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Abstract 

Scientific claim verification requires a system to retrieve relevant literature, identify evidentiary sentences, and assign a 
SUPPORT, CONTRADICT, or not-enough-information (NEI) label. A single retrieval pass is inexpensive but leaves 
recoverable evidence outside the candidate set, whereas unconditional iterative retrieval increases cost and can introduce query 
drift. This study presents a corrective retrieval-augmented verification pipeline that couples stemmed BM25 retrieval, 
evidence sentence ranking, a calibrated verifier agent, training-fold evidence memory, query reformulation, and reciprocal-
rank fusion. The corrective gate is calibrated inside each training fold. It initiates a second retrieval pass only for low-
confidence or weak-evidence cases, accepts a changed label only when the second verifier provides a calibrated confidence 
gain, and preserves a previously evidence-backed label when the second pass returns NEI. Experiments use the SciFact corpus 
of 5,183 abstracts and 1,109 labeled claims under the provided five-fold partition. The second pass raises document Recall@5 
from 90.3% to 92.8%. The gated system invokes that pass for 17.0% of claims, reaches 68.4% accuracy, 0.656 Macro-F1, and 
the highest evidence-conditioned joint score of 0.597. Compared with always applying two passes, it improves accuracy by 
4.78 points and Macro-F1 by 5.51 points while reducing processed tokens by 41.8%. The results show that iterative retrieval 
is most effective when evidence accumulation, label replacement, and cost are governed by separate verification decisions. 
 
Keywords: Scientific Fact Checking; Corrective RAG; Iterative Retrieval; Query Reformulation; Evidence Verification; 
Scifact; Calibrated Gating; Reciprocal Rank Fusion 
 
A. INTRODUCTION 
Scientific claims circulate through research articles, clinical 
summaries, news reports, and public discussion faster than 
experts can inspect the supporting literature. A useful system 
must retrieve the source, identify the sentences carrying the 
evidentiary burden, and bind its decision to them. SciFact 
formalized this setting with expert-written claims, scientific 
abstracts, document labels, and sentence rationales [1]. 
Evidence-grounded disclosure QA likewise treats provenance 
as part of answer correctness [2], while FEVER established 
the retrieval–evidence–classification decomposition at larger 
scale [3]. Long-document clause analysis extends the 
requirement to dispersed contractual evidence [4], and 
retrieval–summary code intelligence couples finding a source 
with explaining it [5]. A scientific fact-checking survey 
identifies provenance, terminology, and domain transfer as 
persistent difficulties [6]. 

Scientific verification systems have developed as pipelines or 
joint models. SCIVER evaluated abstract retrieval, rationale 
selection, and label prediction [7]; VerT5erini adapted a 
sequence-to-sequence model to all three subtasks [8], and 
MultiVerS used full-document context with weak supervision 

[9]. SciBERT [10], BERT [11], and Sentence-BERT [12] 
provide semantic representations, but representation quality 
does not remove the need to control evidence access. 
Adjacent high-stakes studies reinforce this distinction: 
DenseNet cancer classification depends on visual 
representation [13], and minimal-residual-disease prediction 
operates under clinical uncertainty [14]. Human-uncertainty 
distillation learns from label distributions [15], uncertainty-
aware late fusion calibrates modality confidence [16], and 
spectral-estimator analysis formalizes uncertainty [17]. These 
studies motivate using confidence as a control signal, not as a 
substitute for evidence. 

Retrieval-augmented generation introduced non-parametric 
memory into knowledge-intensive language processing [18], 
and REALM incorporated retrieval into pretraining [19]. 
Dense Passage Retrieval learned a dual encoder [20], while 
Fusion-in-Decoder aggregated multiple passages [21]. 
Retrieval-grounded diagnosis also appears outside question 
answering: HDFS analysis links anomalies to failure 
narratives and selective refusal [22]; OpenStack analysis 
retrieves normal prototypes [23]; CI diagnosis connects logs 
to repair recommendations [24]; and AIOps frames fault 
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analysis as evidence-driven operations [25]. Across these 
settings, a verifier cannot use absent evidence, yet 
indiscriminate retrieval can introduce distracting neighbors. 

Classical information retrieval supplies controlled 
mechanisms for this trade-off. BM25 provides sparse 
probabilistic ranking [26]; reciprocal rank fusion combines 
rankings without score calibration [27]; the vector-space 
model places queries and documents in one term space [28]; 
and relevance feedback expands queries from retrieved 
material [29], [30]. Spectral rank-aggregation theory studies 
ranking stability [31]. Query2doc generates pseudo-
documents for expansion [32], while approximately shared-
feature analysis clarifies cross-domain transfer [33]. Rewrite-
Retrieve-Read trains a rewriter [34]; FLARE triggers retrieval 
under uncertainty [35]; IRCoT interleaves retrieval and 
reasoning [36]; hypothetical-document embeddings construct 
retrieval targets [37]; and Self-RAG learns retrieval and 
critique decisions [38]. E-commerce recommendation further 
shows that neighbor selection depends on explicit 
representation, privacy, and cold-start assumptions [39]. 

