM 800 chars), though
an ES@1,000-char ablation (Appendix N) shows
the confound is small (|AAUC|<0.013). NLI is
passage-level rather than sentence-level or decom-
posed (Appendix C). Our evidence signals are off-
the-shelf, not RAG-optimized. The default (3, \)
was selected on our three tuning datasets; cross-
dataset transfer (<0.69%p loss) and the ES/BM25
grids bound this dependence, but the default is not
guaranteed to be dataset-independent.

Ethics Statement

Data and models. This work uses publicly avail-
able QA datasets (NQ-Open, TriviaQA, PopQA)
and pre-trained models (LLMs accessed via APIs;
evidence models run locally). Artifact licenses
are listed in Appendix J; all usage is for non-
commercial academic research, consistent with
each artifact’s stated intended use. No new data
is collected; no human annotation or participant
study is conducted.
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Risk and dual use. Our method reweights per-
document outputs of an already-deployed LLM; it
does not increase the generative capability of any
model and introduces no new training data. We
therefore do not see an increased risk of harm-
ful generation beyond the underlying LLM it-
self. One caveat is that evidence reweighting by
construction amplifies documents scored high by
the evidence signal: if the underlying retriever
or cross-encoder systematically prefers a par-
ticular source distribution (e.g., Western-English
Wikipedia), evidence weighting can reinforce that
skew. Practitioners deploying evidence-weighted
RAG in user-facing systems should audit the evi-
dence model’s ranking behavior on their target do-
main.

Fairness and bias. The three datasets
we use inherit known biases: NQ-Open
and TriviaQA draw from English Wikipedia
(Western/Anglophone skew), and PopQA over-
represents entities with higher popularity scores
even within its long-tail subset. We do not
attempt demographic debiasing, and no subgroup
analysis was conducted; the accuracy gains we
report should be interpreted as conditional on
these distributions rather than as evidence of fair
performance across subpopulations.

Computational cost. We report computa-
tional costs explicitly: approximately $300 in total
across all experiments, comprising ~$100 in LLM
API costs for the main DPR/Contriever experi-
ments plus ~$200 for the E5 replication (App. S;
~$10 of cloud-GPU time for corpus re-encoding,
the remainder LLM API calls). Evidence compu-
tation adds at most 0.16 s per query; weight com-
putation adds less than 1 ms per query. All local
orchestration, evidence scoring, and analyses ran
on a single consumer-grade laptop (36 GB RAM);
LLM generation used provider-hosted APIs (To-
gether Al and OpenAl); the ES corpus re-encoding
used one rented cloud GPU. We do not train or
fine-tune any LLM. These figures reflect only the
inference-time costs of our experiments and do not
amortize the upstream training costs of Qwen2.5-
7B, Llama-3.3-70B, or GPT-4.1-mini, which we
do not control.
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A Per-LLM Detailed Results

Tables 7, 8, and 9 show full results for each LLM
with default configuration (8=0.5, A=30). NLI re-
sults are not shown here: at this default configu-
ration, NLI’'s AEM is negative in all 9 cells, and
even at the most favorable (3, A) setting we found,
NLI does not produce a Bonferroni-significant im-
provement.

B Per-LLM Cross-Dataset Transfer

Table 6 (§6) reports the Llama-70B transfer ma-
trix; Tables 11 and 12 extend it to Qwen-7B and
GPT-4.1-mini. The source dataset’s best (3, \) is
applied to each target; EM values are in percent.
Max loss across all 9 source—rtarget combinations
per LLM: 0.69%p (Qwen-7B), 0.52%p (GPT-4.1-
mini), 0.53%p (Llama-70B).

C NLI Direction Comparison

To verify that our NLI direction choice does
not drive the negative NLI finding, we compute
gold-vs-non-gold AUC for both directions on a
500-query random sample (fixed seed 42) from
each dataset. The forward direction (query as
premise, document as hypothesis) matches our
main-text choice; the reverse direction (document
as premise, query as hypothesis) matches the stan-
dard NLI task formulation. Table 13 summarizes
the comparison.

The pattern aligns with our NLI failure analy-
sis in §6: long retrieval passages produce entail-
ment/neutral probabilities that are poorly corre-
lated with whether the passage actually contains
the gold answer, in both directions. We use the
forward direction in the main text as the more con-
servative of the two (lower per-dataset AUC on 2/3
datasets), to avoid overstating the NLI signal. All
AUC values in the main text and appendices are
computed as a single pooled ROC over the con-
catenation of (query, document) pairs across the
dataset, rather than as a per-query average, match-
ing the gold-vs-non-gold framing of the evidence-
score classifier.

Per-cell McNemar statistics. Table 14 reports
the paired test of Dir-NLI (default 5=0.5, A=30)
against Naive in all nine cells, computed from
the per-query correctness vectors of the main
runs (full retrieval set, as in Table 15). Dir-
NLI lowers EM in every cell; the decrease is
Bonferroni-significant in 7/9 (the exceptions are
the two larger LLMs on TQA). Sweeping all
24 (B, \) configurations in every cell (216 runs)
yields no Bonferroni-significant improvement and
131 significant decreases; the best NLI configu-
ration per cell ranges from —0.72 to +0.20%p
over Naive (results/dir_nli_vs_naive_
mcnemar. json).
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DS Ev Naive SimW Dir AEM
EM F1 EM F1 EM F1
NQ CE | 284 389|277 378|304 418 | +1.9
NQ ES | 284 389 | 27.7 37.7 | 293 40.1 | +0.9
TQA CE | 524 60.8 | 522 606 | 547 643 | +24
TQA ES | 524 60.7 | 522 60.6 | 53.0 61.7 | +0.7
PopQA CE | 284 333 | 284 334 | 31.8 375 | +34
PopQA ES | 284 333 | 284 334|295 346 | +1.1

Table 7: Qwen2.5-7B full results (CE/ES, default config). CE improvements are Bonferroni-significant on all 3

datasets (p < 0.001).

DS Ev Naive SimW Dir AEM
EM F1 EM F1 EM F1
NQ CE | 324 46.8 | 32.1 463 | 339 486 | +1.5
NQ ES | 324 46.8 | 32.1 46.3 | 33.3 47.7 +0.9
TQA CE | 629 732 | 63.1 733|634 741 | +0.5
TQA ES | 630 732 | 63.1 733 | 63.1 734 +0.1
PopQA CE | 31.8 374 | 319 374 | 345 408 | +2.6
PopQA ES | 31.8 374 | 319 374 | 329 38.6 +1.1

Table 8: GPT-4.1-mini full results (CE/ES, default config). CE improvement on TriviaQA is not Bonferroni-
significant (p=0.058 raw, above «/27); NQ and PopQA are significant at p < 0.001.

D McNemar Statistical Significance

Table 15 reports McNemar’s test results for Dir-
CE (default config) vs. Naive, with Bonferroni
correction for 27 comparisons (a/27 ~ 0.00185).

SimW vs. Naive. Applying the same proto-
col to the similarity-only prior: SimW never
significantly improves over Naive in any of
the nine cells, and is significantly worse in
two, both on NQ (Qwen-7B: ng; =86, n19=150,
p=4.1x10"°; Llama-70B: 40/78, p=6.6x10"*%;
both at «/27), with NQ/GPT-4.1-mini nega-
tive at nominal significance (51/81, p=0.012).
All TQA/PopQA cells are statistically indistin-
guishable (|JAEM|<0.22%p). This quantifies the
regime in which similarity weighting hurts: the
harm concentrates on NQ, where the DPR prior
misaligns with answer utility (§6.1).

Dir-ES vs. Naive. Dir-ES improves over
Naive with Bonferroni significance in 8/9 cells;
the exception is TQA/GPT-4.1-mini (p=0.41),
the same cell that is the CE exception. Both
analyses use strict k=10 and are released
with the code (results/simw_vs_naive_
mcnemar. json,
results/dir_es_vs_naive_

mcnemar. json).

