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Abstract 

Fixed top-k retrieval spends the same context budget on every question without indicating whether a multi-

document evidence chain is complete. This study evaluates a budgeted agent on MultiHop-RAG using all 609 

documents and 2,556 questions. The 1,534/511/511 train/validation/test split kept each evidence group in one 

partition. The pipeline compared BM25, 256-dimensional latent-semantic retrieval, equal and weighted reciprocal 

rank fusion, supervised reranking, fixed depth, and calibrated dynamic stopping. A sparse reader, null detector, 

and isotonic calibration supported answer, evidence, citation, cost, and abstention evaluation. On 451 answerable 

test questions, reranking achieved 0.9069 Recall@10, 0.8064 nDCG@10, and 0.7428 complete-chain retrieval. 

The dynamic agent used a mean of 544.16 tokens and obtained 0.6184 F1, compared with 666.29 tokens and 

0.6243 F1 for the null-gated Reranker-8 policy. Its paired F1 difference was -0.0059 with a 95% cluster-bootstrap 

interval of [-0.0246, 0.0115], while the 122.13-token reduction remained significant after Holm adjustment. 

Isotonic calibration reduced expected calibration error from 0.2671 to 0.0321. Selective answering operated at 

0.3326 coverage and 0.2200 exact-match risk. Snippet retention and citation precision, rather than candidate 

generation alone, limited joint reliability. The results establish a measured quality-cost trade-off and identify 

where deeper retrieval still fails to improve answers. 
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1. Introduction 

Retrieval-augmented generation separates an answering model from an external document 

collection so responses can use current, inspectable evidence rather than only parametric 

memory [1], [2. Multi-hop settings make this separation harder because a complete answer 

depends on a connected source set, not merely one relevant passage. Evidence-chain attribution 

has therefore become a central reliability objective [3], while calibrated refusal on 

unanswerable questions [4] and multilingual information access [5] show that retrieval 

adequacy must be estimated before fluent generation is trusted. One missing document can 

break the chain; one distractor can consume context or redirect the reader. 

MultiHop-RAG provides a direct setting for studying these decisions. Its news corpus contains 

entity, comparison, temporal, and inference questions that require two to four documents, 
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alongside null cases with no valid chain [1]. A prior budgeted retrieval-policy evaluation on the 

same benchmark [6] established the relevance of cost-sensitive multi-hop control. The present 

study extends that line with grouped leakage prevention, local sparse and dense fusion, a 

supervised reranker, prefix-level chain calibration, fact-retention and citation diagnostics, 

selective abstention, and paired evidence-group inference. 

This study asks three linked questions. First, how do lexical retrieval, a local dense 

representation, rank fusion, and supervised reranking differ in evidence recall and complete-

chain recovery? Second, how much context cost can a calibrated stopping policy remove 

relative to fixed deep retrieval without a material answer-quality loss, a control problem related 

to adaptive routing [7] and budgeted model cascades [8]? Third, does a reliability score 

combining answer, chain-completion, and null probabilities support useful abstention? Tool-

use trajectory forecasting [9] motivates the separation between prefix reliability and final task 

success. 

The study provides an end-to-end empirical account using the complete benchmark, an 

evidence-group split, validation-only parameter selection, and held-out testing. It reports 

ranking, answer, evidence, citation, cost, calibration, risk-coverage, hop, and paired-bootstrap 

results. These measurements separate evidence acquisition from answer conversion and expose 

the inputs needed by transparent scientific search displays [10] and numerical guardrail systems 

[11]: reranking improves document recovery, while the reader and snippet selector limit the 

value of additional depth. 

2. Literature Review 

A. Multi-Hop Benchmarks 

HotpotQA established multi-hop question answering with supporting facts and bridge and 

comparison questions [12]. 2WikiMultiHopQA added explicit paths [13], while MuSiQue 

reduced disconnected shortcuts through dependency-controlled composition [14]. MultiHop-

RAG instead couples news documents and metadata with multi-document answers and null 

cases [1]. Because benchmark behavior need not transfer unchanged, work on approximately 

shared cross-domain features [15] supports treating the grouped held-out split as an internal-

validity design rather than evidence of universal generalization. 

B. Retrieval and Evidence-Chain Construction 

Multi-hop dense retrieval is sequential [16]: later searches condition on the question and 

recovered evidence. IRCoT interleaves retrieval with partial reasoning [17], and EfficientRAG 

uses smaller query and filtering components [18]. Generative multi-hop retrieval decodes target 

passages [19], whereas iterative retrieval-generation updates search from current output [20]. 

Evidence-chain provenance [3] and learned prediction of RAG retrieval quality [21] address 

the corresponding question of whether the recovered state is dependable. These approaches 

exploit intermediate state but can propagate an early distractor. 