The common insight is that a second acquisition step can 
recover a missed signal. The engineering question is when it 
should run and how it should alter an evidence-backed 
decision. Related systems allocate resources selectively: risk-
aware auto-bidding balances utility, budget, and tail risk [40]; 
progressive PDF rendering prioritizes functional content [41]; 
and counterfactual learning-to-rank evaluates policies under 
biased exposure [42]. Hybrid-cloud LLM deployment [43], 
edge video-quality prediction [44], and digital-twin mobility 
control [45] pose analogous cost–quality choices. In scientific 
verification, always retrieving twice pays maximum cost and 
exposes stable claims to query drift. 

This paper addresses that instability with a closed-loop 
corrective RAG design. The first pass retrieves abstracts, 
selects five claim-relevant sentences, and produces an 
evidence-aware prediction. A gate combines evidence 
probability, label confidence, maximum sentence similarity, 
and retrieval margin. Only routed claims enter a training-fold 
query rewriter; the expanded query drives a second stemmed-
BM25 search, and reciprocal rank fusion preserves both 
rankings. A calibrated confidence-gain test controls 
replacement, while a monotonic evidence rule prevents 
second-pass NEI from erasing first-pass SUPPORT or 
CONTRADICT. Calibration [46] and selective classification 
[47] motivate prediction–routing separation. DriftGuard’s 
monitor–rollback logic [48] and noisy-neighbor-aware VM 
risk modeling [49] motivate treating new evidence as a 
monitored proposal rather than an automatic replacement. 

The experimental contribution is a five-fold evaluation over 
every labeled SciFact claim, with out-of-fold predictions, test 
outputs, retrieval and rationale metrics, token-cost 
accounting, depth sweeps, gate trade-offs, ablations, 
bootstrap intervals, and error diagnostics. The comparison 
includes word BM25, stemmed BM25, character TF-IDF, 
first-pass rank fusion, unconditional two-pass retrieval, and 

the corrective policy under one verifier. Following the lesson 
from IoT anomaly detection that aggregate accuracy does not 
expose failure modes [50], the study uses paired claim-level 
resampling [51] and reports recovery, drift, and cost 
separately. Predictive DDoS mitigation likewise illustrates 
why detection quality and action cost should be evaluated 
together [52]; risk-dashboard design further motivates 
presenting distinct diagnostic dimensions rather than one 
composite score [53]. 

Method 

A. Task formulation and data. Each example consists of a 
claim q, a corpus C of scientific abstracts, a gold label y in 
{SUPPORT, CONTRADICT, NEI}, and, for positive claims, 
one or more evidence rationales. The corpus contains 5,183 
abstracts and 45,952 sentences. The labeled train and 
development files contain 1,109 distinct claims: 456 
SUPPORT, 237 CONTRADICT, and 416 NEI. The release 
also contains 300 test claims without public labels. 
Quantitative evaluation therefore uses the dataset-provided 
five-fold partition over all 1,109 labeled claims; the final 
model trained on the full labeled set produces predictions for 
the 300 test claims. Every supervised component, nearest-
claim memory, expansion source, threshold, and gate 
parameter is restricted to the training portion of its fold. Table 
1 reports the split counts. 

 
Table 1. SciFact claim splits used in the experiments. 

Split Claims SUPPORT CONTRADICT NEI 
Train 809 332 173 304 

Development 300 124 64 112 
Labeled total 1109 456 237 416 

Unlabeled test 300 - - - 
 
B. Closed-loop architecture. Figure 1 summarizes the 
pipeline. Pass 1 maps the claim to a stemmed sparse query 
and retrieves a ranked abstract list. A sentence selector 
compresses the top-d abstracts into five candidate sentences. 
The verifier estimates whether the claim has sufficient 
evidence and then assigns SUPPORT or CONTRADICT 
when evidence is present. The corrective gate accepts the first 
result or routes the claim to a query rewriter. Pass 2 retrieves 
with the expanded query, fuses the original and rewritten 
rankings, selects a new evidence set, and invokes the same 
verifier. Retrieval routing and label replacement are separate 
decisions: a claim can use second-pass sentences as its 
rationale while retaining the first label when the second 
prediction lacks a calibrated confidence advantage. 
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Figure 1. Corrective retrieval loop with verifier-controlled 
routing, query reformulation, rank fusion, and conservative 
evidence accumulation. 

