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Abstract

Most work on confidence in large language models has focused on estimation, uncertainty
quantification, and calibration. In deployed systems, however, the key question is how
confidence should be used to govern behavior. This survey studies confidence utilization:
the use of confidence-related signals to control system decisions. We formalize this perspective
through a unified framework in which confidence is defined over decision units under a local
state and then consumed by a policy to determine actions. Using this lens, we organize
the literature across full LLM lifecycle: training, inference, model selection and cascading,
retrieval-augmented generation, risk management, and agentic control. We compare methods
by signal source, decision unit, and functional role, and conclude by highlighting open
challenges in confidence semantics, composition, source attribution, decision-aware evaluation,
and robustness. Overall, the survey positions confidence not only as an estimation target,
but as a control primitive for building more reliable and trustworthy LLM systems.

1 Introduction

Confidence in Large Language Models (LLMs) bridges the gap between internal uncertainty and actionable
system behavior. A model that knows what it doesn’t know is useful; a system that acts on this knowledge—
retrieving when uncertain, deferring when unreliable, focusing learning where needed—is transformative. This
survey concerns the latter. In this survey, we use confidence broadly to denote signals about the expected
reliability or usefulness of a model decision, including uncertainty estimates, log-probability-based scores,
verbalized confidence, sample agreement, semantic uncertainty, and verifier or reward-model scores. Recent
work has shown that LLMs can expose useful self-knowledge through formulations such as P(True) and P(IK)
Kadavath et al.| (2022)); that RLHF-tuned models can often express better-calibrated verbalized confidence
when prompted appropriately [Tian et al.| (2023); that semantic entropy over meaning clusters helps detect
confabulations in free-form generation Farquhar et al|(2024)); and that agreement across sampled outputs
can serve as a practical reliability proxy in reasoning and black-box factuality checking Wang et al.| (2023a));
Manakul et al.| (2023). These advances have made confidence estimation increasingly usable in practice.



At the same time, several surveys and benchmarking studies have examined confidence and uncertainty in
LLMs, predominantly focusing on estimation and calibration. |Geng et al.| (2024]) provide a foundational

taxonomy of confidence estimation and calibration techniques, while [Shorinwa et al.| (2025) and [Liu et al.
2025¢)) offer comprehensive coverage of uncertainty quantification methods and their applications. (Xie et al.
2024) focuses specifically on the calibration process for black-box LLMs, and Xiong et al| (2024) provide a
systematic empirical evaluation of black-box confidence elicitation strategies. Taken together, this literature
largely asks: how can we estimate, elicit, or calibrate high-quality confidence signals? Yet a good confidence
score is not the end goal, it is the prerequisite. A systematic treatment of how confidence should actually
govern system behavior remains absent.

Our survey addresses the critical next step: how should systems utilize confidence? As illustrated in
Figure [3] we propose a taxonomy where confidence functions as control—not a passive measure of uncertainty,
but an active governor that determines what to learn, how to reason, and when to defer. We trace this
utilization across the full LLM lifecycle including: (i) training-time applications in data curation and alignment
(§3]), (ii) inference-time control over reasoning and decoding (§4)), (iii) deployment-time decisions including
model selection (§5)), retrieval-augmented generation (RAG) (§6), and risk management (§7)), and (iv) agentic
settings (§8)), where confidence becomes an actual control signal in multi-step loops: gating tool use and
retries, triggering iterative refinement and backtracking, pruning search trees via verifier /process-reward
confidence, and weighting votes in multi-agent debate. By synthesizing these distinct domains, we aim to
offer a unified perspective for designing systems that act on uncertainty rather than merely quantify it.
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Figure 1: Confidence-guided control across six parallel domains of the LLM lifecycle.
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2 Unified Definition and Notation

To compare methods across training, inference, routing, retrieval, risk control, and agentic systems, we adopt a
single abstraction in which confidence is treated as a control signal. Throughout this survey, confidence is used
in a deliberately broad sense: it may be a probability-like estimate, an uncertainty score, a log-probability-
derived quantity, a verbalized confidence value, a sample-agreement statistic, a semantic uncertainty measure,
a verifier or judge score, a reward-model score, or a hybrid of several such signals. The common feature is
not a shared probabilistic semantics, but an operational one: the signal must affect a downstream decision.

Formally, let & denote the decision state at stage t. This state represents the full local context in which the
system acts, and may include the input query, a partial generation, sampled candidates or reasoning traces,
retrieved evidence, available tools or models, environment observations, memory, or a remaining compute
budget. Let Uy = {uq,...,u,} denote the set of decision units currently under consideration. A unit v may
be a token, span, claim, retrieved chunk, training example, candidate response, model, tool, reasoning step,
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Figure 2: Unified confidence-as-control template. A confidence signal is defined over decision units under a
local decision state, optionally transformed, and then consumed by a policy that determines the next action.

trajectory, or agent vote. This notation is intentionally more general than the conventional pair (z,y) because
many confidence-utilization methods do not operate solely on completed outputs.

A confidence signal is any reliability-relevant score
K (u; &) € R™

assigned to a unit u under state . Most methods use a scalar signal, but allowing x; to be vector-valued
is convenient for systems that combine several sub-signals before acting. We refer to x; uniformly as
“confidence” even when its concrete interpretation is uncertainty, expected correctness, expected utility,
estimated helpfulness, or verifier-derived quality.

Confidence utilization is then the induced decision process

Q¢ ~ 5t(' | &t Utw‘%) , §t+1 = Ft(fuat% (1)

where ¢; is the policy that consumes the signal and produces an action a;, and F; updates the state after the
action is executed. This perspective makes explicit that the object of study in this survey is not confidence
estimation in isolation, but the way confidence participates in control.

In many systems, the raw score is not consumed directly. Instead it is transformed by calibration, normalization,
aggregation, ranking, semantic clustering, or thresholding before the final decision is made. We therefore
write

/%t = Tt(lﬁlt), ag ~ 5t( | §t7Ut7’%t) ) <2)

where T; denotes an optional preprocessing map. Thresholding is thus only one special case of a broader
pattern: confidence may be used to select, weight, allocate, aggregate, abstain, escalate, backtrack, or
otherwise alter the control flow of the system.

This notation lets us characterize each method along three orthogonal axes. The first axis is the source of the
signal: confidence may arise from the model itself through token probabilities, hidden states, or verbalized
self-assessment; from sample-based behavior such as disagreement, self-consistency, or semantic entropy; from
an auxiliary scorer such as a verifier, reward model, router, or judge; from external evidence or environment
feedback such as retrieval signals and tool outcomes; or from an explicit hybridization of several sources. The
second axis is the unit or granularity over which the signal is defined: token level, local content such as claims
or chunks, item or candidate level, model/tool/agent level, step level, trajectory level, or full-episode level.
The third axis is the functional role played by the signal in the downstream system: it may drive selection,
weighting, resource allocation, control-flow decisions, aggregation, or serve directly as a learning signal.

With these axes in place, a method can be written compactly as

s,9 Ty~ 5
ke I(u; &) —— Ry — ag,

where s indexes the source, g indexes the unit or granularity, and r indexes the functional role. When the
context is clear, we omit these superscripts.

This abstraction specializes naturally across the lifecycle considered in this survey. In training, the decision
unit is often a training example, preference pair, or token, and confidence governs filtering, reweighting, or
reward assignment. In inference, it is typically a candidate response, partial trace, or reasoning step, and
confidence governs selection, stopping, continuation, or revision. In routing and cascading, the unit is usually



a model or route and the action is to choose, escalate, or defer. In retrieval-augmented generation, the
relevant units include retrieval actions, chunks, and context sets, while the action may be to trigger retrieval,
rerank evidence, filter passages, or halt. In risk management, the unit is often an answer, claim, or prediction
set and confidence determines abstention, deferment, diagnosis, or coverage control. In agentic systems, the
units may include tool invocations, branches, trajectories, or agent votes, and confidence may trigger search
expansion, pruning, backtracking, replanning, or aggregation. The purpose of this framework is not to erase
these differences, but to express them in a common language that makes the design space explicit.