Lexical and semantic retrievers provide complementary signals. BM25 remains strong for exact 

entities and events [22]; dense passage retrieval recovers semantic matches [23]; and latent 

semantic analysis offers a smaller local projection [24]. BEIR shows that rankings vary across 

domains [25]. Reciprocal rank fusion combines heterogeneous lists without comparable raw 
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scores [26], while spectral rank aggregation provides a complementary theoretical view [27]. 

Two-stage interaction models rerank a candidate pool [28]; hybrid query rewriting and listwise 

ranking on FiQA [29] further illustrate the layered retrieve-fuse-rerank pattern used here. 

C. Adaptive Retrieval and Stopping 

Adaptive RAG replaces a fixed schedule with decisions driven by query or generation state. 

Self-RAG learns retrieval and reflection tokens [30]; FLARE triggers retrieval under low 

confidence [31]; Adaptive-RAG routes by predicted complexity [7]; and DRAGIN models 

when and what to retrieve [32]. Cost-aware AIOps routing similarly assigns cases to different 

analysis paths [33], although its utility target differs from evidence-chain completeness. A 

stopping controller must therefore estimate both the marginal value of another document and 

whether accumulated support already satisfies the question. 

D. Calibration, Abstention, and Grounded Evaluation 

Stopping and refusal require probabilities that correspond to observed correctness. Modern 

predictive models can be strongly miscalibrated [34]; selective-classification theory formalizes 

abstention through coverage and risk [35], with confidence-threshold implementations [36]   

and selective QA under shift [37]. Applied systems calibrate different objects: cross-sensor 

fusion confidence [38], resume-pair screening and refusal [39], spectral-estimator uncertainty 

[40], and counterfactual credit-risk decisions [41]. For multi-hop retrieval, the reliability 

variable must represent evidence sufficiency as well as answer plausibility. 

Evaluation must separate ranking, answering, grounding, and cost. nDCG rewards early 

evidence [42]; normalized exact match and token F1 capture answer strings [43]; and citation-

centered evaluation tests support and attribution [44]. RAGAS [45] and ARES [46] decompose 

context and answer quality. FrugalGPT adds budgeted routing [8]. Applied to multi-hop 

retrieval, the analogous decision is whether another hop justifies its context while improving 

complete support rather than merely adding a plausible document. 

E. Evidence-Grounded Systems and Operational Transfer 

Evidence-constrained retrieval has moved into domains where an unsupported answer carries 

operational consequences. Accounting-aware due-diligence retrieval [47], disclosure review 

cards [48], and RWA monitoring agents [49] tie outputs to source records. Climate claim 

verification [50] and multi-regulation product counsel [51] likewise require ranked evidence 

and an explicit path to non-support. These studies motivate treating chain coverage, citation 

accuracy, and abstention as operational endpoints rather than stylistic qualities of generated 

prose. 

The same distinction shapes human-facing evidence displays. Financial risk dashboards [52], 

medical explanation cards [53], patient safety communication [54], medical-response interface 

benchmarks [55], and e-commerce recommendation cards [56] all depend on visible evidence 

and uncertainty. Work aligning LLM design criticism with human judgment [57] further shows 

that explanation quality must be inspectable. The present study does not run a UI experiment; 

it measures retrieval, support, and confidence prerequisites that such interfaces would consume. 

Evidence-grounded assistance also spans recommendation, counseling, and education. Review-

grounded recommendation with faithfulness testing [58] and a therapist-facing retrieval copilot 
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[59] connect ranked context to a controlled output. Conversational recommendation retrieves 

prior behavior [60], counseling interfaces link support cards to evidence [61], and rubric-

grounded essay feedback makes scoring support auditable [62]. Interface-microcopy audits 

explain dark patterns [63], while student-retention rationales [64] separate a prediction from the 

evidence shown to a human decision maker. 

Operational log systems expose a closely related conversion problem: detecting an event is not 

equivalent to grounding an actionable explanation. HDFS failure narratives [65], retrieved 

OpenStack prototypes [66], cost-aware AIOps routing [33], and incident visualization cards 

[67] each connect selection to explanation. Conformal log alert control [68], interpretable 

CloudTrail stage detection [69], and self-supervised LogBERT-style detection [70] add 

uncertainty, sequence structure, or representation learning. Together they reinforce the present 

separation of candidate recovery, retained fact support, answer conversion, and escalation. 

Security studies provide a second reason not to equate model confidence with trustworthy 

evidence. Language-guided DDoS detection [71], IoT anomaly representation [72], and 

predictive attack mitigation [73] focus on identifying abnormal behavior; system-call 

localization with forensic narratives [74] adds an evidence window. Risk cards for prompt-

injected agents [75] make the oversight requirement explicit. Although the benchmark studied 

here is not adversarial, its strict citation metric similarly prevents a high-confidence answer 

from masking unsupported selected context. 