C. First-pass document retrieval. The study evaluates four 
first-pass retrievers. Word BM25 tokenizes lowercase 
alphanumeric terms, removes English stop words while 
retaining negation, repeats the title twice, and uses k1 = 1.5 
and b = 0.75. Stem-BM25 applies the Snowball English 
stemmer to the same representation. Character TF-IDF uses 
word-boundary character 3–5 grams, sublinear term 
frequency, L2 normalization, and a 120,000-feature limit. 
RRF-1P fuses the word, stem, and character rankings with 
reciprocal-rank fusion. For a document d and query q, BM25 
sums term contributions based on term frequency, document 
length, average document length, and inverse document 
frequency [26]. RRF assigns document d the score Σr 1/(60 + 
rankr(d)) over the contributing rankings [27]. The fusion 
depth is 200 documents per ranking. 

D. Evidence sentence selection. For each retrieved abstract, 
every sentence is represented by a word 1–2 gram TF-IDF 
vector. The selector evaluates the top d abstracts and scores 
sentence s in document rank r as 0.72 cos(q,s) + 0.18 
cos(q,title) + 0.10/(r+1). It retains the five highest-scoring 
sentences across the candidate documents. This design makes 
sentence evidence sensitive to both local lexical agreement 
and document-level topic agreement. The selected context 
supplies the verifier text, the sentence-level evidence output, 
and the measured verifier token count. Evidence evaluation 
includes hit rates at one, three, and five sentences, union 
recall, precision at five, and complete-rationale recovery. 

E. Verifier agent. The verifier decomposes the three-class 
decision into evidence availability and evidence stance. A 
balanced logistic classifier estimates p(E=1|q,S), where S is 
the selected context. Its sparse block concatenates claim word 
1–3 grams, claim character 3–5 grams, context word 1–2 
grams, prefixed claim–evidence relation tokens, and 
standardized dense features. Dense features include overlap, 
Jaccard similarity, negation counts, numeric mismatch, top-
sentence similarity, retrieval score, and score margin. If 
evidence probability exceeds the calibrated threshold, a 
stance layer assigns SUPPORT or CONTRADICT; 
otherwise, the output is NEI. This separation parallels 
perception systems that distinguish fusion from interpretation 
[54]. Visual explanation cards similarly separate localization, 
classification, confidence, and retrieved precedents [55], 
while attention-enhanced driving detection evaluates feature 
extraction before decision use [56]. The textual verifier 
applies the same modular principle to retrieval, rationale 
selection, and stance. 

F. Contrastive stance memory. Sparse claim–context 
features alone do not reliably distinguish a supported 
proposition from a minimally edited contradiction. The 
verifier therefore contains a training-fold contrastive 
memory. Positive training claims are encoded by 
concatenated word 1–3 gram and character 3–5 gram TF-IDF 

vectors. For a new claim, the nearest positive training claim 
supplies a provisional stance when cosine similarity is at least 
0.20. A deterministic relation check reverses that stance when 
the two claims differ in explicit negation or in curated 
opposition sets such as increase/decrease, present/absent, 
before/after, and male/female. Below the similarity threshold, 
the evidence-based stance classifier supplies the label. The 
memory stores only training-fold claims and never accesses a 
held-out claim’s annotation. 

G. Evidence-linked query reformulation. The rewriter 
encodes training-fold claims with word 1–2 gram TF-IDF and 
retrieves the three nearest training claims. Neighbors below 
cosine 0.18 are ignored. For each retained neighbor, terms 
from its gold evidence titles receive weight 2·sim·idf, and 
terms from the first two evidence sentences receive weight 
0.25·sim·idf. Terms already present in the input claim are 
removed. The twelve highest-weight terms are appended to 
the original claim, producing a transparent expansion rather 
than an unconstrained generated statement. A second 
stemmed-BM25 search runs on the expanded query, and RRF 
fuses the original and second rankings. This mechanism 
follows the relevance-feedback principle [29], [30] while 
enforcing fold-safe evidence provenance. 

H. Gate calibration and conservative correction. Each 
training fold is split into an 80% fit subset and a 20% stratified 
calibration subset. The binary and stance models are fitted on 
the fit subset, and the calibration subset selects the positive 
threshold and gate. The positive threshold is chosen from 0.20 
to 0.65 in increments of 0.025 by Macro-F1. The trigger grid 
evaluates minimum positive probability, maximum accepted 
confidence, minimum sentence similarity, and document-
score margin. Its objective is Macro-F1 − 0.015 × second-
pass rate. After the second pass, a separate confidence-gain 
threshold decides whether its label replaces the first label. The 
acceptance grid ranges from −0.10 to 0.20. Finally, 
monotonic evidence preservation rejects any transition from 
first-pass SUPPORT or CONTRADICT to second-pass NEI. 
The rationale is evidential: failure to recover evidence under 
an alternative query does not invalidate evidence already 
retrieved. The full models are then refitted on the entire 
training fold and evaluated once on the held-out fold. 