E Repeated Split Stability

We verify robustness to data splits using 3 ran-
dom seeds (42, 123, 456) with 50/50 cal/test par-
titions. Standard deviations are computed as pop-
ulation std (np . std with ddof£=0); the sample-
std convention (ddof=1) would multiply the re-
ported values by /n/(n—1) ~ 1.225. Across
all 18 (LLM, dataset, evidence) cells, EM and
F1 standard deviations stay below 0.6%p under
ddof=0 (max EM std 0.57%p, max F1 std 0.59%p;
<0.72%p under ddof=1; the Naive column of Ta-
ble 2, outside these 18 evidence-weighted con-
figurations, reaches +0.58); AUROC and AURC
fluctuate more (up to 0.0099 and 0.0093 in ab-
solute terms), as expected for ranking-based met-
rics on smaller split sizes. For each seed, the best
(B, A) is selected on the calibration half and eval-
uated on the test half; in 11 of 18 cells this selec-
tion picks different (3, \) across seeds, so the re-
ported standard deviations combine split random-
ness and hyperparameter-selection variance. Pri-
mary accuracy conclusions remain stable across
splits; effects near the standard-deviation magni-
tude should be interpreted with caution.

F Top-k Ablation Details

Table 16 reports the top-k ablation summarized

in §6. Full per-LLM per-dataset top-k results are

available in the released code (Appendix J).
PopQA k=10 subset. At k=10, PopQA
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DS Ev Naive SimW Dir AEM
EM EM F1 EM F1
NQ CE | 28.1 41.6 | 27.7 40.8 | 30.0 445 | +1.9
NQ ES | 28.1 41.6 | 277 40.8 | 28.8 42.7 +0.7
TQA CE | 60.1 714 | 60.1 714|615 735 | +14
TQA ES | 60.1 714 | 60.1 714 | 60.6 72.0 +0.5
PopQA CE | 26.1 30.3 | 262 303 | 30.2 359 | +4.1
PopQA ES | 26.1 303 | 262 303|275 320 | +14

Table 9: Llama-3.3-70B full results (CE/ES, default config)

AUROC 1 AURC |
LLM DS Naive SimW  Dir-CE | Naive SimW Dir-CE
NQ .698 741 .688 .580 572 567
Qwen-7B TQA 815 .829 .830 253 .248 227
PopQA 750 .800 721 516 494 493
NQ 726 742 727 .520 516 505
GPT-4.1-mini TQA 819 820 .819 172 173 .169
PopQA 784 .808 772 456 443 432
NQ 710 731 711 .569 .564 545
Llama-70B TQA 798 .802 796 .205 205 198
PopQA 716 740 737 571 .558 S11

. PopQA CE shows the largest improvement (+4.1%p).

Table 10: Selective-prediction metrics (AUROC 1, AURC |) across all 9 (LLM, dataset) cells with CE evidence;
3-seed repeated-split means (same protocol as Table 2’s +std; App. E). Dir-CE attains the lowest mean AURC
in all 9 cells over both Naive and SimW (and in 26 of the 27 individual seed-level comparisons; the exception
is Qwen-7B/PopQA seed 456, where SimW is lower by 0.001), confirming that the selective-prediction benefit
shown for one cell in Table 5 generalizes across cells. AUROC is more mixed, with SimW (the retrieval-similarity
prior) often ranking highest, indicating the two metrics emphasize different aspects (ranking vs. coverage-aware
risk). Per-split std <0.0099 (AUROC) and <0.0093 (AURC) for Dir-CE; the Naive/SimW columns reach 0.0116
and 0.0101. Table 5 uses a single full-test split for detailed baselines, hence minor differences (e.g., Llama/NQ

Dir-CE AURC .539 there vs. .545 here).

Source - | NQ TQA PopQA
NQ 304 547 31.8
TQA 300 55.1 31.1
PopQA 304 547 31.8
Grid Oracle | 30.4  55.1 31.8
Max loss 0.69%p

Table 11: Cross-dataset transfer (Qwen-7B, CE). EM
in percent.

uses 13,659 queries rather than the full 14,267:
608 queries (4.3%) had fewer than 10 retrieved
documents in the Contriever cache (16 queries
with 8 documents, 592 with 9 documents) and
were excluded from the k=10 evaluation. The
k=3 and k=5 evaluations use all 14,267 queries.
The excluded queries correspond to retrieval-
failure cases (Contriever returned fewer candi-
dates), so the reported k=10 numbers are, if any-
thing, slightly optimistic relative to the full set;
the monotone AEM trend (+1.4—+1.5—+2.2%p)
holds when k=3 and k=5 are restricted to the
same 13,659 subset.

Source - | NQ TQA PopQA
NQ 339 63.6 344
TQA 33.8 639 34.3
PopQA 338 634 34.5
Grid Oracle | 33.9 63.9 34.5
Max loss 0.52%p

Table 12: Cross-dataset transfer (GPT-4.1-mini, CE).
EM in percent.

G Selective Prediction and Calibration
Figures

Figures 3—4 visualize the selective-prediction and
calibration claims of the main text across multiple
cells.

H Qualitative Case Studies

To complement the mechanistic accounts in §6,
we inspect two representative NQ queries under
Qwen2.5-7B. The cases were selected from the
earliest NQ queries in dataset order where (A) Dir-
CE rescues a wrong Naive answer (the third such
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Figure 3: Risk-coverage curves (Llama-3.3-70B, CE evidence) on NQ (left) and PopQA (right). Lower risk at
every coverage level is better. Dir-CE lies below Naive at every coverage level above roughly 10% (NQ) and 4%
(PopQA); at the lowest coverages, where each point reflects only a handful of queries, the two curves cross. This
is consistent with the AURC improvements reported in Table 5.

Dataset Forward Reverse Gold frac.
(q as premise) (d as premise)

NQ 504 570 224

TriviaQA 512 .590 .343

PopQA 502 450 235

Table 13: Gold-vs-non-gold AUC for both NLI di-
rections (500-query sample per dataset; 5,000 query-
document pairs for NQ and TriviaQA, 4,976 for
PopQA where some queries had <10 retrieved doc-
uments). Both directions yield AUC near 0.5 across
datasets, indicating weak discrimination regardless of
direction. The reverse direction is marginally better on
NQ and TriviaQA but worse on PopQA; neither direc-
tion achieves strong separation. This supports rather
than contradicts the main-text finding that off-the-shelf
NLI is an unreliable document-weighting signal in this
setting.

query) and (B) NLI-reweighting breaks a correct
Naive/CE answer (the second such query). They
are illustrative, not statistically selected.

Case A: Cross-encoder discriminates where
uniform voting fails.

Q: “when was the last time the 76ers went to the
finals”  Gold: 2001.

