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Abstract 

Reliable RAG fails when retrieval omits evidence, generation is unsupported, or confidence is misplaced. We evaluated 
all 2,556 MultiHop-RAG questions and 2,700 official RAGTruth test responses (2,675 good-quality in primary analysis). 
On chain-group-disjoint MultiHop-RAG, adaptive retrieval achieved 0.8810 Recall@k and 0.6925 complete-chain rate 
with 10.85 documents per answerable query; the nearest lower-cost comparator reached 0.8463 and 0.6273. Answer token 
F1 was 0.5562 and strict URL attribution 0.7753. On RAGTruth, the calibrated detector reached 0.3254 word F1, 0.0986 
overlap span F1, 0.00582 ECE, and 0.03550 Brier score. Selective release cut risk from 0.3525 at full coverage to 0.2140 
at 80%. Evidence, grounding, provenance, and release risk require separate coordinated measurement. 
 
Keywords: Adaptive Retrieval-Augmented Generation, Multi-Hop Retrieval, Evidence Chains, Hallucination Detection, 
Source Attribution, Calibration, Selective Prediction, Abstention 
 

Abstrak 
Sistem RAG yang andal akan gagal jika tahap pengambilan informasi (retrieval) melewatkan bukti, hasil generasi tidak 
didukung oleh bukti, atau tingkat kepercayaan yang diberikan tidak tepat. Kami mengevaluasi seluruh 2.556 pertanyaan 
MultiHop-RAG dan 2.700 respons uji resmi RAGTruth (2.675 di antaranya berkualitas baik untuk analisis utama). Pada 
dataset MultiHop-RAG dengan rantai bukti yang saling terpisah (chain-group-disjoint), metode pengambilan adaptif 
mencapai nilai Recall@k sebesar 0,8810 dan tingkat keberhasilan rantai lengkap sebesar 0,6925 dengan rata-rata 10,85 
dokumen per kueri yang dapat dijawab; metode pembanding dengan biaya lebih rendah yang terdekat hanya mencapai 
angka 0,8463 dan 0,6273. Skor F1 untuk token jawaban adalah 0,5562 dan skor atribusi URL ketat adalah 0,7753. Pada 
dataset RAGTruth, detektor yang telah dikalibrasi mencapai skor F1 kata sebesar 0,3254, F1 rentang tumpang tindih 
(overlap span) sebesar 0,0986, ECE sebesar 0,00582, dan skor Brier sebesar 0,03550. Strategi pelepasan selektif 
(selective release) menurunkan risiko dari 0,3525 pada cakupan penuh menjadi 0,2140 pada tingkat cakupan 80%. Aspek 
bukti, landasan informasi (grounding), asal-usul sumber (provenance), dan risiko pelepasan informasi memerlukan 
pengukuran terpisah namun terkoordinasi. 
 
Kata Kunci: Adaptive Retrieval-Augmented Generation, Pengambilan Informasi Multi-Langkah (Multi-Hop Retrieval), 
Rantai Bukti, Deteksi Halusinasi, Atribusi Sumber, Kalibrasi, Prediksi Selektif, Abstensi 
 
A. INTRODUCTION 

RAG joins generation and evidence [1], yet retrieved text 
may not support the answer. MultiHop-RAG distributes 
evidence across articles [2]; RAGTruth labels unsupported 
spans [3]. Evidence-chain methods add word detection and 
provenance [4], while evidence-calibrated QA links 
coverage to abstention [5]. Reliable RAG must control 
depth, verify content, attribute sources, and refuse risk. 

HotpotQA supervises supporting facts [6], MuSiQue filters 
shortcuts [7], and Adaptive-RAG conditions retrieval on 
complexity [8]. IRCoT interleaves retrieval and reasoning 
[9]; FLARE [10], DRAGIN [11], and Self-RAG [12] 
retrieve or critique dynamically. Budgeted MultiHop-RAG 
treats depth as policy [13]. Time-aware memory [14], 

private preference routing [15], and retrieval-quality 
prediction [16] extend control to state, privacy, and 
uncertainty. 

