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Abstract001

Budgeted RAG is a decision problem: under a002
hard evidence cap, which passages you keep de-003
termines both accuracy and what you can credi-004
bly claim about the evidence at query time. We005
introduce TRIDENT, a framework that mines006
auditable reasoning facets, tests facet support007
with a calibrated verifier, and selects evidence008
under an explicit token budget. In the Safe-009
Cover regime, we freeze the retrieval pipeline010
into a replayable episode, map verifier scores to011
selection-conditional conformal p-values under012
a logged contract, and apply per-query multiple-013
testing control to yield facet-support certifi-014
cates—or return a machine-checkable absten-015
tion with a reason code. In Pareto-Knapsack,016
we drop per-query guarantees and optimize a017
quality–cost frontier for throughput. On Hot-018
potQA at a 500-token evidence cap, TRIDENT019
Pareto-500 improves EM/F1 from 30.81/39.61020
to 45.30/58.22 (+47% relative), while using 3%021
fewer evidence tokens and 5% lower latency022
than naive top-k truncation. These results show023
that under tight budgets, selection rigor and024
query-time evidence accountability matter as025
much as retrieval strength.026

1 Introduction027

Retrieval-augmented generation can improve factu-028

ality by grounding a model in retrieved text; how-029

ever, under strict context limits and latency tar-030

gets, the bottleneck shifts: the question is no longer031

whether relevant information can be found, but032

which evidence is worth retaining under a hard cap.033

Retrieving more passages can raise accuracy, yet034

it directly increases token consumption and end-035

to-end latency while enlarging the surface area for036

redundant or spurious citations (Lewis et al., 2020;037

Karpukhin et al., 2020; Izacard and Grave, 2020).038

Under production constraints—such as hard con-039

text limits, SLOs, and GPU contention—the system040

must do more than rank documents; it must also041

decide what to keep and when to stop.042

Despite progress in adaptive pipelines, such 043

as multi-step retrieval and retrieve–reflect control 044

(Guu et al., 2020; Asai et al., 2023), budgeted evi- 045

dence selection is still commonly implemented as 046

top-k concatenation plus truncation. Under a hard 047

cap, this policy is brittle for multi-hop questions: 048

truncation can drop a required bridge passage while 049

retaining redundant or merely related text. The op- 050

portunity cost is substantial. Even with the retrieval 051

stack held fixed, selection alone can dramatically 052

change outcomes: at an approximate 500-token evi- 053

dence cap on HotpotQA, our Pareto mode improves 054

EM/F1 from 30.81/39.61 to 45.30/58.22. 055

A second pain point is query-time accountability. 056

Many RAG systems output citations, but they pro- 057

vide little quantitative statement that the selected 058

passages satisfy the intermediate requirements that 059

a query depends on. Under tight budgets, this mat- 060

ters operationally: a system should sometimes an- 061

swer, but it should also sometimes refuse—and 062

that refusal should be an auditable decision derived 063

from a rigorous contract, not a post-hoc narrative. 064

We propose TRIDENT, a budgeted evidence- 065

selection framework that makes the choice of evi- 066

dence explicit under strict caps. TRIDENT utilizes 067

typed reasoning facets to structure what must be 068

supported, and a verifier signal to determine what 069

evidence is worth paying for. It operates in two 070

regimes: a Pareto mode that optimizes the qual- 071

ity–cost frontier under a hard evidence cap, and a 072

Safe-Cover mode that emits machine-checkable ev- 073

idence receipts, or cleanly abstains when the audit 074

contract cannot be satisfied. The end-to-end design 075

is summarized in Figure 1. 076

Contributions. 077

• We formalize budgeted RAG as facet-level ev- 078

idence selection under a hard context budget, 079

with an explicit separation between certifying 080

support and producing an answer, and with 081
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Figure 1: TRIDENT overview. Facets define verifiable requirements, and selection packs evidence under a hard
token budget. Safe-Cover certifies facet support or abstains while Pareto-Knapsack heuristically trace a quality–cost
frontier without per-query validity claims.