Under Qwen-7B, 3 of the 10 retrieved docu-
ments prompt the LLM to answer “2022” and
2 prompt “2001”. Naive uniform voting there-
fore picks the wrong majority, “2022” (confi-
dence 0.30). Cross-encoder scores, however, as-
sign 0.995 to a document whose LLM answer is
“2001”; weighting by CE under Eq. 2 gives that
document enough mass to flip the vote to “2001”
(Dir-CE, confidence 0.235, correct). SimW at
5=0.5 does not help because the DPR cosine sim-

LLM DS n Naive Dir-NLI AEM ng1 nio p
NQ 8,757 2843 2608 —2.35 133 339 3.9x107 2!
Qwen-7B TQA 8,837 5237 50.67 —1.70 92 242 3.6x10716T
PopQA 14267 2839 2581 —2.58 206 574 1.9x1073°%
NQ 8,757 3241 3122 —1.19 85 189 4.9x107 0%
GPT-4.1-mini TQA 8,837 6295 6271 —0.24 60 81 0.092
PopQA 14,267 31.81 30.08 —1.73 182 429 2.5x10° %7
NQ 8,757 28.11 2698 —1.13 74 173 4.5x1071°f
Llama-70B  TQA 8,837 60.11 59.68 —0.43 63 101 3.9x107%
PopQA 14267 26.11 2500 —1.11 175 333 3.3x10712f

Table 14: McNemar’s test: Dir-NLI vs. Naive (EM in
%, full retrieval set). ngy;: Naive wrong, Dir-NLI right;
nyo: vice versa. Bonferroni-significant at /27 ~
1.9x 1073 (all seven are decreases).

ilarities for the ten documents lie in a narrow
band (0.688-0.711) and so produce near-uniform
weights. Dir-NLI also fails here: NLI scores are
close to 0 or 0.5 for most documents and do not
reliably mark the “2001” document.

Case B: NLI fails to discriminate; cross-
encoder succeeds.

Q: “who played v in the movie v for vendetta”
Gold: Hugo Weaving.

Here three documents with CE ~ 1.00 all elicit
the correct answer “Hugo Weaving”, while one
document with CE ~ 1.00 but a different topic
elicits an incorrect “lan McKellen”, and several
remaining documents elicit short refusal/mention
answers. Naive, SimW and Dir-CE all pick “Hugo
Weaving”. Dir-NLI, however, picks ‘“Stephen
Greif did not play V” (a refusal phrasing from
a lower-similarity document) because NLI scores
are close in magnitude (0.01-0.50) across the ten
documents and do not clearly separate the gen-
uinely relevant Wikipedia passages from the dis-
tractors. This illustrates the long-passage dilution

12548



DS LLM ‘ not Mo p-value
NQ Qwen | 329 159  <0.001%%*
NQ GPT 283 156  <0.001***
NQ Llama | 286 121  <0.001%%**
TQA Qwen | 446 237 <0.001***
TQA GPT 267 224 0.058
TQA Llama | 319 195 <0.001%*%**
PopQA  Qwen | 622 132 <0.001%%*%*
PopQA  GPT 589 211  <0.00]%***
PopQA Llama | 783 195 <0.001%*%*

Table 15: McNemar’s test: Dir-CE vs. Naive. ngq:
Naive wrong, Dir right. nq: vice versa. 8/9 signif-
icant after Bonferroni («/27 = 0.00185); TQA/GPT
not significant. PopQA rows use the full retrieval set
(n=14,267); under strict k=10 (n=13,659; App. F)
the discordant pairs are 599/128, 568/205, 748/190
(Qwen/GPT/Llama) and all three cells remain signifi-
cant at «/27.

k | Naive

3 38.2 379 39.6 +1.4
5 39.3 39.0 40.7 +1.5
10 | 39.0 38.8 41.2 +2.2

SimW  Dir-CE | AEM

Table 16: Top-k ablation (averaged across 3 LLMs x 3
datasets, CE, default config). EM as percentages.

failure mode discussed in §6.1: when the answer-
bearing sentence is a small fraction of a long doc-
ument, the per-document NLI probability barely
shifts, so NLI weighting behaves similarly to uni-
form weighting but with extra noise.

Both cases are consistent with the summary
statistics: CE reliably discriminates the gold-
bearing document among retrieved candidates,
while off-the-shelf NLI on long passages does
not, and plain similarity weighting is close to uni-
form when the retrieved documents are all topi-
cally close.

I Brier Score Decomposition

We decompose Brier scores (Brier, 1950) using
the binned decomposition of Murphy (1973):
Brier = Reliability — Resolution 4+ Uncertainty.
The decomposition reveals no single, uni-
form pattern. On TriviaQA, Dir-CE ties or
improves reliability for Qwen-7B and Llama-
70B (reliability drops from 0.0117/0.0100
to 0.0109/0.0095) but slightly worsens it for
GPT-4.1-mini (0.0068—0.0072). On NQ and
PopQA, Dir-CE typically increases reliability
(worse calibration) in 5 of 6 cells across all
three LLMs (Qwen-7B NQ 0.0029—0.0079,
Qwen-7B PopQA  0.0007—0.0023,  GPT-

4.1-mini NQ 0.0381—0.0410, GPT-4.1-mini
PopQA  0.0058—0.0108, Llama-70B  NQ
0.0515—0.0563), with resolution also decreasing
for the Qwen-7B cases (NQ 0.0238—0.0216,
PopQA 0.0428—0.0362), compounding the
calibration loss and consistent with the over-
all accuracy—calibration trade-off reported in
the main text. Llama-70B PopQA is the sole
NQ/PopQA cell in which both components
improve (reliability 0.0294—0.0212, resolution
0.0305—0.0373); note that even here the net Brier
slightly increases (0.1918—0.1948, +0.003)
because the uncertainty term shifts upward
(0.1929—0.2109), so the component-level im-
provements at 70B do not translate into a net Brier
gain.

J Implementation Details

Prompt template: “Based on the following con-
text, answer the question in a few words. Context:
{doc_text[:800]} Question: {question} Answer:”

API details: Qwen2.5-7B and Llama-3.3-70B
are served via Together Al; GPT-4.1-mini is
served via the OpenAl API. We use greedy de-
coding (temperature 0) with a 50-token generation
limit for all models.

Artifact licenses. NQ-Open is released under
CC-BY-SA 3.0 (Wikipedia-derived); TriviaQA
under Apache 2.0; PopQA under MIT; DPR
and Contriever-MSMARCO encoders under CC-
BY-NC 4.0; intfloat/eb5-base-v2 (Ap-
pendix S) under MIT; Pyserini (BM25 index, Ap-
pendix Q) under Apache 2.0; cross—encoder/
ms-marco-MinilM-L-6-v2,
sentence-transformers/
all-MiniILM-L6-v2, and
cross—encoder/nli-deberta-v3-base
under Apache 2.0; roberta-large-mnli
(Appendix M) under MIT; Qwen2.5-7B-Instruct-
Turbo under Apache 2.0; Llama-3.3-70B-Instruct-
Turbo under the Llama 3.3 Community License
(dated 2024-12-06); GPT-4.1-mini under the
OpenAl API Terms of Service. All usage is for
non-commercial academic research, consistent
with each artifact’s stated intended use.

Computational cost: Total cost =$300:
~$100 LLM API for the main DPR/Contriever
experiments, plus ~$200 for the ES5 repli-
cation (=$10 cloud-GPU corpus re-encoding,
~$190 LLM API; App. S). Evidence computa-
tion: CE ~0.02 s/query, ES ~0.16 s/query, NLI
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~0.11 s/query. Weight computation: <1 ms
(NumPy). All local orchestration, evidence scor-
ing, and analyses ran on a consumer-grade laptop
(36 GB RAM); LLM generation used provider-
hosted APIs (Together Al and OpenAl); the E5
corpus re-encoding used one cloud GPU.

API failure rates: GPT-4.1-mini: 98 failures
out of the 307,409 unique (question, document)
calls (0.03%); the 317,986 query—document pairs
reduce to 307,409 unique pairs because repeated
question strings are served from the cache. Llama-
3.3-70B: 3 failures (<0.01%). Qwen2.5-7B: 0
failures in the main runs (the BM25 PopQA run
is the exception; App. Q). Failed calls are cached
as abstentions and counted as incorrect in evalua-
tion.

Document truncation. Cross-encoder and NLI
operate on the first 1,000 characters of each docu-
ment, embedding stability operates on the first 512
characters, and the LLM prompt uses the first 800
characters.