Context cost also has a deployment meaning beyond token count. Multi-horizon GPU 

forecasting [76], cold-start tenant prediction [77], and hybrid-cloud LLM architecture [78] 

characterize uncertain demand and placement. Profit-aware GPU admission [79], power-aware 

inventory planning [80], capacity risk cards [81], and GPU-memory prediction [82] turn 

forecasts into resource decisions. These systems are not experimental baselines for this paper; 

they motivate reporting an explicit quality-cost frontier instead of optimizing answer quality 

alone. 

Finally, dynamic stopping is a learned policy and therefore benefits from the discipline used in 

offline decision studies. Counterfactual slot evaluation [83], privacy-robust incrementality [84], 

conservative off-policy selection [85], constrained marketing allocation [86], and identifier-

safe budget optimization [87] all distinguish model fit from policy value. Text-grounded 

advertising rationales [88], visual brief cards [89], and designer-editable decision cards [90] 

illustrate how policy inputs and outputs can remain inspectable. Here, held-out policy 

comparisons and paired bootstrap intervals serve that evaluative role. 

3. Methodology 

A. Benchmark Audit and Partitioning 

The experiments used the MultiHop-RAG benchmark [1]. The corpus file contained 609 unique 

news documents and occupied 6,785,567 bytes; the question file occupied 5,171,312 bytes and 

contained 2,556 questions. There were 2,255 answerable questions and 301 null questions, with 

6,084 evidence annotations. Every evidence URL and title matched one corpus document, and 

every annotated fact was an exact substring of the referenced body. The answerable subset 

contained 1,169 two-document, 774 three-document, and 312 four-document questions. 
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Document-level retrieval metrics deduplicated repeated URLs within a question, while fact 

coverage retained all annotations. Table I summarizes the dataset and integrity checks. 

TABLE I. DATASET AUDIT AND INTEGRITY 

Statistic Measured value 

Corpus documents 609 

Questions 2,556 

Answerable / null 2,255 / 301 

Evidence annotations 6,084 

Two / three / four gold documents 1,169 / 774 / 312 

Comparison / inference / temporal / null 856 / 816 / 583 / 301 

Evidence URL and title match 100.00% 

Evidence fact substring match 100.00% 

Corpus / question bytes 6,785,567 / 5,171,312 

 

Questions sharing the same sorted set of evidence URLs were assigned to one canonical group; 

each null question received its own group. Five shuffled stratified group folds used seed 42 and 

preserved question type together with gold-document count. Folds 0–2 formed training, fold 3 

validation, and fold 4 test, producing 1,534/511/511 questions. No evidence group crossed 

partitions. Question type was used only for stratification and reporting, never as a model feature. 

Fusion weights, thresholds, and calibrators were selected on validation data, and final 

comparisons used the test split. Table II gives the question-type distribution in each partition. 

TABLE II. GROUPED SPLIT DISTRIBUTION 

Split Comparison Inference Temporal Null Total 

Training 512 490 351 181 1,534 

Validation 172 163 116 60 511 

Test 172 163 116 60 511 

 

B. Retrieval, Fusion, and Reranking 

Each indexed document concatenated title twice, source, category, publication date, and body. 

Title repetition increased headline influence without changing source content. A case-

insensitive regular expression extracted alphanumeric tokens with internal apostrophes. BM25 

used a 50,000-feature sparse term-frequency matrix, k1 = 1.2, b = 0.75, and binary query terms 

[22]. 

BM25(q,d) = sum[t in q] IDF(t) f(t,d)(k1+1) / {f(t,d)+k1[1-b+b|d|/avgdl]} 

The local dense baseline used word unigram and bigram TF-IDF with sublinear frequency, 

min_df = 2, max_df = 0.98, a 40,000-feature cap, and L2 normalization. Truncated SVD with 
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seven iterations projected documents and questions into 256 dimensions, followed by L2 

normalization and cosine-equivalent dot-product ranking [24] . This is an LSA dense retriever 

rather than a pretrained neural encoder. 

BM25 and LSA rankings were combined with reciprocal rank fusion [26]. The rank constant 

was 60. Eleven BM25 weights from 0.0 to 1.0 were tested on validation data using 0.6 

Recall@10 + 0.4 FullChain@10. The selected weight was 0.70 for BM25 and 0.30 for LSA. 

Equal RRF remained a separate baseline. 