I. Evaluation and cost accounting. Document retrieval is 
measured by Recall@1, 3, 5, 10, and 20 and mean reciprocal 
rank over the 693 positive claims. Verification uses accuracy, 
Macro-F1, per-class precision/recall/F1, and ten-bin expected 
calibration error. The joint score counts NEI when its label is 
correct; a positive claim also requires at least one complete 
gold rationale among the five selected sentences. This 
objective is stricter than accuracy alone, as constrained 
budgeting must evaluate forecasts under feasible allocation 
rules [57], credit-risk modeling must connect classification to 
consequences [58], and uncertainty-aware market forecasting 
must preserve the evidence behind directional predictions 
[59]. Cost is the alphanumeric-token count in retrieved top-d 
abstracts plus claim–sentence tokens processed by the 
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verifier. Always-2P pays both pass costs for every claim; 
Corrective-RAG pays the second cost only when routed. 
Paired bootstrap intervals use 2,000 claim-level resamples, 
following NLP significance-testing guidance [51]. 

J. Implementation settings. All random operations use seed 
42. Document, sentence, claim, and context indexes are fitted 
once within their permitted data scope and stored as sparse 
matrices. The experiment fixes five selected sentences, an 
RRF constant of 60, and the hyperparameters in Table 2. The 
median fold-calibrated positive threshold used for the final 
test model is 0.55. The recorded single-thread run completed 
in 109.3 seconds, including five-fold evaluation, depth 
sweeps, bootstrap analysis, figure generation, and final test 
prediction. 

Table 2. Fixed model components and calibrated design 
settings. 

Component Setting 
Word BM25 k1=1.5; b=0.75; title repeated twice 

Stemmed 
BM25 Snowball English stemmer; k1=1.5; b=0.75 

Character 
retrieval char_wb 3-5 grams; max_features=120000 

Sentence 
selector 

0.72 sentence cosine + 0.18 title cosine + 0.10 reciprocal 
rank; top 5 

Query rewriter 3 nearest training claims; min similarity 0.18; 12 expansion 
terms 

Rank fusion RRF k=60; top 200 from each pass 

Verifier balanced logistic regression; C=2; claim/context/relation 
features 

Contrastive 
memory nearest positive training claim; similarity threshold 0.20 

Gate 
fold-internal grid over trigger thresholds and confidence-

gain acceptance; monotonic evidence preservation; objective 
Macro-F1 - 0.015 x second-pass rate 

 
B. RESULTS AND DISCUSSION 
A. Document retrieval. Table 3 shows that stemming is the 
strongest single sparse normalization for the early ranks. 
Word BM25 obtains Recall@5 = 0.885, while Stem-BM25 
reaches 0.903 and raises MRR from 0.793 to 0.815. Character 
TF-IDF reaches the highest Recall@20 among one-pass 
methods (0.968) but has a lower MRR because character 
similarity moves some relevant abstracts down the earliest 
ranks. First-pass fusion improves Recall@3 and Recall@5 
relative to either word BM25 or stemmed BM25 alone, yet its 
MRR remains below the stemmed ranking. The result 
indicates that heterogeneous recall gains do not guarantee a 
better first document. 
 

Table 3. Out-of-fold document retrieval over positive 
SciFact claims. 

Method R@1 R@3 R@5 R@10 R@20 MRR N 
BM25-1P 0.726 0.837 0.885 0.929 0.944 0.793 693 

Stem-
BM25-1P 0.747 0.861 0.903 0.939 0.957 0.815 693 

Char-
TFIDF-1P 0.657 0.848 0.908 0.944 0.968 0.764 693 

RRF-1P 0.739 0.877 0.909 0.944 0.957 0.813 693 
Always-2P 0.797 0.893 0.928 0.960 0.977 0.855 693 
Corrective-

RAG 0.756 0.869 0.913 0.947 0.964 0.823 693 

 

 
Figure 2. Document recall as the cutoff increases for the 
principal one-pass and iterative systems. 
The evidence-linked rewrite produces a clear retrieval gain. 
Always-2P reaches Recall@1 = 0.797, Recall@5 = 0.928, 
and Recall@20 = 0.977. Relative to Stem-BM25, these are 
increases of 4.91, 2.45, and 2.02 percentage points. 
Corrective-RAG lies between one-pass and always-on 
retrieval because it uses the fused list only for gated claims. 
Its Recall@5 of 0.913 exceeds the one-pass value while 
preserving the original ranking for the majority of claims. 
This pattern confirms that the rewrite contains useful 
evidence vocabulary rather than random lexical expansion. 
 
