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Legal retrieval-augmented question answering is difficult when a fact pattern and its 

controlling rule use different language. This study evaluates all 1,195 Bar Exam QA 

retrieval questions, 1,194 complete four-choice items, and the full 856,835-passage 

corpus. It compares BM25, 96-dimensional latent semantic indexing (LSI), reciprocal-

rank fusion, pseudo-relevance feedback, answer-choice expansion, and cross-fitted 

rule-space expansion. LSI derives from TF–IDF and truncated singular-value 

decomposition; it is not a neural dense retriever. BM25 used a 40,000-term 

unigram/bigram vocabulary with k₁=1.2 and b=0.75. Mean query–gold TF–IDF 

cosine similarity was 0.0509, and 182 questions had zero overlap. Plain BM25 

achieved 1.339% Recall@10; answer-choice expansion raised it to 5.105%, while 

rule-space BM25 reached 1.841%. The best retrieval-conditioned answer selector 

achieved 26.382% accuracy, versus 24.372% without evidence and 49.581% with 

gold evidence. Its 2.010-point gain over no evidence was nonsignificant (p=.265). 

Temperature scaling reduced its expected calibration error from 0.1486 to 0.0240, 

but risk–coverage ordering remained weak. Only 3.183% of depth-five contexts 

contained the gold or exact-equivalent passage, and 71.776% of questions 

combined missed gold evidence with a wrong answer. Stronger retrieval is therefore 

necessary before calibrated confidence can support dependable selective answering.  
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1. Introduction 1 

Retrieval-augmented generation links language systems to inspectable sources (Lewis et al., 2020), which matters in law because 

narrow exceptions and authority can determine an answer. Yet general-purpose models can invent authorities (Dahl et al., 2024), 

and commercial legal research assistants still produce unsupported responses (Magesh et al., 2024). Legal QA must therefore 

retrieve and apply the rule, identify its source, and abstain when support is inadequate. 

 

Bar-exam hypotheticals express concrete facts, whereas supporting passages state abstract rules and may omit salient fact terms. 

Bar Exam QA captures this gap with question–passage pairs collected through legal-research-like annotation (L. Zheng et al., 

2025). BRIGHT similarly shows that reasoning-intensive retrieval exceeds surface matching (H. Su et al., 2025), while regulatory 

retrieval confirms that legally connected texts can be lexically dissimilar (Chalkidis et al., 2021). 

 

The same separation between retrieval and justified action appears in other evidence-intensive systems. Cloud-operations RAG, 

bilingual incident triage, code intelligence, counseling support, financial search, multilingual humanitarian access, and cross-

border product counsel all treat source acquisition as only one stage in a larger decision process (Y. Chen & Xu, 2026; J. Li & 

Zhou, 2026; Y. Li, 2024; Liu et al., 2024; Meng et al., 2026; B. Zhang et al., 2024; Y. Zhang & H. Zhang, 2025a). These studies do 

not establish performance on bar-exam law. They instead motivate the present separation of retrieval coverage, answer 

correctness, citation validity, calibration, and abstention. 

 

Long-lived conversational memory and multi-source fault attribution further show that useful context must be selected, updated, 

and linked to a conclusion rather than merely accumulated (Liu et al., 2023; Sun et al., 2023). Evidence-chain methods make that 

linkage explicit through hallucination detection, provenance, retrieval-coverage analysis, and claim-level verification (Jin, 2025a; 
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C. Li et al., 2024; W. Su, Chen, et al., 2026; W. Su et al., 2025; Zhong, Chen, et al., 2025). Retrieval-grounded failure narratives and 

agent-trajectory analysis extend the same concern to operational decisions (Sun et al., 2026; Zhong et al., 2026), while retrieval-

quality prediction asks whether ranking reliability can be estimated before generation (R. Zhang et al., 2025). The legal analogue 

is direct: authority must be located, identified, and shown to support the selected answer. 

 

The experiment retains all 856,835 passages and 1,195 question–gold pairs; answer analysis uses 1,194 items because one lacks a 

fourth option. Transparent models compare BM25, low-rank LSI, reciprocal-rank fusion, feedback terms, cross-fitted projection 

toward supporting-rule vectors, and nonlearned answer-choice expansion. 

The downstream component is an evidence-conditioned linear selector, not a large language model. Gold-evidence training and 

out-of-fold evaluation under no, gold, and retrieved evidence isolate retrieval from answer-selection limits. 

 

Citation validity requires the gold identifier or an exact text hash at the cited depth, while support compatibility remains distinct 

from legal entailment. Evaluation includes fold-specific temperature scaling, NLL, Brier score, fixed and adaptive ECE, AURC, fixed 

coverage, and calibration-fold thresholds; probability alignment does not necessarily yield useful abstention (Guo et al., 2017; Si 

et al., 2022). 

 

The study asks which retrieval formulation works best at low overlap, how evidence affects accuracy and attribution, and whether 

confidence isolates a reliable subset. Joint reporting prevents strength in one dimension from concealing failure in another. 

 

2. Literature Review 

2.1 Sparse, semantic, and fused retrieval 

BM25 grew from probabilistic relevance weighting (Robertson & Spärck Jones, 1976) into a mature framework (Robertson & 

Zaragoza, 2009). It remains a strong zero-shot baseline across heterogeneous tasks (Thakur et al., 2021), including legal retrieval 

when queries and citations share discriminative terms (Rosa et al., 2021). Yet it cannot match an unnamed issue to a differently 

worded rule without useful overlap. 

 

Neural dual encoders address mismatch: DPR improved open-domain QA retrieval (Karpukhin et al., 2020), E5 used weakly 

supervised contrastive pretraining (Wang et al., 2022), and later work improved instruction conditioning (Wang et al., 2024). In 

contrast, this study applies truncated singular-value decomposition to TF–IDF, testing corpus co-occurrence rather than a 

pretrained neural retriever. 

 

RRF combines ranked lists without comparable scores (Cormack et al., 2009), but a weak component can add distractors when 

compressed vectors capture broad topics rather than narrow rules. 

 

Cross-domain fusion research reinforces the need to validate each component rather than presume that combination is 

beneficial. Residual fusion for virtual-machine degradation, uncertainty-aware late fusion for perception, macro-market signal 

fusion, and LiDAR–camera tracking all make reliability contingent on the quality and calibration of the component signals (Nie & 

Zheng, 2024; Xin, 2025c, 2026d; H. Zhou & Zhang, 2025). Theoretical work on spectral ranking and its uncertainty likewise 

distinguishes an ordering rule from confidence in that ordering (Zhong & Ling, 2024a, 2024b). These are methodological 

analogues, not legal-retrieval results, but they support reporting fused and component rankings separately. 