RRF(q,d) = w/[60+r_BM25(q,d)] + (1-w)/[60+r_LSA(q,d)] 

A standardized logistic reranker operated on the top 50 weighted-RRF candidates, following 

the two-stage retrieval principle in passage reranking [28] .Twelve observable features captured 

normalized BM25, LSA, and RRF scores; reciprocal ranks; title Jaccard overlap; IDF-weighted 

query coverage; source, category, and year mentions; and log document length. Training 

inserted an omitted gold document only into the training pair set. For answerable questions, 

question-level weights assigned equal total mass to positive and negative pairs; null questions 

contributed negative pairs only. Test reranking used the unmodified top-50 pool. 

C. Sequential Evidence Selection and Dynamic Stopping 

The agent converted the reranked top-30 pool into a sequential evidence order. At each hop it 

selected the highest utility unseen document. Utility added 0.035 for a new source and 0.015 

for a new category and subtracted 0.050 times maximum title Jaccard redundancy from the 

reranker probability. This diversity term rewarded complementary documents without reading 

gold labels. The sequence contained at least two and at most eight documents. 

u(d) = p_rerank(d) + 0.035 I(new source) + 0.015 I(new category) - 0.050 redundancy(d) 

For every selected document, sentence scoring used IDF-weighted question coverage plus 0.12 

times sentence-title overlap and a small earlier-position tie break. The title, source, date, and 

two best sentences were clipped to 180 regular-expression tokens. Token cost equaled question 

tokens, retained snippet tokens, and answer tokens. Fact coverage required the complete 

normalized annotated fact to remain in this clipped context. 

A chain-completion classifier predicted whether a prefix contained every gold evidence 

document. Training covered prefix lengths two through eight using hop, score, margin, query-

coverage, diversity, redundancy, source, token-cost, and null-probability features. Balanced 

logistic regression used C = 1, and validation-prefix probabilities were mapped by isotonic 

regression [34]. This prefix target is narrower than general tool-use trajectory success [9] and 

complements prior budgeted MultiHop-RAG policy evaluation [6]. The first prefix with 

calibrated probability at least 0.725 stopped; otherwise all eight hops were retained. Validation 

maximized 0.7 evidence coverage + 0.3 complete-chain rate - 0.16 normalized token cost. 

D. Reader, Null Gate, and Selective Reliability 

A separate null detector used character-boundary TF-IDF from three- to five-character n-grams, 

min_df = 2, a 30,000-feature cap, and balanced logistic regression with C = 2. Its validation-

selected probability threshold was 0.40. When triggered, the system returned “Insufficient 

information.” and selected no citation. 
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The answer reader was trained on answerable training questions using question text plus four 

reranked snippets. Word unigram and bigram TF-IDF used min_df = 2, sublinear frequency, 

and a 40,000-feature cap. An SGD log-loss classifier used alpha = 2×10^-5, 3,000 iterations, 

tolerance 10^-5, class balancing, and seed 42. At inference it inspected its ten highest-

probability labels and chose the first closed relational label or label present in retrieved context; 

otherwise it chose the highest-probability class. The same reader evaluated every retrieval 

policy. 

Dynamic-policy reliability combined reader probability, calibrated chain-completion 

probability, and non-null probability. A second isotonic map was fitted to validation exact-

match outcomes. Following selective-prediction principles [35], [36] and selective QA [37], the 

system abstained below 0.45, the maximum validation coverage with exact-match risk no 

greater than 0.30. The approach is consistent with evidence-calibrated refusal [4] and calibrated 

pairwise screening [39]; it used isotonic calibration, not the conformal alert controller studied 

for log escalation [68]. 

Reliability_raw = p_reader × p_chain × (1 - p_null) 

E. Metrics and Statistical Testing 

Retrieval evaluation excluded null questions and reported Recall@k, binary nDCG@k [42], 

MRR, and FullChain@k for k in {1,2,3,4,5,10}. End-to-end evaluation used SQuAD-style 

normalization, EM, and token F1 [43]. Document coverage measured selected gold URLs; fact 

coverage required annotated facts to survive clipping. Citation accuracy required each selected 

snippet to contain an annotated fact, aligning attribution with support [44]. This deterministic 

support rule parallels evidence guardrails in quantitative assistance [11] and ranked claim 

verification [50] without introducing a semantic judge. 

Calibration evaluation used ten-bin expected calibration error, Brier score, and area under the 

risk-coverage curve. Hop ablations fixed depth from one to eight. Policy comparisons covered 

the dynamic agent, fixed Reranker-8, Weighted-RRF-4, Equal-RRF-4, BM25-4, and LSA-

Dense-4. Paired uncertainty used 2,000 evidence-group bootstrap replicates with seed 2026. F1 

and token-cost comparisons used all 511 test questions, while document-coverage comparisons 

used the 451 answerable questions. Differences were reported with percentile 95% intervals 

and two-sided empirical p-values; Holm adjustment covered twelve declared comparisons. 