standardized abstention outcomes for evalua-082

tion integrity.083

• We introduce Safe-Cover, a certified regime084

that maps verifier scores to selection-085

conditional conformal p-values, enabling au-086

ditable greedy minimum-cost cover or a087

replay-valid infeasibility certificate under a088

query-level error budget.089

• We evaluate on HotpotQA, 2WikiMulti-090

HopQA, and MuSiQue, reporting EM/F1 to-091

gether with evidence tokens and latency, with092

diagnostics that attribute performance to cov-093

erage, calibration, and verifier behavior rather094

than generic failure labels.095

2 Related Work096

Structured retrieval and reasoning granularity.097

Multi-hop QA has pushed the field beyond simple098

independent top-k passage selection. This evolu-099

tion began with stronger dense retrievers (DPR;100

Karpukhin et al., 2020) and multi-hop retrieval101

variants (e.g., MDR; Xiong et al., 2021; BeamDR;102

Zhao et al., 2021), and has recently matured into103

structured approaches that organize evidence as104

graphs, propositions, or memory-like indices (e.g.,105

HippoRAG; Gutiérrez et al., 2025; PropRAG;106

Wang and Han, 2025). These methods enhance107

candidate discovery and chaining by modifying108

indexing granularity or retrieval structure, primar-109

ily addressing the recall problem. They do not by110

themselves address the accounting problem: defin-111

ing a query-time, machine-checkable statement of112

which intermediate reasoning requirements are sat-113

isfied under a strict evidence budget.114

Verifiable selection and efficient RAG. A broad 115

line of reliability work focuses on verifying or re- 116

pairing model outputs after generation, using self- 117

critique loops (e.g., SELF-RAG; Asai et al., 2023; 118

Corrective RAG; Yan et al., 2024) and attribution 119

frameworks (e.g., FActScore; Min et al., 2023; Li 120

et al., 2024). In parallel, systems-oriented work tar- 121

gets deployment constraints directly, reducing time- 122

to-first-token through caching (Lu et al., 2025), 123

shrinking context via selective augmentation (Mao 124

et al., 2025), or filtering evidence based on esti- 125

mated utility (Wang et al., 2025). Recent advances 126

in context selection reconceptualize quality assess- 127

ment as a data valuation problem, measuring each 128

context’s marginal contribution through influence- 129

based metrics that capture query-aware relevance, 130

list-aware uniqueness, and generator-aware align- 131

ment (Deng et al., 2025). A remaining gap is ex- 132

ante evidence verification: validating intermediate 133

support before generation to avoid spending tokens 134

on low-value or non-entailing evidence, while mak- 135

ing the selection decision auditable at query time 136

rather than defended retroactively. 137

Statistical guarantees in dynamic retrieval. 138

Conformal prediction offers rigorous tools for cali- 139

bration and uncertainty quantification (Angelopou- 140

los and Bates, 2022), but applying such guaran- 141

tees in retrieval settings is a subtle task. The pol- 142

icy itself induces the hypotheses being tested: re- 143

trieval and shortlisting determine which (passage, 144

requirement) pairs become candidates. Agentic 145

loops that rewrite queries or expand pools can shift 146

the data distribution mid-flight, complicating any 147

per-query validity claim unless the selection mech- 148

anism is explicitly controlled and logged. This 149

motivates the "frozen episode" approach, which 150
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involves certificate-style guarantees that are con-151

ditional on a locked selection contract (retriever152

snapshot, shortlist policy, binning), thereby explic-153

itly separating certified regimes from adaptive op-154

timization regimes where no per-query statistical155

validity is claimed.156

3 Framework157

We frame retrieval-augmented answering as bud-158

geted, auditable evidence selection with an ex-159

plicit separation between (i) certifying that evi-160

dence supports query requirements and (ii) pro-161

ducing an answer. Given a query q, the system162

extracts a finite set of intermediate requirements163

(facets) F (q) and selects a small set of passages S164

under a hard evidence budget. The framework sup-165

ports two serving regimes: a certified regime that166

emits machine-checkable facet-support certificates167

under a replayable selection contract, and a fron-168

tier regime that optimizes quality–cost operating169

points without per-query statistical claims. In both170

regimes, abstention is a first-class outcome: rather171

than hallucinating an answer, the system returns172

a fixed output token accompanied by an auditable173

reason code. Figure 1 summarizes the end-to-end174

pipeline. Both regimes share the same verification175

backbone: facets define what must be supported,176

the verifier supplies the support signal, and selec-177

tion decides what evidence is worth paying for178

under Bctx. Figure 2 shows Safe-Cover’s certified179

trace on a two-hop query.180

3.1 Facets: Auditable Reasoning181

Requirements182

A facet miner maps q to F (q) = {f1, . . . , fm},183

where each facet is intended to be checkable against184

a single passage. Facets are typed (e.g., EN-185

TITY, RELATION, BRIDGE-HOP1, BRIDGE-HOP2,186

TEMPORAL, NUMERIC) to support stratified cal-187

ibration and targeted diagnostics. Each facet in-188

cludes (i) a hypothesis/claim template and (ii) a189

deterministic shortlisting key (anchors, triggers, or190

entity bindings) that defines exactly which passages191

will be tested by the verifier, ensuring the process192

remains auditable. Multi-hop queries may intro-193

duce placeholder facets whose hypotheses are not194

meaningful until a binding value is available. To195

avoid scoring non-instantiated hypotheses, place-196

holder facets are skipped during the initial scoring197

pass and evaluated only after instantiation (e.g.,198

after Hop-1 binds an intermediate entity that pop-199

ulates a Hop-2 template). This implementation 200

detail prevents spurious failures caused by testing 201

ill-formed hypotheses. Facet mining is the func- 202

tional bottleneck for certified behavior: the system 203

can only certify what it can express as facets. Ac- 204

cordingly, all guarantee statements are conditional 205

on the mined set F (q) and the logged contract used 206

to test it. 207

3.2 Candidates and Cost Model 208

A retriever produces a candidate pool P = 209

{p1, . . . , pn}. Each passage p has a nonnegative 210

cost c(p) representing the token cost of serializing 211

that evidence into the prompt. We impose a hard 212

evidence cap Bctx and require
∑

p∈S c(p) ≤ Bctx 213

for any selected set S. Costs count evidence to- 214

kens only; generation tokens are tracked separately. 215

The cost model and candidate pool form part of 216

the immutable selection contract for the certified 217

regime. 218

3.3 Verification as fixed tests and 219

selection-conditional p-values 220

Deterministic shortlisting defines the tested set. 221

Verifying every pair (p, f) is computationally 222

wasteful and statistically unstable. For each facet 223

f , a deterministic shortlister selects up to Tf pas- 224

sages from P using fixed rules and fixed tie-breaks. 225

Only these shortlisted pairs are scored by the veri- 226

fier. This turns "what was tested" into a declared, 227

replayable object—a prerequisite for both valid 228

multiple-testing control and external auditing. 229

Event of interest and verifier scores. For each 230

shortlisted pair (p, f), a verifier produces a score 231

s(p, f) ∈ R intended to correlate with the event 232

Σ(p, f): "passage p is sufficient evidence for facet 233

f". In practice, the verifier may be two-stage (lex- 234

ical gate followed by an NLI score); the score 235

s(p, f) is the final verification statistic passed to 236

calibration. This is the key semantic point: the p- 237

value measures sufficiency for the facet, not merely 238

whether a string appears. 239

Selection-conditional conformal p-values. Cru- 240

cially, verifier score distributions are artifacts of 241

the retrieval policy. We therefore calibrate under 242

the same policy used at test time. Each shortlisted 243

(p, f) is assigned to a bin b = b(p, f) and mapped 244

to a conformal p-value using a negative calibra- 245

tion pool Nb generated by replaying the identical 246
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selection logic:247

π(p, f) =
1 +

∑
u∈Nb

I[s(u) ≥ s(p, f)]

|Nb|+ 1
, (1)248

with randomized tie-handling when scores are dis-249

crete. These p-values are valid only under the re-250

played contract.251

Mondrian binning and feasibility. To reduce252

heterogeneity, we use Mondrian calibration with253

a bin key that includes at least facet type and a254

passage length bucket:255

b(p, f) =
(
canonical_type(f), len_bucket(p)

)
.