B. Sentence evidence recovery. Document recovery 
translates into sentence-level evidence improvement (Table 
4). Stem-BM25 obtains an evidence hit at five of 0.714 and 
complete-rationale recovery of 0.693. Always-2P raises these 
values to 0.750 and 0.732. Corrective-RAG reaches 0.727 and 
0.704, respectively. Its sentence union recall at five is 0.586, 
compared with 0.577 for the single-pass stemmed baseline. 
The difference is concentrated in claims whose first ranking 
lacks a gold abstract; when the document is already present, 
both methods often select the same decisive sentence. 
Table 4. Evidence sentence selection and complete-rationale 
recovery. 

Method Hit@1 Hit@3 Hit@5 Sentenc
e R@5 

Sentenc
e P@5 

Comple
te 

rational
e@5 

BM25-
1P 0.364 0.600 0.710 0.568 0.195 0.690 

Stem-
BM25-

1P 
0.372 0.609 0.714 0.577 0.198 0.693 

Char-
TFIDF-

1P 
0.361 0.596 0.704 0.571 0.196 0.681 

RRF-1P 0.364 0.610 0.716 0.578 0.198 0.696 
Always-

2P 0.392 0.642 0.750 0.604 0.206 0.732 

Correcti
ve-RAG 0.374 0.619 0.727 0.586 0.201 0.704 

 
C. End-to-end verification. Table 5 reports the principal 
verification results. Stem-BM25-1P is the strongest pure one-
pass system with 68.3% accuracy and 0.654 Macro-F1. 
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Character retrieval and first-pass RRF improve some recall 
cutoffs but reduce verification performance, demonstrating 
that a verifier trained around concise high-ranked evidence is 
sensitive to context composition. Always-2P produces the 
strongest document retrieval but falls to 63.7% accuracy and 
0.601 Macro-F1. The decline is not a contradiction in the 
metrics: additional relevant abstracts improve recall, while 
additional semantically adjacent sentences can weaken the 
discriminative boundary between evidence-bearing and NEI 
contexts. 

Table 5. End-to-end label, joint evidence, and calibration 
results. 

Method Accura
cy 

Macro-
F1 

Joint 
score ECE 

BM25-
1P 0.674 0.648 0.583 0.066 

Stem-
BM25-

1P 
0.683 0.654 0.591 0.055 

Char-
TFIDF-

1P 
0.629 0.587 0.557 0.075 

RRF-1P 0.637 0.599 0.569 0.064 
Always-

2P 0.637 0.601 0.579 0.067 

Correcti
ve-RAG 0.684 0.656 0.597 0.058 

 

 
Figure 3. Accuracy and Macro-F1 for all evaluated retrieval 

policies. 
 

Corrective-RAG attains 68.4% accuracy and 0.656 Macro-F1 
while obtaining the highest joint score, 0.597. Relative to 
Always-2P, the improvements are 4.78 accuracy points and 
5.51 Macro-F1 points. Relative to Stem-BM25-1P, the label 
difference is small (+0.09 percentage points in accuracy and 
+0.14 percentage points in Macro-F1), while the joint score 
rises by 0.63 points. The paired bootstrap interval for the 
Macro-F1 difference against Stem-BM25 spans zero, 
whereas the intervals against Always-2P and RRF-1P are 
strictly positive. The evidence-conditioned objective 
therefore captures the main benefit: the loop improves the 
chance that a correct label is accompanied by a complete 
rationale without paying the classification penalty of 
unconditional iteration. 
 
D. Class behavior and conservative evidence 
accumulation. Table 6 separates the three labels. The one-

pass stemmed model is especially strong on NEI, while 
SUPPORT and CONTRADICT remain more difficult 
because both require evidence presence plus stance 
discrimination. Corrective-RAG preserves the high NEI 
recall and changes only a small set of labels after the second 
verifier. The monotonic evidence rule is essential here. 
Without that rule, most harmful second-pass changes 
converted a correct positive label to NEI after query drift. 
Under the final policy, an alternate query is allowed to add or 
replace evidence, promote a weak NEI decision, or support a 
confident stance change, but it cannot erase previously 
observed evidence. This is an evidence aggregation principle 
rather than a class-specific heuristic: absence under one query 
is not proof of absence in the corpus. 
 