Table III lists the fixed configuration, and Fig. 1 summarizes the agent's control flow. 

TABLE III. FIXED EXPERIMENT CONFIGURATION 

Component Parameter Value 

BM25 k1 / b 1.2 / 0.75 

LSA dense Dimensions 256 

RRF Constant / BM25 weight 60 / 0.70 

Reranker Candidate depth / C 50 / 1.0 

Agent Min / max hops 2 / 8 

Agent Stop threshold 0.725 
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Component Parameter Value 

Snippet Tokens per document 180 

Null gate Threshold 0.40 

Selective gate Threshold 0.45 

Bootstrap Replicates / seed 2,000 / 2026 

 

 

Fig. 1. Budgeted retrieval, sequential evidence selection, calibrated reliability, and answer-or-

abstain control. 

4. Results 

A. Retrieval Quality 

The held-out test set contained 451 answerable and 60 null questions. Retrieval metrics used 

the answerable subset; complete-system EM, F1, and cost used all 511 questions. As reported 

in Table IV, the reranker produced the strongest ranking results at every cutoff. At k = 4 it 

reached 0.7482 recall, 0.7300 nDCG, 0.4678 complete-chain retrieval, and 0.8631 MRR. 

Relative to BM25, the gains were 5.16, 4.19, 5.10, and 2.40 percentage points. At k = 10, 

reranker recall reached 0.9069, nDCG 0.8064, and complete-chain retrieval 0.7428. 

TABLE IV. HELD-OUT RETRIEVAL PERFORMANCE 

Method R@4 nDCG@4 Full@4 R@10 
nDCG@1

0 
Full@10 

BM25 0.6966 0.6882 0.4169 0.8679 0.7689 0.6652 

LSA-Dense 0.6292 0.6008 0.3171 0.8337 0.6977 0.6275 

Equal RRF 0.6783 0.6586 0.3880 0.8710 0.7502 0.6851 

Weighted RRF 0.6872 0.6733 0.3991 0.8777 0.7631 0.6851 
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Method R@4 nDCG@4 Full@4 R@10 
nDCG@1

0 
Full@10 

Reranker 0.7482 0.7300 0.4678 0.9069 0.8064 0.7428 

 

Fusion changes were smaller and nonuniform. At k = 4, weighted RRF improved over equal 

RRF from 0.6783 to 0.6872 recall, from 0.6586 to 0.6733 nDCG, and from 0.3880 to 0.3991 

complete-chain retrieval. At k = 10, weighted RRF reached 0.8777 recall versus 0.8710 for 

equal fusion, while both complete-chain rates were 0.6851. BM25 remained stronger on several 

early-rank measures. The validation-selected weight therefore produced modest gains over 

equal fusion rather than universal dominance. 

TABLE V. RETRIEVAL SLICES AT k = 4 

Slice BM25 R BM25 Full Rerank R Rerank Full N 

Comparison 0.7791 0.5756 0.8391 0.6744 172 

Inference 0.5992 0.2086 0.6314 0.2331 163 

Temporal 0.7112 0.4741 0.7773 0.4914 116 

2 documents 0.8056 0.6538 0.8739 0.7607 234 

3 documents 0.6017 0.2078 0.6472 0.2078 154 

4 documents 0.5238 0.0476 0.5278 0.0159 63 

 

The slices in Table V show a sharp chain-length gradient. Reranker complete-chain retrieval at 

k = 4 was 0.7607 for two-document questions, 0.2078 for three-document questions, and 0.0159 

for four-document questions. At k = 10 these rates increased to 0.9188, 0.6169, and 0.3968. 

Inference questions were also harder than comparison and temporal questions at shallow depth. 

Fig. 2 shows that extra cutoff depth continued to recover evidence, especially for the reranker. 

 

Fig. 2. Recall and complete-chain retrieval across measured cutoffs. 
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B. End-to-End Quality and Cost 

Table VI summarizes end-to-end quality, evidence, and cost. EM, F1, and mean tokens use all 

511 questions, while the evidence columns use the 451 answerable questions. Weighted-RRF-

4 had the highest observed overall F1 at 0.6290 with a mean cost of 363.20 tokens. Equal-RRF-

4 followed at 0.6270 and 361.77 tokens. Reranker-4 reached 0.6223 F1 despite better evidence 

retrieval. Under null gating, Reranker-8 selected eight documents for each answerable question, 

rejected the 60 null questions without retrieval, and reached 0.6243 F1 at a 666.29-token all-

test mean. Improved document ranking did not translate proportionally into answer accuracy 

under the fixed reader and clipped snippets. 