(2)256

Deterministic conformal p-values have a floor257

1/(|Nb| + 1). If the target threshold falls below258

this floor, certification is mathematically impossi-259

ble. We apply a fixed bin-merging rule to reach a260

minimum effective pool size, logging merge depth261

to the replay record. If feasibility still cannot be262

met, the certified regime does not guess—it returns263

an explicit reason for infeasibility.264

3.4 Certified regime: Safe-Cover as265

risk-controlled min-cost facet cover266

The certified regime converts calibrated facet tests267

into a fixed set system and solves a budgeted min-268

cost cover. It guarantees one of two outcomes: a269

certified evidence set with per-facet support cer-270

tificates (and an answer extracted from certify-271

ing passages), where the probability of any false272

facet-support certificate is bounded by query, or a273

machine-checkable abstention. Figure 2 provides a274

concrete trace of this process.275

Episode contract (frozen knobs). Within an276

episode (one query execution), all parameters defin-277

ing the tested set and thresholds are frozen and278

logged: retriever snapshot and candidate cap; deter-279

ministic shortlisting rules and Tf ; verifier version;280

binning scheme; calibration pools; evidence seri-281

alization rules; and the evidence budget Bctx. No282

mid-episode adaptation is permitted. This is what283

makes the guarantee checkable: if any contract284

element changes, certificate validity is void.285

Bonferroni allocation and fixed coverage sets.286

We allocate a query-level error budget αquery across287

facets and tests:288

αf =
αquery

|F (q)|
, ᾱf =

αf

Tf
. (3)289

A facet is covered by passage p when π(p, f) ≤ ᾱf . 290

This induces a fixed coverage set per passage: 291

C(p) = {f ∈ F (q) : π(p, f) ≤ ᾱf} . (4) 292

Because shortlisting and thresholds are frozen, 293

C(p) is fixed within the episode, restoring classical 294

set-cover semantics. 295

Budgeted min-cost cover and reproducible 296

greedy selection. Safe-Cover solves a min-cost 297

cover under a hard evidence budget: 298

min
S⊆P

∑
p∈S

c(p)

s.t.
⋃
p∈S

C(p) ⊇ F (q),

∑
p∈S

c(p) ≤ Bctx.

(5) 299

We use a deterministic greedy algorithm that maxi- 300

mizes newly covered facets per unit cost, ensuring 301

exact reproducibility. 302

Winning-passage alignment and answer extrac- 303

tion. Certification is useless if the answer is gen- 304

erated from an unverified context. For each facet, 305

the system records a winning passage (typically 306

the passage with the smallest p-value among candi- 307

dates that passed the threshold). Answer extraction 308

is aligned to these winning passages: typed extrac- 309

tors run on the certifying evidence, and the system 310

does not silently substitute unrelated context if ex- 311

traction fails. This resolves a standard failure mode 312

where a certificate is computed on one piece of 313

evidence, but the answer is generated from another. 314

Abstention certificates and reason codes. If 315

any required facet has no covering passage, Safe- 316

Cover returns a NO_COVER outcome. If cover- 317

age exists in principle but cannot be achieved 318

under the remaining budget, Safe-Cover returns 319

INFEASIBLE_BUDGET (optionally supported by a 320

dual lower bound on remaining cover cost). If 321

threshold feasibility fails due to bin floors after 322

merging, Safe-Cover returns INFEASIBLE_PVALUE. 323

All abstentions are normalized to a fixed output 324

token (e.g., ABSTAIN) for evaluation integrity. 325

Certificate payload and query-level statement. 326

A facet-support certificate includes the facet ID, 327

winning passage ID, p-value, threshold, bin key, 328

shortlist metadata, and version hashes. Under the 329

frozen contract and Bonferroni allocation, the prob- 330

ability of emitting any false facet-support certificate 331

within a query is bounded by αquery. 332

4



USER QUERY

"Who is the mother of the director of

film Polish-Russian War (Film)?"

Hop 1 Execution

Facet 𝒇𝟏: Entity 

Match

Query: "Polish-Russian 

War"

Type: ENTITY

Passage 𝒑𝒄𝒕𝒙𝟒

"...is a 2009 Polish film 

directed by

Xawery Żuławski..."

Verifier Score

S = 0.9000

Conformal Test

𝜋 =  0.0044 ≤  0.01
PASS

Hop 2 Execution

Facet 𝒇𝟐: Instantiated

Template: "Mother of 

[X]"

Query: "Mother of 

Xawery"

Passage 𝒑𝒄𝒕𝒙𝟕

"Xawery Żuławski... He is 

the son of actress 

Malgorzata Braunek..."

Verifier Score

S = 0.2036

Conformal Test

𝜋 = 0.0007 ≤ 0.01
PASS

CERTIFIED 

ANSWER SET

Evidence: {𝒑𝒄𝒕𝒙𝟒, 

𝒑𝒄𝒕𝒙𝟕}

Risk: 𝐹𝑊𝐸𝑅 ≤ 0.1
Answer: 

“Małgorzata 

Braunek"

Variable Binding
DIRECTOR = "Xawery"

Figure 2: Safe-Cover trace on a two-hop query: Hop-1 binds an intermediate entity, Hop-2 instantiates a dependent
facet, and passing tests yield certificates and a certified evidence set.