 

2.2 Query expansion for reasoning-intensive search 

Query2doc improves sparse and semantic retrieval with hypothetical text (Wang et al., 2023); L. Gao et al. (2023) use HyDE to 

encode such text for zero-shot retrieval. Prompted expansion adds terms without retriever changes (Jagerman et al., 2023), 

corpus-steered expansion uses initially retrieved documents (Lei et al., 2024), and MILL verifies candidate expansions (Jia et al., 

2024). 

 

Expansion can also add the wrong concept. This study compares corpus-term feedback, cross-fitted ridge projection toward rule 

vectors, and nonlearned answer-choice expansion without a generative model. 

 

Recent work also frames retrieval as a policy rather than a one-time term-generation step. Budgeted multi-hop retrieval chooses 

whether additional evidence is worth its cost, cost-aware AIOps routing chooses among parsing and diagnosis paths, and 

trajectory-reliability models anticipate tool-use failure (C. Li et al., 2026; W. Su et al., 2025; Zhong et al., 2026). Offline 

counterfactual evaluation and conservative policy selection provide related discipline for comparing decision rules without 

treating the most complex policy as automatically superior (Mu et al., 2025; Ye et al., 2026). Accordingly, the present expansions 

are compared at a fixed corpus scope and cutoff, with each added retrieval mechanism accountable for its own measured gain. 
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Reported BRIGHT and Bar Exam QA values are only contextual because preprocessing, queries, indices, and retrievers differ (H. 

Su et al., 2025; L. Zheng et al., 2025). 

 

2.3 Legal reasoning, grounding, and citation quality 

LegalBench shows that aggregate accuracy conceals distinct legal reasoning skills (Guha et al., 2023). Retrieval adds whether a 

system answers with authority, a split supported by Bar Exam QA (L. Zheng et al., 2025) and low-similarity regulatory retrieval 

(Chalkidis et al., 2021). 

 

T. Gao et al. (2023) distinguish citation presence from correctness and completeness, and factual-consistency metrics require 

instance-level validation (Honovich et al., 2022). RAGAs separates faithfulness and relevance (Es et al., 2024); ARES builds task-

specific judges (Saad-Falcon et al., 2024); FActScore checks atomic claims against sources (Min et al., 2023). 

 

Applied systems increasingly make provenance visible to the reviewer. Accounting-aware retrieval treats documentary support as 

part of due diligence (Y. Chen et al., 2025), while evidence cards for scientific search and accounting disclosures expose source 

hierarchy and attribution (Jin, 2025b; K. Zhang et al., 2025). Evidence-constrained incident cards apply a similar pattern to 

distributed logs (Nie et al., 2026). These interfaces cannot establish that a legal conclusion follows from a passage, but they 

clarify why identifier-level citation, text equivalence, and answer support should be measured as distinct properties. 

 

Here, citation correctness requires the gold identifier or identical normalized text. Lexical support remains diagnostic rather than 

legal judgment or entailment because legal systems can retrieve tangential material and produce unsupported answers (Magesh 

et al., 2024). 

 

2.4 Calibration and selective answering 

Temperature scaling can reduce ECE without changing predictions (Guo et al., 2017). QA probabilities still require held-out 

calibration (Jiang et al., 2021), and low ECE does not ensure that correct answers rank above errors (Si et al., 2022). 

 

Calibration and selective intervention recur in other high-consequence settings. Infrastructure forecasting combines uncertainty 

estimates with capacity decisions, credit-risk workflows combine calibration with rejection or explanation, and conformal 

demand envelopes impose explicit operational bounds (S. Chen et al., 2024; Y. Chen et al., 2023; He et al., 2023; Jin et al., 2024a). 

Recruiter screening similarly couples calibrated matching with selective refusal, while operational risk curves expose the 

consequence of choosing a threshold (Zhao et al., 2025; B. Zhou, Jin, et al., 2025). These studies support calibration as a general 

design requirement, but their operating points do not transfer directly to legal QA. 

 

Uncertainty communication is also inseparable from the downstream interface. Medical explanation and safety cards visualize 

uncertainty or risk for human review (C. Li et al., 2025; Ye et al., 2025; Zhong, Wu, et al., 2025), and counterfactual credit 

explanations add a contestable account of model decisions (Xin, 2026c). The relevant standard here is therefore not whether 

confidence looks well calibrated in aggregate, but whether lower-coverage decisions actually achieve lower realized legal-answer 

risk. 

 

Selective QA answers or abstains, but maximum softmax probability may remain high on shifted errors (Kamath et al., 2020), and 

behavior varies across in-domain, shifted, and adversarial settings (Varshney et al., 2022). A legal policy therefore needs risk to 

fall as coverage decreases. 

 

2.5 Distribution shift, deployment, and decision-policy evaluation 

Distribution shift can invalidate a representation even when its source-domain fit appears adequate. Cross-cloud transfer and 

cold-start workload forecasting show how workload and topology changes alter prediction quality, while shared-feature theory 

formalizes when transfer across domains can remain possible (He et al., 2024, 2025; Zhong, Pan, et al., 2025). Few-shot medical 

pretraining, self-supervised customer representations, and review-grounded recommendation similarly examine how learned 

features travel to a new task or population (Chang et al., 2026; Mi et al., 2025; Xin, 2026e). For legal retrieval, the analogous shift 

lies between concrete facts and abstract rules and between benchmark passages and deployment-time authorities. The cross-

fitted rule-space experiment tests one bounded version of that problem. 

 

System constraints can also change which retrieval architecture is defensible. Retrieved normal prototypes and self-supervised 

log-anomaly models emphasize interpretable comparison to learned normality, while hybrid-cloud deployment makes latency 

and cost part of model selection (Xin, 2025a, 2025b, 2026f). Power-aware infrastructure planning joins forecasts to workload 

explanations rather than reporting accuracy in isolation (He et al., 2026). These analogues motivate the computational profile 
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reported here and caution against treating a retrieval improvement as operationally complete without accounting for evidence 

traceability and resource cost. 

 

Rare failures require separate attention from average performance. Extreme-imbalance fraud and bankruptcy studies evaluate 

cost-sensitive learning and explanation under sparse adverse outcomes (Y. Chen et al., 2024; Jin et al., 2024b). Privacy-robust 

uplift estimation, conservative off-policy selection, and evidence-grounded admission control likewise distinguish predictive fit 

from the policy chosen from it (Bai, Wang, et al., 2026; Ye et al., 2026; Zhao et al., 2026). Those distinctions motivate paired tests, 

risk–coverage analysis, and explicit failure-cell counts rather than a single aggregate legal-QA score. 

