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Abstract001

Confidence in LLMs is often studied through002
uncertainty estimation and calibration. We sur-003
vey a complementary perspective: confidence004
as a control signal that governs system behav-005
ior. We organize confidence utilization across006
the LLM lifecycle: (i) training (data selection,007
loss weighting, self-training, and preference008
optimization); (ii) inference (candidate selec-009
tion, adaptive computation, and confidence-010
guided contrastive decoding); and (iii) deploy-011
ment (cost-aware routing and cascading, RAG012
control (retrieval triggering, context filtering,013
and parametric–retrieval arbitration), and risk-014
aware abstention and monitoring. We unify015
these techniques into a framework that turns016
confidence into system decisions, with implica-017
tions for efficiency and reliability.018

1 Introduction019

Confidence in Large Language Models (LLMs)020

bridges the gap between internal uncertainty and021

actionable system behavior. A model that knows022

what it doesn’t know is useful; a system that acts023

on this knowledge—retrieving when uncertain, de-024

ferring when unreliable, focusing learning where025

needed—is transformative. This survey concerns026

the latter. Recent work has demonstrated that027

LLMs can express calibrated uncertainty through028

verbalized probabilities (Tian et al., 2023; Kada-029

vath et al., 2022), that semantic entropy over mean-030

ing clusters detects hallucinations (Farquhar et al.,031

2024), and that self-consistency among sampled re-032

sponses provides robust confidence signals (Wang033

et al., 2022; Manakul et al., 2023). These estima-034

tion advances have successfully equipped models035

with the ability to signal their own reliability.036

At the same time, several surveys have exam-037

ined confidence and uncertainty in LLMs, pre-038

dominantly focusing on estimation and calibration.039

Geng et al. (2024) provide a foundational taxon-040

omy of confidence estimation and calibration tech-041

niques, while Shorinwa et al. (2025) and Liu et al. 042

(2025b) offer comprehensive coverage of uncer- 043

tainty quantification methods and their applications. 044

Xiong et al. (2023) and Xie et al. (2024) address 045

the specific challenges of model-agnostic settings 046

where model internals are inaccessible. These sur- 047

veys answer: how can we obtain high-quality con- 048

fidence scores? Yet a good confidence score is not 049

the end goal, it is the prerequisite. A systematic 050

treatment of how confidence should actually govern 051

system behavior remains absent. 052

Our survey addresses the critical next step: how 053

should systems utilize confidence? As illustrated 054

in Figure 1, we propose a taxonomy1 where confi- 055

dence functions as control—not a passive measure 056

of uncertainty, but an active governor that deter- 057

mines what to learn, how to reason, and when to 058

defer. We trace this utilization across the full LLM 059

lifecycle including: (i) training-time applications 060

in data curation and alignment (§2), (ii) inference- 061

time control over reasoning and decoding (§3), and 062

(iii) deployment-time decisions including model se- 063

lection (§4), retrieval-augmented generation (RAG) 064

(§5), and risk management (§6). By synthesizing 065

these distinct domains, we aim to offer a unified 066

perspective for designing systems that act on uncer- 067

tainty rather than merely quantify it. 068

2 Confidence-Aware Training 069

Confidence signals shape the training at multiple 070

stages: selecting which data to train on, modulating 071

how models learn from that data, and guiding pref- 072

erence optimization for alignment. We organize 073

methods by where confidence intervenes: data cu- 074

ration (§2.1), supervised fine-tuning (§2.2), and re- 075

inforcement learning from human feedback (§2.3). 076

2.1 Confidence-aware data selection 077

Confidence-aware data selection uses model uncer- 078

tainty as a proxy for data value, varying in con- 079

1Across this survey, we employ standard field notations
summarized in Appendix A without explicit re-definition.
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Training

Data Selection Cherry (Li et al., 2024c), Superfiltering (Li et al., 2024b), Token Cleaning (Pang et al., 2025), ICA (Zhang et al., 2025b), UniMax (Han et al., 2025),
DABUF (Pan et al., 2025), SelectIT (Liu et al., 2024b), Muldrew et al. (2024), Ask-LLM (Sachdeva et al., 2024)

Supervised Fine-Tuning
UA-CLM (Krishnan et al., 2024), US-Tuning (Li et al., 2025c), C-LoRA (Rahmati et al., 2025), SRD (Li et al., 2024a), SelecTKD (Huang et al., 2025b),
CA-MKD (Zhang et al., 2022), ATKD (Zhong et al., 2024), RAFT (Dong et al., 2023), SemiEvol (Luo et al., 2024), VDS-TTT (Moradi et al., 2025),
CLEAR (Chen and Mueller, 2024), Self-REF (Chuang et al., 2024)

Reinforcement Learning
& Preference Optimization

CRew (Du et al., 2025), RENT (Prabhudesai et al., 2025), Behaviorally Calibrated RL (Wu et al., 2025), UP-RLHF (Zhai et al., 2023), ConfPO (Yoon et al.),
Uncertainty-aware RLHF (Banerjee and Gopalan, 2024), Taming Overconfidence (Leng et al., 2024), C2GSPG (Liu et al., 2025a), TIS-DPO (Liu et al., 2024a),
CoDaPO (Zhou et al., 2025a), CGPO (Lu et al., 2025), CAPO (Pokharel et al., 2025), GDPO (Yao et al., 2024), RLSC (Li et al., 2025d)