3.5 Fallback tier: Non-certified333

provenance-checked answering334

When queries fall outside the certifiable335

regime—either because facet mining fails or336

Safe-Cover abstains—the system can optionally337

invoke a non-certified fallback tier that answers338

over the complete candidate pool. This tier339

enforces strict provenance checking but does not340

emit certificates or claim bounded error rates.341

Safe-Cover results reported in Section 4 include342

only certified outcomes.343

3.6 Frontier regime: Pareto-Knapsack344

The frontier regime drops per-query certification345

and instead optimizes a quality–cost objective un-346

der the same evidence cap. It treats verifier scores347

as continuous utility signals and greedily packs the348

context window to maximize evidence strength per349

token. Because this mode may employ adaptive350

mechanisms (e.g., query rewrites), it reports empir-351

ical quality–cost trade-offs without per-query va-352

lidity claims. Figure 3 details the complete Pareto353

pipeline: facet mining and retrieval produce a can-354

didate pool, batch scoring assigns verifier-derived355

utilities, and lazy greedy packing selects passages356

under the evidence budget Bctx by maximizing357

marginal utility per cost. The system enforces358

strict provenance checking—answers must be ex-359

tractable from the selected evidence—and abstains360

when provenance fails.361

3.7 Operational safeguards and diagnostics 362

The system logs certificate payloads, shortlist sizes, 363

bin depths, near-threshold counts, abstention codes, 364

and version metadata sufficient for replay. These 365

signals support debugging (coverage sparsity, veri- 366

fier discrimination) and operational monitoring. If 367

drift alarms trigger—indicating the test-time distri- 368

bution has diverged from the calibration pool—the 369

certified regime fails closed until re-calibration is 370

performed. 371

4 Experiments 372

TRIDENT targets a regime where multi-hop ques- 373

tions require evidence, but evidence is expensive: 374

both context length and latency must be actively 375

controlled. We therefore evaluate TRIDENT as 376

a quality–cost system rather than a pure-accuracy 377

model. Across all experiments, we hold the gener- 378

ator and upstream retrieval/verifier stack constant; 379

we vary only the serving regime (Pareto-Knapsack 380

vs. Safe-Cover), the evidence budget, and (for Safe- 381

Cover) the certification parameters. This isolates 382

the impact of evidence selection from retrieval qual- 383

ity and generation capacity. 384

4.1 Experimental setup 385

Datasets. We evaluate on three multi-hop QA 386

benchmarks: HotpotQA (Yang et al., 2018), 2Wiki- 387

MultiHopQA (Ho et al., 2020), and MuSiQue 388

(Trivedi et al., 2022). Each requires aggregating 389

evidence across multiple passages—exactly the 390
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Method / Config Model
2Wiki HotpotQA MuSiQue

EM (%) F1 (%) EvTok Lat (ms) EM (%) F1 (%) EvTok Lat (ms) EM (%) F1 (%) EvTok Lat (ms)

TRIDENT (Pareto-Knapsack; evidence-budget sweep)

Pareto-400 Llama-3-8B-Instruct 25.95 33.83 251.39 3985.74 43.80 55.80 348.01 2893.70 15.02 26.93 344.75 1898.56
Pareto-500 Llama-3-8B-Instruct 28.16 36.25 331.48 5650.08 45.30 58.22 446.22 2541.01 19.21 30.74 446.30 2829.25
Pareto-1000 Llama-3-8B-Instruct 33.81 42.45 631.08 5476.45 50.23 63.68 874.63 2569.91 20.16 33.54 847.73 793.29

TRIDENT (Safe-Cover; certified mode)

Safe-2000 (equal) Llama-3-8B-Instruct 34.70 43.61 869.07 4711.2 49.24 62.55 1251.46 6080.91 3.82 8.74 1899.39 11921.22
Safe-4000 (loose) Llama-3-8B-Instruct 34.52 43.42 871.20 6307.85 48.89 62.27 1251.33 3806.56 4.53 10.09 1898.32 11904.13

Table 1: TRIDENT main results. EvTok: average evidence tokens passed to the generator. Lat: per-query end-to-end
latency average (ms) over all queries, including abstentions. Latency and token accounting follow App. §A–C.
Abstention, confidence intervals and additional protocol details are in the appendix.

setting where top-k truncation is brittle under a391

hard cap. HotpotQA and 2Wiki provide anno-392

tated supporting facts for selection analysis under393

budget pressure. MuSiQue is a harder stress-test:394

longer reasoning chains and less redundant evi-395

dence expose when selection or certification be-396

comes feasibility-limited.397

Models and decoding. All budget-matched398

comparisons use the same model (Llama-3-8B-399

Instruct (AI@Meta, 2024) or Qwen3-8B (Team,400

2025)) with identical decoding parameters (tem-401

perature 0.0, consistent stopping criteria, same402

max_new_tokens). We apply uniform answer nor-403

malization and extraction rules across systems404

(App. §A) and report both generators throughout405

but interpret within-generator comparisons most406

heavily, since absolute latency and output behavior407

can differ across model families under identical408

caps in our serving setup.409

Retrieval and budget enforcement. All TRI-410

DENT variants share the same retriever, re-ranker,411

and verifier; differences arise solely from selec-412

tion logic. For baselines, we log retrieval con-413

ditions and—when dataset-provided contexts are414

used—the exact ordering rule applied before trun-415

cation. This matters on 2Wiki especially: passage416

ordering can determine whether a bridge passage417

survives a hard cap or gets truncated away. We en-418

force deterministic ordering and report it verbatim419

(App. §B), and every run logs the final evidence list420

passed to the generator. We distinguish evidence to-421

kens (EvTok) from total input tokens (TotTok) and422

enforce a hard evidence-token cap by truncating423

after selection and before generation using a deter-424

ministic policy (App. §B). We report EvTok and425

latency alongside EM/F1 because cost is central426

to the objective—accuracy gains that require 3×427

the tokens are real but less interesting for budget- 428

constrained deployment. 429

Serving regimes. Pareto-Knapsack optimizes 430

quality against cost under a hard evidence cap. We 431

sweep budgets (400/500/1000 tokens) to trace the 432

quality–cost frontier; main results use a relaxed ac- 433

ceptance threshold, with Section 4.4 showing that 434

tightening α primarily raises abstention rather than 435

improving accuracy proportionally. 436

Safe-Cover is the certified regime, reported at 437

two configurations (Safe-2000 and Safe-4000) cor- 438

responding to different evidence caps and certifica- 439

tion stringency. All episode-frozen knobs (shortlist- 440

ing policy, tests-per-facet Tf , binning key, thresh- 441

old allocation, tie-breaks, and serialization format) 442

are locked before selection and logged as part of 443

the audit record. This is what makes the certificate 444

replayable: if any contract element changes, the 445

validity claim does not transfer. 446

Latency is measured end-to-end (retrieve → re- 447

rank → verify → select → answer/abstain), includ- 448

ing abstentions, under fixed batching and cache 449

policies (App. §A). When comparing latency in 450

prose, we specify whether we reference mean or 451

percentile values and cite the corresponding table. 452

4.2 Diagnostics for certified behavior 453

Safe-Cover’s core claim is a query-time certificate 454

under a replayable contract. That claim is only 455

credible if failures are auditable rather than hidden 456

behind aggregate metrics. The system logs three 457

classes of diagnostic signals: (1) per-facet cover- 458

age status with abstention reason codes (NO_COVER, 459

INFEASIBLE_BUDGET, INFEASIBLE_PVALUE), (2) 460

calibration feasibility indicators (bin sizes, merge 461

depth, threshold floors), and (3) verifier discrimina- 462

tion metrics. Figure 2 shows a representative exe- 463

cution trace: tests run on fixed (p, f) pairs, passing 464
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Method / Config Model
2Wiki HotpotQA MuSiQue