 

2.6 Adversarial robustness, privacy, and human oversight 

Evidence access creates attack and privacy surfaces as well as retrieval opportunities. Continual red-teaming, evidence-based 

self-verification, and multi-stage refusal address adversarial prompts at the response-policy level (D. Zheng & Li, 2024; D. Zheng 

et al., 2023, 2024). Federated preference learning and identifier-loss studies address privacy at the data and measurement levels 

(Bai, Wang, et al., 2026; Bai & Wu, 2026; Kuo et al., 2025). Attack-chain detection, lightweight network intrusion detection, and 

language-guided feature selection illustrate complementary monitoring at the system layer (Bai, Chen, et al., 2026; Y. Li & Lu, 

2025; Lu & Zhou, 2024). Privacy and data-integrity risk cards then make prompt-injection consequences reviewable by a human 

operator (W. Su, Rao, et al., 2026). Legal RAG requires the same layered view: provenance can be correct while the retrieved 

evidence, interface, or action remains unsafe. 

 

Human oversight depends on presentation as well as model behavior. Dark-pattern detection warns that interface language can 

steer a user despite technically available information (Xu et al., 2025), whereas structural and visual consistency evaluation makes 

interface fidelity measurable (Y. Chen & Li, 2025). Scientific-search, medical-safety, e-commerce, accounting, financial-risk, 

infrastructure, counseling, and incident-response cards organize evidence and uncertainty for review (Jin, 2025b; C. Li et al., 2025; 

Z. Li et al., 2025; Liu et al., 2025; Nie et al., 2026; B. Zhang et al., 2025; K. Zhang et al., 2025; Y. Zhang & H. Zhang, 2025b; B. Zhou, 

Li, et al., 2025). Text-grounded design rationales and human-aligned design critique further emphasize that explanations should 

remain inspectable and editable (Y. Li et al., 2025; Wu et al., 2025). A legal evidence interface should therefore expose the 

passage, citation status, uncertainty, and abstention reason without implying that polished presentation validates the legal 

conclusion. 

 

3. Methodology 

3.1 Data, corpus integrity, and evaluation units 

The question file contained 1,195 Bar Exam QA rows with fact patterns, questions, choices, answers, and gold passages. One row 

lacked choice D, so retrieval uses 1,195 questions and answer analysis 1,194 complete items. Answers were nearly balanced: 294 

A, 295 B, 299 C, and 307 D. A disjoint-set procedure connected rows sharing a prompt or gold identifier, producing 889 leakage 

groups. 

 

The corpus had 856,835 rows and unique identifiers: 847,228 case-law, 6,714 Wex, and 2,893 MBE passages. Text hashing found 

838,017 unique texts and 18,818 duplicate rows. Length averaged 95.31 words (median 81; 95th percentile 224). Rows were 

retained intact, while retrieval features used at most 4,000 characters. 

 

Table 1. Dataset scope and integrity checks 

Component Measured check Count 

Question records Rows available for retrieval evaluation 1,195 

Answer records Items with four answer choices 1,194 

Answer keys Nonmissing answer labels 1,195 

Gold evidence Nonmissing passage texts and identifiers 1,195 / 1,195 

Gold links Unique gold identifiers resolved in corpus 1,149 / 1,149 

Passage corpus Rows and unique passage identifiers 856,835 / 856,835 

Leakage control Groups sharing prompt or gold passage 889 

Missing choice D Excluded from answer evaluation only 1 

Missing subject label Retained; not used as a feature 601 

Answer balance A / B / C / D 294 / 295 / 299 / 307 

Note. Retrieval uses all 1,195 questions. Answer evaluation excludes only the item without choice D. Subject labels and corpus-

source labels are not model features. 
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Figure 1 summarizes the experimental flow from indexed passages and grouped questions to retrieval, answer selection, 

calibration, citation checks, and error decomposition. 

 
Figure 1. Experimental pipeline from the question and passage corpus through retrieval, evidence-conditioned answer selection, 

calibration, citation checks, and error decomposition. 

 

3.2 Retrieval representations and systems 

The BM25 vocabulary was inherited from a 40,000-feature TF–IDF model and consisted of English unigrams and bigrams after 

Unicode accent stripping, lowercasing, and English stop-word removal. Accordingly, BM25 and LSI vocabulary features excluded 

scikit-learn’s English stop words. Only the separate tokenizer used for overlap analysis and expansion-term handling restored the 

designated legal function words, including “not,” “must,” “shall,” and “unless.” The BM25 index contained 36,195,706 nonzero 

weights, density 0.001056, and an average indexed document length of 53.532 terms. Parameters were k₁=1.2 and b=0.75, 

following the standard saturation and length-normalization formulation (Robertson & Zaragoza, 2009). Exact sparse matrix 

multiplication produced the top 100 corpus rows for each query. 

 

LSI used the same maximum vocabulary size with word unigrams and bigrams, sublinear term frequency, L2 normalization, 

minimum document frequency 3, and maximum document frequency 0.995. Truncated randomized singular-value 

decomposition fitted 96 components on a deterministic stride-eight sample of 107,105 passages. The 96-dimensional vectors 

explained 0.08278 of sample TF–IDF variance. Every corpus passage was then transformed and L2-normalized. Similarity was the 

dot product of normalized vectors. Again, this is classical latent semantic indexing, not neural dense retrieval. Neural retrievers 

such as DPR and E5 are relevant prior work (Karpukhin et al., 2020; Wang et al., 2022), but no neural encoder supplied the LSI 

results. 

 

Ten retrieval conditions were evaluated. BM25 and LSI used prompt plus question. BM25-AllChoices and LSI-AllChoices 

appended choices A–D. Hybrid-RRF and AllChoices-Hybrid fused corresponding BM25 and LSI lists using 1/(60+r) (Cormack et 

al., 2009). PRF-BM25 averaged TF–IDF weights from the top three initial BM25 passages, selected eight terms absent from the 

query, and appended them. RuleSpace expansion fitted ridge regression with α=10 from question LSI vectors to gold-passage 

LSI vectors. Five-fold StratifiedGroupKFold splitting, shuffled with seed 2025, kept leakage groups intact and approximately 

balanced answer labels. For each test fold, the mapping was fitted on the other folds, the projected vector generated RuleSpace-

LSI results, and ten reconstructed terms with inverse-document frequency at least 1.5 were appended for RuleSpace-BM25. 