Calibration metrics. = SmoothECE uses a
Gaussian kernel with bandwidth 0.1 evaluated on
a 100-point grid { g, }19°, over [0, 1]. Ateach grid
point g,, we compute a kernel-weighted average
accuracy am = Y, K(gm,ci)ai/ > 2; K(gm, i),
and report the grid-integrated absolute calibra-
tion error % Yomlgm — am| - >, K(gm,ci)
with grid spacing Ag = 1/99. This is a
discretized fixed-bandwidth variant of the
outcome-smoothed reliability-diagram quantity
SH@EU of Btasiok and Nakkiran (2024), evalu-
ated at 0=0.1 with an unnormalized, unreflected
Gaussian kernel; it is not their residual-smoothed
smECE, or their self-consistent smECE, so
absolute values are not comparable to their
relplot package. All SmoothECE values in
this paper use this same fixed scale. The 18
SmoothECE cell values summarized in §6 are
stored in results/smooth_ece_v2.json
and can be reproduced by running
verify_unchecked numbers.py on the
cached predictions. Binned ECE uses 10 equal-
width bins with integer-floor bin assignment
b(c) = min([10¢|,9); Brier score is decomposed
using the same bins (Murphy, 1973).

Rounding convention. Percentages are
rounded half-up to one decimal place unless a ta-
ble states otherwise (Tables 3 and 30 use two).
Differences (A columns) are computed from raw
values before rounding, so they may differ from

the difference of the displayed values by one unit
in the last place.

Statistical tests. We report McNemar’s test
using the chi-squared approximation with Yates’s
continuity correction (x2 = max (0, |ng1 — n1o| —
1)2/(no1 + n1o); the clamp matters only when
nor = nig). For the discordant-pair counts we
observe (hundreds per cell), this agrees with the
exact binomial test to three decimals. The Bonfer-
roni correction uses «/27 where the 27 compar-
isons denote 9 (LLM, dataset) cells x 3 evidence
signals (CE, ES, NLI); reported p-values are raw
and are compared against this threshold.

API nondeterminism.  Although we use
greedy decoding (temperature=0), the Together
Al and OpenAl APIs exhibit a small amount of
run-to-run nondeterminism (observed < 0.02%p
EM drift per cell between pipeline runs); this
accounts for the occasional 1-query difference
between cache snapshots used by different sub-
pipelines (e.g., the REPLUG baseline value as
read from the CE result file versus the ES/NLI
result files differs by up to 0.011%p on a sub-
set of cells). For the same reason, original-run
point estimates and later cache-based recomputa-
tions can differ by up to 0.013%p per cell, occa-
sionally moving a one-decimal rounding boundary
(e.g., GPT-4.1-mini/NQ Dir-CE: 33.86 in the orig-
inal run vs. 33.85 in the released recomputation).

Vote tallying. Per-document answers are com-
pared after the standard SQuAD normalization
(lower-casing; removing punctuation, articles, and
extra whitespace); empty outputs and the absten-
tion token “unknown” receive no vote; ties be-
tween answers are broken in favor of the answer
that appears first in retrieval order.

Per-query confidence. A method’s per-query
confidence is defined as the largest vote mass as-
signed to any single answer, divided by the total
vote mass over all retrieved documents (including
those whose per-document LLM output is an ab-
stention/“unknown’ token). This choice has no
effect on arg max accuracy (EM, F1) and a neg-
ligible effect on selective-prediction metrics (AU-
ROC, AURC, Risk@Coverage).

Reproducibility: Code and result JSON files
are available at https://github.com/
DONGJUSEO/rag-document-weighting;
the cached LLM outputs and evidence caches
(=98 MB compressed) are archived on Zenodo
(https://doi.org/10.5281/zenodo.
22054839). The A = 0 limit of Eq. 2 an-
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alytically equals REPLUG’s softmax weights
(max-shift cancels in the ratio). Embedding
stability noise is drawn from PyTorch’s default
generator, which is seeded once at module import
with SEED = 42; running the pipeline in the
same order as in our experiments reproduces the
reported numbers exactly on the same device
type (we used Apple MPS; the noise stream
depends on the device’s random generator). The
Contriever question encoder (used only to build
the PopQA retrieval set) uses a plain mean over
all output positions; because PopQA queries are
short, the effect of including or excluding the
small number of padding tokens in the mean is
numerically negligible for top-k retrieval.

K Default Configuration Selection

To support the choice of the fixed default
(8=0.5, A=30) used in the main text (§4), we ran
a preliminary half-split calibration experiment: for
each (dataset, evidence) combination, queries are
partitioned 50/50 into a calibration set and a test
set (seed 42); (8*, \*) is selected on the calibra-
tion half by maximizing EM and then reported.

Table 17 summarizes the cal-tuned best parame-
ters. $=0.5 emerged as cal-best in all six (dataset,
evidence) cells, directly supporting the main-text
choice. The cal-tuned best A* varied across cells
from 0.1 to 30, reflecting the shallow A-sensitivity
curve in the high-\ regime (Figure 2). We did not
select a per-cell best \; instead, we fixed A=30
as a single plateau-end value for all cells to keep
the default simple and dataset-agnostic. Conse-
quently, the main-text default is not formally held
out for every cell, and admits up to 0.52%p EM
inflation relative to per-cell grid optima (§6); this
bound is comparable to the smallest headline ef-
fect in Table 2 and below the others.

Cell \ Tcal Nest  cal-B* \ cal-\*
NQ, CE 4,378 4,379 0.5 3.0
NQ, ES 4,378 4,379 0.5 0.5
TQA, CE 4418 4,419 0.5 0.1
TQA, ES 4418 4,419 0.5 0.1
PopQA,CE | 7,133 7,134 0.5 30.0
PopQA,ES | 7,133 7,134 0.5 3.0

Table 17: Half-split calibration cal-best (8*, \*) per
(dataset, evidence) cell, selected on a 50/50 cal/test par-
tition (seed 42) via EM maximization on the calibration
half. 5=0.5 is cal-best across all 6 cells; \* varies from
0.1 to 30, and we adopt a single plateau-end default
A=30 for the main text.

L. Lambda Sensitivity for the
Evidence-Only Claim

§6.1 reports that evidence-only (EO-CE) weight-
ing achieves near-identical EM to Dir-CE on
NQ and PopQA at the default configuration
(6=0.5,A\=30). This appendix documents how
the Dir-CE versus EO-CE EM gap evolves across
A at $=0.5, showing that the redundancy claim is
operating-point specific.

Table 18 reports Dir-CE EM at A €
{0.1,0.5,1, 3,10, 30} alongside EO-CE for each
(LLM, dataset) cell. At A<1, the retrieval prior
exp(B-s;) € [1.11, 1.54] (observed range over the
three retrieval sets) contributes numerically on par
with X - e; € [0,1], and Dir-CE differs from EO-
CE by up to 3.81%p (Llama-70B, PopQA). As A
grows to 30, the evidence term dominates numeri-
cally (A\-e; € [0,30] vsexp(f3-s;) € [1.11,1.54]),
and Dir-CE converges to EO-CE in 6 of 9 cells (to
within 0.2%p). The redundancy reported in §6.1
is thus specific to the evidence-dominant default;
at smaller A the prior is clearly active.

M Alternative NLI Model

To verify that the negative NLI finding in §6.1
is not an artifact of our choice of NLI model
(nli-deberta-v3-base), we evaluate an al-
ternative model, roberta-large-mnli, on
a 500-query random sample per dataset (5,000
query-document pairs for NQ and TriviaQA,
4,976 for PopQA where some queries had <10
retrieved documents; seed 42; forward direction,
query as premise, document as hypothesis, docu-
ments truncated to 1,000 characters to match the
main setup). Table 19 compares gold-vs-non-gold
AUC between the two models.