EM F1 EvTok TotTok Lat (ms) EM F1 EvTok TotTok Lat (ms) EM F1 EvTok TotTok Lat (ms)

Llama-3-8B-Instruct Comparisons

TRIDENT Pareto-500 Llama-3-8B 28.16 36.25 331 878 5,650 45.30 58.22 446 1,006 2,541 19.21 30.74 446 920 2,829
VanillaRAG-500 Llama-3-8B 26.13 29.26 361 1,002 2,559 30.81 39.61 461 1,193 2,686 5.13 9.16 445 1,155 2,912
TRIDENT Pareto-1000 Llama-3-8B 33.81 42.45 631 1,179 5,476 50.23 63.68 875 1,438 2,570 20.16 33.54 848 1,310 793
VanillaRAG-1000 Llama-3-8B 27.05 30.28 441 1,163 2,531 31.57 40.55 544 1,360 2,673 5.83 9.62 565 1,396 2,834
HippoRAG2 Llama-3-8B 27.42 31.32 569 1,472 3,509 37.79 47.82 593 1,488 4,185 15.35 23.95 663 1,639 7,835

Qwen3-8B Comparisons

TRIDENT Pareto-500 Qwen3-8B 13.15 17.41 332 1,332 25,118 28.11 36.13 451 1,468 25,728 3.64 6.40 446 1,427 21,814
VanillaRAG-500 Qwen3-8B 20.27 21.98 361 1,241 8,549 27.08 33.77 461 1,465 8,677 3.14 5.21 445 1,463 9,857
TRIDENT Pareto-1000 Qwen3-8B 36.93 43.06 632 1,661 26,273 44.14 56.12 873 1,913 29,963 7.29 10.94 847 1,847 42,463
VanillaRAG-1000 Qwen3-8B 21.32 23.23 441 1,410 8,793 27.87 34.70 544 1,640 8,718 3.14 5.35 565 1,716 9,980
HippoRAG2 Qwen3-8B 21.14 23.75 518 1,716 4,783 34.77 44.01 573 1,896 22,621 14.77 20.47 625 2,221 53,329

Reference only

Self-RAG Self-RAG 2.74 17.44 877 935 886 14.56 30.68 1,261 1,319 959 1.65 9.16 1,168 1,235 1,053

Table 2: Baseline comparison across varying evidence budgets (approx. 500 and 1000 tokens). EM/F1 are in %. Lat
is average latency in ms. EvTok denotes evidence tokens passed to the generator; TotTok denotes total input tokens.
The best and second-best results in each column are highlighted in bold and underlined, respectively.

facets record their winning passages, and answers465

are extracted from those winners. If extraction466

fails or certified coverage is infeasible, the system467

returns ABSTAIN with a machine-readable reason468

code that enables post-hoc diagnosis of whether469

failures stem from evidence scarcity, calibration470

power limits, verifier discrimination, or budget con-471

straints. Table 5 decomposes abstention reasons472

across datasets.473

Auditability artifacts. Safe-Cover emits a re-474

playable certificate payload for each passed facet475

(facet id, winning passage id, p-value/threshold, bin476

key, version hashes) plus machine-checkable out-477

come codes under the episode-frozen contract. If478

drift alarms trigger, the certified regime fails closed479

until re-calibration.480

4.3 Main results481

Tables 1 and 2 show that TRIDENT’s gains come482

from treating budgeted RAG as a selection problem483

with explicit intermediate requirements, not from484

retrieving more text or relying on longer contexts.485

Under strict caps, the dominant failure mode of top-486

k truncation is not that relevant evidence is absent,487

but that the critical bridge passage gets dropped or488

diluted within the packed context.489

Selection quality under a hard cap. At matched490

evidence budgets, verification-aware selection491

yields large gains over naive concatenation. On492

HotpotQA at a 500-token cap, Pareto-500 improves493

EM/F1 from 30.81/39.61 (VanillaRAG-500) to494

45.30/58.22—a +14.49/+18.61 absolute gain, 47%495

relative improvement on both metrics—while us- 496

ing slightly fewer evidence tokens (446 vs. 461). 497

Using the mean end-to-end latency reported in Ta- 498

ble 2, Pareto-500 is also modestly faster (2,541ms 499

vs. 2,686ms), consistent with selecting less redun- 500

dant context. 501

On MuSiQue, at essentially the same evidence 502

budget (446 vs. 445 EvTok), Pareto-500 improves 503

EM/F1 from 5.13/9.16 to 19.21/30.74 (3.7× EM; 504

3.4× F1). On 2WikiMultiHopQA, gains are 505

smaller but consistent: 28.16/36.25 vs. 26.13/29.26 506

EM/F1 while using fewer evidence tokens (331 vs. 507

361). The pattern throughout: Pareto improves ac- 508

curacy by packing better evidence, not by spending 509

more tokens. 510

The budget knob behaves predictably. Sweep- 511

ing the evidence budget yields a monotone, inter- 512

pretable operating curve (Table 1): increasing the 513

allowance from 400 to 500 tokens improves EM/F1, 514

and increasing to 1000 improves further, with pre- 515

dictable cost increases and modest latency changes. 516

This is exactly what a budgeted framework should 517

provide—an operator can choose a target quality 518

level and read off the corresponding token cost 519

without redesigning the system at each operating 520

point. 521

Abstention at Pareto-500 remains low but non- 522

zero (HotpotQA 1.54%, 2Wiki 2.12%, MuSiQue 523

6.04%), consistent with fail-closed behavior: when 524

evidence cannot support a reliable output under 525

the cap, the system abstains rather than fabricating 526

plausible citations. 527
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Selection complements stronger retrieval. TRI-528