Table 6. Per-class precision, recall, and F1. 
Method Label Precision Recall F1 Support 

BM25-1P SUPPORT 0.683 0.634 0.658 456 

BM25-1P CONTRADICT 0.518 0.498 0.508 237 

BM25-1P NEI 0.745 0.820 0.780 416 

Stem-BM25-1P SUPPORT 0.704 0.616 0.657 456 

Stem-BM25-1P CONTRADICT 0.518 0.494 0.505 237 

Stem-BM25-1P NEI 0.744 0.865 0.800 416 

Char-TFIDF-
1P SUPPORT 0.716 0.487 0.580 456 

Char-TFIDF-
1P CONTRADICT 0.517 0.384 0.441 237 

Char-TFIDF-
1P NEI 0.618 0.925 0.741 416 

RRF-1P SUPPORT 0.706 0.504 0.588 456 

RRF-1P CONTRADICT 0.508 0.418 0.458 237 

RRF-1P NEI 0.641 0.906 0.751 416 

Always-2P SUPPORT 0.709 0.487 0.577 456 

Always-2P CONTRADICT 0.528 0.430 0.474 237 

Always-2P NEI 0.633 0.918 0.750 416 

Corrective-
RAG SUPPORT 0.704 0.616 0.657 456 

Corrective-
RAG CONTRADICT 0.520 0.498 0.509 237 

Corrective-
RAG NEI 0.745 0.865 0.801 416 
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Figure 4. Out-of-fold confusion matrix for Corrective-RAG. 
The confusion matrix shows that CONTRADICT remains the 
principal bottleneck. Contradictory claims frequently differ 
from supported claims by a polarity word, quantity, 
population qualifier, or direction of effect. Character and 
word overlap remain high in these pairs, so retrieval succeeds 
more often than stance classification. The contrastive 
memory improves this boundary by transferring a nearby 
training stance and reversing it under explicit negation or 
opposition, but it does not encode every biomedical antonym 
or numeric incompatibility. The residual errors therefore arise 
after successful retrieval as often as they arise from missing 
documents. 
 
E. Retrieval cost. Table 7 quantifies the cost of each policy. 
Stem-BM25-1P processes 1,327.2 tokens per claim under the 
defined retrieval-plus-verifier accounting. Always-2P nearly 
doubles that amount to 2,676.2. Corrective-RAG triggers the 
second pass for 17.0% of claims and processes 1,558.5 tokens 
on average. This is 41.8% fewer tokens than Always-2P and 
17.4% more than the one-pass stemmed baseline. The median 
remains close to the one-pass median because most claims 
terminate after pass 1; the p95 rises because routed claims pay 
both retrieval costs. 
 

Table 7. Processed-token cost and second-pass utilization. 

Method Second-pass 
rate 

Mean 
tokens 

Median 
tokens 

P95 
tokens 

BM25-1P 0.000 1,337.0 1,254.0 1,946.0 

Stem-BM25-
1P 0.000 1,327.2 1,237.0 1,927.8 

Char-TFIDF-
1P 0.000 1,233.3 1,172.0 1,787.0 

RRF-1P 0.000 1,309.9 1,230.0 1,898.4 

Always-2P 1.000 2,676.2 2,492.0 3,923.6 

Corrective-
RAG 0.170 1,558.5 1,306.0 3,096.6 

 
The cost result distinguishes selective correction from simply 
reducing retrieval depth. Lower depth saves tokens for every 

claim but limits evidence recovery. Gating retains a stronger 
default depth and concentrates extra work on weak-similarity 
or low-confidence cases. This allocation follows selective 
classification [47]: computation rises with expected risk 
rather than uniformly. Comparable pressures arise when 
market forecasts fuse news uncertainty with macro variables 
[59] and financial-service models combine customer insight 
with risk analysis [60]. The present experiment isolates this 
principle at retrieval time by reporting evidence quality and 
workload together. 
 
F. Ablation analysis. Table 8 compares complete operating 
points rather than removing individual feature coordinates. 
Word BM25 loses the stemming benefit and the closed loop. 
Stem-BM25 isolates the strongest single pass. RRF-1P retains 
multi-retriever fusion but removes reformulation and gating. 
Always-2P keeps reformulation but removes selectivity. The 
large gap between Always-2P and Corrective-RAG shows 
that the gate is not merely a cost optimization; it protects the 
verifier from context shift. The small difference between 
Stem-BM25 and Corrective-RAG on label metrics, combined 
with the positive joint-score difference, shows that the loop 
acts primarily as evidence repair rather than as a wholesale 
replacement for the initial classifier. 
Table 8. Pipeline ablations and operating-point comparisons. 