Inference

Output Selection Self-Consistency (Wang et al., 2022), CISC (Taubenfeld et al., 2025), DeepConf (Fu et al., 2025), ACR (Jeong and Choi, 2025), SteerConf (Zhou et al., 2025b)

Reasoning Control
& Interaction Control CABS (Wei et al., 2024), Huang et al. (2025a), DeepConf (Fu et al., 2025), ConCISE (Qiao et al., 2025), CARG (Li et al., 2025e)

Contrastive Decoding CD (Li et al., 2023), DoLa (Chuang et al., 2023), Delta (Huang and Chen, 2025), CoCoA (Khandelwal et al., 2025), ActLCD (Zhang et al., 2025a)

Model
Selection

Sequential Cascading FrugalGPT (Chen et al., 2023b), Gupta et al. (2024), Speculative Cascading (Narasimhan et al., 2024), Gatekeeper (Rabanser et al., 2025),
Zellinger and Thomson (2025)

Parallel Routing OptLLM (Liu et al., 2024c), Self-REF (Chuang et al., 2024), Confidence-Driven LLM Router (Zhang et al., 2025c), CARGO (Barrak et al., 2025) ,
R-Stitch (Chen et al., 2025b)

Hybrids Dekoninck et al. (2024), Select-then-Route (Shah and Shridhar, 2025)

RAG

Retrieval Triggering
FLARE (Jiang et al., 2023), SKR (Wang et al., 2023a), CONQORD (Tao et al., 2024), SeaKR (Yao et al., 2025), Adaptive-RAG (Jeong et al., 2024),
SUGAR (Zubkova et al., 2025), DRAGIN (Su et al., 2024b), PAIRS (Chen et al., 2025a), Tools in the Loop (Lymperopoulos and Sarathy, 2025),
ETC (Li et al., 2025a)

Context Filtering
CRAG (Yan et al., 2024), FILCO (Wang et al., 2023b), InfoGain-RAG (Wang et al., 2025), SKILL-RAG (Isoda, 2025), Sparse RAG (Zhu et al., 2024),
UncertaintyRAG (Li et al., 2024e), TRAQ (Li et al., 2024d), CONFLARE (Rouzrokh et al., 2024), Conformal-RAG (Feng et al., 2025),
Principled Context Engineering (Chakraborty et al., 2025)

Knowledge Conflict ReDeEP (Sun et al., 2024), FRANQ (Fadeeva et al., 2025), Divide-Then-Align (Sun et al., 2025), Self-RAG (Asai et al., 2024),
HALT-RAG (Goswami and Kurra, 2025)

Risk

Diagnosis

Hallucination
SelfCheckGPT (Manakul et al., 2023), SelfCheckAgent (Muhammed et al., 2025), Dona et al. (Dona et al., 2024),
Semantic Entropy (Farquhar et al., 2024), SEPs (Han et al., 2024), INSIDE (Chen et al., 2024), GEAR (Ji et al., 2025),
SAPLMA (Azaria and Mitchell, 2023), HalluDetect (Quevedo et al., 2025), Joo et al. (2025)

Adversarial & OOD Calibration Attacks (Obadinma et al., 2024), SafeBehavior (Zhao et al., 2025), CopyCheck (Li et al., 2025b)

Control

Abstention Disambiguate-Then-Answer (Cole et al., 2023), Ren et al. (2023), ASPIRE (Chen et al., 2023a), Huang et al. (2025c),
Tjandra et al. (2024), FiSCoRe (An and Xu, 2025)

Conformal Prediction
Conformal MCQA (Kumar et al., 2023), Conformal Language Modeling (Quach et al., 2024), ConfTS (Xi et al., 2025),
Conformal Factuality (Mohri and Hashimoto, 2024), Conformal Safety (Cherian et al., 2024),
Conformal-LM-Reasoning (Rubin-Toles et al., 2025), CLC (Jiang et al., 2025), LofreeCP (Su et al., 2024a),

Reliability Calibration NCE (Groot and Valdenegro Toro, 2024), LLM-as-a-Fuser (Tian et al., 2025), HonestVQA (Tripathi et al., 2025),
Tian et al. (2023), Kadavath et al. (2022), SelfAware (Yin et al., 2023),