DENT is not a retrieval substitute; it improves how529

a fixed candidate pool gets distilled under bud-530

get. Compared to HippoRAG (Table 2), Pareto-500531

achieves higher accuracy while using fewer tokens532

and lower mean latency: on HotpotQA, +7.5 EM533

/ +10.4 F1 with 25% fewer EvTok (446 vs. 593)534

and 39% lower latency (2,541ms vs. 4,185ms); on535

MuSiQue, +3.9 EM / +6.8 F1 with 33% fewer Ev-536

Tok (446 vs. 663) and 64% lower latency (2,829ms537

vs. 7,835ms). Better retrieval and better selection538

compound rather than compete—expanding the539

candidate pool helps, but packing the right subset540

into a tight context window remains decisive.541

Safe-Cover: trading cost for auditability. The542

certified Safe-Cover regime answers only when543

it can certify facet coverage under an episode-544

frozen contract, otherwise emitting ABSTAIN with545

an explicit reason code. Where certification is546

feasible, Safe-Cover remains accurate (HotpotQA547

49.24/62.55 EM/F1; 2Wiki 34.70/43.61 in Table 1),548

but uses substantially more evidence tokens—the549

intended cost of certifying coverage rather than550

merely optimizing average accuracy. For appli-551

cations where a wrong answer is worse than no552

answer, this trade-off makes sense.553

The MuSiQue collapse. On MuSiQue, Safe-554

Cover achieves very low EM/F1 despite large555

evidence budgets. This does not invalidate the556

framework; it exposes where certification becomes557

power-limited. Safe-Cover can only certify what558

the verifier can separate and what calibration559

can support under bin floors and multiple-testing560

thresholds. Safe-Cover’s failure mode is itself au-561

ditable—it fails closed with explicit reason codes.562

A system that confidently hallucinated answers563

would score higher on EM but be far less trust-564

worthy in deployment.565

4.4 Ablations and analysis566

Our ablations test whether Pareto’s gains rely on567

brittle implementation choices—a fragile reranker568

ordering, a knife-edge utility at p = α, or a nar-569

row threshold setting—or whether they reflect a570

stable interaction between verification signals and571

budgeted selection. The distinction matters: brittle572

gains evaporate when conditions shift; stable gains573

transfer.574

Threshold sensitivity. Sweeping the relaxed ac-575

ceptance threshold α (detailed plots in Appendix A)576

Config EM / F1 Abstain % EvTok TotTok Lat p50
α=0.01 (Strict) HotpotQA 43.67% / 56.37% 10.93% 454.25 1017.32 514.95
α=0.02 HotpotQA 44.39% / 57.57% 8.17% 454.40 1018.23 506.62
α=0.05 HotpotQA 44.63% / 56.53% 16.21% 454.20 1015.11 516.44
α=0.1 HotpotQA 44.77% / 57.37% 6.89% 454.05 1012.57 512.94
α=0.2 HotpotQA 44.94% / 57.39% 4.17% 452.65 1016.12 1030.03
α=0.5 HotpotQA 45.56% / 58.45% 1.54% 451.02 1011.33 1166.79
α=0.6 (Loose) HotpotQA 45.30% / 58.22% 1.54% 446.22 1006.11 467.80
No-Rerank (α=0.6) HotpotQA 45.94% / 58.08% 1.54% 450.51 1011.62 2275.23
Soft Sigmoid (α=0.6) HotpotQA 46.14% / 59.20% 1.54% 466.90 1025.37 531.21
Soft Sigmoid (α=0.6) 2Wiki 28.90% / 36.81% 2.12% 334.58 879.78 1148.53
Soft Sigmoid (α=0.6) Musique 17.28% / 28.62% 6.04% 460.32 934.35 1504.08

Table 3: Pareto ablations under a fixed evidence budget.
Different α configurations sweeps the relaxed threshold
α (HotpotQA), config No-Rerank removes reranking,
and config soft sigmoid replaces binary marginal gain
with a soft-sigmoid utility. We report EM/F1, abstention,
EvTok, and Lat50.

shows that tightening α sharply increases ab- 577

stention—the system cannot assemble a budget- 578

feasible cover—while EM/F1 changes more mod- 579

estly. The evidence budget, not the threshold, is the 580

binding constraint on token consumption. We use 581

a relaxed setting in the main results to prioritize 582

answering when evidence is plausibly sufficient; 583

operators with stricter requirements can tighten α 584

and accept higher abstention. 585

Reranking and utility design. Removing rerank- 586

ing leaves HotpotQA EM/F1 and abstention es- 587

sentially unchanged (Table 3), while increasing 588

latency—Pareto’s 500-token gains are not artifacts 589

of fragile reranker-induced ordering, as reranking 590

primarily improves efficiency by reducing noise 591

in the candidate list. This suggests the selection 592

logic is robust to upstream perturbations. Sim- 593

ilarly, replacing the binary utility with a soft- 594

sigmoid score (utility_tau of 0.05) yields com- 595

parable and slightly improved HotpotQA EM/F1 596

(46.14/59.20 vs. 45.30/58.22) at the same absten- 597

tion rate (1.54%), with a modest EvTok increase. 598

Pareto does not depend on a knife-edge decision 599

boundary at p = α; smoothing near-threshold sup- 600

port can help the greedy solver in borderline cases 601

without changing the semantic definition of cover- 602

age. 603

5 Conclusion 604

We formalize budgeted RAG as typed facet verifi- 605

cation under hard token limits. Pareto-Knapsack 606

traces a predictable accuracy–cost curve, improv- 607

ing HotpotQA EM by 47% relative at matched 608

budgets through principled passage packing rather 609

than expanded retrieval. Safe-Cover offers a certi- 610

fied alternative: verifiable support certificates under 611

frozen contracts, or auditable abstention when cer- 612

tification fails. 613
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Limitations614

Contract-scoped validity. Safe-Cover certifi-615

cates are claimed only under the logged selection616

contract: the same retriever snapshot, deterministic617

shortlisting policy (including tie-breaks and Tf ),618

verifier, calibration bins, and evidence serialization619

rules used during calibration must be replayed at620

test time. If any element changes, certificate valid-621

ity is not claimed.622

Sensitivity to verifier and facet design. Certi-623

fication depends on the verifier’s ability to sepa-624

rate sufficient from insufficient support at the facet625

granularity. Poorly specified facets, weak verifier626

discrimination, or sparse calibration bins can make627

certification infeasible even when a correct answer628

exists in the candidate pool.629

Conservatism under diffuse evidence. Safe-630

Cover can be conservative on tasks where support631

is distributed across passages or does not align632

cleanly with single-passage facet checks, as seen633

on MuSiQue. This is less a failure of the abstrac-634

tion than a reminder that auditable certification635

fundamentally trades coverage for strictness.636

Scope of evaluation. We focus on multi-hop QA637

benchmarks and report accuracy, evidence tokens,638

and latency. Broader tasks (summarization, long-639

form synthesis) may require different facet designs640

and verification signals.641
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A Appendix: Deferred System Details758