3 Confidence-Aware Training

Training is the earliest point in the LLM lifecycle where confidence changes what the model learns rather
than what it outputs. In the notation of the decision state & now contains the current parameters, the
minibatch, and any auxiliary teacher, reward, or judge models, while the decision units v € U; may be full
training examples, preference pairs, individual tokens, or complete rollouts. The resulting action is therefore
training-specific: retain or discard a unit, assign it a loss weight, choose which part of a teacher signal to
imitate, scale an RL reward, or teach the model to abstain. A central complication is that the semantics of
the score vary substantially across papers. Some methods rely on self-confidence or uncertainty from the
policy itself; others act on teacher confidence, reward-model uncertainty, self-reflection scores, or broader
difficulty and utility proxies. The common structure is still the same: a reliability-relevant score over training
units determines how gradient mass is allocated. Table [I] condenses these training-stage methods by signal
source, unit, and update role.

3.1 Confidence-aware data selection

Training-time confidence first appears as a curation signal. A large cluster of papers interprets low confidence,
or a closely related difficulty score, as evidence of learning value. |Li et al.| (2024c) define instruction-following
difficulty from the gap between answer likelihood with and without the instruction, and use that score to
retain examples that are challenging in a model-specific way. |Li et al.|(2024b)) show that this ranking transfers
surprisingly well from weak to strong models, so a much smaller proxy model can perform the expensive
filtering step. Han et al| (2025|) combines uncertainty with graph-based influence, favoring examples that are
both hard and structurally representative. In a nearby active-learning setting, [Muldrew et al.| (2024)) use
predictive entropy and preference certainty to decide which completion pairs deserve expensive preference
labels. Across these methods, low confidence does not mean bad data; it often means that a sample lies near
the model’s current frontier of learnability.

Other data-selection methods treat consistency or judged quality, rather than raw difficulty, as the more useful
signal. [Liu et al|(2024a)) ranks instruction data using uncertainty-aware self-reflection across score tokens,
paraphrased prompts, and multiple model scales, thereby rewarding examples whose quality assessment is
both strong and stable. |Chen & Mueller| (2024)) similarly uses a confidence-bearing evaluator to filter noisy
supervision and to rewrite targets only when the correction itself is judged reliable. |Sachdeva et al.[ (2024)
moves the same logic to an external judge model, using the probability of a positive usefulness judgment as a
quality score. These papers are closer to confidence-guided quality assessment than to pure difficulty filtering,
because the signal is interpreted as expected usefulness or trustworthiness rather than mere challenge.

The neighboring curation literature is important context, but it should not be conflated with confidence-aware
training. |Zhou et al.| (2023) is a quality-first human curation baseline rather than a confidence method;|Abbas
et al.| (2023) prunes redundancy through semantic similarity rather than uncertainty; |Zhang et al.| (2025b)
scores examples by estimated holdout-loss impact; and [Pan et al.| (2025) uses attribution to identify unsafe
training data. |Pang et al| (2025) further shifts the decision unit below the sample level by removing low-value
tokens inside otherwise useful examples, but its signal is closer to token influence than to confidence. We
retain these works as nearby baselines because they solve the same control problem—which data should shape
the model—even when the scoring semantics are not confidence in the strict sense.



3.2 Confidence-aware fine-tuning, distillation, and abstention tuning

Once the data has been chosen, confidence can act directly on the update rule. |Krishnan et al.| (2024)) provide
the clearest policy-side example: they augment causal language modeling with an uncertainty-aware objective
that encourages low uncertainty on correct tokens and high uncertainty on incorrect tokens, with the explicit
aim of making downstream uncertainty signals more usable for hallucination detection and selective generation.
Li et al.| (2025c) uses contextual uncertainty differently. Its two-stage procedure first teaches the model to
recognize when the provided evidence is insufficient, and then separately teaches compliance with abstention
instructions, so that uncertainty becomes an answer-versus-refuse decision rather than only a calibration
statistic. By contrast, Rahmati et al.| (2025) mainly improve uncertainty estimation under parameter-efficient
fine-tuning through contextual stochastic adapters; it is therefore best viewed as an estimation-improving
companion to this section rather than a core utilization method.

Teacher-student settings make the control role even more explicit. [Huang et al.| (2025b) distill only where
the teacher’s propose-and-verify signal is trustworthy, so teacher confidence determines which tokens receive
supervision. |Zhong et al.| (2024) likewise uses teacher token uncertainty to split easy and hard tokens and
to vary the distillation mode accordingly. In both cases, the confidence source is external to the student
policy: the score decides where imitation should be sharp, softened, or withheld. Other training-control
papers occupy the boundary of the category. |Li et al.| (2024a)) uses student-specific difficulty and compatibility
statistics to select teacher-refined data, and [Pang et al.| (2025) uses token-level influence to prune within-
example supervision. These methods reinforce the broader point that training-time control often lives at finer
granularities than whole samples, even when the operative signal is only confidence-adjacent.

3.3 Confidence-aware preference optimization and RL

Confidence becomes most explicit in preference optimization and RL, where it can enter as a reward, a penalty,
or a gating signal over updates. Several DPO-family baselines already optimize probability-derived surrogates:
DPO uses policy-relative log-probability ratios [Rafailov et al.| (2023), SImPO replaces the reference-based
reward with average log probability [Meng et al|(2024), and S-DPO adapts optimization strength across
batches |[Wu et al.[(2024). These methods are important background because they show that likelihood-derived
quantities already function as training signals. However, later work makes the confidence role explicit rather
than implicit.

On the policy side, [Yoon et al.|(2025) select low-confidence tokens as the sites where preference optimization
should act, based on the observation that these tokens carry larger alignment gradients. |[Pokharel et al.
(2025)) modulate multilingual preference updates with a relative reward margin, treating stronger pairwise
preference gaps as more trustworthy supervision. |Lu et al| (2025) uses local low-confidence points inside
a reasoning trace to decide where to split, branch, and construct preference pairs. |Du et al.| (2025) turns
final-answer confidence into a reward proxy for close-ended reasoning and then reuses confidence gaps to build
stronger DPO data. In sequence-level RL, |Li et al| (2025d)) sharpen the policy around its own high-probability
responses, Prabhudesai et al.| (2025) use negative entropy as an intrinsic reward, Zhou et al.| (2025a)) reweight
trajectories by sequence confidence and problem difficulty, and |Liu et al.| (2025b) jointly optimize reasoning
accuracy and sequence-level calibration so that confidence remains useful after post-training. Taken together,
these papers show that confidence can decide not only which output is preferred, but also where along a
response or trajectory learning pressure should be concentrated.

A second line of work places the uncertainty in the supervision signal rather than in the policy output itself.
Zhai et al. (2024]) penalize rewards with high ensemble uncertainty so the policy does not overoptimize
dubious reward spikes, while Banerjee & Gopalan| (2024]) derive a variance-aware conservative policy objective
from the same intuition. |Leng et al.| (2024) locate the problem in the reward pipeline itself, showing that
RLHF reward models prefer overly confident responses and then correcting this bias either in reward-model
training or in reward calculation during PPO. |Wu et al.| (2025b)) goes one step further and trains the model to
answer only when its estimated correctness exceeds a user-specified risk tolerance, thereby making confidence
operationally identical to an abstention policy. Not every token-level alignment refinement is confidence-aware,
however: [Liu et al.| (2025a)), for example, reweight tokens by estimated importance rather than reliability.