N Embedding Stability at Longer
Truncation

The main-text ES implementation truncates docu-
ments at 512 characters (§3). Because CE and NLI
use 1,000 characters, the shorter ES truncation is
a potential cross-signal confound (Limitation 6).
To check this, we recompute ES at 1,000-character
truncation (with MiniLM’s max _seq_length raised
to 512 tokens, the model maximum) on a 500-
query random sample per dataset (seed 42) and
compare gold-vs-non-gold AUC (Table 20).
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LLM Dataset | A=0.1 A=0.5 A=1 A=3 A=10 A=30 | EO-CE | max |A|
Qwen-7B NQ 28.57 28.79 29.02 30.01 30.24 30.38 30.38 1.80
Qwen-7B TQA 53.37 53.57 5375 55.05 5493 54775 54.05 1.01
Qwen-7B PopQA 29.42 29.82  30.09 31.13 31.66 31.82 31.93 2.50
GPT-4.1-mini NQ 32.50 32.64 32.87 3344 3387 33.86 33.73 1.23
GPT-4.1-mini TQA 63.21 63.23 6337 63.87 6392 63.43 62.48 1.45
GPT-4.1-mini  PopQA 32.52 32.64 33.05 34.04 3437 3446 34.41 1.89
Llama-70B NQ 28.08 28.09 2838 29.22 29.79 30.01 30.02 1.94
Llama-70B TQA 60.45 60.53 60.73 6153 61.79 61.51 60.60 1.19
Llama-70B PopQA 26.59 26.80 27.37 2891 2992 30.23 30.40 3.81

Table 18: Dir-CE EM (%) at $=0.5 across A € {0.1,0.5,1,3,10,30}, compared to EO-CE (rightmost data
column) for each (LLM, dataset) cell. “max |A[|” (last column) is the largest absolute Dir-CE vs. EO-CE gap
across the tested A values. At A=30, the gap falls to < 0.2%p in 6 of 9 cells; the maximum gap across smaller A
reaches 3.81%p, showing the prior is active at low A and numerically redundant at the default.

Dataset ‘ deberta-v3-base roberta-large-mnli ‘ A

NQ 0.504 0.511 +0.007
TriviaQA 0.512 0.517 +0.005
PopQA 0.502 0.502 —0.001

Table 19: NLI alternative-model gold-vs-non-gold AUC (500-query random sample per dataset, the same sample
and gold definition as Table 13). roberta-large-mnli is within 0.01 AUC of nli-deberta-v3-base;
both remain near chance and well below the AUC achieved by CE (0.73-0.78) and ES (0.71-0.73) in Table 4.
The qualitative finding, that off-the-shelf NLI is a weak document-weighting signal in this setting, is robust to the
choice of NLI model.

Dataset | ES@512 ES@1000 | A

NQ 0.720 0.729 +0.009
TriviaQA 0.736 0.748 +0.013
PopQA 0.717 0.714 —0.003

Table 20: ES gold-vs-non-gold AUC at 512-character vs. 1,000-character document truncation (500-query random
sample per dataset, the same sample and gold definition as Table 13; AUC values differ slightly from Table 4 due to
the smaller sample). Increasing the truncation length from 512 to 1,000 characters changes AUC by at most 0.013
absolute; the ES signal quality is essentially flat with respect to truncation length in this range. The CE-vs-ES
AUC gap is therefore not an artifact of the 512-char truncation.

O Mechanism Diagnostics

To complement the EM-level results in §6, this ap-
pendix reports five cache-based diagnostics that
probe how Dir-CE redistributes weight (no new
LLM inference is required). All values are com-
puted at the default (5=0.5, A=30) on the full test
set. For reference, the mean Shannon entropy of
the Dir-CE weight vector (the vote-sharpening fig-
ure quoted in §6) is 2.073 / 1.989 / 2.087 nats
on NQ / TQA / PopQA, against log 10 = 2.303
for uniform weights (—10.0 / —13.6 / —9.4%;
results/weight_entropy. json).

Answer-support weight mass (C7). For each
query, we sum the voting weight assigned to
documents whose generated answer matches the
gold (after standard SQUAD/NQ normalization).
Higher values indicate that weight is concentrated

on documents whose per-document answer is cor-
rect (Table 21).

Dataset | Naive SimW Dir-CE EO-CE

NQ 0.196  0.196 0.220 0.224

TQA 0.480 0.480 0.517 0.526

PopQA | 0.187 0.187 0.217 0.221

Avg. \ 0.288  0.288 0.318 0.323
Table 21: (7 (answer-support weight mass), aver-

aged across 3 LLMs. Dir-CE concentrates weight on
answer-bearing documents in all 9 individual (LLM,
dataset) cells; SimW matches Naive to three decimals.

Gold-doc weight mass (C3). Sum of weights
assigned to documents labeled type: ’gold’
in the retrieval set, the dataset-native annotation
used for the has-gold split (§5.2; at most one gold
document per query, mean 0.63-0.75), which is
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stricter than the answer-containment ratio of §4
(21.9-35.3% of documents). Complements C; at
the document level (Table 22).

Dataset | Gold ratio | Naive SimW Dir-CE EO-CE
NQ 0.073 0.073 0.073 0.108 0.115
TQA 0.075 0.075 0.076 0.139 0.161
PopQA 0.063 0.063  0.063 0.092 0.095

Table 22: (5 (gold-doc weight mass). Dir-CE assigns
1.46-1.84x more weight to gold-bearing documents
than uniform; the largest amplification is on TriviaQA.

Wrong high-confidence (HC) rate (C3). Frac-
tion of queries where the prediction is wrong but
vote mass exceeds 0.5. Lower is better. Quantifies
overconfidence (Table 23).

Method ‘ Wrong-HC| Correct-HCT Mean conf. EM (%)

Naive 0.109 0.233 0.467 39.0
SimW 0.132 0.255 0.467 38.8
Dir-CE 0.161 0.290 0.522 41.1
EO-CE 0.201 0.295 0.553 40.9

Table 23: C3 averaged across 9 (LLM, dataset) cells.
Threshold 7=0.5. Dir-CE sharpens both correct and
incorrect predictions, quantifying the calibration trade-
off discussed in §6.

Oracle gap closure (Cy). (EMpj.cg
EMNaive) / (EMOracle EMNaive)a where the
Generation Oracle credits a query if any per-
document answer matches the gold. Reframes
small absolute gains as a fraction of recoverable
headroom (Table 24).

LLM Dataset | AEM  Gap  Closure
Qwen-7B NQ +1.94 2046  9.5%

Qwen-7B TQA +2.37 15.85 14.9%
Qwen-7B PopQA | +343 18.78 18.3%
GPT-4.1-mini NQ +1.45 19.40 7.5%

GPT-4.1-mini TQA +0.49 12.22 4.0%

GPT-4.1-mini PopQA | +2.65 20.32 13.0%
Llama-70B NQ +1.88 18.43 10.2%
Llama-70B TQA +1.40 13.55 10.4%
Llama-70B PopQA +4.12  25.18 16.4%
Average | +2.19 1824 11.6%

Table 24: Cjy: oracle gap closure per cell. Dir-CE re-
covers 11.6% of the Generation Oracle headroom on
average (range 4.0-18.3%).

Cost-normalized gain (C5). Mean AEM (vs.
Naive, across 9 cells) divided by per-query
evidence-computation latency.

C5 (cost-normalized gain) is reported in the
main text (“Efficiency note,” §6): CE delivers
+0.110 AEM/ms (20ms latency), ~21x more
EM gain per millisecond than ES (+0.005 at
160 ms), while NLI is actively harmful (—0.013
at 110 ms).

Together, C; and C5 show that Dir-CE re-
distributes weight onto answer- and gold-bearing
documents, consistent with the EM gains being
driven by this mechanism; C3 quantifies the cal-
ibration trade-off, Cy frames the absolute gains as
a non-trivial share of oracle headroom (11.6% on
average), and C5 shows CE is the dominant evi-
dence signal once latency is accounted for.