Configuration Removed or 
changed Accuracy Macro-

F1 
Joint 
score 

Δ 
Macro-
F1 vs. 
CRAG 

BM25-1P 

stemming, 
iterative 
retrieval, and 
corrective 
gate 

0.674 0.648 0.583 -0.007 

Stem-BM25-
1P 

query 
rewriting and 
corrective 
gate 

0.683 0.654 0.591 -0.001 

RRF-1P 

query 
rewriting and 
corrective 
gate; retain 
first-pass 
fusion 

0.637 0.599 0.569 -0.056 

Always-2P 

corrective 
gate; force all 
claims 
through pass 
2 

0.637 0.601 0.579 -0.055 

Corrective-
RAG none 0.684 0.656 0.597 0.000 

 
G. Retrieval depth–accuracy–cost trade-off. Table 9 and 
Figures 5–6 vary the abstract depth from one to twenty while 
keeping five selected sentences. Stem-BM25 reaches its best 
label accuracy near depth five and changes little after depth 
three. Additional documents increase the scanned-token cost 
but do not reliably improve the five-sentence context, because 
lower-ranked sentences compete with already strong 
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evidence. Always-2P shows the same saturation at twice the 
retrieval cost. Corrective-RAG follows the one-pass accuracy 
curve closely while remaining well below the unconditional 
cost curve. 
 
Table 9. Retrieval depth, verification quality, and processed-

token cost. 

Depth Method Accuracy Macro-
F1 

Joint 
score 

Second-
pass rate 

Mean 
tokens 

1 Always-2P 0.628 0.590 0.576 1.000 848.7 

1 Corrective-
RAG 0.670 0.641 0.590 0.213 515.1 

1 Stem-
BM25-1P 0.668 0.639 0.583 0.000 423.3 

3 Always-2P 0.642 0.608 0.591 1.000 1,763.7 

3 Corrective-
RAG 0.680 0.652 0.602 0.183 1,039.3 

3 Stem-
BM25-1P 0.679 0.651 0.594 0.000 876.5 

5 Always-2P 0.637 0.601 0.579 1.000 2,676.2 

5 Corrective-
RAG 0.684 0.656 0.597 0.170 1,558.6 

5 Stem-
BM25-1P 0.683 0.654 0.591 0.000 1,327.2 

10 Always-2P 0.638 0.602 0.582 1.000 4,984.0 

10 Corrective-
RAG 0.683 0.653 0.598 0.172 2,920.4 

10 Stem-
BM25-1P 0.682 0.652 0.593 0.000 2,477.9 

20 Always-2P 0.634 0.597 0.576 1.000 9,552.0 

20 Corrective-
RAG 0.683 0.655 0.598 0.170 5,582.1 

20 Stem-
BM25-1P 0.682 0.653 0.593 0.000 4,751.5 

 

 
Figure 5. Retrieval depth versus label accuracy. 

 
Figure 6. Retrieval depth versus processed-token cost. 

 
Depth three produces the strongest joint score for the 
corrective policy in the sweep, while depth five produces the 
strongest one-pass accuracy and remains the primary 
operating point. This difference is expected: the joint metric 
rewards complete evidence, and a rewritten top-three list can 
concentrate more relevant abstracts than a broader first-pass 
list. The depth-five setting was retained for the main 
comparison because it gives the verifier a consistent 
candidate budget and matches the retrieval analysis at 
Recall@5. 
 
H. Query-rewrite recovery and drift. Table 10 analyzes 
every positive claim at document cutoff five. The first 
stemmed pass retrieves a gold document for 626 of 693 
positive claims. The fused second pass retrieves one for 643, 
recovering 23 initial misses and drifting on 6 initial hits. The 
net gain is 17 claims. Expansions contain 7.64 terms on 
average, below the maximum of twelve because some claims 
have no neighbor above the similarity threshold. The 
asymmetry between recovery and drift validates the use of 
training-fold evidence titles as expansion anchors, while the 
nonzero drift count justifies retaining the original ranking in 
RRF and preserving first-pass evidence. 
 
Table 10. Query-reformulation recovery, drift, and routing 

diagnostics. 

Positive 
claims 

Initial 
top-5 
hits 

Second 
top-5 
hits 

Recovered Drifted 
Gate 
trigger 
rate 

Mean 
expansion 
terms 

693 626 643 23 6 0.170 7.639 
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Figure 7. Calibration-set Macro-F1 across second-pass 

utilization levels. 
 

The gate curve shows that additional second-pass coverage 
does not monotonically improve Macro-F1. Low-coverage 
policies miss some recoverable cases, but high-coverage 
policies expose more stable claims to query drift. The selected 
fold-specific policies occupy the low-to-moderate coverage 
region. Their median trigger settings require positive 
probability of at least 0.50 and label confidence below 0.55 
or weak sentence evidence. Label replacement is stricter than 
retrieval routing, so most routed claims receive improved 
evidence without changing their class. 
 