Figure 1: Taxonomy of Confidence Utilization in LLMs

fidence source (self-evaluation, external models,080

LLM-as-judge), granularity (sample vs. token), and081

selection goal (quality filtering, influence estima-082

tion, active acquisition).083

Difficulty as inverse confidence. Low confi-084

dence often signals learning potential. Li et al.085

(2024c) define Instruction-Following Difficulty086

IFD(x, y) = Lθ(y|x)/Lθ(y), isolating instruction-087

following difficulty from baseline response com-088

plexity. Li et al. (2024b) show IFD rankings089

transfer across scales—GPT-2’s orderings correlate090

with LLaMA2-7B/13B, enabling efficient filtering.091

Pang et al. (2025) extend this to token granular-092

ity by comparing base-model and clean-reference093

losses: tokens are retained when the base model094

struggles but the reference succeeds (learnable con-095

tent), and filtered when both show high loss (noise).096

Influence and acquisition. Zhang et al. (2025b)097

estimate sample utility via In-Context Approxima-098

tion—conditioning on a holdout set simulates gra-099

dient steps without retraining. Han et al. (2025)100

frame selection as graph influence maximization101

with epistemic uncertainty balancing influence102

against redundancy; Pan et al. (2025) apply attribu-103

tion in reverse, tracing harmful outputs to training104

samples for removal. For label-efficient settings,105

Muldrew et al. (2024) combine predictive entropy106

with preference model certainty to guide annotation 107

acquisition; Sachdeva et al. (2024) query an LLM 108

directly, using P(YES) as quality score. Liu et al. 109

(2024b) exploit multi-granularity uncertainty (to- 110

ken, sentence, and model-level), selecting samples 111

where self-assessment is confident and consistent. 112

2.2 Confidence-aware fine-tuning 113

Data selection determines what to train on; confi- 114

dence also reshapes how models learn. Traditional 115

supervised fine-tuning (SFT) treats tokens equally, 116

yet highly predictable tokens (articles, connectives) 117

and already-learned patterns provide diminishing 118

learning signal. Confidence-modulated methods 119

address this by scaling each token’s contribution to 120

the loss based on certainty. The central design ques- 121

tion: should confident predictions receive more 122

weight (reinforcing what the model knows) or less 123

(focusing learning on uncertain regions)? 124

Confidence-weighted training. Krishnan et al. 125

(2024) decompose uncertainty into aleatoric and 126

epistemic components, using the epistemic term 127

to emphasize tokens where model knowledge is 128

lacking. Li et al. (2025c) target a different goal: 129

training LLMs to recognize knowledge boundaries 130

and abstain rather than hallucinate. Rahmati et al. 131

(2025) take a Bayesian approach, conditioning 132

LoRA adapter distributions on each input so that 133
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uncertainty estimates become sample-specific, im-134