A. Evaluation protocol, statistical treatment,759

and latency definition760

Confidence intervals. Table 4 provides 95% con-761

fidence intervals for all systems and datasets re-762

ported in Tables 1 and 2. These intervals quantify763

statistical uncertainty and support the significance764

claims in Section 4.3.765

Statistical significance. Non-overlapping con-766

fidence intervals indicate statistically significant767

differences at α = 0.06. All TRIDENT Pareto768

comparisons against VanillaRAG baselines show769

non-overlapping intervals for both EM and F1, con-770

firming that the gains reported in Section 4.3 are771

statistically robust.772

Method Dataset EM 95% CI F1 95% CI

TRIDENT Pareto-500 (Llama-3-8B)

Pareto-500 HotpotQA [44.2, 46.4] [57.1, 59.4]
Pareto-500 2Wiki [27.3, 29.0] [35.3, 37.2]
Pareto-500 MuSiQue [17.5, 21.0] [28.8, 32.7]

TRIDENT Pareto-1000 (Llama-3-8B)

Pareto-1000 HotpotQA [49.1, 51.3] [62.5, 64.8]
Pareto-1000 2Wiki [32.9, 34.7] [41.4, 43.5]
Pareto-1000 MuSiQue [18.3, 22.0] [31.5, 35.6]

TRIDENT Safe-Cover (Llama-3-8B)

Safe-2000 HotpotQA [48.1, 50.4] [61.3, 63.8]
Safe-2000 2Wiki [33.9, 35.5] [42.5, 44.7]
Safe-2000 MuSiQue [2.9, 4.8] [7.2, 10.3]

Safe-4000 HotpotQA [47.7, 50.0] [61.0, 63.4]
Safe-4000 2Wiki [33.7, 35.4] [42.3, 44.5]
Safe-4000 MuSiQue [3.5, 5.6] [8.5, 11.7]

Baselines (Llama-3-8B)

VanillaRAG-500 HotpotQA [29.8, 31.8] [38.4, 40.8]
VanillaRAG-500 2Wiki [25.3, 26.9] [28.2, 30.3]
VanillaRAG-500 MuSiQue [4.1, 6.2] [7.8, 10.5]

VanillaRAG-1000 HotpotQA [30.5, 32.6] [39.3, 41.8]
VanillaRAG-1000 2Wiki [26.2, 27.9] [29.3, 31.3]
VanillaRAG-1000 MuSiQue [4.8, 6.9] [8.3, 11.0]

HippoRAG HotpotQA [36.7, 38.9] [46.6, 49.0]
HippoRAG 2Wiki [26.6, 28.3] [30.3, 32.4]
HippoRAG MuSiQue [13.7, 17.0] [22.0, 25.9]

Table 4: 95% confidence intervals for EM and F1 met-
rics. Wilson score intervals for EM; stratified bootstrap
(B=1000) for F1. Non-overlapping intervals indicate
statistically significant differences at α = 0.05.

Latency definition and inclusion policy. La- 773

tency is measured end-to-end per query over the 774

full pipeline: retrieve → rerank → verify/score 775

→ select → generate (or abstain). All reported 776

latency percentiles include abstentions. All meth- 777

ods use the same batching configuration for re- 778

trieval, reranking, and verification. We keep the 779

caching policy fixed within a run and compute 780

Lat50/Lat90/Lat95 under that policy. 781

Token accounting. We distinguish (i) evidence 782

tokens (EvTok), the number of tokens contributed 783

by the evidence passages passed to the generator, 784

and (ii) total input tokens (TotTok), the full genera- 785

tor input including the fixed prompt template and 786

evidence. Both are computed using the generator 787

tokenizer. Completion lengths are standardized via 788

a shared decoding configuration across all methods. 789

B. Baseline fairness and budget enforcement 790

Evidence-token budget. A budget of B evidence 791

tokens denotes a hard cap on the concatenated evi- 792

dence text passed to the generator after a method’s 793

final selection step. Any method that constructs an 794

explicit evidence context is forced to respect this 795

cap. 796
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Greedy selection under 𝑩𝒄𝒕𝒙

MARGINAL UTILITY
𝑔𝑎𝑖𝑛 𝑝 =  σ 𝑤 𝑓 1 𝜋 𝑝, 𝑓 ≤  𝛼𝑟𝑒𝑙𝑎𝑥𝑒𝑑 ; choose next by 𝑔𝑎𝑖𝑛(𝑝) / 𝑐𝑜𝑠𝑡(𝑝)

LAZY GREEDY PACKING
Add passages while EvTok ≤ 𝐵𝑐𝑡𝑥; track covered facets + remaining gaps

Uncovered facets

 Facet mining + retrieval (F(q) , P)

PARETO KNOBS
evidence cap: 𝐵𝑐𝑡𝑥 

(EvTok)

relaxed threshold: 𝛼𝑟𝑒𝑙𝑎𝑥𝑒𝑑  
utility: 𝑔𝑎𝑖𝑛(𝑝)/𝑐𝑜𝑠𝑡(𝑝)

• 𝑓1: director(Polish-Russian War)=ENTITY

• 𝑓2: mother(DIRECTOR)=? (RELATION)

• retrieve + rerank top-K passages

• deterministic ordering for packing

Frontier + Operating Point

SELECTED OP POINT
packed context S under 𝐵𝑐𝑡𝑥 (no certificates)

LLM ANSWERER + PROVENANCE
answer from packed context

strict match: answer string must appear in evidence

ABSTAIN
Provenance failed / no extractable 

answer

Expanded pool

Serialize context

Mine facets

Batch scoring (verifier-derived utilities)

BATCH SCORING
NLI score 𝑠(𝑝, 𝑓) for shortlisted pairs; map to p-value 𝜋(𝑝, 𝑓) (calibrator if available)

RELAXED FACET TEST
pass if 𝜋(𝑝, 𝑓) ≤  𝛼𝑟𝑒𝑙𝑎𝑥𝑒𝑑  (no per-query validity claim)

Shortlist + Verify

USER QUERY
"Who is the mother of the

director of Polish-Russian 

War?"