BM25 [17], DPR [18], ColBERT [19], and Contriever [20] 
span sparse, dense, and late-interaction retrieval. We used 
CPU-feasible BM25 and word/bigram TF-IDF, fused by 
RRF [21], with pseudo-relevance feedback. Hybrid 
reranking also appears in financial search [22], code 
intelligence [23], and conversational recommendation [24]. 
This isolates fusion and depth without an external model. 

RAGAs [25] and ARES [26] score RAG dimensions; 
FActScore checks atomic claims [27]. Citation 
completeness [28], attributable-source evaluation [29], 
SelfCheckGPT [30], HaluEval [31], and KILT [32] address 

https://journal.jci.co.id/jisbt
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traceability or hallucination. Evidence-chain work adds 
deterministic provenance [33]. DevOps RAG [34], incident 
triage [35], and HDFS narratives [36] expose the same 
operational grounding boundary. 

Release is the final boundary. SQuAD 2.0 introduced 
unanswerable detection [37]; temperature scaling [38] and 
Brier score [39] assess confidence. Selective prediction 
reports risk over coverage [40], while conformal risk 
control selects thresholds under assumptions [41]. Self-
verification [42] and calibrated credit rejection [43] show 
why deferral must preserve safety and utility. 

Evidence-grounded systems support DevOps [44], 
accounting retrieval [45], financial monitoring [46], legal 
governance [47], humanitarian access [48], and scientific 
verification [49]. Numerical guardrails separate source 
consistency from arithmetic correctness [50]. Each requires 
sufficient retrieval, traceable support, and explicit release; 
we evaluate depth, grounding, attribution, calibration, and 
abstention separately. 

 
Figure 1 Risk-Controlled Adaptive RAG Architecture And 

Component-Wise Evaluation Flow. 

 
B. METODE 
Data And Label Policy 
MultiHop-RAG has 2,556 questions and 609 news articles. 
All 6,084 evidence records joined the corpus, yielding 
5,908 unique question–URL pairs. It contains 856 
comparison, 816 inference, 583 temporal, and 301 null 
questions; answerable items need two to four facts. Gold 
labels served only supervision or evaluation. 

RAGTruth has 2,965 sources and 17,790 responses from 
six models across QA, data-to-text, and summarization. Its 
15,090/2,700 train/test split yielded 14,942/2,675 good 
responses for primary analysis; every test prediction was 
retained. Tokens were positive when intervals overlapped a 
span. Primary labels retained `implicit_true`; sensitivity 
analysis removed it. 

MultiHop-RAG evaluated retrieval, answers, and 
URL/publisher provenance; RAGTruth evaluated 
grounding, calibration, and release. Metrics stayed 
benchmark-specific and met only at the release decision. 

Table 1 Datasets, Empirical Units, And Evaluation Roles 
Dataset Primary 

records 
Evidence 

supervision 
Role in the 
evaluation 

MultiHop-
RAG 

2,556 
questions; 

609 
documents 

6,084 fact 
annotations; 

5,908 
query–URL 

pairs 

Retrieval, evidence 
chains, answers, 

URL and publisher 
provenance 

RAGTruth 

17,790 
responses; 

2,965 
sources 

14,289 
character 

spans 

Word/span 
detection, 

calibration, 
response risk, 

abstention 
Every MultiHop-RAG evidence URL joined to the 609-
document corpus; every RAGTruth response joined to one 
source record. 
 