proving calibration in few-shot settings.135

Knowledge distillation with confidence. Naive136

distillation treats all teacher outputs as equally reli-137

able, but teachers are often uncertain on ambiguous138

tokens. Huang et al. (2025b) filter via propose-and-139

verify: students propose tokens, teachers accept or140

reject based on distribution agreement, and only141

accepted tokens receive distillation signal. Li et al.142

(2024a) curate data through student self-reflection,143

ranking samples by difficulty and selecting those144

the student can realistically learn from. Zhang145

et al. (2022) weight multi-teacher ensembles by146

per-sample confidence. Zhong et al. (2024) dis-147

tinguish easy from hard tokens: easy tokens skip148

imitation-focused teaching while hard tokens re-149

ceive richer, more diverse supervision.150

Confidence in self-training. Self-training relies151

on model-generated pseudo-labels, making con-152

fidence essential for filtering unreliable outputs.153

Dong et al. (2023) generate multiple responses154

per prompt, rank by reward, and train only on155

top-scoring samples. Chen and Mueller (2024)156

automate curation more broadly: confidence esti-157

mates identify low-quality training pairs, which are158

either filtered or replaced with higher-confidence159

LLM-generated alternatives. Luo et al. (2024) ex-160

tend rejection sampling to semi-supervised settings;161

Moradi et al. (2025) add verification to detect when162

self-generated data helps versus harms. Beyond fil-163

tering, Chuang et al. (2024) train models to output164

calibrated confidence tokens, enabling routing to165

stronger models when local confidence is low.166

2.3 Confidence-aware preference optimization167
Preference optimization aligns LLMs with human168

values, but reward models can inherit annotation169

noise and policies exploit blind spots. Given the170

objective maxθ E[r(x, y)]− β · KL(πθ∥πref), con-171

fidence integrates as the reward itself, as an uncer-172

tainty penalty, or as granular weights over tokens,173

trajectories, or preference pairs.174

Confidence as reward. Du et al. (2025) use token-175

level log-probability directly as reward, while Prab-176

hudesai et al. (2025) apply entropy minimiza-177

tion for reasoning tasks. Naive confidence max-178

imization risks reward hacking; Leng et al. (2024)179

counter this by calibrating reward models during180

PPO via confidence-augmented preference data and181

running-average reward thresholds.182

Uncertainty penalties. Zhai et al. (2023) and183

Banerjee and Gopalan (2024) penalize by reward184

model uncertainty (reff = r − ασr, where σr is185

reward uncertainty and α penalty strength), a pes- 186

simistic approach preferring conservative estimates. 187

Liu et al. (2025a) integrate calibration directly into 188

policy gradients via cross-entropy regularization 189

aligning sequence probability with reward. 190

Granular weighting. At the token level, Yoon 191

et al. focus optimization on high-uncertainty de- 192

cision points while Liu et al. (2024a) weight by 193

probability differences between contrastive mod- 194

els. At the trajectory level, Zhou et al. (2025a) 195

rescale advantages by both confidence and diffi- 196

culty; Lu et al. (2025) construct preference pairs 197

from confidence-ranked outputs. At the preference 198

level, Pokharel et al. (2025) dynamically scale DPO 199

loss (Rafailov et al., 2023) based on relative reward 200

margins, down-weighting ambiguous comparisons. 201

Self-feedback. Li et al. (2025d) use self-assessed 202

confidence as intrinsic reward, generating pseudo- 203

preferences without external labels. Wu et al. 204

(2025) train calibrated abstention via Brier-score re- 205

wards (Gneiting and Raftery, 2007) that incentivize 206

refusal below user-specified risk thresholds. 207

By transforming confidence from a post-hoc met- 208

ric into an intrinsic training signal, these methods 209

shift the paradigm from blind data absorption to 210

discerning learning. This integration fosters mod- 211

els that do not merely mimic patterns, but actively 212

navigate the boundaries of their own knowledge. 213

3 Confidence-Driven Inference 214

We examine how confidence is used during infer- 215

ence to guide LLM behavior, independent of how 216

confidence is estimated. Existing approaches ap- 217

ply confidence to select among candidate outputs 218

(§3.1), control reasoning and interaction as infer- 219

ence unfolds (§3.2), or guide decoding implicitly 220

through predictive discrepancies (§3.3). 221

3.1 Confidence-driven output selection 222

When LLMs are sampled multiple times at infer- 223

ence, they typically produce a set C including can- 224

didate outputs {c1, · · · , cn} (e.g., responses or rea- 225

soning traces) rather than a single deterministic 226

answer. Each candidate cj is associated with a 227

confidence score sj ∈ R, estimated by some mech- 228

anism. Inference-time output selection maps C to 229

a final output ĉ. While all methods in this subsec- 230

tion perform output selection, they differ in how 231

confidence is used as an inference operator, either 232

by aggregating multiple candidates jointly or by 233

scoring candidates and selecting one. 234

In confidence-weighted aggregation, the final 235

output is determined jointly by multiple candidates, 236
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ĉ = argmaxc∈C
∑n

j=1 sjI(cj = c), where each237

candidate’s contribution is weighted by its con-238

fidence score. Unlike classical self-consistency,239

which aggregates reasoning traces via uniform ma-240

jority voting (Wang et al., 2022), several works241

weight candidates according to confidence, allow-242

ing infrequent but high-confidence correct answers243

to prevail the final decision (Taubenfeld et al., 2025;244

Fu et al., 2025). Confidence weighting suppresses245

unreliable traces and elevates correct minorities.246

Unlike aggregation, no information is merged247

across candidates in confidence-based scoring,248

where inference is governed by selection rather249

than combination. More specifically, candidates250

are evaluated independently and the final output is251

selected as ĉ = argmaxcj∈C sj , with confidence252

serving as a reliability score rather than a weight.253

Methods in Jeong and Choi (2025) and Zhou et al.254

(2025b) apply this paradigm by re-scoring multiple255

candidates and selecting the most confident one.256

3.2 Confidence-driven control of decoding257
While confidence can be applied after inference258

to select among completed outputs, it can also act259

during inference to control how reasoning and in-260

teraction unfold, where confidence functions as a261

control signal over the reasoning process rather262

than only the final decision. Consider an in-263

ference trajectory represented as a sequence of264

states and associated confidence scores (z1, s1) →265

(z2, s2) → · · · → (zT , sT ). Confidence-driven rea-266

soning control modifies the transition policy into267

zt+1 ∼ π(zt+1|z1;t, s1:t), allowing confidence to268

govern continuation, refinement, and belief mainte-269

nance across steps or turns.270

Adaptive computation and early stopping. Some271

methods use confidence to allocate inference-time272

computation by continuing reasoning only when273

confidence remains below a threshold. Huang et al.274

(2025a) terminate sampling once confidence is suf-275

ficiently high, reducing inference cost without sac-276

rificing accuracy, while Fu et al. (2025) allocate277

deeper reasoning only when confidence remains278

low. Qiao et al. (2025) apply this principle at the279

chain-of-thought level, terminating or compress-280

ing reasoning once confidence exceeds a threshold281

and stabilizes (|st − st−1| ≤ ϵ). Across these ap-282

proaches, confidence serves as a controller that283

prevents unnecessary computation.284

Refinement. Confidence can guide where refine-285

ment occurs by identifying unreliable intermediate286

states (st ≤ τ ) and selectively refining only these287

parts. Wei et al. (2024) selectively regenerate low-288

confidence substructures in structured generation, 289

while Fu et al. (2025) prune low-confidence rea- 290

soning paths and re-explores alternatives. In both 291

cases, confidence directs refinement efforts. 292

Multi-turn stability and interaction control. In 293

multi-turn interactions, confidence can also regu- 294

late behavior across turns by discouraging unneces- 295

sary revision of high-confidence earlier responses. 296

Li et al. (2025e) incorporate confidence into the dia- 297

logue state by extracting specific tokens to estimate 298

response certainty, conditioning future responses 299

on both prior text and associated confidence to 300

maintain consistency across interactions. 301

3.3 Confidence-driven contrastive decoding 302

Contrastive decoding methods exploit disagree- 303

ment between predictive views as an implicit con- 304

fidence signal during inference, rather than esti- 305

mating confidence explicitly. Depending on how 306

predictive views are constructed (across contexts, 307

layers, or models), different forms of disagreement 308

arise, but in all cases they reflect the relative sta- 309

bility of token support. At the decoding step t 310

(next-token prediction given the current prefix), 311

two views produce two sets of logits logit(a)t and 312

logit(b)t , where view a is expected to be more reli- 313

able by construction. A contrastive logit is defined 314

as ˜logitt = logit(a)t − λlogit(b)t , where λ > 0 con- 315

trols the strength of penalizing the less reliable 316

view. Decoding then samples the next token from 317

the distribution πt ∝ exp( ˜logitt), favoring tokens 318

whose support is stable under the more reliable 319

view and weak under the less reliable one. 320

To build these predictive views, con- 321

text–parametric methods first contrast context- 322

conditioned predictions with the model’s 323

parametric prior: Huang and Chen (2025) down- 324

weight tokens that remain likely under random 325

context masking, while Khandelwal et al. (2025) 326

adaptively balances parametric and contextual dis- 327

tributions based on their conflict, treating reliance 328

on informative context as confidence. Alternatively, 329

intra-model methods derive contrast from different 330

transformer layers: Chuang et al. (2023) favors 331

tokens whose support strengthens from shallow 332

to deep layers, and Zhang et al. (2025a) learns 333

when such contrast should be applied, encoding 334

confidence as consistency across representational 335

depth. Finally, the inter-model method proposed 336

by Li et al. (2023) contrasts predictions from an 337

expert and a weaker model, amplifying tokens 338

preferred by the expert and using model-level 339
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disagreement for token reliability.340