TABLE VI. END-TO-END QUALITY, EVIDENCE, AND COST 

Policy EM F1 
Doc. 

cov. 
Fact 

cov. 
Citation 

acc. 
Full 

chain 
Mean 

tokens 

BM25-4 
0.616

4 

0.617

2 
0.6966 0.3708 0.2328 0.4169 366.40 

LSA-Dense-4 
0.606

7 

0.607

4 
0.6292 0.3154 0.1951 0.3171 357.96 

Equal-RRF-4 
0.626

2 

0.627

0 
0.6783 0.3485 0.2178 0.3880 361.77 

Weighted-RRF-4 
0.628

2 

0.629

0 
0.6872 0.3585 0.2239 0.3991 363.20 

Reranker-4 
0.622

3 

0.622

3 
0.7482 0.3958 0.2489 0.4678 361.59 

Reranker-8 
0.624

3 

0.624

3 
0.8758 0.4497 0.1452 0.6763 666.29 

Dynamic-Agent 
0.618

4 

0.618

4 
0.8601 0.4418 0.2115 0.6430 544.16 

Dynamic+Selective 
0.346

4 

0.346

4 
0.8601 0.4418 0.2115 0.6430 544.62 

 

The dynamic agent achieved 0.6184 F1, 0.8601 document coverage, and 0.6430 complete-chain 

retrieval at 544.16 tokens over 5.68 selected hops. Compared with Reranker-8, it saved 122.13 

tokens and 1.38 mean hops while losing 1.57 document-coverage points, 3.33 complete-chain 

points, and 0.59 F1 points. Fig. 3 places it between the four-document policies and the null-

gated Reranker-8 policy in cost. On the F1-token plane, four-document fusion remained above 

and to the left. 
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Fig. 3. Measured answer-quality and context-cost positions for all policies. 

C. Question Type, Hop Depth, and Abstention 

TABLE VII. DYNAMIC-AGENT RESULTS BY QUESTION TYPE 

Type N F1 Doc. cov. Fact cov. Citation acc. Mean tokens 

Comparison 172 0.3837 0.9302 0.4981 0.2145 571.35 

Inference 163 0.8834 0.7960 0.4790 0.2377 671.40 

Temporal 116 0.3966 0.8463 0.3060 0.1703 579.08 

Null 60 1.0000 — — — 53.03 

 

Table VII shows the question-type breakdown; evidence metrics are undefined for null 

questions and are marked accordingly. Dynamic-agent F1 was 0.8834 on inference, 0.3837 on 

comparison, and 0.3966 on temporal questions. The null gate correctly rejected all 60 null 

questions and rejected none of the 451 answerable questions. The selective policy accepted 150 

answerable questions, giving 0.3326 coverage and 0.2200 risk. Selection was uneven: 110 of 

163 inference questions were accepted and 109 were correct, whereas only three of 26 accepted 

comparison questions and five of 14 accepted temporal questions were correct. Because 

reliability selection followed retrieval, mean cost remained 544.62 tokens. 

TABLE VIII. FIXED-HOP ABLATION ON ANSWERABLE QUESTIONS 

Hops F1 Doc. coverage Full chain Mean tokens 

1 0.5286 0.3184 0.0000 136.53 

2 0.5619 0.5595 0.2506 226.23 
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Hops F1 Doc. coverage Full chain Mean tokens 

4 0.5632 0.7561 0.4745 402.38 

6 0.5632 0.8337 0.5876 574.91 

8 0.5765 0.8764 0.6763 747.35 

 

Table VIII shows that evidence coverage rose regularly with hop depth, whereas answer F1 did 

not. For two-document questions, document coverage increased from 0.4017 at one hop to 

0.9380 at eight and complete-chain retrieval reached 0.8761, while F1 changed from 0.4487 to 

0.4957. Three-document coverage rose from 0.2554 to 0.8312 and four-document coverage 

from 0.1627 to 0.7579, but their F1 curves remained nonmonotonic. Fig. 4 separates the stable 

evidence gain from the irregular answer response. 

 

Fig. 4. Evidence coverage and answer F1 by fixed hop count and required chain size. 

D. Calibration and Selective Risk 

TABLE IX. ANSWER-RELIABILITY CALIBRATION 

Reliability ECE Brier AURC 

Raw 0.2671 0.2902 0.2755 

Isotonic 0.0321 0.2152 0.2717 

 

Table IX shows that isotonic calibration reduced ECE from 0.2671 to 0.0321 and Brier score 

from 0.2902 to 0.2152. AURC changed from 0.2755 to 0.2717, showing that calibration 

corrected probability scale much more than reliability ordering. At 9.98% selective coverage, 

exact-match risk was 0.0444; at 19.96% it was 0.1000, at 29.93% it was 0.1926, and at full 

coverage it was 0.4324. Figs. 5 and 6 show both effects. 
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Fig. 5. Raw and isotonic answer-reliability curves on answerable test questions. 