P Concat-Prompt Baseline (Full Results)

This appendix complements the body discussion
(§6.6) with full per-cell results (Table 25) compar-
ing our voting framework to the standard concat-
prompt RAG baseline. We feed the same top-10
retrieved documents (truncated to 800 chars each,
matching the per-document setup) into a single
LLM call with the prompt:

Based on the following
documents, answer the question
in a few words. Document 1:
...} ... Document 10: {...}
Question: {qg} Answer:

Greedy decoding, max 50 output tokens, identi-
cal to per-document generation.

Per-LLM averages (Concat — Dir-CE).

* Qwen-7B: —1.27%p (voting wins 2/3, Dir-
CE preferred)

* GPT-4.1-mini: —0.09%p (mixed;
wins 1/3, comparable)

voting

* Llama-70B: +7.64%p (concat dominates,
voting wins 0/3)

Selective prediction (Llama-70B / NQ). De-
spite Concat winning EM (37.59 vs. Dir-
CE 30.01), Dir-CE achieves lower AURC and
Risk@0.8 than the voting baselines Naive and
SimW (Table 5, §5). Concat itself has no entry in
that comparison: voting’s vote-mass distribution
provides a native confidence signal that concat-
prompt’s single-output regime lacks, so Concat
has no risk—coverage curve to compare.
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LLM DS | Naive Concat Dir-CE EO-CE | Ac.y Ac p
NQ 28.43 29.12 30.38 30.38 +0.69 —1.26
Qwen-7B TQA 52.38 51.88 54.75 54.05 —0.50 —2.86
PopQA | 28.37 32.13 31.82 31.92 +3.76 +0.31
NQ 32.41 35.07 33.86 33.73 +2.66 +1.21
GPT-4.1-mini TQA 62.94 60.43 63.43 62.48 —2.51 —3.00
PopQA | 31.74 35.93 34.40 34.34 +4.18 +1.52
NQ 28.13 37.59 30.01 30.02 +9.47 +7.58
Llama-70B TQA 60.11 65.86 61.51 60.60 +5.75 +4.35
PopQA | 26.12 41.20 30.21 30.38 +15.08 +11.00
Average (9 cells) ‘ 38.96 43.25 41.15 40.88 ‘ +4.29 +2.09

Table 25: Concat-prompt baseline vs. our voting methods on 9 (LLM, dataset) cells. EM in percent. Bold = best
EM in row across Naive, Concat, Dir-CE, EO-CE. A-_ 5 = Concat — Naive; Ac_p = Concat — Dir-CE. PopQA
voting metrics in this table are recomputed on the k=10 strict subset (13,659 queries) for fair comparison with
Concat (which requires £=10); they differ from Table 2 by <0.07%p. Concat outperforms Dir-CE in 6/9 cells
(avg +2.10%p), with the gap dominated by Llama-70B (avg +7.64%p across 3 datasets). On Qwen-7B, Dir-CE
wins in 2/3 cells (avg —1.27%p in favor of voting). The pattern reflects an inverse correlation between LLM size
and voting effectiveness (treating GPT-4.1-mini, whose parameter count is undisclosed, as mid-tier by cost/latency

class).

LLM size effect. The inverse correlation
(smaller LLMs benefit from voting; larger LLMs
benefit from concat) is consistent with the doc-
umented positional degradation of long-context
inputs (Liu et al., 2024), the lost-in-the-middle
phenomenon; the size dependence itself is our
empirical observation. We observe this pattern
across 9 cells; we do not claim general scal-
ing laws and report the LLM size effect as an
empirical observation rather than a causal claim.

Cost. Concat uses 1 LLM call per query with
~2,100 input tokens; voting uses 10 LLM calls
each with ~200 input tokens. Total token con-
sumption is comparable, but voting parallelizes
across documents (up to 10 concurrent calls on
multi-tenant APIs), and voting’s per-document
outputs cache more efficiently when a query is
reused with different combinations of retrieved
documents.

Q BMZ2S5 Retriever Robustness

To assess robustness beyond DPR and Con-
triever, we conducted a post-hoc evaluation us-
ing BM25 (Pyserini (Lin et al., 2021)/Lucene;
k1=0.9, b=0.4) as the retriever with Qwen2.5-
7B-Instruct-Turbo and the same evaluation proto-
col (k=10, =0.5, A=30, CE evidence). BM25
scores are min-max normalized to [0, 1] before
computing exp(fS - s;) to maintain compatibil-
ity with the REPLUG-style softmax in Eq. 2;
without normalization, raw BM25 scores collapse

weight onto the top-1 document. GPT-4.1-mini
and Llama-3.3-70B results are not available for
BM25.

Finding 1: CE evidence signal transfers to
BM25. As shown in Table 26, Dir-CE im-
proves EM over Naive on all three datasets
(+1.23/+1.26/4-2.00%p), and EO-CE yields con-
sistent gains (+2.07/41.11/4-2.33%p). The CE
evidence signal therefore retains its accuracy ben-
efit when the underlying retriever is changed from
dense (DPR/Contriever) to lexical (BM25), de-
spite BM25’s lower absolute Naive baseline.

Finding 2: Dataset-level prior behav-
ior replicates qualitatively. A grid
search over 8 € {0.5,1.0,2.0,4.0} and
A € {0.1,0.5,1.0,3.0,10.0,30.0} (24 Dir-
CE configurations x 3 datasets) shows that
EO-CE dominates all 24 Dir-CE points on NQ
and PopQA, while on TriviaQA 7 of 24 config-
urations outperform EO-CE (best: 5=0.5, A=3,
+0.43%p over EO-CE). The main-paper pattern,
that retrieval-similarity scores add marginal value
on TriviaQA but are redundant or harmful on NQ
and PopQA, thus replicates: BM25 similarity
scores act as counterproductive weighting priors
on NQ and PopQA (EO-CE — Dir-CEgefayiy =
+0.83%p and 4-0.34%p), while on TriviaQA the
best Dir-CE configuration (A=3) outperforms
EO-CE by +0.43%p. This suggests the value
of the retrieval-similarity prior on TriviaQA is a
dataset-level property (consistent with its higher
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Dataset Naive SimW Dir-CE EO-CE  Ap; AEgo
NQ (n=8,757) 2231 2232 23.55 2438 +1.23 +2.07
TriviaQA (n=8,837) 54.25 54.35 55.51 5536 +1.26 +1.11
PopQA (n=14,267) 20.76  20.96 22.76 23.10 +2.00 +2.33

Table 26: BM25 robustness evaluation (Qwen2.5-7B; default 5=0.5, A=30). EM in %. Ap; = Dir-CE — Naive;
Ago = EO-CE — Naive. Bold = highest EM in row. BM25 Naive baselines are lower than Table 2 due to retriever
quality differences; absolute EM values are not directly comparable across retrievers, but A patterns are.

retriever—gold-document correlation, p=0.30 in
§6.1) rather than retriever-specific.

Practical implication. For BM25 deployments,
EO-CE (A—00) is recommended for NQ-style
and PopQA-style tasks; on TriviaQA-style tasks
a smaller \ (= 3) yields modest additional gains
over EO-CE.

API failures in the PopQA run. During the
original PopQA run, 12,219 of the 142,670 per-
document calls (8.6%; 1,260 queries, of which
1,205 had all ten calls fail) hit the provider’s rate
limit on every retry and were cached as absten-
tions, which receive no vote (App. J); the affected
queries are therefore scored as incorrect for all
four methods. The provider’s serverless endpoint
for this model returned service-unavailable errors
at camera-ready time, so the failed calls could not
be repeated. On the 13,007 PopQA queries with-
out any failed call, EM is 22.74 / 22.96 / 24.93 /
25.30 for Naive / SimW / Dir-CE / EO-CE (Ap;,
+2.19, Ago +2.56%p). The PopQA row of Ta-
ble 26 therefore understates absolute EM but not
the direction or approximate size of the gains. The
NQ and TriviaQA runs had no failed calls.