At inference time, confidence can function as341

a signal that governs output selection, reasoning342

dynamics, and decoding behavior, enabling more343

reliable generation without retraining.344

4 Confidence-Guided Model Selection345

Model selection addresses a practical tension in346

LLM deployment: stronger models tend to be more347

accurate but also more costly. Confidence provides348

a principled control signal for model selection, en-349

abling systems to decide when a cheaper model is350

sufficient and when to invoke a stronger model. In351

this section, we review confidence-guided model-352

selection architectures (§4.1) and the control poli-353

cies (§4.2) that operationalize confidence for rout-354

ing, cascading, and their hybrids.355

4.1 Confidence-guided selection architectures356

Prior work instantiates confidence-guided model357

selection via (i) sequential cascading, (ii) parallel358

routing, or (iii) hybrids that combine both.359

Cascading. Sequential cascading invoke models360

in increasing strength and use confidence to de-361

cide whether to stop or escalate. This paradigm362

is analyzed in Gupta et al. (2024), operationalized363

for cost control in Chen et al. (2023b), acceler-364

ated via speculative-decoding-based cascading in365

Narasimhan et al. (2024), improved by confidence-366

aware tuning of smaller models in Rabanser et al.367

(2025), and optimized through probabilistic thresh-368

old tuning in Zellinger and Thomson (2025).369

Routing. Parallel routing selects one model (or a370

small subset) without sequential escalation, using371

confidence to choose among candidates and to man-372

age routing overhead. Examples include routing373

as query-to-model assignment (Liu et al., 2024c),374

confidence-token interfaces for downstream deci-375

sions (Chuang et al., 2024), uncertainty-driven rout-376

ing policies (Zhang et al., 2025c), and confidence-377

aware prediction frameworks for scalable selec-378

tion (Barrak et al., 2025).379

Hybrids. Hybrid systems combine routing and380

cascading by using confidence to narrow candi-381

dates and then escalating selectively. Representa-382

tive methods include cascade routing as a unified383

policy class (Dekoninck et al., 2024) and select-384

then-route pipelines that shortlist models before385

adaptive escalation (Shah and Shridhar, 2025).386

4.2 Confidence-guided control policies387

Complementary to architectural instantiations, we388

summarize policy primitives that map a confi-389

dence/quality signal to actions (escalate, select a390

model, or allocate additional compute) and can be 391

embedded in any architecture. 392

Thresholding / abstain–escalate. The canoni- 393

cal policy is confidence-gated deferral: a cheaper 394

model answers when confidence is high and de- 395

fers otherwise. Gupta et al. (2024) show that naive 396

sequence-level confidence can be misleading and 397

propose token-level aggregation (e.g., quantiles) 398

and learned decision functions for improved cost– 399

quality trade-offs. Rabanser et al. (2025) strengthen 400

deferral by training smaller models to be confi- 401

dent when correct and to defer when uncertain. 402

Zellinger and Thomson (2025) address threshold 403

tuning directly by modeling joint calibrated confi- 404

dences across cascade stages and optimizing thresh- 405

olds via differentiable error-cost objectives. 406

Selection among candidates. A second family 407

uses confidence to select among candidate mod- 408

els. Chuang et al. (2024) introduce confidence 409

tokens to support routing and rejection, Zhang et al. 410

(2025c) design uncertainty-driven routers, and Bar- 411

rak et al. (2025) scale to large candidate sets by 412

predicting likely winners from model-judged com- 413

parisons and using predictor uncertainty to control 414

routing overhead. 415

Allocate compute adaptively. Finally, some meth- 416

ods allocate compute adaptively during inference: 417

Chen et al. (2025b) switch from a small to a large 418

model when confidence drops during reasoning; 419

Narasimhan et al. (2024) combine cascading with 420

speculative decoding via confidence-driven accep- 421

tance or deferral to reduce decoding-time compute. 422

In summary, confidence-guided routing and 423

cascading implement policies that map queries 424

(and sometimes intermediate generation states) 425

to model-invocation decisions, thereby navigating 426

cost–quality trade-offs (Chen et al., 2023b; Dekon- 427

inck et al., 2024). Recent token- or step-level ex- 428

tensions further suggest that confidence can govern 429

not only which model to use, but also when to hand 430

off computation during generation (Narasimhan 431

et al., 2024; Chen et al., 2025b). 432

5 Confidence-Gated RAG Systems 433

We focus on the use of confidence: given a reliable 434

signal, what mechanisms translate confidence into 435

actionable RAG behavior? We organize existing 436

work into three categories: adaptive retrieval trig- 437

gering (§5.1), context filtering and selection (§5.2), 438

and knowledge conflict resolution (§5.3). 439
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5.1 Adaptive retrieval triggering440
RAG faces an efficiency-accuracy trade-off: uncon-441