Method Source Signal Unit Training Action

tuning / distillation

A self IFD / instruction-conditioned likelihood gap example select SFT examples

Superfiltering 1|ml self weak-model IFD / difficulty ranking example proxy-filter examples for strong model

UniMax lmﬂm hybrid uncertainty plus graph influence example select representative hard examples

Active-Pref | 2024 hybrid predictive entropy plus preference certainty pair acquire preference labels

> hybrid self-reflection consistency across tokens / prompts / models example select instruction data

hybrid BSDetector confidence from agreement and self-reflection example filter and rectify supervision
auxiliary judge usefulness probability P(YES) example select pretraining data
self token entropy / white-box uncertainty token reweight CLM loss for calibration
self context-sufficiency uncertainty question-context pair tune answer-versus-abstain behavior
self contextual posterior predictive uncertainty example learn uncertainty under PEFT
auxiliary teacher propose-verify acceptance confidence token distill only trusted tokens
auxiliary teacher token uncertainty / difficulty coefficient token switch distillation mode by token
self IFD plus r-IFD difficulty / compatibility example select teacher-refined data
self policy-relative log-probability ratio pair preference optimization baseline
self average log probability pair reference-free preference optimization baseline
self batch informativeness / reward discrepancy batch / pair adapt optimization strength
self below-average token probability token select alignment-critical tokens
self relative reward margin as pair confidence pair scale preference loss by strength
self low-confidence split point in reasoning trace step branch traces and build pairs
self final-answer token confidence answer / response reward proxy and pair construction
self old-policy response probability response self-confidence reward shaping
self negative entropy on late-response tokens trajectory intrinsic RL reward
hybrid sequence confidence plus problem difficulty trajectory reweight RL advantages
self normalized sequence probability trajectory calibration-aware sequence RL
auxiliary reward-model ensemble variance response penalize uncertain rewards
auxiliary reward-model ensemble variance response conservative variance-aware RLHF
hybrid verbalized confidence in reward calibration response calibrate reward model / reward score
self verbalized confidence or critic value response / claim train risk-sensitive abstention policy

Table 1: Training-stage confidence-utilization methods, organized by signal source, signal form, decision unit,
and training action. The table merges data curation, fine-tuning, distillation, preference optimization, and
RL into one grouped comparison.

This distinction is useful because it separates confidence-guided control from the broader family of fine-grained
optimization heuristics.

Discussion. Across these families, training uses confidence to allocate gradient mass. The same arithmetic
operation can therefore mean very different things depending on the source of the signal. Low self-confidence
may mark high-learning-value examples or tokens, as in Cherry, ConfPO, or CGPO. High external confidence
may mark trustworthy supervision, as in SelecTKD, CLEAR, or ASK-LLM. High reward uncertainty,
by contrast, often suppresses optimization, as in UP-RLHF and UA-RLHF. This is precisely why the
source/unit/role decomposition from §2|is most useful in the training setting: without it, difficulty, quality,
preference strength, teacher reliability, and reward uncertainty all collapse into a single overloaded notion
of confidence. The main lesson of this section is therefore structural rather than metric-specific. During
training, confidence matters because it determines where learning should occur, where it should be damped,
and when the model should be explicitly taught to abstain; in later sections, the same family of signals will
shift from controlling gradient allocation to controlling system behavior at deployment time.

4 Confidence-Driven Inference

Inference is where confidence becomes an online control variable. In the notation of the decision state &;
now contains the prompt, partial generations, sampled candidates, any verifier or judge outputs, and the
remaining inference budget, while the decision units u € U; may be complete candidate responses, partial
reasoning states, token groups, or next-token alternatives. The resulting action therefore depends on where the
signal is injected: at the candidate level it selects or aggregates complete outputs, at the state level it decides
whether to continue, stop, refine, or backtrack, and at the token level it reshapes the predictive distribution
itself. The literature in this section spans both explicit confidence signals, such as answer agreement or
elicited confidence, and broader reliability surrogates, such as verifier scores, local log-probability drops, or
disagreement between predictive views. We organize the section accordingly. Table |2 provides a compact
view of the main inference-stage methods and the control decisions they support.
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Cherry (Li et al. (2024c)), Superfiltering (Li et al. (2024b)), UniMax (Han et al. (2025)),
Active-Pref (Muldrew et al. (2024)), SelectIT (Liu et al. (2024a)), CLEAR (Chen & Mueller (2024)),
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DeepConf (Fu et al. (2025)), CARG (Li et al. (2025f)), ToT (Yao et al. (2023)), ConCISE (Qiao et al. (2025)),
Speculative Decoding (Leviathan et al. (2023)), s1 (Muennighoff et al. (2025))

CABS (Wei et al. (2024)), Contrastive Decoding (Li et al. (2023)), DoLa (Chuang et al. (2024)),
Delta (Huang & Chen (2025)), CoCoA (Khandelwal et al. (2025)), ActLCD (Zhang et al. (2025a))

Language Model Cascades (Gupta et al. (2024)), FrugalGPT (Chen et al. (2023b)),
AutoMix (Aggarwal et al. (2024)), Gatekeeper (Rabanser et al. (2025)),
Rational Tuning (Zellinger & Thomson (2025)), Speculative Cascading (Narasimhan et al. (2024))

OptLLM (Liu et al. (2024b)), Hybrid LLM (Ding et al. (2024)), CARGO (Barrak et al. (2025)),
Confidence-Driven Router (Zhang et al. (2025c))

Self-REF (Chuang et al. (2025a)), Unified Routing & Cascading (Dekoninck et al. (2024)),
Select-then-Route (Shah & Shridhar (2025)), MoA (Wang et al. (2025a))

FLARE (Jiang et al. (2023)), DRAGIN (Su et al. (2024b)), Adaptive-RAG (Jeong et al. (2024)),
SKR (Wang et al. (2023b)), SELF-RAG (Asai et al. (2024)), SeaKR (Yao et al. (2025)),

ETC (Li et al. (2025a)), SUGAR (Zubkova et al. (2025)), PAIRS (Chen et al. (2025a)),

Mallen et al. (Mallen et al. (2023))

CRAG (Yan et al. (2024)), FILCO (Wang et al. (2023c)), InfoGain-RAG (Wang et al. (2025b)),
SKILL-RAG (Isoda (2025)), Sparse-RAG (Zhu et al. (2024)), UncertaintyRAG (Li et al. (2024e)),
SELF-RAG (Asai et al. (2024)), SeaKR (Yao et al. (2025)), PAIRS (Chen et al. (2025a))

ReDeEP (Sun et al. (2024)), HALT-RAG (Goswami & Kurra (2025)), FRANQ (Fadeeva et al. (2025)),
RAGTruth (Niu et al. (2024)), Tools in the Loop (Lymperopoulos & Sarathy (2025)),
Soudani et al. (Soudani et al. (2025))

TRAQ (Li et al. (2024d)), ConFLARE (Rouzrokh et al. (2024)),

— Principled Ctx Eng. (Chakraborty et al. (2025)), Conformal-RAG (Feng et al. (2025)),

Divide-Then-Align (Sun et al. (2025)), CONQORD (Tao et al. (2024))

P(True)/P(IK) (Kadavath et al. (2022)), Just Ask (Tian et al. (2023)),

Selective Ambig. QA (Cole et al. (2023)), NCE (Groot & Valdenegro Toro (2024)),
VUF/MUC (Ji et al. (2025)), UExpr Consistency (Joo et al. (2025)),
LLM-as-a-Fuser (Tian et al. (2025))

SelfCheckGPT (Manakul et al. (2023)), Semantic Entropy (Farquhar et al. (2024)),
SEPs (Han et al. (2024)), INSIDE (Chen et al. (2024a)), Internal State (Azaria & Mitchell (2023)),
SelfCheck-Eval (Muhammed et al. (2025)), FACTSCORE (Min et al. (2023))