Limitations of this analysis. Results cover
Qwen2.5-7B only; GPT-4.1-mini and Llama-3.3-
70B are not evaluated on BM25. The TriviaQA
default A=30 is suboptimal by 0.28%p relative
to the grid optimum (A=3), so the default-config
transfer claim from the main text holds direction-
ally but not optimally on BM25-TriviaQA. A BGE
evaluation remains future work. We expected that
high-precision modern dense retrievers would re-
duce absolute CE gains as retrieval-similarity and
CE evidence scores become more correlated (i.e.,
when the retriever already ranks answer-bearing
documents at the top), while the evidence-only
(A—00) regime should remain applicable regard-
less of retriever type, since EO-CE bypasses the
retrieval-similarity prior entirely. Both expecta-
tions are confirmed by the E5 evaluation (Ap-

DS LLM Subset n Naive Dir-CE AEM McNemar p
has-gold 6364 3837 4101 +2.647 <0.001
Qwen-7B no-gold 2393 201 209 -+0.08 0.823
NQ . has-gold 6364 41.01 4323 42227 <0.001
GPT-4.Imini 0 \o0ld 2393 9.53 890 —0.63 0.046
. has-gold 6364 3564 3822 +2.587 <0.001
Llama-70B 0 \00ld 2393 811 815 +0.04 1.000
Qwen7p  hasgold 6653 67.13 7031 +3.19" <0.001
no-gold 2,184 742  7.33 —0.09 0.899
TQA . has-gold 6,653 7574 7670 +0.96 0.0015
GPT-4.1-mini [ \o0ld 2,184 2399 2299 —1.01 0.036
. has-gold 6,653 7176 7395 +2.19" <0.001
Llama-70B o Jo0ld 2,184 24.63 2363 —1.01 0.019
has-gold 8,537 45.16 5057 +5.41" <0.001
Qwen-7B no-gold 5,122 039 057 +0.18 0.0077
PopQA . . has-gold 8,537 4837 5290 +4.53" <0.001
GPT-A.Lmini [ o\0ld 5122 404 357 —047 0.0060

- t

Llama7op  has-gold 8537 39.89 4671 4+6.83' <0001

no-gold 5,122 3.18 2.69 —0.49 0.0039

Table 27: Full has-gold / no-gold decomposition: sub-
set size, absolute EM (%), AEM (Dir-CE — Naive,
%p), and McNemar p. f: Bonferroni-significant at
/27 ~ 1.9x1073. TQA/GPT-4.1-mini (p=0.0015)
passes numerically but is reported as marginal (§5.2).

pendix S).

R Has-Gold / No-Gold Decomposition
Details

Table 27 reports the full statistics behind Table 3
(85.2): subset sizes, absolute EM, and McNemar
p-values. A query is has-gold if any of its top-
10 retrieved documents is marked gold under the
dataset-native annotation (strict k=10); the split
depends only on the retrieval run and is therefore
identical across the three LLMs.

Six no-gold cells reach nominal p<0.05 (five
negative, one positive), but none survives Bonfer-
roni correction («/27) and all are small in magni-
tude (<1.01%p). The two largest (both TQA) sit
on a ~=24% EM base, while the single positive cell
(PopQA/Qwen-7B, +0.18%p) is driven by only 9
discordant pairs (ng1=9, n19=0) at a below-1%
EM base, consistent with noise rather than a gen-
uine no-gold effect.

Family-size sensitivity. We apply the uniform
a/27 divisor throughout (§4). Under the family-
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DS LLM Naive SimW Dir-CE EO-CE Apir p
Qwen-7B 3537 3533 3547 3523 +40.10 0.66

NQ GPT-4.1-mini 36.13 36.17 3633 3623 +0.19 0.29
Llama-70B 31.78 31.78  32.07 3197 +0.29 0.11
Qwen-7B 59.00 5891 59.53 59.28 +0.53 0.028

TQA  GPT-4.1-mini 64.77 6472 64.86 64.56 +0.09 0.68
Llama-70B 62.46 6248 62.77 6236 +0.31 0.15

Qwen-7B 3631 3632 3785 37.85 +1.547 <0.001
PopQA GPT-4.1-mini 39.69 39.69 4091 4093 +1.23" <0.001
Llama-70B 3457 3456 3671 3681 +2.147 <0.001

Average Ap;; +0.71

Table 28: E5 full-set EM (%) for all nine cells
(n=8,757 / 8,837 / 14,267). Ap;, = Dir-CE — Naive
(raw difference rounded, as in Table 2). Bold = best in
row. T: Bonferroni-significant (McNemar, a/27). Ab-
solute EM is not comparable to Table 2 on NQ/TQA
(legacy DPR passage surface forms).

specific divisor for the nine no-gold tests (a/9 =~
5.6x1072), one cell crosses the threshold in
the negative direction: Llama-70B/PopQA (AEM
—0.49%p, p=3.9x1073). This does not change
the reading that weighting offers no reliable gain
without a gold document. If anything, it strength-
ens the recommendation to fall back to uniform
weighting when the diagnostic predicts no separa-
tion. No has-gold conclusion is affected: all nine
has-gold p-values clear both divisors (the marginal
TQA/GPT-4.1-mini cell passes both numerically).

S E5 Retriever Evaluation

To assess the framework on a modern
high-precision retriever, we re-encoded the
full 21M-passage Wikipedia corpus with
intfloat/e5-base-v2 (using the re-
quired “query:”/“passage:” prefixes) and re-ran
the complete pipeline on all nine (LLM, dataset)
cells (=920k new LLM calls; same protocol:
k=10, =0.5, A=30, CE evidence). Raw cosine
similarities enter Eq. 2 directly (no min-max
normalization). Because our NQ/TQA passage
sets use the legacy DPR surface form (lower-
cased/tokenized), absolute EM is not comparable
to Table 2 on those datasets; we therefore report
within-ES comparisons only. For the has-gold
decomposition below, “gold” means answer-string
match, applied within ES.

Within E5, Dir-CE improves EM over Naive
in all nine cells (Table 28; avg +0.71%p),
but only the three PopQA cells are Bonferroni-
significant; TQA/Qwen-7B is nominally signifi-
cant (p=0.028). Three observations:

1. Absolute gains shrink vs. DPR/Contriever

(+2.19 — 40.71%p average), the behavior
Appendix Q anticipated for high-precision
retrievers. E5 retrieves an answer-bearing
document in the top-10 for 70-81% of
queries (70.4% / 80.4% / 75.9% on NQ
/ TQA / PopQA), Naive voting is already
strong, and the per-query topl-top10 cosine
spread is compressed (0.028-0.031 mean),
leaving similarity and evidence signals little
room to disagree. The attenuation is not an
artifact of the NQ/TQA passage surface-form
change: on PopQA, the one dataset whose
absolute EM is directly comparable across re-
trievers (Table 28 caption), the average gain
also shrinks, +3.40 — +1.63%p.

2. The similarity-only prior is effectively re-
dundant on ES. SimW differs from Naive by
less than 0.1%p in every cell (avg —0.02%p):
the similarity prior alone provides no measur-
able benefit over uniform voting on the most
modern retriever tested.