ditional retrieval wastes computation, while rigid442

refusal limits models to stale parametric knowledge.443

Confidence resolves this by transforming static re-444

trieval policies into dynamic resource allocation.445

Whether to retrieve. Most methods implement446

confidence-gated retrieval. Jiang et al. (2023) gen-447

erate a draft sentence and trigger retrieval when448

it contains low-probability tokens, using those449

spans as queries. Wang et al. (2023a) elicit self-450

knowledge to decide retrieval necessity, while Tao451

et al. (2024) align verbalized confidence with re-452

sponse quality so that confidence reliably gates453

retrieval. Beyond binary gating, Jeong et al. (2024)454

and Zubkova et al. (2025) route queries across no455

retrieval, single-step, or multi-hop retrieval based456

on predicted complexity or entropy, and Yao et al.457

(2025) extract self-aware uncertainty from activa-458

tions to select retrieval strategies.459

What to retrieve. Confidence also guides what460

to retrieve: Su et al. (2024b) detect increas-461

ing uncertainty by combining token-level entropy,462

attention-derived influence, and semantic signif-463

icance, forming queries from context-wide self-464

attention rather than only recent tokens. Besides,465

some methods treat retrieval as expected utility:466

Chen et al. (2025a) compare the parametric answer467

to a self-generated contextual probe—convergence468

bypasses retrieval, divergence triggers it; Asai et al.469

(2024) learn special tokens whose probabilities en-470

code retrieval necessity and critique judgments;471

Lymperopoulos and Sarathy (2025) model joint472

uncertainty over the LLM and external tools to sup-473

port retrieve-or-abstain decisions.474

When to retrieve. Pre-generation methods (Wang475

et al., 2023a; Jeong et al., 2024; Tao et al., 2024)476

assess confidence from the query or a probe be-477

fore answering. Mid-generation methods (Jiang478

et al., 2023; Su et al., 2024b) interleave retrieval479

when uncertainty spikes during decoding. Yan480

et al. (2024) operate post-retrieval: a lightweight481

evaluator scores retrieved evidence confidence and482

triggers corrective actions—including web search483

escalation—when retrieval quality is insufficient.484

Li et al. (2025a) further show that retrieval tim-485

ing can be determined by exploiting trends (first-486

and second-order entropy differences) to retrieve487

preemptively, before errors propagate.488

5.2 Confidence-based context filtering489
After retrieval is triggered, the challenge becomes490

context allocation: selecting which evidence to in-491

clude within limited context budgets. Confidence 492

serves as a utility signal, estimating whether re- 493

trieved content would improve generation rather 494

than merely match the query. 495

Utility-scored filtering. A common pattern is to 496

compute (or learn) a scalar utility score for each 497

evidence unit and retain only high-utility content. 498

Wang et al. (2023b) construct oracle usefulness 499

signals from lexical overlap and conditional cross- 500

mutual information, the confidence increase when 501

a span is provided, then train a sentence-level filter 502

that removes distracting content at test time. Yan 503

et al. (2024) use a lightweight evaluator that scores 504

retrieved-set quality as CORRECT, INCORRECT, or 505

AMBIGUOUS, triggering corrective actions (keep, 506

refine, or escalate to web search) and decomposing 507

documents to focus on key information. 508

Information-gain filtering. Absolute relevance 509

can be misleading: an on-topic document may add 510

noise rather than signal. Wang et al. (2025) define 511

Document Information Gain as the change in gen- 512

eration confidence with vs. without a document, 513

training a reranker to prioritize evidence that mean- 514

ingfully shifts confidence. Isoda (2025) filter at 515

sentence level using a self-knowledge confidence 516

score: the model outputs a scalar “know/unknown” 517

probability for each candidate sentence, and an 518

RL policy learns to keep sentences that increase 519

this self-knowledge (and drop the rest). Zhu et al. 520

(2024) assign each document a relevance confi- 521

dence from control-token judgments, retain only 522

high-score docs, and decode using only their KV 523

caches to reduce noise and latency. Li et al. (2024e) 524

use SNR-based span uncertainty to estimate chunk 525

similarity in long-context retrieval, improving cal- 526

ibration and robustness to chunking artifacts and 527

distribution shift. 528

Conformal filtering. Conformal prediction cali- 529

brates raw confidence scores—retrieval similarities 530

or generation probabilities—into threshold rules 531

with coverage guarantees. Li et al. (2024d) cali- 532

brate retrieval scores to form passage sets and gen- 533

eration confidence to form answer sets, composing 534

both for end-to-end guarantees. Rouzrokh et al. 535

(2024) calibrate similarity scores to select context 536

at a user-specified error rate. Chakraborty et al. 537

(2025) show that calibrating any scoring function 538

yields a principled filter that reduces retained con- 539

text by 2-3 times while preserving coverage. Feng 540

et al. (2025) apply conformal calibration post-hoc 541

to sub-claim factuality scores. 542
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5.3 Confidence for knowledge conflict543