 

Fig. 6. Exact-match risk as calibrated selective coverage increases. 

E. Ablations, Significance, and Failure Localization 

Table X compares the complete dynamic policy with fixed-depth retrieval and fusion variants. 

Because depth, ordering, and retrieval components differ across these named policies, the table 

is interpreted as an operating-policy comparison; the isolated depth effect is reported in Table 

VIII. 



JKLST 2026, Vol. 5, No. 2 

92 

TABLE X. POLICY AND COMPONENT COMPARISONS 

Variant F1 Doc. cov. Full chain 
Mean 

tokens 
ΔF1 

Dynamic policy 0.6184 0.8601 0.6430 544.16 +0.0000 

Reranker, depth 8 0.6243 0.8758 0.6763 666.29 +0.0059 

Weighted RRF, depth 4 0.6290 0.6872 0.3991 363.20 +0.0106 

Equal RRF, depth 4 0.6270 0.6783 0.3880 361.77 +0.0086 

BM25, depth 4 0.6172 0.6966 0.4169 366.40 -0.0012 

LSA dense, depth 4 0.6074 0.6292 0.3171 357.96 -0.0110 

 

The paired bootstrap in Table XI reports Dynamic-Agent minus each listed comparator. The 

Reranker-8 F1 difference was -0.0059, with a 95% interval of [-0.0246, 0.0115] and Holm-

adjusted p = 1.0000. The token-cost difference was -122.13, with an interval of [-149.13, -

96.44], and the answerable-only document-coverage difference was -0.0157, with an interval 

of [-0.0260, -0.0073]; their adjusted p-values were 0.0120 and 0.0120. All four F1 confidence 

intervals included zero, while every document-coverage and token-cost contrast remained 

nonzero after correction. Fig. 7 visualizes the four F1 intervals. 

TABLE XI. ALL PAIRED EVIDENCE-GROUP BOOTSTRAP COMPARISONS 

Comparator Metric Difference 95% CI Holm p 

BM25-4 F1 0.0012 [-0.0228, 0.0257] 1.0000 

BM25-4 
DocumentCover

age 
0.1635 [0.1315, 0.1971] 0.0120 

BM25-4 TokenCost 177.7632 [152.6950, 200.5848] 0.0120 

Equal-RRF-4 F1 -0.0086 [-0.0352, 0.0176] 1.0000 

Equal-RRF-4 
DocumentCover

age 
0.1818 [0.1513, 0.2167] 0.0120 

Equal-RRF-4 TokenCost 182.3894 [157.3564, 205.4158] 0.0120 

Reranker-4 F1 -0.0039 [-0.0269, 0.0201] 1.0000 

Reranker-4 
DocumentCover

age 
0.1120 [0.0874, 0.1365] 0.0120 

Reranker-4 TokenCost 182.5714 [158.0062, 205.4265] 0.0120 

Reranker-8 F1 -0.0059 [-0.0246, 0.0115] 1.0000 

Reranker-8 
DocumentCover

age 
-0.0157 [-0.0260, -0.0073] 0.0120 

Reranker-8 TokenCost -122.1331 [-149.1296, -96.4358] 0.0120 
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Fig. 7. Paired token-level F1 differences for the dynamic agent with 95% evidence-group 

bootstrap intervals. 

The failure taxonomy in Table XII identifies snippet retention as the largest bottleneck. Of 511 

dynamic traces, 218 selected a gold document but omitted an annotated fact from its retained 

snippet, and 143 had the gold documents in the candidate pool but failed to select the complete 

chain. Only 18 lacked a gold document in the top-50 candidate pool. Thirty-four retained all 

facts but answered incorrectly, and 35 returned a correct answer with at least one unsupported 

selected citation. Sixty were correct null rejections. Three traces satisfied all three conditions: 

complete retained evidence, a correct answer, and fully supported citations. The observed trace 

in Fig. 8 retrieved all three annotated documents and answered correctly, but it also selected 

five distractors, retained two of three annotated facts, and supported two of eight selected 

citations. 

TABLE XII. DYNAMIC-AGENT FAILURE TAXONOMY 

Outcome N Share of test 

Gold document selected; fact omitted by snippet 218 42.66% 

Gold document absent from candidate pool 18 3.52% 

Correct rejection of null query 60 11.74% 

Candidate present but not selected 143 27.98% 

All facts retained; reader answer wrong 34 6.65% 

Correct answer with unsupported citation 35 6.85% 

Joint success 3 0.59% 
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Fig. 8. Observed eight-hop trace for test question 4; three selected nodes are annotated 

evidence and five are distractors. 

5. Discussion 

The central result is a measured evidence-cost trade-off rather than a universal accuracy gain. 