3. The evidence-only limit remains competi-
tive. EO-CE tracks Dir-CE on PopQA (|Dir
— EO| < 0.11%p) and on NQ for GPT-
4.1-mini and Llama-70B (+0.09%p each),
trails it marginally on NQ for Qwen-7B
(+0.24%p), and most consistently on TQA
(Dir — EO = 40.25 / 40.31 / 40.41%p),
consistent with the main text’s finding that
the similarity prior adds the most value
on TriviaQA, the dataset with the highest
retriever—gold correlation (p=0.30) and gold
ratio (35.3%; §6.1).

Has-gold / no-gold decomposition. The same
analysis as §5.2 (with answer-string gold and full
retrieval sets, without a strict-k filter, per the
preamble above) yields avg Ap;; = +0.97%p on
has-gold vs. —0.17%p on no-gold. Per dataset,
has-gold Api: PopQA +2.04 / +1.63 / +2.86
(Qwen / GPT / Llama; all p<10~19), TQA +0.75
/ 40.30 / 4+0.58, NQ +0.15 / +0.19 / +0.24, the
same concentration pattern as on DPR/Contriever,
at a smaller scale.

(B,\) grid. Table 29 reports the same 24-
configuration grid as Appendix Q (8 €
{0.5,1,2,4}, A € {0.1,0.5,1,3,10,30}), here
for all nine cells. The fixed default is robust on
ES: the gap between the default and the per-cell
grid optimum is <0.41%p in every cell, tighter
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DS LLM Default Best (5%, \*) Gap EO-CE >EO

Qwen-7B 35.47 35.61 (2,30) 0.14 3523 24/24
NQ GPT-4.1-mini ~ 36.33 36.35 (2,30) 0.02 3623 9/24
Llama-70B 32.07 32.11 (2,30) 0.05 3197 5/24

Qwen-7B 59.53 5993 (1,10) 0.40 59.28 10/24
TQA  GPT-4.1-mini  64.86 65.27 (2,30) 041 64.56 24/24
Llama-70B 62.77 62.95 (2,30) 0.18 62.36 24/24

Qwen-7B 37.85 37.85 (0.5,30) 0.00 37.85 0/24
PopQA GPT-4.1-mini ~ 40.91 40.91 (0.5,30) 0.00 4093 0/24
Llama-70B 36.71 36.71 (0.5,30) 0.00 36.81 0/24

Table 29: E5 (5, \) grid summary per cell: EM of the
fixed default (5=0.5, A=30) vs. the per-cell grid op-
timum (3%, A\*); Gap = Best — Default (%p); >EO =
number of the 24 Dir-CE grid points exceeding EO-CE.

than the <0.52%p bound on DPR/Contriever, and
on PopQA the default is the grid optimum in all
three cells. Every per-cell optimum lies in the
evidence-dominant regime (A € {10,30}). The
EO-CE comparison largely replicates the dataset-
level pattern of Appendix Q: on PopQA no grid
point beats EO-CE (0/24 in all three cells), on
TQA most or all do (10-24 of 24), and on NQ,
where BM25 showed full EO-CE dominance, the
outcome is mixed with margins <0.4%p.

T Aggregation-Rule Comparison

Table 30 compares Dir-CE against three additional
training-free aggregation rules, computed from the
same cached per-document answers with no ad-
ditional LLM calls (all nine cells, strict k=10):
RRF (Cormack et al., 2009) fuses the similarity
rank and the CE rank via reciprocal-rank fusion
(1/(60+7gm) + 1/(60+7cg)) as voting weights;
Borda converts CE ranks to weights k—r+1; CE-
Top1 returns the answer of the single highest-CE
document (no vote).

Four observations. (1) Dir-CE outperforms
RRF in all nine cells (avg +1.71%p; 8/9
McNemar-significant at «/27, the exception be-
ing TQA/GPT-4.1-mini, p=0.30). RREF is the
closest external counterpart to our formula, as
it fuses the same two signals, but by rank, re-
admitting the similarity prior. (2) Borda over
CE ranks is statistically indistinguishable from
Dir-CE (avg —0.16%p). No cell is significant
in either direction; nominal p<0.05 differences
favor Borda in four cells (NQ/Qwen p=0.018;
PopQA/Qwen p=0.009; PopQA/Llama p=0.006;
NQ/GPT p=0.0499) and Dir-CE in none. Two
different functional forms over the same CE sig-
nal thus perform equivalently, supporting the in-
terpretation that the evidence signal itself, not the

DS LLM Naive RRF CE-Rerank CE-Topl Borda Dir-CE

Qwen-7B 28.43 28.88 29.44 2875 3092  30.38
NQ GPT-4.1-mini  32.41 32.57 33.92 32.68 3428 33.85
Llama-70B 28.11 28.24 29.88 30.24 2993 30.00
Qwen-7B 52.37 53.06 52.66 50.55 54.65 54.75
TQA  GPT-4.1-mini 62.95 63.17 62.28 59.70 63.38  63.43
Llama-70B 60.11 60.39 60.67 58.93 61.11 61.51
Qwen-7B 28.37 29.51 30.61 3316 3223 31.82
PopQA GPT-4.1-mini 31.74 32.45 33.40 3454 3452 3440
Llama-70B 26.12 26.72 30.87 3421 30.75 3021
Average 38.96 39.44 40.42 4031 4131 41.15

Table 30: Training-free aggregation rules on the same
cached per-document answers (EM, %; no additional
LLM calls). Bold = best in row. CE-Rerank =
top-5 CE documents with uniform weights (the hard-
selection baseline of §5), recomputed on the same
strict-k answers. Borda’s average edge over Dir-CE
(+0.16%p) is not significant in any cell (McNemar,
«/27); Dir-CE beats RRF in all 9 cells (8/9 signifi-
cant), beats CE-Rerank in 7 (5 significant), and splits
with CE-Topl 5—4 along dataset lines.

specific form, drives the gains. Borda, however,
discards score magnitudes (rank-only) and has no
prior—evidence interpolation parameter, so it can-
not express the A-diagnostic that is the point of
the framework. We read it as a strong aggregation
baseline within the per-document voting regime,
not a replacement for it. (3) CE-Topl is dataset-
dependent: Dir-CE wins five cells (all three TQA,
two NQ), CE-Top1 wins the three PopQA cells (by
up to +4.00%p on Llama-70B) plus NQ/Llama-
70B (+0.24%p, p=0.53). On PopQA, single
entity-centric passages often contain the answer
span directly, consistent with the one CE-Rerank
loss in §5 (Llama-70B on PopQA). Selection-
style rules also return a point answer only: they
do not produce the vote-mass distribution used
for selective prediction (§5.4). (4) CE-Rerank
is the hard top-5 selection of §5 recomputed on
the strict-k subset, and it reproduces the full-set
pattern. Dir-CE wins 7 of 9 cells (5 McNemar-
significant at «/27; avg +0.73%p). It is within
noise on NQ/GPT-4.1-mini (—0.07%p, p=0.84)
and loses only on PopQA/Llama-70B (—0.67%p,
p:6.1><10_3, not significant at «/27), the same
cell where CE-Top1 excels.
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Figure 4: Full reliability grid: 3 LLMs (rows) x 3 datasets (columns), Naive vs. Dir-CE at =0.5, A=30. Each
panel shows binned accuracy per confidence bin; dashed line = perfect calibration. ECE before/after is annotated
per panel with direction arrow (T = worsens, | = improves). The pattern is heterogeneous rather than cleanly scale-
monotonic: GPT-4.1-mini shows a consistent shift below the diagonal (overconfidence) across all three datasets;
Qwen-7B behaves similarly on NQ and PopQA but shows the grid’s largest improvement on TriviaQA (ECE
—0.064); Llama-70B improves on PopQA (—0.014) and moderately worsens on NQ/TriviaQA. Plain ECE magni-
tudes (binned) may differ in direction from the kernel-smoothed SmoothECE reported in §6; the figure is illustra-
tive of the mechanism rather than a reproduction of the SmoothECE counts.
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