Retrieved context may contradict parametric knowl-544

edge; confidence quantifies the reliability of each545

source to arbitrate the conflict.546

Confidence signals for conflict. Recent work turns547

“conflict” into measurable confidence signals rather548

than answer disagreement. Sun et al. (2024) detect549

RAG hallucinations via mechanistic interpretabil-550

ity, computing separate scores for parametric-551

knowledge utilization and external-context inte-552

gration; hallucinations correlate with FFN dom-553

inance coupled with copying-head failure. Fadeeva554

et al. (2025) separate faithfulness (entailed by re-555

trieved context) from factuality (true in the world)556

and route uncertainty quantification accordingly,557

so “unsupported by retrieval” is not conflated with558

“false.” Asai et al. (2024) formalize support at in-559

ference time: learned reflection-token probabilities560

(relevance, support, usefulness) yield calibrated,561

inspectable confidence over whether each continu-562

ation is grounded in retrieved evidence.563

Resolution policies. Once confidence exposes a564

conflict, it must drive an action. Sun et al. (2025)565

use confidence to partition queries by whether566

they fall within the model’s parametric knowledge567

boundary and the retrieval boundary; DPO then568

trains quadrant-specific behaviors, answering when569

at least one source suffices and abstaining when570

both fail. Goswami and Kurra (2025) apply cali-571

brated NLI-ensemble scores as a post-hoc arbitra-572

tion layer, abstaining when entailment confidence573

falls below a threshold. Soudani et al. (2025) di-574

agnose why standard uncertainty estimators fail in575

RAG and propose an axiomatic calibration that con-576

ditions uncertainty jointly on model and evidence.577

Confidence turns RAG into a closed-loop policy:578

it gates retrieval, allocates context by marginal util-579

ity, and arbitrates conflicts by triggering resolution,580

escalation, or abstention strategies.581

6 Confidence-Based Risk Management582

While previous sections utilize confidence to en-583

hance performance and efficiency, this section fo-584

cuses on risk control and reliability. We approach585

risk management through a confidence-based three-586

stage framework: first diagnosing anomalies such587

as hallucinations and adversarial attacks (§6.1),588

then controlling risk through mechanisms like ab-589

stention and conformal prediction (§6.2), and fi-590

nally ensuring the reliability of the confidence sig-591

nal itself to reduce overconfidence (§6.3).592

6.1 Confidence-based risk diagnosis 593
We categorize diagnostic mechanisms by the source 594

of risk: detecting internal model hallucinations and 595

flagging external input anomalies. 596

Hallucination detection. Hallucinations represent 597

a misalignment between the model’s generated out- 598

put and factual reality (Rawte et al., 2023). Con- 599

fidence scores can be applied to this task as di- 600

agnostic signals. A primary application involves 601

checking output consistency: works like Manakul 602

et al. (2023) and Muhammed et al. (2025) use self- 603

consistency scores to measure disagreement across 604

independently sampled responses as a proxy for 605

hallucination. This strategy is further adapted to 606

filter errors in domain-specific applications like au- 607

tonomous driving (Dona et al., 2024). To address 608

the ambiguity of phrasing, Farquhar et al. (2024) 609

introduce Semantic Entropy over sampled mean- 610

ing clusters, while Han et al. (2024) efficiently ap- 611

proximate it via linear probes to avoid sampling 612

cost. Beyond sampling, detection mechanisms ex- 613

ploit internal state anomalies, utilizing the Eigen- 614

Score (Chen et al., 2024) to measure the semantic 615

consistency in the embedding space, or training 616

classifiers on hidden layer activations (Azaria and 617

Mitchell, 2023) and various confidence-derived fea- 618

tures (Quevedo et al., 2025). Other approaches em- 619

ploy active diagnosis of hallucination by measur- 620

ing confidence fluctuations under perturbed queries 621

(Joo et al., 2025) or intervening on learned verbal 622

uncertainty features (Ji et al., 2025). 623

Adversarial and OOD detection. Confidence 624

signals can serve as indicators for adversarial 625

and out-of-distribution (OOD) anomalies. For in- 626

stance, (Obadinma et al., 2024) utilizes confidence- 627

aware training to mitigate calibration attacks, while 628

SafeBehavior (Zhao et al., 2025) computes a 629

“safety confidence score” to actively trigger self- 630

revision processes during jailbreak attempts. In 631

the context of OOD detection, confidence patterns 632

are utilized to trace data provenance; for example 633

(Li et al., 2025b) aggregates confidence scores to 634

detect membership inference risks by recognizing 635

previously seen training data. 636

6.2 Confidence-based risk control 637
Moving from detection to intervention, we review 638

how confidence thresholds are employed to gate 639

unreliable generations and bound output error rates. 640

Abstention. Abstention refers to the refusal of an 641

LLM to provide an answer (Wen et al., 2025). A 642

common confidence-driven approach uses a gate- 643

keeping mechanism to abstain from answering 644
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when confidence is below a threshold τ . In post-645