HEURISTIC ANSWER

Małgorzata Braunek 
reported with supporting passage IDs

VQC (OPTIONAL)
rewrite uncovered facet 

queries

retrieve more candidates, 

rescore

Figure 3: Pareto-Knapsack selection pipeline. Facets and candidates flow through batch scoring with relaxed
thresholds (αrelaxed), greedy selection maximizes marginal utility per cost under the evidence budget Bctx, and
the LLM answerer enforces strict provenance checking. Optional VQC (Variable Query Completion) can retrieve
additional candidates for uncovered facets.

Deterministic truncation policy. If the selected797

evidence exceeds B, we truncate deterministically:798

passages are concatenated in the method’s final799

priority order until the cap is reached. The final800

passage is truncated at the exact token boundary.801

This enforces budget compliance without altering802

the method’s internal ranking logic.803

Generator and candidate parity. Unless oth-804

erwise stated, head-to-head comparisons use the805

same generator model and decoding parameters806

(temperature, top-p, max_new_tokens) to isolate807

the impact of selection from generation capacity.808

When a baseline uses the shared retrieval stack, it809

receives the same candidate pool and reranker or-810

dering as the frontier regime. When a baseline (e.g.,811

HippoRAG) uses its own retrieval strategy, we treat812

it as a retrieval-strength reference but still enforce813

the same evidence-token cap. All runs log the final814

evidence list actually passed to the generator.815

C. Abstention definition and reporting816

Definition. An abstention occurs when the sys-817

tem intentionally returns a dedicated token be-818

cause it cannot produce an evidence-conditioned819

answer under the configured constraints. Ab-820

stention rates are reported as a percentage of821

evaluated queries. In the certified regime, ab-822

Dataset Answered No Cover Infeasible Budget Other
(%) (%) (%) (%)

HotpotQA 98.5 1.1 0.15 0.25
2Wiki 97.9 1.3 0.3 0.5
MuSiQue 94.0 2.7 0.8 2.5

Table 5: Abstention reason distribution for Safe-Cover
2000 regime. No Cover: some required facet has no
passing passage. Infeasible Budget: dual_lower_bound
> evidence_token_cap. Other: Infeasible p-value, sys-
tem error, etc.. MuSiQue’s high No Cover rate reflects
the difficulty of certifying evidence for longer reasoning
chains.

stentions carry specific reason codes: NO_COVER 823

(some required facet has no passing passage), 824

INFEASIBLE_BUDGET (a valid cover exists but ex- 825

ceeds the cap), or INFEASIBLE_PVALUE (calibra- 826

tion bins too sparse to support the required thresh- 827

old). 828

Counts at the Pareto-500 α = 0.6 operating point. 829

Table 6 details the raw abstention counts for the 830

primary operating point reported in the main paper. 831

D. Episode contract and replay requirements 832

Contract elements. Certificate validity is 833

claimed only under a replayed selection contract, 834

as described in Section 3.4. The contract includes, 835
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Figure 4: Pareto threshold sensitivity on HotpotQ.

Dataset Method Abstained / N Rate (%)

HotpotQA Pareto-500 114 / 7405 1.54
2WikiMultiHopQA Pareto-500 266 / 12576 2.12
MuSiQue Pareto-500 146 / 2417 6.04

Table 6: Abstention rate summary at the Pareto-500
operating point.

at minimum: retriever snapshot and candidate836

cap; deterministic shortlisting rules and tie-breaks837

(including Tf ); verifier version and scoring838

configuration; binning key and bin-merging policy;839

calibration pools (or their hashes); evidence840

serialization format and tokenization; and the841

evidence budget Bctx. All contract elements are842

logged as version hashes plus runtime knobs.843

Failure behavior. If any contract hash mis-844

matches (e.g., index snapshot changes, verifier845

weights change), certificates are declared invalid846

and the certified regime is disabled. The system847

fails closed—falling back to abstention or non-848

certified operation—rather than emitting certifi-849

cates under unknown conditions. This keeps the850

guarantee honest.851

E. Shift monitoring and conservative fallback852

Drift signals. We log per-bin score summaries853

and near-threshold counts to detect distributional854

shift in verifier scores. This monitoring is treated855

as an operational safeguard rather than a formal856

proof obligation within the core guarantee.857

Fallback policy. If drift alarms trigger, the cer-858

tified regime suspends certificate emission until859

re-calibration is performed under the updated con-860

tract. During this window, the system may continue 861

to answer in the non-certified regime but does not 862

claim the certified error bound. 863

F. Deferred components 864

Verifier-driven query rewriting. As shown in 865

Figure 3, typed rewrites can improve recall by re- 866

trieving additional candidates for uncovered facets. 867

However, because rewriting changes the candidate 868

distribution—and thus invalidates calibration condi- 869

tions—we restrict rewriting to non-certified opera- 870

tion in the main protocol. In Pareto mode, VQC op- 871

erates as an optional expansion layer that rewrites 872

uncovered facet queries, retrieves more candidates, 873

and rescores them before final selection. 874

Long-run budget control. A lightweight con- 875

troller can manage token budgets across a stream 876

of queries (e.g., amortization across sessions), but 877

this is orthogonal to the per-query certification fo- 878

cus of this paper. 879

G. Label noise sensitivity 880

If a fraction ϵ of calibration negatives are mis- 881

labeled, conformal p-values become more con- 882

servative than intended. We optionally include 883

a sensitivity analysis that inflates denominators 884

to model this noise, reporting trends across ϵ ∈ 885

{0, 0.01, 0.05, 0.10}. This analysis aids deploy- 886

ment planning but is not required for the core va- 887

lidity claims. 888

H. Relaxed-α sweep: feasibility vs. accuracy 889

Figure 4 analyzes the trade-off between strictness 890

and feasibility on HotpotQA by varying the relaxed 891
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acceptance threshold α.892

Panel A shows that the dominant effect of tight-893

ening α is on feasibility: abstention rates rise894

sharply as the system struggles to assemble a895

budget-feasible cover, while EM changes more896

gradually.897

Panel B confirms that evidence usage (EvTok)898

remains essentially flat across values of α. The899

changes in performance are not driven by "spend-900

ing" more tokens—the evidence cap is binding and901

stable. Latency variations instead reflect pipeline902

dynamics, specifically how easily the greedy solver903

finds passing support under stricter thresholds.904
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