Table 2 Multihop-RAG Question And Annotation Composition 

Dimension Category Count Share 
Question 

type Comparison 856 33.49% 

Question 
type Inference 816 31.92% 

Question 
type Temporal 583 22.81% 

Question 
type Null 301 11.78% 

Annotated 
fact count 2 1,079 42.21% 

Annotated 
fact count 3 778 30.44% 

Annotated 
fact count 4 398 15.57% 

Annotated 
fact count 0 301 11.78% 

 
Table 3 Ragtruth Official Partitions And Quality Policy 

Item Official 
train 

Official 
test Total Analysis 

policy 

Responses 15,090 2,700 17,790 
All test 

predictions 
retained 

Good 
responses 14,942 2,675 17,617 Primary 

metrics 

Flagged 
quality 148 25 173 

Incorrect 
refusal or 
truncation 

Source 
IDs 2,515 450 2,965 

No source 
crosses 
official 

split 

Primary 
word 

tokens 
1,981,518 342,142 2,323,660 

Train: 
1,586,254 

fit + 
395,264 

validation 

Annotated 
spans — — 14,289 

Includes 
1,928 

implicit-
true spans 

 
Experimental Splits And Controls 
MultiHop-RAG questions were grouped by gold URLs and 
split with seed 202402 into 1,826/365/365 
train/validation/test partitions without query, group, or 
exact-chain overlap. A query-stratified split tested 
sensitivity. RAGTruth kept its official boundary; 20% of 
training source IDs formed source-disjoint validation, 
keeping six responses together. Test labels were used once. 
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Runs used fixed seeds, deterministic ties, per-instance 
predictions, and timing. Confidence intervals used 500 
evidence-chain-group or response bootstrap resamples; 
Table IV gives fixed settings. 
 

Table 4 Fixed Experimental Configuration 
Component Setting Selection or fitting control 
MultiHop 

split 1,826 / 365 / 365 Stratified evidence-chain 
groups; seed 202402 

BM25 k1 = 1.5; b = 0.75 All 609 documents 
TF-IDF / 

RRF 
Word 1–2 grams; 

RRF c = 60 
Fixed depths {2, 4, 6, 8, 10, 

12} 

Feedback Top 2 documents; 
weight 0.35 

RRF of BM25, TF-IDF, 
and feedback rank 

Complexity 

Balanced 
multinomial 

logistic 
regression; C = 2 

Question text only; null 
threshold on validation 

Sufficiency 
250-tree random 
forest; depth 12; 

leaf 5 

Threshold 0.90 selected on 
validation 

Answerer 
TF-IDF nearest 

training question 
+ text constraint 

Retrieved capitalized-span 
fallback 

Word 
detector 

180,000 TF-IDF 
features; SGD log 

loss 

alpha = 10^-6; 20 
iterations; balanced classes 

Calibration 
Platt, isotonic, 

Evidence-
Stacked; ECE-15 

Source-disjoint RAGTruth 
validation 

Uncertainty 500 bootstrap 
samples 

Evidence-chain-
group/response resampling; 

95% intervals 
Risk 

control 
Targets 0.10, 

0.20, 0.30 
One-sided 95% Clopper–
Pearson validation bound 

 
Retrieval And Dynamic Evidence Depth 
Documents combined metadata and body. BM25 and 
word/bigram TF-IDF ranked all 609 documents; RRF used 
constant 60. Feedback averaged the top two RRF document 
vectors, weighted this view 0.35, reranked, and fused all 
three rankings. Fixed depths were 2, 4, 6, 8, 10, and 12. 
A query-only classifier predicted budget class 0, 2, 3, or 4. 
Null probability controlled zero-document return; 
otherwise the class set initial depth. A second model 
estimated complete-chain sufficiency from training 
retrieval states. The controller added documents until the 
validation threshold or depth 12, using observed state rather 
than gold count. 

Retrieval metrics were evidence Recall@k, binary nDCG, 
precision, any-evidence success, complete-chain rate, and 
documents read. Null metrics included F1, AUROC, 
average precision, ECE, and Brier score. Validation chose 
the largest fixed depth not exceeding adaptive mean cost; 
depth 12 was the high-cost ceiling. 
 
Evidence-grounded answering and provenance 

The answerer ranked training answers by query similarity, 
accepting non-binary candidates only when found in 
retrieved evidence. Yes/no questions used nearest labels; 
others used a deterministic capitalized-span extractor. Null 
decisions emitted “Insufficient information”; held-out 
answers never entered prediction. 

EM and token F1 used SQuAD normalization. Gold-string 
coverage was an extractive ceiling. Each non-null answer 
named one article: strict attribution required a gold URL; 
source attribution compared publishers. Correct null 
abstentions received correct no-citation provenance. 
 
Word-level hallucination detection 

RAGTruth offsets aligned tokens to spans. A lexical 
baseline flagged source-absent content and low-overlap 
neighborhoods. The learned class-weighted linear detector 
used token/context n-grams, shape, source frequency, local 
support, position, task, generator, collection, and 
temperature. Source-disjoint validation selected calibration 
and threshold. 