RuleSpace-Hybrid fused those two rankings. 
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Table 2. Fixed retrieval and expansion configurations 

Component Setting Measured or fixed value 

BM25 Index 40,000 word unigrams/bigrams 

BM25 Scoring k₁=1.2; b=0.75 

BM25 Average indexed length 53.532 terms 

LSI Representation TF–IDF + 96-dimensional SVD 

LSI Fit sample stride 8; n=107,105 

LSI Explained variance 8.278% 

AllChoices Expansion Prompt + question + choices A–D 

RRF Fusion 1 / (60 + rank) 

PRF Feedback Top 3 BM25 passages; 8 new weighted terms 

RuleSpace Mapping Ridge α=10; 10 reconstructed terms 

RuleSpace Validation Five leakage-group-disjoint folds; seed 2025 

All retrievers Text cap and depth 4,000 characters; top 100 

Note. The same corpus and top-100 evaluation depth are used for every retrieval condition. 

 

3.3 Retrieval metrics and statistical analysis 

For each question, strict relevance required the exact gold passage identifier. Equivalent relevance accepted any passage with 

the same normalized text hash. Recall was computed at 1, 5, 10, 20, 50, and 100; reciprocal rank was truncated at 100; nDCG 

used a single relevant item and cutoff 20. Query difficulty was measured by TF–IDF cosine similarity and token-set Jaccard 

similarity between the base query and gold passage. Questions were divided into four equal-sized overlap strata using ranked 

TF–IDF cosine values. 

 

Three paired retrieval contrasts were prespecified: Hybrid-RRF versus BM25, RuleSpace-Hybrid versus Hybrid-RRF, and 

AllChoices-Hybrid versus Hybrid-RRF. Exact McNemar tests used discordant retrieval success at rank 10. Ninety-five percent 

confidence intervals for differences were obtained from 1,000 bootstrap samples of the 889 leakage groups, using seed 2025. 

This group bootstrap avoids allowing repeated prompts or shared gold passages to enter a resample as unrelated observations. 

 

3.4 Evidence-conditioned answer selection 

The answer experiment used the 1,194 complete items and the same retrieval folds. In each outer fold, one different fold served 

as a temperature-calibration set and the remaining three folds served as the fitting set. Word TF–IDF features used one- and 

two-grams with at most 30,000 features; character features used within-word three- to five-grams with at most 20,000 features. 

Vectorizers were fitted only on the fitting rows’ questions, choices, and gold passages. A balanced logistic regression (C=1, 

liblinear solver, maximum 2,000 iterations, seed 2025) learned whether each question–choice pair represented the correct answer 

using gold evidence from fitting rows. 

 

Nine features represented each candidate answer: word cosine between choice and evidence, character cosine between choice 

and evidence, query–choice word cosine, query–evidence cosine, cosine between evidence and the combined query-plus-

proposed-outcome text, choice-token coverage by evidence, a negation-agreement indicator, log choice length, and log 

evidence length. The four candidate logits were normalized by softmax. Systems differed only in evidence: no passage; the gold 

passage; BM25 top 1; BM25-AllChoices top 1; or the first five BM25-AllChoices passages, each clipped to 900 characters and 

concatenated. Gold and single retrieved evidence were clipped to 4,000 characters. 

 

Accuracy, macro-F1, NLL, multiclass Brier score, 15-bin ECE, 15-bin adaptive ECE, and standard AURC were calculated from out-

of-fold predictions. Standard AURC ordered items by calibrated maximum softmax probability. A separate temperature was 

fitted for each system and fold by minimizing calibration-fold NLL over temperatures from 0.05 to 10. Because scaling does not 

alter the ordering of the four logits within an item, it changes confidence but not answer accuracy. 

 

3.5 Citation and abstention evaluation 

For retrieved-evidence systems, citation depth matched the supplied context: one for top-1 systems and five for the top-five 

system. Citation correctness used strict gold identifiers and equivalent text hashes. The logistic probability for the selected 

answer was also recorded as a support-compatibility proxy. Its discrimination was evaluated on 4,776 held-out gold-evidence 
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choice pairs, of which 1,194 were positive. ROC-AUC, average precision, and F1 at threshold 0.5 quantify the proxy itself; they do 

not convert it into an entailment label. 

 

Selective risk equals one minus accuracy on answered items. For each predicted answer, a citation-aware selection score 

multiplied its calibrated maximum softmax probability by that answer’s logistic support probability. Citation-aware AURC, the 

plotted risk–coverage curves, fixed-coverage analyses, and calibration-fold thresholds all used this product score; standard AURC 

alone used maximum softmax probability. Fixed-coverage analyses retained the top 100%, 80%, 60%, and 40% of product scores. 

Each calibration fold also supplied the largest prefix threshold whose observed risk was at most 10% or 20%, and that product-

score threshold was applied to the associated test fold. The full design, metrics, and evidence conditions are reported in Table 3. 

 

Table 3. Leakage-group-disjoint fold composition 

Fold Retrieval N 
Answer test 

N 
A B C D 

Reader fit 

N 
Calibration N 

0 237 237 58 58 60 61 718 239 

1 240 239 59 59 60 62 715 240 

2 240 240 59 59 60 62 714 240 

3 240 240 59 60 60 61 716 238 

4 238 238 59 59 59 61 719 237 

Note. Retrieval-fold counts include the incomplete-choice item; reader test counts do not. Fit, calibration, and test partitions are 

disjoint within each outer fold. 

 

4. Results and Discussion 

4.1 Lexical-overlap profile 

The measured query–gold TF–IDF cosine mean was 0.05095, with median 0.03554, first quartile 0.01294, and third quartile 

0.07038. There were 182 zero-cosine pairs. Token Jaccard similarity was even smaller (mean 0.02853; median 0.024), with 159 

zero-overlap pairs. Figure 2 shows concentration near zero. L. Zheng et al. (2025) reported a mean lexical-similarity estimate near 

0.07 under their procedure; that prior value is not substituted for the 0.05095 observed here. 

 
Figure 2. Distribution of TF–IDF cosine similarity between each question query and its annotated gold passage (N = 1,195). 
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Table 4. Corpus composition and measured lexical overlap 

Panel A. Corpus composition 

Domain Measure Value 

Source Case law 847,228 

Source Wex 6,714 

Source MBE 2,893 

Text identity Unique normalized hashes 838,017 

Text identity Duplicate-text rows 18,818 

Passage length Mean / median words 95.31 / 81 

Passage length 95th percentile / maximum 224 / 44,644 words 

 

Panel B. Question-to-gold overlap (N = 1,195) 

Metric Statistic Value 

TF–IDF cosine Mean 0.05095 

TF–IDF cosine Median 0.03554 

TF–IDF cosine Q1 / Q3 0.01294 / 0.07038 

TF–IDF cosine Zero pairs 182 

Token Jaccard Mean 0.02853 

Token Jaccard Median 0.02400 

Token Jaccard Zero pairs 159 

Note. TF–IDF cosine and token Jaccard values compare each base question query with its annotated gold passage under the 

experiment preprocessing. 