Sequential multi-hop systems motivate conditional retrieval [17]–[20], while offline policy 

evaluation [83]  and cost-sensitive admission control [79] emphasize comparison at an 

operating point. Dynamic selection raised document coverage by 16.35 points over BM25-4 

and 11.20 points over Reranker-4. Relative to null-gated Reranker-8, it removed 122.13 mean 

tokens with a confidence interval for F1 that included zero, while accepting a small but 

significant coverage loss. It is therefore a cheaper approximation to deep reranking when 

evidence coverage matters, not the highest-F1 policy. 

The gap between retrieval and answering is consequential. Reranking improved recall, nDCG, 

and complete-chain recovery, yet Weighted-RRF-4 produced the highest observed F1. Greater 

hop depth reliably improved document coverage but yielded irregular F1. Adaptive retrieval 

[30], [31], [7], [32] does not by itself ensure that retained spans contain usable facts. Retrieval-

quality prediction [21], grounded HDFS narratives [65], and incident evidence cards [67] point 

to the same post-retrieval conversion problem. A stopping objective must reflect retained 

support, reader use, and citation validity, not document acquisition alone. 

Fusion likewise did not guarantee improvement. The 256-dimensional LSA retriever was 

weaker than BM25, so validation assigned 70% weight to BM25. Weighted RRF improved 

several aggregate measures over equal fusion, but the advantage reversed at some cutoffs. This 

result is consistent with cross-domain retrieval variation [25] and with the need for learned 

hybrid reranking on FiQA [29]; spectral rank-aggregation theory [27] does not imply that one 
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empirical fusion weight dominates across datasets. The study therefore makes no claim about 

a pretrained neural dense model. 

Calibration sharply improved probability accuracy while exposing a subgroup problem. 

Isotonic mapping reduced ECE and Brier score, consistent with calibration and selective 

prediction [34], [37], but AURC barely changed because rescaling did not substantially reorder 

hard cases. Comparable risk-communication concerns appear in calibrated fusion [38], recruiter 

refusal [39], and medical safety cards [54]. The global threshold achieved 0.220 risk at 0.333 

coverage but performed far better for inference than relational questions. Type-conditioned 

calibration or minimum fact-support constraints are therefore more defensible than a single 

universal threshold. 

Evidence diagnostics place span retention and citation precision ahead of candidate generation. 

Only 3.52% of traces lacked a gold document in the top-50 pool, whereas 42.66% selected a 

gold document but clipped an annotated fact. Citation accuracy also fell as distractors entered 

the selected set. Citation and component-level evaluations [44]–[46], evidence-chain 

provenance [3], accounting retrieval [47], and scientific evidence displays [10] all support 

separating a correct answer from attributable support. The metric used here is deliberately strict 

and gives no credit to paraphrases without the annotated fact. 

The study uses one 609-document news corpus, one grouped split, an LSA retriever, a feature-

based reranker, and a sparse supervised reader. It does not determine how a neural dense 

retriever, cross-encoder, or generative model behaves under the same controller. Regex token 

count is a transparent workload measure rather than latency, energy, or billed API cost; hybrid-

cloud deployment [78], GPU demand forecasting [76], and power-aware inventory planning 

[80] include additional resource dimensions. Domain-bridge evidence [15] also cautions against 

treating the grouped split as robustness under temporal or domain shift. 

These results support two operating choices. Weighted-RRF-4 is preferable for the highest 

observed F1 at low token cost. Dynamic retrieval is preferable when higher evidence coverage 

is needed but Reranker-8 is too expensive. The next improvement should rerank sentences or 

evidence spans, make stopping sensitive to retained facts and citation support, and calibrate by 

question family. Scientific search cards [10], accounting disclosure cards [48], and prompt-

injection risk cards [75] show how those signals could be presented for human review. These 

are interface implications, not claims tested by the current experiment. 

6. Conclusion 

A complete MultiHop-RAG evaluation showed that retrieval depth, evidence reliability, answer 

quality, and cost are related but not interchangeable. Supervised reranking produced the 

strongest evidence ranking, reaching 0.9069 Recall@10 and 0.7428 complete-chain retrieval. 

Relative to the null-gated Reranker-8 policy, calibrated dynamic stopping reduced mean 

context-and-answer cost from 666.29 to 544.16 tokens, while the 95% confidence interval for 

the paired F1 difference included zero. Isotonic calibration reduced ECE to 0.0321, and 

selective abstention lowered risk at the cost of substantial coverage and uneven performance 

across question types. The dominant failures occurred after document retrieval: relevant facts 

were clipped from snippets or extra citations lacked annotated support. A reliable multi-hop 
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agent therefore needs span-level evidence control and citation-aware stopping in addition to 

stronger document retrieval. 
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