Word metrics were micro-averaged. Exact span F1 required 
identical boundaries; overlap F1 used one-to-one token IoU 
≥0.5. Response risk aggregated top token probabilities so 
localized spans mattered without length dominating. We 
also reported discrimination, subgroup scores, and 
sensitivity without `implicit_true`; training never crossed 
validation. 
 
Calibration, attribution proxy, and selective release 

Validation fitted Platt, isotonic, and Evidence-Stacked 
calibration, the last combining detector logit and support. 
This follows late fusion [51] and parallels PD calibration 
[52] and cluster uncertainty control [53], though here 
probability only governed release. ECE and Brier assessed 
test calibration. Validation chose Clopper–Pearson-
bounded target-risk thresholds, then fixed them for test. 
Reusing validation labels makes bounds selection 
diagnostics, not post-selection guarantees. 

RAGTruth lacks gold evidence-unit IDs. We matched 
response sentences to passage, sentence, or record units as 
a grounding proxy, not attribution accuracy. Strict 
provenance remained confined to MultiHop-RAG URLs 
and publishers; evidence-card interfaces likewise must not 
turn a plausible match into benchmark gold [54]. 

 
C. RESULTS AND DISCUSSION 

Retrieval effectiveness and evidence-chain completion 
Fusion consistently exceeded BM25. At depth 8, RRF 
reached 0.8396 recall and 0.7613 nDCG, while TF-IDF had 
slightly higher complete-chain rate (0.6262 versus 0.6160). 
At depth 12, RRF reached 0.8984 recall and 0.7375 
complete chains, confirming that average rank quality and 
full-chain recovery differ. 

On chain-group-disjoint test data, adaptive PRF-RRF 
achieved 0.8810 recall, 0.7716 nDCG, and 0.6925 
complete chains. Cluster-bootstrap gains over PRF-
RRF@10 were 0.0347, 0.0126, and 0.0652; differences 
from @12 were small and their intervals reached zero. The 
controller occupied a useful point between fixed budgets. 
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Table 5 Fixed-Depth Retrieval On All Answerable Multihop-
RAG Questions 

Syste
m 

Dept
h 

Questio
ns 

Recal
l 

nDC
G 

Comple
te chain 

Eviden
ce 

precisi
on 

BM2
5 8 2,255 0.815

5 
0.733

1 0.5814 0.2600 

TF-
IDF 8 2,255 0.838

4 
0.760

6 0.6262 0.2676 

RRF 8 2,255 0.839
6 

0.761
3 0.6160 0.2681 

BM2
5 12 2,255 0.877

3 
0.757

7 0.6967 0.1884 

TF-
IDF 12 2,255 0.894

0 
0.782

7 0.7220 0.1920 

RRF 12 2,255 0.898
4 

0.784
7 0.7375 0.1931 

Fixed rankings require no learned query controller; metrics 
deduplicate multiple annotated facts from the same URL. 
  

 
Figure 2 Fixed Retrieval Performance Across Depths 2, 4, 6, 8, 

10, And 12 On All Answerable Multihop-RAG Questions. 

Table 6 RRF At Depth 8 By Multihop-RAG Question Type 
Question 

type 
Answerab

le n 
Recal

l 
nDC

G 
Complet
e chain 

Any 
evidenc

e 
Compariso

n 856 0.886
5 

0.800
8 0.7640 0.9965 

Inference 816 0.773
4 

0.715
8 0.4167 0.9975 

Temporal 583 0.863
4 

0.767
2 0.6775 0.9897 

 

 
Figure 3 Adaptive retrieval and answering by annotated fact 

count on the chain-group-disjoint test set. 

Dynamic Depth, Null Detection, And Resource Use 
The controller achieved 0.7589 budget accuracy and 0.9885 
null F1. At sufficiency 0.90 it read 10.854 documents per 
answerable query, 0.854 more than depth 10 and 1.146 
fewer than 12. Hybrid-cloud serving ties context to 
latency/cost [55]; conformal GPU envelopes likewise 
connect uncertain resources to bounded decisions [56]. 
The query-stratified sensitivity split produced 0.8766 
recall, 0.7602 nDCG, 0.6844 complete chains, and 10.608 
documents, close to primary results. Near-perfect null 
discrimination remains benchmark-specific because 
insufficient-information items contain regular textual cues. 
 