MCQA CP (Kumar et al. (2023)), Conformal LM (Quach et al. (2024)),

Conformal Factuality (Mohri & Hashimoto (2024)), Enhanced CP (Cherian et al. (2024)),
Coherent Factuality (Rubin-Toles et al. (2025)), API-Only CP (Su et al. (2024a)),
ConfTS (Xi et al. (2025)), Angelopoulos & Bates (Angelopoulos et al. (2024))

Self-Evaluation (Ren et al. (2023)), Adapt w/ Self-Eval (Chen et al. (2023a)),
R-Tuning (Zhang et al. (2024b)), SemEnt FT (Tjandra et al. (2024)),
Act.-Based Abst. (Huang et al. (2025d)), ConfTuner (Li et al. (2025¢)),
FISCORE (An & Xu (2025)), Wen et al. (Wen et al. (2025))

VCA (Obadinma & Zhu (2025)), Calibration Attacks (Obadinma et al. (2024)),
Rawte et al. (Rawte et al. (2023))

iMAD (Fan et al. (2025)), PRM Calibration (Park et al. (2025)), Scaling TTC (Snell et al. (2025)),

T VeriMAP (Xu et al. (2026))

Self-Refine (Madaan et al. (2023)), Reflexion (Shinn et al. (2023)), ReVISE (Lee et al. (2025)),
SSR (Shi et al. (2025)), ASTRO (Kim et al. (2025)), Self-Backtracking (Yang et al. (2025)),
BacktrackAgent (Wu et al. (2025c))
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utilization in LLMs across six domains, with leaves listing the

cited



4.1 Confidence-driven output selection

The most direct use of inference-time confidence acts on a fixed candidate set. [Wang et al.| (2023a) establish
the basic template with self-consistency: sample diverse reasoning paths, extract their final answers, and
use answer agreement as an implicit confidence signal for final selection. Later work asks how to make
this agreement signal more informative. |Taubenfeld et al. (2025) augment self-consistency with path-
level confidence scores and show that the decisive property is not global calibration, but within-question
discrimination: confidence must separate stronger and weaker responses to the same question if it is to
improve multi-sample selection. Their CISC procedure therefore normalizes candidate confidence within each
question and performs confidence-weighted voting, with P(True) emerging as especially effective for this use
case. In the same spirit, |Chen et al| (2023c|) remove the requirement that answers be cleanly extractable.
Universal Self-Consistency asks the model itself to choose the most consistent response among sampled
candidates, so the confidence signal is comparative rather than scalar: the model acts as a consistency-based
selector over an answer set rather than producing an independent score for each answer.

This family also supports more selective use of confidence. |Jeong & Choil (2025) begin from an ordinary
self-consistency distribution and trigger an additional re-scoring stage only when that distribution is too flat
to be trusted. The first-stage candidate frequencies define an ambiguity signal; only ambiguous cases are
passed to a second-stage multiple-choice selection step, whose outputs are then combined with the original
self-consistency scores. Confidence here is therefore used twice: first to detect when majority voting is
unreliable, and then to support final answer choice among the surviving candidates.

An orthogonal line of work replaces self-derived confidence with externally trained verifier signals. |[Lightman
et al.| (2024) show that process reward models trained with step-level supervision are stronger search-time
selectors than outcome-only reward models, precisely because they can discriminate errors that occur inside
otherwise plausible full solutions. [Wang et al.| (2024]) reduce the annotation burden by constructing process
labels automatically, but the inference role is similar: a step-level verifier scores candidate solutions and the
aggregate verifier score determines which completed solution should survive. These papers belong in the
inference section because the verifier signal governs selection at test time, even though the signal itself is
produced by a separately trained auxiliary model.

Finally, some methods are better understood as confidence-elicitation primitives that support downstream
selection. |Zhou et al.| (2025b)) use prompt steering to obtain multiple verbalized confidence views of the same
answer, combine mean confidence with answer consistency and confidence consistency, and then use the
resulting calibrated score for answer selection. This makes SteerConf highly relevant to inference, but its
main contribution is black-box confidence elicitation rather than multi-candidate reasoning control in the
narrower self-consistency sense.

4.2 Adaptive stopping, refinement, and search

Confidence can also act before the candidate set is complete. In this regime, the relevant units are partial
answer distributions, intermediate reasoning segments, or search states, and the action is to continue, stop,
refine, or revisit the current trajectory. |Aggarwal et al.| (2023) provide the cleanest agreement-based example:
Adaptive-Consistency samples one candidate at a time and stops when the estimated probability that the
current majority answer will remain dominant is sufficiently high. Confidence is therefore not used to rank
completed outputs, but to determine whether additional sampling is still worth the compute. [Huang et al.
(2025a) push the same logic further by first distilling self-consistency-derived confidence into the model
itself and then using the calibrated score for weighted voting, early stopping in Best-of-N, and adaptive
self-consistency. The paper thus straddles post-training and inference, but its operational contribution is
squarely inference-time budget control.

Fu et al.| (2025)) show that the relevant signal need not live at the full-trace level. Their DeepConf framework
derives confidence from internal token probabilities and finds that local low-confidence regions, especially the
least-confident token groups, are more diagnostic than whole-trace averages. This signal then supports two
distinct actions: offline confidence-weighted filtering or voting over completed traces, and online early stopping
when a running trace enters a sufficiently weak local segment. |Li et al.| (2025f) study a different inference



setting—sequential interactions rather than one-shot reasoning—but the control logic is similar. Their CARG
framework extracts response confidence from answer-token probabilities and uses it to decide whether a model
should maintain its current answer or reconsider it under later follow-up pressure. Confidence here functions
as a persistence-versus-revision signal over turns.

More broadly, search-style reasoning methods also employ confidence-like state evaluation. [Yao et al.| (2023)
use self-value and self-vote prompts to score partial thought states, then use those scores to expand promising
branches and prune weak ones. Under the broad operational definition adopted in this survey, these state-
evaluation scores function as confidence over incomplete reasoning states rather than as confidence over
completed answers. |Qiao et al,| (2025) is a boundary case between inference and training: it uses confidence
injection and stopping heuristics to suppress redundant reflection and construct concise reasoning traces,
but much of the eventual gain comes from fine-tuning on the compressed data rather than from leaving the
control rule purely at inference time.

This subsection also clarifies an important boundary of scope. Nearby test-time scaling papers such as
speculative decoding [Leviathan et al.| (2023) and budget forcing in s1 Muennighoff et al.| (2025) adapt compute
at inference time, but they do not do so on the basis of a reliability signal in the sense of this survey. We
therefore treat them as adjacent compute-control baselines rather than as core confidence-utilization methods.

4.3 Confidence-shaped decoding control

At the finest scale, the decision unit is the next-token distribution itself. Here many methods do not estimate
an explicit scalar confidence over a completed answer; instead they use disagreement between predictive views
as an implicit token-level surrogate for reliability. [Li et al.| (2023) provide the canonical example. Contrastive
decoding compares an expert model with a weaker amateur model and prefers tokens that the expert favors
but the amateur over-amplifies less strongly, subject to a plausibility constraint that prevents the contrastive
objective from selecting implausible tokens. The signal is therefore an expert—amateur disagreement score
that directly reweights token choices. |(Chuang et al.| (2024) internalize this contrast within a single network by
comparing late and early layers, using layer disagreement as a token-level control signal for factual decoding.
Zhang et al.| (2025al) make this control adaptive: rather than applying layer contrast at every token, ActLCD
learns a policy for when contrastive intervention is actually needed.