hoc thresholding, confidence scores are applied646

directly to frozen models to judge response qual-647

ity. A good confidence score for abstention should648

focus on tracking correctness rather than fluency649

or typicality. Following this principle, Cole et al.650

(2023) applies self-consistency for abstention and651

and shows it yields better performance than log-652

likelihood, while Ren et al. (2023) utilizes LLM653

self-evaluation scores to better discriminate low-654

quality generations. Alternatively, Huang et al.655

(2025c) probes internal activations to extract a656

scalar uncertainty feature specifically optimized657

for this thresholding decision.658

Moving from inference-time filtering to model659

adaption, recent works focus on teaching the model660

when to abstain, applying confidence scores as su-661

pervisory signals. Chen et al. (2023a) fine-tunes662

LLMs with labeled answers to obtain a confidence663

score that combines self-evaluation and normalized664

likelihood for selective prediction. To further re-665

duce label reliance, Tjandra et al. (2024) employs666

semantic entropy as a pseudo-label to enable label-667

free abstention fine-tuning, while An and Xu (2025)668

uses semantic confidence as a reward signal via RL669

to optimize the model’s boundary recognition.670

Conformal prediction. Conformal prediction (CP)671

(Shafer and Vovk, 2008) addresses the limitation672

of heuristic thresholds by transforming confidence673

scores into statistically valid prediction sets, en-674

suring that on expectation a correct2 answer is in-675

cluded with a user-specified probability, or more676

broadly, that a specific risk measure is controlled677

(Angelopoulos et al., 2024). The application of CP678

in LLMs can be distinguished by the specific con-679

fidence signals used to construct these sets. Early680

approaches relied on logit-based scores: Kumar681

et al. (2023) applies CP to multiple choice ques-682

tions using logit scores of the choices, while Quach683

et al. (2024) utilizes normalized likelihoods to tune684

sampling parameters for open-ended generation.685

However, recognizing that raw logits often fails686

to capture semantic correctness, recent methods687

have shifted toward self-consistency and semantic688

scores. Mohri and Hashimoto (2024) argues that689

sets of answers are less useful than factual sub-690

claims, employing self-consistency and LLM-as-a-691

judge scores to guarantee all selected sub-claims692

are factual with user-specified probability. This693

2In LLMs, correctness is task-defined: matching ground-
truth labels for classification, or using proxies for open-ended
outputs (e.g. semantic match or verifier pass).

approach is further refined by Cherian et al. (2024), 694

which exploits the heterogeneity in score quality 695

across prompts to adaptively adjust thresholds. To 696

ensure coherence in reasoning, Rubin-Toles et al. 697

(2025) extends these scores to model logical de- 698

pendencies via deductibility graphs. For black-box 699

settings, Su et al. (2024a) demonstrates that API- 700

accessible scores like semantic similarity can serve 701

as effective non-conformity scores. Finally, to im- 702

prove the efficiency of these sets, Xi et al. (2025) 703

demonstrates that optimizing confidence distribu- 704

tion via temperature scaling yields tighter coverage. 705

6.3 Ensuring the reliability of confidence 706
The efficacy of risk frameworks depends on the re- 707

liability of confidence signals, yet LLMs frequently 708

exhibit significant overconfidence and miscalibra- 709

tion (Groot and Valdenegro Toro, 2024; Tian et al., 710

2025). To resolve this, elicitation strategies are ap- 711

plied to extract more calibrated scores: Kadavath 712

et al. (2022) established that LLMs can accurately 713

estimate their own correctness via the logit proba- 714

bility P (True) when specifically prompted, while 715

Tian et al. (2023) further showed that soliciting 716

such explicit probabilities or top-k options yields 717

significantly better calibration than open-ended ver- 718

balization. For existing scores, post-hoc calibration 719

utilizes specialized confidence metrics like the TH- 720

score (Tian et al., 2025) and Net Calibration Error 721

(Groot and Valdenegro Toro, 2024) to explicitly 722

penalize the gap between confidence and accuracy. 723

In summary, confidence-based risk management 724

transforms the signal from a passive metric into a 725

robust guardrail that detects errors, bounds risks, 726

and ensures system reliability. 727

7 Conclusion 728

This survey presents a unified view of confidence as 729

a control signal that governs LLM behavior across 730

the full system lifecycle. During training, it guides 731

data selection, loss weighting, and preference op- 732

timization; during inference, it supports output se- 733

lection, adaptive computation, and contrastive de- 734

coding; and in deployment, it enables cost-aware 735

routing, confidence-gated RAG, and risk control 736

via abstention and conformal prediction. Across 737

these settings, confidence consistently turns dis- 738

crete heuristics—what to learn, when to retrieve, 739

whether to answer—into more principled allocation 740

of computation and evidence. Reliable confidence 741

is therefore not an end, but a prerequisite for sys- 742

tems that act on uncertainty by deferring, retrieving, 743

or abstaining when warranted. 744
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Limitations745

This survey focuses on confidence utilization as a746

control signal rather than confidence estimation or747

calibration. Readers seeking comprehensive cover-748

age of uncertainty quantification methods should749

consult complementary surveys.750

We primarily survey English-language litera-751

ture and methods evaluated on English bench-752

marks; confidence utilization in multilingual and753

low-resource settings remains comparatively under-754

explored.755

Control policies inherit failure modes of the un-756

derlying confidence signal (miscalibration, bias,757

brittleness under distribution shift or adversarial758

prompting), which can lead to unsafe acceptance,759

premature deferral, or unnecessary escalation.760

Many methods add latency or compute (sam-761

pling, verifiers, multi-stage retrieval), and formal762

guarantees (e.g., conformal prediction) depend on763

assumptions and proxies for correctness that may764

not hold under deployment drift.765

Implication. Taken together, these limitations sug-766

gest that confidence-as-control should be viewed767

as a systems design paradigm rather than a drop-768

in solution: robust deployment requires validating769

confidence reliability under realistic shift, aligning770

proxy correctness with application risk, and ac-771

counting for compute and human factors alongside772

model accuracy.773
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A Notation List1414

Table 1 summarizes the core notation used throughout this survey; less common symbols are defined1415

where they first appear.1416

Notation Name Description
xi query the i-th query
yi LLM’s response response to the i-th query
cj candidate the j-th candidate response of a query or a candidate reasoning trace
C candidate set a set of candidate responses of a query or candidate reasoning traces
zt inference state the model’s inference state at step t, such as a partial reasoning trace, an intermediate

generation state, or a dialogue state in multi-turn interaction
sj , st confidence score confidence score for a candidate cj or a reasoning step zt
τ threshold confidence score threshold for inference termination or further refinement
ϵ confidence tolerance tolerance for changes in confidence used to decide reasoning termination
λ contrastive weight controls the strength of contrast between predictive views
π inference policy conditional distribution governing inference transitions, such as reasoning-step evolution

or token generation

Table 1: Notations list
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