Table 7 Adaptive Retrieval, Fixed Comparators, And Split 
Sensitivity 

Split System 
Docs / 

answera
ble 

Reca
ll 

nDC
G 

Compl
ete 

chain 

Null 
F1 

Chain-
disjoin

t 

PRF-
RRF@

10 
10.000 0.84

63 
0.75
90 0.6273 — 

Chain-
disjoin

t 

Adapti
ve 

PRF-
RRF 

10.854 0.88
10 

0.77
16 0.6925 0.98

85 

Chain-
disjoin

t 

PRF-
RRF@

12 
12.000 0.88

64 
0.77
43 0.6988 — 

Query
-

stratifi
ed 

Adapti
ve 

PRF-
RRF 

10.608 0.87
66 

0.76
02 0.6844 1.00

00 

 

 
Figure 4 Adaptive Depth Distribution And Null-Controller 

Calibration On The Chain-Group-Disjoint Split. 

Answer Correctness And Source Attribution 
Across 365 test questions, adaptive answer EM/F1 was 
0.5562, including 43 correct null abstentions; the 322 
answerable questions scored 0.4969. Gold strings occurred 
in 0.9697 of 132 eligible retrieved evidence sets, so 
selection and composition—not retrieval alone—were the 
main answer bottleneck. 

Adaptive URL attribution was 0.7753 versus 0.9397 for 
publisher identity; answerable-only values were 0.7453 and 
0.9317. Related articles from the correct publisher often 
failed the exact required hop. Scientific-search [54] and 
accounting-review evidence cards [57] likewise motivate 
displaying the exact support unit rather than only a 
plausible source family. 
 

Table 8 Held-Out Answer And Provenance Results On The 
Chain-Disjoint Test Set 

System 

Answ
er 

string 
cov. 

EM Toke
n F1 

URL 
accura

cy 

Publish
er 

accura
cy 

Source
-chain 
compl

ete 
BM25

@8 
0.977

3 
0.54
79 

0.54
98 0.7260 0.8822 0.8944 

TF-
IDF@8 

0.969
7 

0.55
89 

0.55
89 0.7836 0.9534 0.9193 

RRF@
8 

0.977
3 

0.55
34 

0.55
34 0.7808 0.9315 0.9068 

PRF-
RRF@

8 

0.969
7 

0.55
62 

0.55
62 0.7753 0.9370 0.9161 

Adapti
ve 

PRF-
RRF 

0.969
7 

0.55
62 

0.55
62 0.7753 0.9397 0.9565 
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Answer and attribution columns include 43 null queries; 
answerable-only adaptive EM/F1 was 0.4969. Answer-
string coverage uses 132 eligible non-binary answerable 
questions. 

Word-level and span-level hallucination detection 
Among 342,142 eligible RAGTruth tokens, 4.20% were 
positive. Word F1 rose from 0.1305 for the lexical baseline 
to 0.3198 for TF-IDF and 0.3254 for Evidence-Stacked 
(0.2702 precision, 0.4091 recall; bootstrap interval 0.3045–
0.3474). Excluding `implicit_true` yielded 0.3030, so that 
label did not drive the result. 

Localization was harder: exact span F1 was 0.0305 and 
overlap F1 0.0986. Word F1 was 0.3699 for data-to-text, 
0.3316 for QA, and 0.1829 for summarization; generator 
F1 ranged 0.0277–0.3673 as prevalence changed. This is 
analogous—not equivalent—to localizing anomalous 
windows before forensic narratives [58]; incident cards 
likewise keep evidence inspectable [59]. 
 