Other methods make the underlying confidence interpretation more explicit. [Huang & Chen| (2025]) use
masked-context contrast to identify tokens whose support is fragile under perturbations of the provided
context, so the signal should be understood as contextual fragility rather than general answer correctness.
Khandelwal et al.| (2025) similarly frame token control as adaptive trust in context: they combine prior—context
divergence, entropy gap, and contextual peakedness into a gating rule that determines how strongly decoding
should follow the context-conditioned distribution rather than the model’s prior distribution. The resulting
signal is hybrid by construction, since it is defined by the relation between parametric and context-conditioned
views rather than by either one alone. Finally, Wei et al.| (2024) show that the relevant inference unit need
not be a token at all. Their CABS framework learns a hidden-state-based confidence model over generated
sub-structures and then uses those local confidence scores to guide beam search in structured generation,
underscoring that the unit axis from §2| remains important even inside a single inference stage.

Discussion. Across these families, inference shifts confidence from gradient allocation to online control.
Candidate-level methods primarily aggregate or select among completed outputs; state-level methods determine
whether reasoning should continue, stop, branch, or be revised; token-level methods reshape the predictive
distribution directly. The same caution from §3| reappears, however: confidence is not semantically uniform
across these papers. Agreement frequency, P(True), verbalized confidence, verifier scores, local log-probability
drops, and contrastive disagreement are not interchangeable, even if they all influence the next inference
action. Making these distinctions explicit is what separates core confidence-driven reasoning methods from
adjacent compute-control or decoding heuristics. It also prepares the transition to routing and cascading,
where the decision unit changes again—from candidate outputs within one model to model choices across a
portfolio.



Method Source Signal Unit Role Access
Output selection

Self-Consistency (Wang et al.||2023a) self answer agreement candidate answer vote MS
CISC (Taubenfeld et al.[]2025) self P(True) / path confidence path / candidate weighted vote MS
Universal SC (Chen et al.||2023c) self comparative consistency judgment candidate response select MS
ACR (Jeong & Choil[2025) self SC frequency + ambiguity score candidate answer trigger, rescore  MS
PRM (Lightman et al.[]2024) auxiliary process reward score step / solution rerank AV, MS
Math-Shepherd (Wang et al.|[2024) auxiliary PRM step score step / solution rerank AV, MS
SteerConf (Zhou et al.||2025b) self steered verbal confidence answer calibrate, select BB
Adaptive stopping, refinement, and search

Adaptive-Consistency (Aggarwal et al.||2023) self majority stability answer set stop MS
Efficient TTS (Huang et al.||2025a) self calibrated response confidence candidate answer vote, stop MS, FT
DeepConf (Fu et al.|[2025) self lowest-group logprob token group / trace filter, stop WB, MS
Firm-or-Fickle (Li et al.||2025f) self answer-token probability response / turn maintain, revise WB
ToT (Yao et al.||2023) self self-value / self-vote thought state expand, prune  MS
ConCISE (Qiao et al.|[2025) self reflection confidence step / trajectory stop, compress FT
Confidence-shaped decoding control

Contrastive Decoding (Li et al.||2023) hybrid expert—amateur gap token reweight 2M
DoLa (Chuang et al.||2024) self layer contrast token reweight WB
Delta-CD (Huang & Chen|[2025) self masked-context contrast token reweight WB
CoCoA (Khandelwal et al.||2025) hybrid prior-context conflict token blend, reweight WB
ActLCD (Zhang et al.||2025a) self learned contrast trigger token gate, reweight WB, FT
CABS (Wei et al.|[2024) self sub-structure confidence sub-structure beam rerank WB, FT

Table 2: Inference-stage confidence-utilization methods, organized by signal source, signal form, decision unit,
functional role, and operational access.

Access: MS = multiple samples or search branches; WB = white-box logits or hidden states; AV = auxiliary verifier; BB =
black-box prompting; 2M = second model at inference; FT = extra post-training or learned controller. Adjacent compute-control
baselines such as speculative decoding and s! are discussed in the text but omitted here because they do not use a reliability
signal in the sense of this survey.

5 Confidence-Guided Model Selection

This section studies confidence-guided model selection in systems with multiple candidate models. Under the
notation of Section [2] the decision state includes the query, the available model pool, the remaining budget
or latency allowance, and, in some methods, a provisional answer or partial generation. The decision units
are therefore models, cascade stages, or token-level hand-off points, depending on when the system intervenes.
The confidence signal may come from the small model itself, from an external router, from judge or verifier
signals, or from uncertainty summaries such as semantic entropy. The downstream action is to select a model,
defer to a stronger one, continue with the current model, or aggregate multiple outputs.

Relative to earlier sections, model selection introduces a particularly important timing distinction. Some
methods make an ex-ante decision before any candidate model is run; others make a post-hoc deferral decision
after a cheaper model has already produced an answer; and a smaller set intervenes mid-generation by handing
off or verifying partial outputs. This timing axis determines both which confidence signals are available and
what the signal means. Pre-call routing typically uses predicted suitability or expected quality, whereas
post-call deferral is able to condition on an actual candidate answer and therefore use answer-conditioned
uncertainty or verification scores. Table [3| organizes these routing and cascade methods by timing, signal
source, and downstream action.

5.1 Confidence-guided selection architectures

Deploying heterogeneous LLMs creates a persistent cost—quality tradeoff: stronger models are usually more
reliable, but they are also slower or more expensive. Confidence-guided selection addresses this tradeoff by
making the amount of computation conditional on the query and, in some cases, on a provisional answer.
Earlier NLP work on model cascading already showed that instance-dependent escalation across models can
jointly improve efficiency and accuracy (Varshney & Barall |2022)); the recent LLM literature inherits this
same control problem, but with richer confidence signals and sharper cost—quality tradeoffs. The literature in
this section falls into three broad families: sequential cascades that defer uncertain cases to stronger models,
pre-call routers that predict which model is most suitable before generation, and hybrid systems that combine
both mechanisms.
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Sequential cascading: deferral as answer-conditioned escalation. Sequential cascades run cheaper
models first and defer only uncertain cases to stronger models. A core question in this setting is how to
summarize the weaker model’s uncertainty in a way that is useful for the deferral decision. |Gupta et al.
(2024)) show that naive sequence-level confidence summaries are strongly length-biased in generative settings
and argue that token-level uncertainty should be treated as the primitive signal. Their main contribution
is to use quantiles over token-level uncertainty, together with learned post-hoc deferral rules, rather than
collapsing a response too early into a single length-sensitive score.

Chen et al.| (2023b)) broaden the picture from one cascade rule to a larger cost-aware orchestration framework.
Frugal GPT studies prompt adaptation, model approximation, and cascades under a unified cost—quality
objective, with adaptive model selection as its central systems contribution. In the present survey, it is best
viewed as a foundational routing-and-cascade system: it demonstrates that adaptive orchestration across
heterogeneous APIs can move the cost—quality frontier substantially, even when the control signal is a learned
utility estimate rather than an explicitly calibrated confidence score.

Aggarwal et al.|(2024)) are closer to a direct confidence-utilization view. AutoMix generates an initial answer
with a cheaper model, then asks that model to self-verify its own output using an entailment-style verification
prompt. Because this self-verification signal is noisy, the routing policy is formulated as a POMDP over latent
query difficulty rather than as a simple fixed-threshold rule. The key lesson is that even imperfect confidence
observations can drive effective deferral when the downstream controller explicitly models uncertainty about
the signal itself.

Two later papers refine cascade control in complementary ways. [Rabanser et al.| (2025) improve cascades
upstream by fine-tuning the smaller model so that its confidence is more useful for deferral, emphasizing
that cascade quality can be improved by confidence tuning rather than threshold tuning alone. Zellinger &
Thomson)| (2025) focus instead on the downstream decision rule: they calibrate raw model confidences and
model their dependence across cascade stages, then optimize thresholds under an explicit error—cost objective.
Together, these papers show that better cascading can come either from better confidence signals or from
more principled use of those signals.