 

4.2 Full-corpus retrieval performance 

Table 5 reports all rank-based retrieval results. Plain BM25 obtained strict and equivalent Recall@10 of 0.01339, Recall@100 of 

0.05105, MRR@100 of 0.00579, and nDCG@20 of 0.00826. Adding answer choices produced the strongest run: Recall@10 rose 

to 0.05105, Recall@100 to 0.17573, MRR@100 to 0.02227, and nDCG@20 to 0.03264. Thus, the choices multiplied Recall@10 by 

3.81 and added 3.766 percentage points. Candidate outcomes supplied legal vocabulary that bridged facts and rules, although 

this formulation applies to multiple-choice rather than ordinary queries. 

 

Table 5. Full-corpus equivalent-text retrieval performance 

Method R@1 R@5 R@10 R@20 R@100 MRR@100 nDCG@20 

BM25 0.251% 0.669% 1.339% 2.008% 5.105% 0.0058 0.0083 

BM25-AllChoices 0.753% 3.180% 5.105% 7.782% 17.573% 0.0223 0.0326 

LSI 0.084% 0.084% 0.084% 0.251% 0.837% 0.0010 0.0012 

LSI-AllChoices 0.000% 0.000% 0.251% 0.335% 1.841% 0.0006 0.0010 

Hybrid-RRF 0.167% 0.251% 0.586% 1.255% 3.849% 0.0034 0.0049 

AllChoices-Hybrid 0.502% 1.925% 3.013% 5.105% 13.138% 0.0139 0.0204 

PRF-BM25 0.084% 0.753% 1.172% 1.506% 5.439% 0.0047 0.0063 

RuleSpace-LSI 0.167% 0.586% 0.669% 1.339% 4.268% 0.0040 0.0056 

RuleSpace-BM25 0.167% 1.004% 1.841% 2.594% 6.778% 0.0069 0.0103 

RuleSpace-Hybrid 0.669% 1.004% 1.590% 2.762% 6.778% 0.0104 0.0133 

Note. N = 1,195. Equivalent-text relevance accepts the gold identifier or a passage with the same normalized text hash. 

Percentages are shown for recall; MRR and nDCG remain on the 0–1 scale. 

 

The LSI baseline was weak. Base LSI Recall@10 was 0.00084 and Recall@100 was 0.00837; LSI-AllChoices reached 0.00251 and 

0.01841. The low 8.28% explained variance of the 96-component representation and the topical diversity of 856,835 passages 
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likely compressed away narrow distinctions. Consequently, equal-weight fusion did not help: Hybrid-RRF Recall@10 was 0.00586, 

0.753 percentage points below BM25. AllChoices-Hybrid reached 0.03013, better than base hybrid but below BM25-AllChoices. 

 

This result illustrates why fusion must be validated at the target decision boundary. Work on residual, market, perception, and 

sensor fusion conditions success on the information carried by each component rather than on the act of combination itself (Nie 

& Zheng, 2024; Xin, 2025c, 2026d; H. Zhou & Zhang, 2025). Here the LSI list contributed too little rule-level signal to offset the 

distractors it introduced, so a more elaborate ranking pipeline was measurably worse than its sparse component. 

 

Expansion effects were mixed. PRF-BM25 obtained Recall@10 of 0.01172, slightly below BM25, even though Recall@100 rose 

from 0.05105 to 0.05439. Feedback sometimes moved a relevant passage into the top 100 while displacing it from the first 10, 

consistent with query drift from initially retrieved case facts. RuleSpace-BM25 reached Recall@10 of 0.01841 and Recall@100 of 

0.06778, gains of 0.502 and 1.674 percentage points over BM25. RuleSpace-LSI reached Recall@10 of 0.00669. RuleSpace-Hybrid 

obtained Recall@10 of 0.01590 and had the highest Recall@1 among the non-choice-specific methods at 0.00669, but its 

Recall@100 equaled RuleSpace-BM25 rather than exceeding it. 

 

Figure 3 displays recall curves across depths. Strict and equivalent aggregates were almost identical because duplicate-text 

alternatives rarely changed cutoff success. Both definitions remain important: the corpus contains 18,818 duplicate rows, and 

identifier-only evaluation can penalize identical text in other data arrangements. 

 

 
Figure 3. Equivalent-text Recall@k across representative full-corpus retrieval conditions. 

 

L. Zheng et al. (2025) reported 5.03% BM25 Recall@10 under different retrieval and preprocessing; here, plain BM25 reached 

1.339%, and only choice expansion reached 5.105%. Generative expansion results likewise are not estimates of the cross-fitted 

ridge run, whose RuleSpace-BM25 gain was 0.502 percentage points at rank 10. 

 

4.3 Overlap sensitivity and paired tests 

Retrieval varied sharply by overlap stratum. Plain BM25 retrieved no gold passage within 100 results in the lowest three quartiles 

at rank 10; its Q4 Recall@10 was 0.05351 and Recall@100 was 0.20401. BM25-AllChoices produced nonzero Recall@10 in every 

quartile: 0.01672, 0.01338, 0.05034, and 0.12375 from Q1 to Q4. This indicates that answer choices helped even when the base 

query and passage had almost no TF–IDF similarity. However, performance still rose more than sevenfold from Q1 to Q4. 
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Table 6. Overlap-stratified retrieval and paired statistical tests 

Panel A. Equivalent recall by overlap quartile 

Method 
Q1 

R@10 

Q2 

R@10 

Q3 

R@10 

Q4 

R@10 

Q1 

R@100 

Q2 

R@100 

Q3 

R@100 

Q4 

R@100 

BM25 0.000% 0.000% 0.000% 5.351% 0.000% 0.000% 0.000% 
20.401

% 

BM25-AllChoices 1.672% 1.338% 5.034% 
12.375

% 
8.696% 9.030% 

16.443

% 

36.120

% 

LSI 0.000% 0.000% 0.000% 0.334% 0.000% 0.000% 1.007% 2.341% 

Hybrid-RRF 0.000% 0.000% 0.000% 2.341% 0.000% 0.000% 0.000% 
15.385

% 

RuleSpace-LSI 0.334% 1.003% 0.671% 0.669% 1.003% 6.355% 5.034% 4.682% 

RuleSpace-BM25 0.000% 0.000% 0.671% 6.689% 0.334% 0.334% 2.685% 
23.746

% 

RuleSpace-Hybrid 0.334% 1.003% 0.336% 4.682% 1.003% 3.010% 4.698% 
18.395

% 

 

Panel B. Paired equivalent Recall@10 comparisons 

Comparison Difference 95% group-bootstrap CI 
Discordant 

L:R 
Exact p 

Hybrid-RRF vs BM25 -0.0075 [-0.0127, -0.0025] 1:10 .0117 

RuleSpace-Hybrid vs Hybrid-RRF +0.0100 [+0.0034, +0.0175] 16:4 .0118 

AllChoices-Hybrid vs Hybrid-RRF +0.0243 [+0.0156, +0.0339] 31:2 1.31e−7 

Note. Quartiles contain 298–299 questions. McNemar discordances are reported as left-only:right-only correct retrievals. 