Table 9 Word-Level Context-Grounding Detection On Ragtruth 

Dete
ctor 

Prec
isio
n 

Re
cal
l 

F1 
AU
RO
C 

AU
PR
C 

Bri
er 

EC
E-
15 

Span 
F1 

(IoU
≥0.5

) 
Lexi
cal-
Evid
ence 

0.08
67 

0.2
63
9 

0.1
30
5 

0.66
35 

0.0
712 

0.1
908

8 

0.2
149

0 

0.01
50 

TFI
DF-
Line

ar 

0.26
53 

0.4
02
7 

0.3
19
8 

0.83
50 

0.2
446 

0.1
364

5 

0.2
310

4 

0.09
54 

TFI
DF-
Platt 

0.26
53 

0.4
02
7 

0.3
19
8 

0.83
50 

0.2
446 

0.0
355

9 

0.0
060

1 

0.09
54 

TFI
DF-
Isoto
nic 

0.26
53 

0.4
02
7 

0.3
19
8 

0.83
49 

0.2
387 

0.0
356

0 

0.0
060

6 

0.09
54 

Evid
ence

-
Stac
ked 

0.27
02 

0.4
09
1 

0.3
25
4 

0.83
59 

0.2
468 

0.0
355

0 

0.0
058

2 

0.09
86 

Primary rule includes implicit-true labels; Evidence-
Stacked exact-boundary span F1 was 0.0305. Word-F1 
95% bootstrap CI: [0.3045, 0.3474]. 
  

 
Figure 5 Ragtruth Word-Level Detector Comparison Of F1 And 

Area Under The Precision--Recall Curve. 

 

Table 10 Evidence-Stacked Word Detection By Task And 
Generator 

Dimensi
on Group Token

s 

Positi
ve 

rate 

Precisi
on 

Reca
ll F1 

Task Data2t
xt 

143,0
38 

0.042
7 0.3162 0.44

57 
0.36
99 

Task QA 99,66
5 

0.053
3 0.2471 0.50

37 
0.33
16 

Task Summa
ry 

99,43
9 

0.029
8 0.2075 0.16

35 
0.18
29 

Generat
or 

GPT-
3.5-

Turbo 

63,23
6 

0.010
4 0.0791 0.01

68 
0.02
77 

Generat
or GPT-4 50,41

9 
0.006

1 0.1619 0.05
52 

0.08
23 

Generat
or 

Llama-
2-13B 

61,11
8 

0.053
7 0.2828 0.48

55 
0.35
74 

Generat
or 

Llama-
2-70B 

57,35
6 

0.049
7 0.2533 0.35

17 
0.29
45 

Generat
or 

Llama-
2-7B 

59,08
4 

0.062
0 0.2469 0.42

79 
0.31
31 

Generat
or 

Mistral
-7B 

50,92
9 

0.071
2 0.3026 0.46

70 
0.36
73 

 

 
Figure 6 Evidence-Stacked Word F1 By Task And Generator, 

With Positive-Token Prevalence Shown For Context. 

Calibration And Selective Abstention 
Platt scaling reduced word-level Brier score from 0.13645 
to 0.03559 and ECE from 0.23104 to 0.00601; Evidence-
Stacked reached 0.03550 and 0.00582. At response level it 
achieved 0.7425 F1, 0.8940 AUROC, 0.1292 Brier, and 
0.0738 ECE, so operating points were selected on held-out 
sources. 

Risk fell from 0.3525 at full coverage to 
0.2140/0.1624/0.1202/0.0823 at 80/70/60/50%. Validation 
targets 0.10/0.20/0.30 gave test risks 
0.0369/0.1095/0.2010. This parallels calibrated credit 
deferral [60] and cost-aware AIOps routing [61]. Bounds 
are empirical diagnostics, not post-selection guarantees. 
 

Table 11 Token- And Response-Level Discrimination And 
Calibration 

Level Mode
l F1 AUR

OC 
AUP
RC 

Brie
r 

ECE
-15 

Thres
hold 

Word 

TFID
F-

Linea
r 

0.3
198 

0.83
50 

0.24
46 

0.13
645 

0.23
104 

0.810
94 

Word 
TFID

F-
Platt 

0.3
198 

0.83
50 

0.24
46 

0.03
559 

0.00
601 

0.171
00 

Word 

TFID
F-

Isoton
ic 

0.3
198 

0.83
49 

0.23
87 

0.03
560 

0.00
606 

0.191
76 
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Level Mode
l F1 AUR

OC 
AUP
RC 

Brie
r 

ECE
-15 

Thres
hold 

Word 

Evide
nce-

Stack
ed 

0.3
254 

0.83
59 

0.24
68 

0.03
550 

0.00
582 

0.172
95 

Resp
onse 

Lexic
al-

Evide
nce 

0.7
038 

0.86
93 

0.79
25 

0.14
464 

0.07
980 

0.413
11 

Resp
onse 

TFID
F-

Platt 

0.7
356 

0.89
21 

0.83
66 

0.13
033 

0.07
344 

0.384
42 

Resp
onse 

Evide
nce-

Stack
ed 

0.7
425 

0.89
40 

0.84
02 

0.12
919 

0.07
382 

0.400
56 

 

 
Figure 7 Word-Level Calibration Curves For The Ragtruth 

Detectors; The Diagonal Denotes Ideal Calibration. 