Narasimhan et al.| (2024) connect cascading to speculative decoding. Their speculative cascade view treats
the draft model and the verifier model as a joint system in which standard cascade deferral rules can be
implemented through speculative execution. This makes the paper relevant to both model selection and
inference efficiency: the confidence signal still governs whether the stronger model must intervene, but the
intervention is implemented at the token level rather than only after a full answer is produced.

Pre-call routing: confidence as model suitability. In pre-call routing, the system chooses a model before
any candidate answer is observed. The confidence signal is therefore not answer correctness in the usual sense,
but an estimate of expected model suitability for the query under a target budget or quality level. |[Liu et al.
(2024b)) make this perspective explicit by casting routing as multi-objective assignment under uncertainty.
OptLLM combines a predictive model over candidate LLM suitability with bootstrap-based uncertainty
estimates and then searches for Pareto-efficient assignments under cost and performance constraints. It is
thus less a calibration paper than an uncertainty-aware optimization layer over model assignment.

RouteLLM makes this logic especially concrete by training routers from human preference data to choose
between stronger and weaker models, showing that relative preference supervision can produce cost-sensitive
pre-call routing policies that transfer across changed model pairs (Ong et al., [2024).

Ding et al.| (2024) study a more focused two-model setting. Their router predicts the quality gap between a
small and a large model and conditions the routing decision on a desired response-quality target. This is an
important distinction from generic difficulty estimation: the operative signal is not simply whether a query is
hard, but whether the smaller model is expected to be close enough to the larger one for the user’s quality
requirement. The paper also models uncertainty arising from stochastic generation, which makes the routing
rule more robust than a purely deterministic classifier.

Barrak et al.| (2025)) extend routing to a pool of expert models. CARGO trains an embedding-based regressor
on pairwise LLM-judge preferences to predict each candidate model’s expected performance, then uses the
gap between the top predicted scores as an operational confidence measure. When the gap is small, an
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Method Source Signal Unit Role Access

Language Model Cascades (Gupta et al.|[2024) self token-uncertainty quantiles answer defer Post
FrugalGPT (Chen et al.||2023b) ext predicted utility query / answer  route, defer Post, Aux
AutoMix (Aggarwal et al.[]2024) hybrid self-verification entailment answer defer Post, Aux
Gatekeeper (Rabanser et al.|[[2025) self tuned small-model confidence answer defer Post, FT
Rational Tuning (Zellinger & Thomson||2025) self calibrated confidence + copula stage stop Post
OptLLM (Liu et al.[|2024b) ext bootstrap suitability uncertainty query route Pre, Aux
Hybrid LLM (Ding et al.[|2024) ext predicted quality gap query route Pre, Aux
CARGO (Barrak et al.|[2025) judge/ext  score gap + tie-break classifier query route Pre, Aux
Self-REF (Chuang et al.[|2025a) self confidence-token probability answer route, reject Post, FT
Semantic Entropy (Zhang et al.|[2025¢) self semantic entropy answer offload Post, MS
Unified Routing & Cascading (Dekoninck et al.||2024) hybrid ex-ante + post-hoc quality query / answer  route, defer Pre, Post
Select-then-Route (Shah & Shridhar||2025) hybrid taxonomy + judge agreement  query / answer shortlist, defer Pre, Post, Aux
Speculative Cascading (Narasimhan et al.||2024) hybrid speculative deferral rule token / stage handoff, stop Mid

Table 3: Confidence-guided model-selection methods, organized by signal source, signal form, decision unit,
functional role, and operational access.

Access: Pre = pre-call routing; Post = post-hoc deferral after a provisional answer; Mid = mid-generation hand-off; MS =
multiple sampled outputs; Aux = auxiliary router, judge, or classifier; F'T = extra post-training or confidence tuning. The table
focuses on core routing and cascade methods. Adjacent orchestration methods such as MoA and token-stitching methods such
as R-Stitch (Chen et al., [2025b) are discussed in the text but omitted here.

auxiliary binary classifier is invoked to resolve the ambiguity. The confidence signal here is therefore relative
and comparative: it measures how decisively the router prefers one model over another, rather than how
likely any single answer is to be correct.

A different route to confidence-guided routing is developed by [Zhang et al.| (2025c), who use semantic entropy
in an edge—cloud setting. The local model first produces multiple candidates, which are grouped by semantic
equivalence; entropy over these meaning-level clusters is then used as the uncertainty signal that triggers
offloading to a stronger cloud model. This paper is noteworthy because it directly connects modern uncertainty
estimation methods to routing decisions and emphasizes response quality, not only benchmark accuracy, as
the quantity to preserve.

Chuang et al.| (2025a)) occupy a useful middle position between routing and confidence learning. Self-REF
fine-tunes a local model to emit confidence tokens that are conditioned on the answer it has already produced,
and the resulting token probabilities are then used for routing or rejection. Although the method is learned
during training, its main downstream role is post-answer model selection: the system decides whether the
local model should be trusted or whether a stronger fallback model should be invoked.

Hybrid systems and adjacent orchestration methods. Several recent systems explicitly combine
ex-ante routing with post-hoc deferral. Dekoninck et al.| (2024) formalize this relationship by distinguishing
ex-ante quality estimation, which supports routing before a model is called, from post-hoc quality estimation,
which supports cascading after an answer is observed. Their unified cascade-routing view is important for the
survey because it shows that routing and cascading are not disjoint families but two points in a common
decision space.

Shah & Shridhar| (2025]) provide a practical realization of this hybrid view. SELECT-THEN-ROUTE first
narrows the candidate set through a taxonomy-guided router, then applies confidence-triggered escalation
within the shortlisted pool using multi-judge agreement. The first stage reduces the decision space; the second
stage uses a confidence signal to decide whether a cheaper selected model is sufficient. This decomposition is
representative of more realistic production systems, where model selection is often hierarchical rather than a
single one-shot choice.

Finally, some multi-model systems are adjacent rather than central to confidence-guided routing. [Wang et al.
(2025a)), for example, study collaborative aggregation across models in a layered mixture-of-agents architecture.
MOoA is useful context for multi-model orchestration, but its main mechanism is iterative synthesis rather
than explicit confidence-based model selection. We therefore treat it as a neighboring orchestration pattern
rather than a core routing or cascade method.

Discussion. Confidence-guided model selection extends the same basic pattern seen in earlier sections: a
reliability-relevant signal is estimated for a decision unit and then converted into an action. What changes in
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this section is the unit itself. Instead of deciding which token, step, or answer to keep, the system now decides
which model to call, whether to defer to a stronger one, or whether to continue a multi-stage pipeline. This
shift makes confidence less about a single model’s internal certainty and more about comparative suitability
under resource constraints.

The routing literature is especially clarified by separating when the decision is made. Pre-call routers such as
OptLLM, RouteLLM, Hybrid LLM, and CARGO operate without seeing an answer and therefore rely on
predicted model quality, predictive uncertainty, or score margins. Post-hoc deferral methods such as Language
Model Cascades, AutoMix, Self-REF, and semantic-entropy offloading observe a provisional answer first and
can therefore use answer-conditioned signals. Mid-generation systems such as speculative cascading occupy
an intermediate point in which the confidence signal is tied to partial generations and verifier intervention.
Many apparent disagreements between papers are better understood as consequences of this timing difference
rather than as contradictions about which confidence signal is universally best.

The section also shows that confidence source becomes more heterogeneous once multiple models are involved.
Some systems rely on self-signals from the cheaper model, including token uncertainty, learned confidence
tokens, or semantic entropy. Others depend on external predictors, such as query-level performance models or
optimization layers. A third group uses judge-style signals, including pairwise LLM judgments or multi-judge
agreement, to estimate relative model quality. These sources are not interchangeable: self-signals are often
cheaper at deployment once a candidate answer exists, whereas external and judge-based signals are more
natural for pre-call routing or expert selection across larger model pools.