I. Calibration and statistical interpretation. Corrective-
RAG has an expected calibration error of 0.058, compared 
with 0.055 for Stem-BM25 and 0.067 for Always-2P. Figure 
8 shows the empirical reliability bins. The confidence score 
combines the binary evidence probability with stance 
confidence; it is therefore a routing score rather than a 
calibrated posterior over three mutually exclusive labels. 
Even so, its ordering is useful for selective computation. 
Bootstrap analysis gives a Corrective-RAG minus Always-2P 
Macro-F1 difference of 0.055, with a 95% interval from 0.037 
to 0.074. Against Stem-BM25, the interval crosses zero. The 
data support a strong conclusion against unconditional 
iteration and a narrower conclusion against the best single 
pass: corrective routing improves evidence-conditioned 
verification without a statistically resolved label-metric 
difference. 

 
Figure 8. Reliability diagram for the Corrective-RAG routing 
confidence. 

J. Overall interpretation. The experiments separate three 
effects that are often collapsed into one RAG score. Retrieval 
quality asks whether the corpus candidate set contains a gold 
abstract. Evidence quality asks whether the compressed 
context contains a complete rationale. Label quality asks 
whether the verifier interprets that evidence correctly. Query 
reformulation improves the first two effects. It does not 
automatically improve the third because the verifier receives 
a different context distribution. The corrective design 
succeeds by treating the second pass as an evidence proposal 
that must be verified, not as an authoritative replacement. 
This distinction explains why the method can outperform 
Always-2P while using fewer tokens, and why its main gain 
appears in the joint evidence-conditioned score rather than in 
a large standalone accuracy increase. 

Limitations 

The experiments are confined to SciFact, whose claims and 
evidence are predominantly biomedical and whose corpus 
contains abstracts rather than full articles. The results 
establish behavior for compact scientific evidence retrieval, 
not the same operating point for guidelines, long reports, 
tables, figures, or cross-document synthesis. Multimodal 
extension would require separate localization, fusion, and 
display validation. Driving perception fusion [54], retrieved 
traffic-sign explanation cards [55], and attention-enhanced 
image detection [56] illustrate why these stages should not 
collapse into one retrieval score. The rewriter also depends on 
labeled training-fold evidence; deployment in a new domain 
therefore requires an annotated memory, a high-precision 
evidence store, or a separately validated expansion model. 

The verifier is deliberately lightweight and CPU-
reproducible. Sparse lexical features, logistic classification, 
and a curated contrastive relation check expose retrieval-
control effects without requiring external model weights, but 
they leave substantial room for stronger scientific entailment 
modeling. CONTRADICT performance remains lower than 
SUPPORT and NEI because many contradictions depend on 
quantities, study populations, temporal qualifiers, and 
domain-specific antonyms not represented by the opposition 
lists. A transformer verifier can replace the current classifier 
while retaining the same gate, rewrite, fusion, and evidence-
preservation protocol. 

Quantitative evaluation uses the provided five-fold partition 
because public labels are absent for the 300 test claims. Cross-
validation gives an out-of-fold prediction for every labeled 
claim and prevents a claim’s evidence from entering its own 
rewrite memory, but it does not reproduce a hidden 
leaderboard evaluation. The final test predictions are included 
as system outputs rather than scored results. The reported 
bootstrap intervals quantify claim-sampling variation within 
SciFact and do not capture variation across scientific domains 
or annotation policies. 

The cost metric counts retrieved abstract tokens and verifier 
claim–sentence tokens. It is a workload proxy under identical 
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local code, not a hosted-model dollar estimate. Index 
construction and training are excluded, and runtime depends 
on the environment. The study evaluates automated labels and 
rationales rather than scientists’ decisions; it does not 
measure review speed, trust calibration, or downstream 
judgment. Interface design matters: risk-dashboard research 
shows that visual hierarchy and explainability shape 
interpretation [53], bilingual computer-science education 
shows that language choice can affect engagement and 
learning [61], and enterprise marketing research illustrates 
how predictions ultimately become human decisions [62]. 
Multilingual and expert-facing presentation therefore require 
dedicated human-subject evaluation. 

 

C. CONCLUSION 

This study evaluated a complete corrective RAG loop for 
scientific fact checking on SciFact. Evidence-linked query 
reformulation recovered documents and rationales missed by 
a strong stemmed-BM25 pass, but applying the second pass 
to every claim reduced verification quality and doubled the 
token workload. The verifier-controlled policy resolved that 
conflict by routing only low-confidence or weak-evidence 
claims, separating retrieval from label replacement, and 
preserving evidence already found by the first pass. Under 
five-fold evaluation, the resulting system used the second 
pass for a minority of claims, retained the label quality of the 
best single-pass baseline, improved the evidence-conditioned 
joint score, and substantially outperformed always-on 
iteration at lower cost. The central design lesson is that 
iterative retrieval requires an explicit evidence acceptance 
policy. Query reformulation supplies candidates; the verifier 
determines whether those candidates add evidence, justify a 
label change, or should be ignored. 
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