Bootstrap resampling uses leakage groups. 

 

Figure 4 contrasts selected methods across overlap quartiles. RuleSpace-LSI was the only base-query method with nonzero 

Recall@10 in Q1 (0.00334), and it peaked in Q2 at 0.01003 rather than Q4. RuleSpace-BM25 improved Q4 Recall@10 to 0.06689 

but remained zero in Q1 and Q2. The cross-fitted mapping therefore supplied some semantic transfer while reconstructed terms 

mainly benefited questions already containing partial lexical cues. 

 
Figure 4. Equivalent Recall@10 by question-to-gold lexical-overlap quartile. 

 

Paired tests confirmed that fusion and expansion effects were not interchangeable. Hybrid-RRF was 0.00753 below BM25 in 

equivalent Recall@10 (95% group-bootstrap CI [−0.01274, −0.00251]); discordances were 1 in favor of hybrid and 10 in favor of 
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BM25, with p=.0117. RuleSpace-Hybrid exceeded Hybrid-RRF by 0.01004 (95% CI [0.00338, 0.01753], p=.0118). AllChoices-

Hybrid exceeded Hybrid-RRF by 0.02427 (95% CI [0.01563, 0.03387], p=1.31×10⁻⁷). These tests support a narrow conclusion: 

both supervised rule-space transformation and answer-choice text improved the weak base fusion, while the unmodified LSI 

component harmed BM25. 

 

4.4 Answer selection and the evidence ceiling 

Table 7 separates answer performance from retrieval. With no evidence, the selector achieved 0.24372 accuracy and 0.24357 

macro-F1, close to the 25% four-choice chance level. Supplying the gold passage raised accuracy to 0.49581 and macro-F1 to 

0.49571. This 25.21-percentage-point gap establishes that the feature-based selector could exploit a relevant passage, although 

it remained far from solving the legal reasoning task. 

 

Table 7. Cross-fitted answer selection, calibration, and selective-risk metrics 

System 
Accura

cy 

Macro-

F1 
NLL Brier ECE 

Adaptiv

e ECE 
AURC 

Citation-

aware 

AURC 

No Evidence 
24.372

% 

24.357

% 
1.3939 0.7538 0.0258 0.0744 0.8044 0.7908 

Gold Passage 
49.581

% 

49.571

% 
1.2064 0.6431 0.0723 0.0773 0.3926 0.3946 

BM25 Top-1 
26.298

% 

26.285

% 
1.3893 0.7519 0.0310 0.0433 0.7522 0.7413 

BM25-AllChoices Top-1 
24.539

% 

24.534

% 
1.3854 0.7496 0.0238 0.0412 0.7455 0.7401 

BM25-AllChoices Top-5 
26.382

% 

26.381

% 
1.3855 0.7496 0.0240 0.0397 0.7346 0.7278 

Note. N = 1,194 complete-choice items. Accuracy and macro-F1 are percentages. NLL, Brier, ECE, and AURC use temperature-

scaled probabilities. 

 

Retrieved evidence delivered much smaller gains. BM25 top 1 reached 0.26298 accuracy. BM25-AllChoices top 1 reached 

0.24539, despite its higher retrieval recall, while BM25-AllChoices top 5 reached the best retrieved-evidence accuracy of 0.26382. 

Against no evidence, the top-five gain was 0.02010. There were 225 questions correct only under top-five evidence and 201 

correct only without evidence; exact McNemar p=.2651. Accordingly, this run does not establish a statistically reliable 

downstream accuracy improvement. 

 

The mismatch reflects both low retrieval and sensitivity to distractors. Even the best retriever found the gold text in its top five 

for only 3.180% of retrieval questions, and the selector can change its answer when exposed to irrelevant evidence. AllChoices 

top 1 increased citation recall relative to base BM25 but produced nearly no accuracy gain over no evidence. Joint evaluation 

remains necessary (Es et al., 2024; Saad-Falcon et al., 2024). 

 

4.5 Calibration and selective abstention 

Temperature scaling materially reduced conventional calibration error for retrieved-evidence systems. For BM25 top 1, ECE fell 

from 0.08956 to 0.03099 and adaptive ECE from 0.10651 to 0.04326. For AllChoices top 1, ECE fell from 0.20028 to 0.02383; for 

top 5, it fell from 0.14855 to 0.02398. Top-five NLL declined from 1.48749 to 1.38549 and Brier score from 0.80282 to 0.74963. 

Figure 5 shows the raw and scaled reliability curves for the top-five condition. 
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Table 8. Calibration before and after temperature scaling 

System 
Raw 

NLL 

Scaled 

NLL 

Raw 

Brier 

Scaled 

Brier 

Raw 

ECE 

Scaled 

ECE 

Raw 

adaptiv

e ECE 

Scaled 

adaptiv

e ECE 

No Evidence 1.3929 1.3939 0.7534 0.7538 0.0400 0.0258 0.0513 0.0744 

Gold Passage 1.2071 1.2064 0.6474 0.6431 0.0884 0.0723 0.0873 0.0773 

BM25 Top-1 1.4334 1.3893 0.7750 0.7519 0.0896 0.0310 0.1065 0.0433 

BM25-AllChoices Top-1 1.5465 1.3854 0.8310 0.7496 0.2003 0.0238 0.2003 0.0412 

BM25-AllChoices Top-5 1.4875 1.3855 0.8028 0.7496 0.1486 0.0240 0.1532 0.0397 

Note. Each outer test fold uses a temperature estimated on its associated calibration fold. Scaling does not change the predicted 

answer class. 

 
Figure 5. Reliability curves before and after temperature scaling for BM25-AllChoices Top-5. 

 

These probability improvements did not create useful selective ordering. For the top-five system, standard AURC was 0.73456 

and citation-aware AURC was 0.72778. Its full-coverage accuracy was 0.26382, but accuracy among the top 80%, 60%, and 40% 

by citation-aware selection score was 0.26806, 0.27095, and 0.26151. Decreasing coverage therefore failed to produce a 

consistent reduction in risk. BM25 top 1 behaved similarly. The gold-passage condition was different: accuracy rose from 0.49581 

at full coverage to 0.55707 at 80%, 0.59497 at 60%, and 0.61506 at 40%. Its standard AURC was 0.39257 and its citation-aware 

AURC was 0.39462. The product score became informative when evidence was actually relevant. 