Table 12 Evidence-Stacked Response Risk Under Selective 
Release 

Rule Threshol
d 

Coverag
e 

Accepte
d n 

Test 
risk 

Validatio
n upper 
bound 

Full 
release 0.9910 1.0000 2,675 0.352

5 — 

Coverag
e slice 0.7818 0.8000 2,140 0.214

0 — 

Coverag
e slice 0.6157 0.6998 1,872 0.162

4 — 

Coverag
e slice 0.4586 0.6000 1,605 0.120

2 — 

Coverag
e slice 0.3550 0.4998 1,337 0.082

3 — 

Target 
risk 
0.10 

0.2016 0.3039 813 0.036
9 0.0992 

Target 
risk 
0.20 

0.4333 0.5802 1,552 0.109
5 0.1999 

Target 
risk 
0.30 

0.7457 0.7738 2,070 0.201
0 0.2997 

Target-risk thresholds are validation-selected operating 
points; the displayed unadjusted one-sided bounds are not 
post-selection guarantees. 

 
Figure 8 Response-Level Hallucination Risk As A Function Of 

Released Coverage For Three Scoring Models. 

Error analysis and implications 
Retrieval errors concentrated in weak lexical bridges. 
RRF@8 chain completion was 0.7640 for comparison, 
0.6775 for temporal, and 0.4167 for inference questions. 
Adaptive inference recall/chain rate was 0.8319/0.5299 
versus 0.9126/0.8033 for comparison; chain rate fell from 
0.8506 for two facts to 0.4035 for four. 

Answer errors differed: temporal questions had 0.9036 
retrieval recall but 0.0964 answer F1, whereas inference 
had 0.8319 and 0.8803. The lexical answerer did not 
reliably compose temporal relations, confirming that 
retrieval and answer quality need separate scores. 

RAGTruth errors mixed low-prevalence groups, long-
clause boundaries, and ambiguous lexical matches. The 
source-unit score was a grounding proxy (AUROC 0.6834, 
AUPRC 0.1263), not attribution accuracy. Retrieved 
OpenStack prototypes [62], incident cards [59], AIOps 
routing [61], and trajectory reliability prediction [63] 
preserve inspectable local signals; none substitutes for gold 
passage links. 

Reliability spans evidence recall, chain sufficiency, 
traceable use, calibrated risk, and inspectable release. 
Prompt-injection cards [64] and refusal [65] expose 
escalation; review-grounded recommendation [66], 
counseling support [67], and infrastructure risk briefs [68] 
expose evidence or uncertainty. Interfaces do not replace 
attribution. 

Scope is bounded: 609 English news articles, an extractive 
answerer, six RAGTruth model families, and no gold 
citation links. Calibration used the official distribution. 
Red-teaming [69] and conformal incident alerts [70] show 
thresholds need refresh after shift. Results are within-
dataset, not universal across domains, languages, or 
generators. 

 
D. CONCLUSIONS 
On MultiHop-RAG, sparse fusion and feedback 
strengthened fixed retrieval; the controller improved 
complete-chain recovery over depth 10 and approached 
depth 12 with fewer documents. Strict URL attribution 
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exposed errors hidden by answer-only metrics. On 
RAGTruth, lexical-context detection improved word/span 
scores over source overlap, and calibration made imperfect 
scores useful for selective release. 

Reliable RAG should record four objects per answer: 
evidence chain, answer text, source set, and calibrated 
release probability. Evaluation should preserve them 
through ranking, chain completeness, answer agreement, 
attribution, span localization, and risk–coverage. Answer 
accuracy alone cannot distinguish missing evidence, 
unsupported generation, or overconfident release. 
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