Finally, the strongest recent systems increasingly blur the boundary between routing and cascading. Unified-
routing formulations and taxonomy-guided shortlist-then-escalate pipelines both suggest that practical systems
rarely perform only one kind of confidence-guided decision. Instead, they layer ex-ante pruning, post-hoc
checking, and selective escalation. This is precisely where the broader definition of confidence adopted in
this survey is useful: the controlling signal may be token uncertainty, semantic entropy, judge agreement,
predicted quality gap, or bootstrap uncertainty, but in each case it is being used to decide how the system
allocates model capacity.

6 Confidence-Gated RAG Systems

RAG introduces confidence-guided control at several distinct stages of the same pipeline. In the notation of
Section [2] the decision state now contains the query, any retrieved documents or snippets, partial generations,
and, in some systems, verifier outputs or retrieval-quality estimates. The decision units therefore range from
the query itself to documents, snippets, claims, and final answers. The corresponding actions are equally
varied: decide whether retrieval is needed at all, choose a retrieval mode, filter or rerank context, verify
groundedness after generation, or abstain when the resulting answer is not trustworthy enough.

What makes RAG distinctive is that confidence must be interpreted relative to source. A high-confidence
answer may reflect strong parametric knowledge, strong support from retrieved evidence, or an unresolved
conflict between the two. This is why the RAG literature repeatedly distinguishes internal knowledge from
external support, and why diagnostic work such as|Soudani et al.| (2025)) is so important: uncertainty methods
that work in no-retrieval settings do not automatically transfer once retrieved context changes the model’s
epistemic state. The section is organized accordingly, moving from retrieval gating to context selection, then
to post-hoc groundedness assessment and abstention. Table [4] summarizes where confidence enters the RAG
pipeline and what decision it governs at each stage.

6.1 When to Retrieve

The first RAG control question is whether external evidence is needed at all. Here the relevant confidence
signal is usually a query-level or generation-level estimate of the marginal value of retrieval, not a final answer
confidence in the ordinary sense. Some methods make this decision during generation. [Jiang et al.| (2023)
trigger retrieval in FLARE when predicted upcoming content contains low-confidence tokens, using those
predictions to form forward-looking retrieval queries. [Su et al.| (2024b) broaden this idea by modeling the
model’s evolving information need rather than only reacting to a local token heuristic, and they explicitly
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Method Source Signal Unit Role Access
‘When to retrieve

self low-confidence future tokens sentence / token trigger, regenerate Mid

self information-need uncertainty context / step trigger, query Mid

ext predicted question complexity query route strategy Pre, FT

self self-knowledge elicitation query retrieve-or-skip Pre

self reflection tokens query / passage / answer  trigger, critique Pre, Ctx, FT

mech self-aware internal uncertainty query / snippet / strategy trigger, rerank, route Pre, Ctx, WB

self semantic uncertainty query trigger, choose depth Pre, MS

self parametric-path convergence query / document trigger, filter Pre, Ctx

ext retrieval-quality score retrieval set correct, fallback Ctx, Aux

ext context usefulness score passage / sentence filter Ctx, FT

self document information gain document rerank, filter Ctx

self self-knowledge sentence score sentence filter Ctx, FT

self sparse document-selection score document select, sparsify Ctx, Mid

self span uncertainty / SNR span / chunk score, retrieve Ctx, FT
Groundedness and Hallucination Detection
ReDeEP 1 mech ECS + PKS answer / mechanism detect, mitigate Post, WB
HALT-RAG lmm m ext calibrated NLI ensemble claim / answer detect, abstain Post, Aux
FRANQ (Fadeeva et al. ext faithfulness-conditioned factuality UQ claim detect Post, Aux
Abstentlon and Conformal Guarantees
TRAQ (L hybrid  conformal passage + answer scores passage set / answer set set-predict Ctx, Post, CP
ConFLA ext conformal similarity threshold chunk / retrieval set calibrate retrieval Ctx, CP
Principled Ctx ng 1 m ext conformal snippet relevance snippet filter Ctx, CP
Conformal-RAG ( m hybrid  conditional conformal factuality sub-claim filter Post, CP
Divide-Then-Align (Sun et al. hybrid  knowledge-boundary quadrant query abstain, align Post, FT

Table 4: Confidence-guided RAG methods, organized by signal source, signal form, decision unit, functional
role, and operational access.

Access: Pre = before retrieval; Mid = during generation or active retrieval; Ctx = retrieved-context scoring or filtering stage;
Post = after answer generation; MS = multiple samples; WB = white-box activations or logits; Aux = auxiliary evaluator,
verifier, or classifier; FT = extra post-training or learned controller; CP = conformal calibration set / formal coverage guarantee.
Background, dataset, and diagnostic papers such as|Mallen et al.| (2023); |Niu et al.| (2024)); Lymperopoulos & Sarathy| (2025);
[Soudani et al| (2025); [Tao et al.| (2024)) are discussed in the text but omitted here.

improve both retrieval timing and retrieval query construction. In both cases, retrieval is activated when the
ongoing generation suggests that parametric knowledge alone is no longer sufficient.

Other systems decide earlier, at the query level. |Jeong et al| (2024) frame retrieval as strategy selection:
the model should choose among no retrieval, single-step retrieval, and more elaborate iterative pipelines
according to estimated question complexity. Wang et al.| (2023b) use self-knowledge signals to decide whether
a question lies within the model’s parametric competence, so retrieval is triggered only when the model judges
that outside support is needed. [Mallen et al| (2023) provide the broader motivation for this line of work by
clarifying the trust boundary between parametric and non-parametric memory, even though their paper is
more analytical than algorithmic.

Several recent methods make the control signal richer than a one-bit trigger. |Asai et al.| (2024) train
SELF-RAG with reflection tokens that jointly govern whether to retrieve, whether retrieved passages are
relevant and supportive, and whether a generated answer is useful. likewise use internal-state
uncertainty as a multi-role signal that supports retrieval triggering, snippet reranking, and strategy choice.
study temporal entropy patterns as another way to anticipate retrieval needs before errors fully
materialize. [Zubkova et al.| (2025) extend adaptive gating to retrieval depth, using semantic uncertainty to
choose not only whether to retrieve but also whether single-step or multi-step retrieval is warranted. Finally,
|Chen et al| (2025a)) use agreement between two parametric answer paths as a verification signal: if the two
paths converge, retrieval can be skipped; if they diverge, the system retrieves and then filters documents
adaptively. Taken together, these papers show that “when to retrieve” is best understood as a decision about
the expected value of non-parametric knowledge under the current state, not merely as thresholding a generic
uncertainty score.

6.2 What Context to Keep
Once retrieval has been invoked, the next control problem is context allocation: which retrieved units

are actually worth preserving for generation? This stage is different from retrieval gating because the
relevant signal now concerns retrieval quality, passage utility, or snippet coherence rather than parametric
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self-knowledge. [Yan et al| (2024) exemplify this shift. CRAG uses a retrieval evaluator to score the quality of
the retrieved set and then branches to different corrective actions: keep and refine the context when retrieval
is good, fall back to web search when it is poor, or mix strategies when confidence is ambiguous. The signal
therefore controls how to repair retrieval, not only whether retrieval should have happened.