 

 

 

 

 

 

 



Vol. 2 No. 1 (2026): Stout in Law and Societal Studies: 01-21 

 

Page | 13  

Table 9. Selective prediction at fixed coverage and calibration-derived targets 

System Selection rule Coverage 
Selective 

risk 

Selective 

accuracy 

No Evidence Top 100% product score 100.000% 75.628% 24.372% 

No Evidence Top 80% product score 79.983% 75.497% 24.503% 

No Evidence Top 60% product score 59.966% 76.536% 23.464% 

No Evidence Top 40% product score 40.034% 77.197% 22.803% 

No Evidence Calibration target 10% 0.084% 100.000% 0.000% 

No Evidence Calibration target 20% 0.084% 100.000% 0.000% 

Gold Passage Top 100% product score 100.000% 50.419% 49.581% 

Gold Passage Top 80% product score 79.983% 44.293% 55.707% 

Gold Passage Top 60% product score 59.966% 40.503% 59.497% 

Gold Passage Top 40% product score 40.034% 38.494% 61.506% 

Gold Passage Calibration target 10% 1.843% 31.818% 68.182% 

Gold Passage Calibration target 20% 6.868% 36.585% 63.415% 

BM25-AllChoices Top-5 Top 100% product score 100.000% 73.618% 26.382% 

BM25-AllChoices Top-5 Top 80% product score 79.983% 73.194% 26.806% 

BM25-AllChoices Top-5 Top 60% product score 59.966% 72.905% 27.095% 

BM25-AllChoices Top-5 Top 40% product score 40.034% 73.849% 26.151% 

BM25-AllChoices Top-5 Calibration target 10% 0.084% 100.000% 0.000% 

BM25-AllChoices Top-5 Calibration target 20% 0.084% 100.000% 0.000% 

Note. Fixed-coverage rows order items by the product of calibrated maximum probability and the chosen answer’s support 

score. Calibration-target thresholds use the same product and are chosen separately within each fold before application to its 

test fold. 

 

 
Figure 6. Citation-aware risk–coverage curves for no evidence, gold evidence, and retrieved-evidence conditions. 
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Calibration-fold product-score thresholds were also unstable. At a nominal 10% risk, the top-five system answered one item 

(coverage 0.00084) and that answer was wrong; the same occurred at the 20% target. The gold-passage system answered 

1.843% of items under the 10% target but realized 31.818% risk, and answered 6.868% under the 20% target but realized 

36.585% risk. These outcomes demonstrate why a low aggregate ECE cannot be read as a selective-risk guarantee (Si et al., 

2022). They also agree with findings that confidence-based abstention can degrade under distributional change (Kamath et al., 

2020; Varshney et al., 2022). In this experiment, abstention should not be deployed as a safety gate because the citation-aware 

selection score did not reliably rank retrieved-evidence answers by correctness. 

 

The distinction between calibration and policy validation is consistent with counterfactual and off-policy evaluation research: a 

score can be statistically usable while the action rule selected from it remains unsafe or inefficient (Mu et al., 2025; Ye et al., 

2026). Privacy-robust uplift estimation and identifier-loss modeling show that the evaluation design must also survive missing 

linkage information (Bai, Wang, et al., 2026; Bai & Wu, 2026). Evidence-grounded admission policies, strategy-controlled 

emotional-support responses, rubric-grounded educational scoring, and student-retention rationales all make the operating 

policy an explicit object of evaluation (Xin, 2026a, 2026b; Y. Zhang & Zhou, 2026; Zhao et al., 2026). The failed legal-QA 

thresholds therefore remain substantive results rather than being hidden by the improved ECE. 

 

4.6 Evidence citation, support compatibility, and error decomposition 

Citation correctness remained the most restrictive bottleneck. BM25 top 1 cited the strict gold passage on 0.251% of complete 

questions. AllChoices top 1 reached 0.754%, and AllChoices top 5 reached 3.183%. Equivalent-text rates were identical. The gold-

passage condition was 100% by construction, while no evidence was 0%. These measures require annotated support rather than 

a source that merely looks legal. 

 

Table 10. Citation validity and support-compatibility diagnostics 

Panel A. Citation outcomes 

System Depth Strict gold-ID rate Equivalent-text rate Mean support proxy 

Gold Passage 1 100.000% 100.000% 0.6182 

No Evidence 0 0.000% 0.000% 0.4483 

BM25 Top-1 1 0.251% 0.251% 0.5135 

BM25-AllChoices Top-1 1 0.754% 0.754% 0.6772 

BM25-AllChoices Top-5 5 3.183% 3.183% 0.6834 

 

Panel B. Held-out support-proxy validation 

Metric Value 

Held-out choice–passage pairs 4,776 

Positive pairs 1,194 

ROC–AUC 0.6690 

Average precision 0.4189 

F1 at threshold 0.5 0.4578 

Note. Citation rates test whether the supplied context contains the annotated gold identifier or a normalized-text equivalent. The 

support proxy is a diagnostic compatibility model, not a legal-entailment judgment. 

 

The mean support-compatibility proxy was 0.5135 for BM25 top 1, 0.6772 for AllChoices top 1, 0.6834 for top 5, 0.6182 for gold 

evidence, and 0.4483 without evidence. The fact that retrieved conditions exceeded gold evidence reveals a limitation of the 

proxy: word overlap and negation agreement can assign high scores to a persuasive distractor. On 4,776 held-out gold-evidence 

choice pairs, the proxy achieved ROC-AUC 0.6690, average precision 0.4189, and F1 0.4578 at 0.5. It provides a moderately 

informative diagnostic, not citation entailment. Claim-level evaluation methods such as those studied by T. Gao et al. (2023), 

Honovich et al. (2022), and Min et al. (2023) motivate stronger future checks. 

 

Evidence-chain and claim-verification research motivates retaining source identity, aligning claims to supporting spans, and 

exposing unsupported transitions (Jin, 2025a; C. Li et al., 2024; W. Su, Chen, et al., 2026; Zhong, Chen, et al., 2025). Retrieval-

quality prediction can warn before answer generation but cannot prove support (R. Zhang et al., 2025), matching the observed 

proxy behavior. 
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Error decomposition makes the pipeline failure explicit. For BM25 top 1, 878 of 1,194 items (73.534%) combined a missed gold 

passage with a wrong answer; only one item (0.084%) combined retrieved gold evidence with a correct answer. For AllChoices 

top 1, corresponding counts were 895 (74.958%) and 3 (0.251%). Top-five evidence improved the favorable cell to 16 items 

(1.340%) and reduced missed-gold/wrong-answer cases to 857 (71.776%), but 22 items retrieved gold evidence and still received 

a wrong answer. The 299 missed-gold/correct cases show that some answers arose from question and choice cues rather than 

annotated evidence. 

 

Table 11. Retrieval–answer error decomposition 

System Pipeline outcome Count Proportion 

BM25 Top-1 Gold retrieved + answer correct 1 0.084% 

BM25 Top-1 Gold retrieved + answer wrong 2 0.168% 

BM25 Top-1 Gold missed + answer correct 313 26.214% 

BM25 Top-1 Gold missed + answer wrong 878 73.534% 

BM25-AllChoices Top-1 Gold retrieved + answer correct 3 0.251% 

BM25-AllChoices Top-1 Gold retrieved + answer wrong 6 0.503% 

BM25-AllChoices Top-1 Gold missed + answer correct 290 24.288% 

BM25-AllChoices Top-1 Gold missed + answer wrong 895 74.958% 

BM25-AllChoices Top-5 Gold retrieved + answer correct 16 1.340% 

BM25-AllChoices Top-5 Gold retrieved + answer wrong 22 1.843% 

BM25-AllChoices Top-5 Gold missed + answer correct 299 25.042% 

BM25-AllChoices Top-5 Gold missed + answer wrong 857 71.776% 

Note. Each system’s four rows sum to N = 1,194. Gold retrieval is evaluated at the evidence depth supplied to the answer 

selector. 

 
Figure 7. End-to-end error decomposition for BM25 and answer-choice-expanded evidence conditions. 

 

4.7 Computational profile, limitations, and implications 

The BM25 matrix required 352.25 seconds and 36.20 million nonzero weights. LSI required 160.03 seconds and a 329,024,640-

byte matrix. Retrieval and evaluation took 575.81 seconds: 111.48 for BM25, 172.33 for choice BM25, 95.21 for LSI, 59.68 for 

feedback, 124.04 for rule-space expansion, 9.59 for evaluation, and 0.42 for encoding. 
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Table 12. Measured computational profile 

Panel A. Index and representation builds 

Artifact Measured content Seconds Stored size 

Corpus database 
Physical-row parse, identifiers, 

hashes, and FTS5 
64.31 973.70 MiB 

BM25 matrix 36,195,706 nonzero weights 352.25 183.54 MiB 

LSI embeddings 856,835 × 96 float32 160.03 313.78 MiB 

 

Panel B. Full retrieval experiment 

Stage Seconds 

Encode base and expanded queries 0.42 

BM25 base retrieval 111.48 

BM25 all-choice retrieval 172.33 

LSI retrieval conditions 95.21 

Pseudo-relevance feedback 59.68 

Rule-space expansion 124.04 

Evaluation and saved outputs 9.59 

Retrieval experiment total 575.81 

Note. Wall-clock measurements characterize this execution and include the explicit total saved by the retrieval program; index-

build times are reported separately. 

 

Several limitations bound the conclusions. The benchmark measures U.S. multistate bar-exam reasoning, not client counseling, 

jurisdiction-specific legal advice, or open-ended drafting. The single annotated gold passage is a defensible reference point but 

not necessarily the only legally useful authority. Exact text-hash equivalence addresses duplicate rows but cannot recognize a 

different passage stating the same rule. Passage truncation at 4,000 characters can remove relevant material from exceptionally 

long rows. The 96-dimensional LSI model is deliberately lightweight and should not be treated as representative of neural 

retrievers such as DPR or E5. The rule-space mapping is supervised by gold passages from training groups, so its result is 

evidence about cross-fitted representation transfer, not zero-shot retrieval. 

 

The answer selector is also intentionally limited. It compares fixed answer choices through lexical and structural features and 

does not generate a legal analysis. Its gold-evidence accuracy of 49.581% shows both that evidence matters and that matching 

evidence to an outcome requires reasoning beyond term compatibility. The support score is not a validated legal entailment 

model. Finally, fold-specific risk thresholds were estimated from only about 237–240 calibration items per fold, making extreme 

low-risk thresholds unstable. These constraints do not weaken the central diagnostic finding: retrieval misses dominate the end-

to-end error, and calibration cannot compensate for absent or distracting evidence. 

 

Future evaluation should preserve this decomposition while testing stronger neural retrievers, claim-level legal entailment, 

adversarial retrieval, and privacy-aware evidence handling. The interface should also be evaluated as part of the safety case: 

evidence cards, risk dashboards, and editable rationales can help a reviewer inspect support, but they must not convert an 

uncertain model output into apparent authority (Jin, 2025b; Z. Li et al., 2025; W. Su, Rao, et al., 2026; Wu et al., 2025). This 

direction joins technical reliability to a verifiable human-review path. 

 

5. Conclusions 

This full-corpus study evaluated 1,195 Bar Exam QA retrieval questions, 1,194 complete answer items, and all 856,835 passages 

with a transparent retrieval and answer-selection pipeline. The measured overlap confirmed the task’s central difficulty: mean 

query–gold TF–IDF cosine similarity was only 0.05095, and 182 pairs had zero cosine overlap. Under the fixed 40,000-term BM25 

index, plain question retrieval reached 1.339% Recall@10. Appending all answer choices produced the strongest retrieval result 

at 5.105%, while cross-fitted rule-space expansion raised base BM25 to 1.841%. Classical 96-dimensional LSI did not supply a 

competitive semantic alternative, and equal-weight fusion with it reduced base BM25 performance. 

 

Downstream results exposed a much larger evidence gap. Gold evidence raised answer accuracy to 49.581%, but the best 

retrieved-evidence system reached only 26.382%, a nonsignificant 2.010-percentage-point improvement over no evidence. 
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Temperature scaling sharply reduced ECE, yet confidence did not rank retrieved-evidence answers well enough for abstention: 

retaining only the top 40% reduced rather than improved top-five accuracy. Citation results were stricter still, with gold or exact-

equivalent evidence present in only 3.183% of top-five contexts. The dominant error—71.776% of items—was a missed gold 

passage followed by a wrong answer. 

 

The practical conclusion is that legal RAG evaluation should keep retrieval, answer correctness, citation validity, calibration, and 

selective risk separate. A fluent or confident answer cannot repair missing authority, and a low ECE does not demonstrate a safe 

abstention policy. The strongest direction suggested by this run is improved rule-aware retrieval: richer neural encoders, carefully 

validated query reformulation, and legal entailment reranking can be tested against the same full corpus, while preserving 

leakage-group separation and exact citation checks. Multi-regulation RAG and trust-calibrated multilingual retrieval offer 

complementary governance and access perspectives, but they should be evaluated on legal-domain evidence and abstention 

criteria before deployment (Y. Chen & Xu, 2026; J. Li & Zhou, 2026). Until retrieval recall and evidence-conditioned reasoning 

improve together, calibrated confidence should be treated as a diagnostic signal rather than a basis for autonomous legal 

answering. 
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