Other papers make passage utility itself the scored object. |[Wang et al. (2025b) define Document Information
Gain as the change in generation confidence caused by a document and use that signal for reranking and
filtering. This is one of the clearest document-level confidence-utilization ideas in the RAG literature because
the score is explicitly answer-conditioned rather than based only on semantic similarity. |[Wang et al.| (2023c)
similarly treat context filtering as a first-class learned decision point before generation. [soda; (2025) push
filtering to sentence level by using elicited self-knowledge as a signal for which retrieved content should be
retained, while |Zhu et al.| (2024) integrate document selection into decoding itself through sparse context
selection. In a broader adaptive-RAG view, both SELF-RAG and SEAKR also belong here because their
reflection or uncertainty signals are reused after retrieval to critique and prioritize external evidence rather
than merely to trigger retrieval.

Long-context retrieval introduces another unit of control: the span or chunk. |Li et al.| (2024¢]) show that chunk
boundaries can destabilize retrieval and therefore model span-level uncertainty directly to improve similarity
estimation and robustness under chunking noise. This is an important reminder that RAG confidence is not
only about the final answer. It can also attach to passages, snippets, or spans whose estimated usefulness or
stability determines how much external context the generator actually sees.

6.3 Groundedness and Hallucination Detection

Even with retrieved evidence, RAG systems can still hallucinate by ignoring context, overtrusting parametric
knowledge, or mixing the two sources improperly. At this stage the central question is no longer whether to
retrieve or which evidence to keep, but whether the generated content is actually grounded in the available
evidence. The field has benefited from stronger evaluation resources here. Niu et al. (2024)) provide a
fine-grained hallucination corpus for RAG, but the paper should be understood as dataset infrastructure
rather than as a direct confidence-utilization method. Its main value in this survey is that it enabled later
groundedness detectors to be studied on realistic RAG errors.

Among those detectors, |Sun et al.| (2024) are especially important because they make the source conflict
explicit. ReDeEP uses mechanistic signals to separate parametric knowledge use from external-evidence use,
showing that hallucination often arises when internal parametric mechanisms dominate despite available
context. |(Goswami & Kurra) (2025]) take a more black-box route and use calibrated NLI-ensemble features
for post-hoc hallucination detection with abstention. [Fadeeva et al.| (2025 sharpen the target further by
distinguishing factuality from faithfulness: a statement can be unsupported by the retrieved context without
being false in the world, and a good uncertainty estimate should not collapse those cases together. This
distinction is one of the most important conceptual corrections in the RAG literature.

Several adjacent papers broaden the notion of source-aware confidence. |Chen et al.| (2025a)) compare parametric
and retrieval-informed answer paths, using their convergence or divergence as a signal for whether external
evidence has changed the system’s belief meaningfully. [Lymperopoulos & Sarathy| (2025)) extend uncertainty
estimation to tool-augmented systems more generally, including RAG as one application, by jointly modeling
LLM and tool uncertainty. Soudani et al.| (2025]) then provide the key diagnostic result for the whole section:
uncertainty estimators that look reasonable in plain LLM settings often violate basic desiderata once retrieved
context is introduced. Their contribution is not a new adaptive RAG pipeline, but a principled warning that
RAG-specific uncertainty should be evaluated differently from no-retrieval uncertainty.

6.4 Abstention and Conformal Guarantees

The final RAG control problem is what to do when confidence remains insufficient even after retrieval and
post-hoc checking. One answer is abstention; another is to return calibrated sets or filtered claims with
formal guarantees. The conformal line of work is especially important here because different papers guarantee
different objects. |Li et al.| (2024d]) apply conformal prediction to both retrieval and generation, producing
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passage sets and answer sets with end-to-end correctness guarantees at the set level. Rouzrokh et al.| (2024)
focus more narrowly on retrieval coverage by calibrating similarity thresholds so that answer-containing
chunks are included with target confidence. |Chakraborty et al.| (2025 move the guarantee to snippet filtering
before generation, while [Feng et al.| (2025) apply conditional conformal prediction at the sub-claim level to
filter generated claims according to factuality guarantees. These papers belong together, but they should not
be treated as interchangeable because they calibrate different units and guarantee different notions of success.

Abstention can also be learned rather than fully conformalized. [Sun et al.| (2025) model the joint knowledge
boundary of parametric and retrieved knowledge and train the system to refuse when neither source is
adequate. This is a confidence-utilization method in a broad sense, but its signal is knowledge-boundary
membership rather than a post-hoc scalar threshold. HALT-RAG, discussed above, sits nearby as a practical
precision-constrained abstention system built on calibrated verification scores. These methods show that
trustworthy RAG often depends as much on deciding not to answer as on retrieving the right evidence.

More broadly, confidence-alignment work such as[Tao et al.|(2024) is relevant to RAG because it prepares
verbalized confidence for downstream trust and retrieval decisions. However, it is best read as a bridge from
confidence elicitation to RAG control rather than as a core RAG pipeline paper. That distinction matters for
the survey: some methods are native RAG mechanisms, while others supply better confidence signals that
RAG systems can later consume.

Discussion. Across these subsections, RAG makes confidence more source-sensitive than any earlier stage
of the lifecycle. Before retrieval, the signal estimates whether external evidence is worth paying for. After
retrieval, the signal estimates which evidence is useful enough to retain. After generation, the signal estimates
whether the resulting content is grounded, faithful, or safe enough to return. The same general pattern from
Section [2] still holds, but the unit and the meaning of the score change sharply from one stage to the next.

This is why source-aware distinctions are essential in RAG. Parametric self-knowledge, retrieval-quality
estimates, document utility scores, mechanistic signals, NLI-based support scores, and conformal nonconformity
scores are all confidence-like control signals, but they answer different questions. In particular, the literature
now makes clear that faithfulness and factuality must be separated, and that confidence in internal knowledge
must be distinguished from confidence grounded in retrieved context. Papers such as FRANQ, ReDeEP,
PAIRS, and the axiomatic analysis of [Soudani et al.| (2025) are especially valuable because they expose this
distinction directly rather than assuming a single scalar uncertainty can cover all cases.

The open problem is therefore not merely better calibration of one score. It is how to represent and use
confidence in a way that tracks where the model’s belief comes from. RAG has already established that
confidence can gate retrieval, filter context, verify groundedness, and support abstention or formal guarantees.
The next frontier is source-aware confidence that explicitly models the interaction between parametric memory
and contextual evidence instead of treating them as interchangeable contributors to one undifferentiated
belief state.

7 Confidence-Based Risk Management

Risk management is the point where confidence becomes an explicit decision variable. Given a candidate
answer, a set of atomic claims, or a set-valued prediction, the system may abstain, trigger verification, flag
hallucination risk, or return a calibrated set rather than a single output. In the notation of Section [2] the
decision units in this section are primarily answers, claims, and prediction sets, and the downstream actions
are DETECT, ABSTAIN, COVER, and CALIBRATE. The emphasis is therefore different from earlier sections:
the goal is not merely to estimate confidence, but to use it to reduce failure in settings where unsupported
answers are costly.

Adjacent surveys cover parts of this landscape from different angles. |Rawte et al.| (2023) review hallucination
across foundation models, while Wen et al.| (2025)) survey abstention in large language models. Our focus
here is narrower and more action-oriented: how confidence-like signals are obtained, and then converted into
concrete risk-control decisions. To keep that hierarchy clear, we treat confidence elicitation as an enabling
layer, and then examine three main downstream families: hallucination and failure detection, conformal
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coverage, and abstention-oriented reliability alignment. Table |5 groups the risk-management literature by
signal form, protected unit, and operational guarantee.

7.1 Obtaining Actionable Confidence Signals

Before confidence can gate risk, systems need access to some actionable signal about answer reliability. Earlier
sections consume confidence primarily for efficiency or accuracy, but risk management places stronger demands
on signal quality, such as capturing directional overconfidence, remaining meaningful under input ambiguity,
and generalizing across evaluation contexts. Foundational work introduced self-knowledge formulations such
as P(True) and P(IK), separating confidence in a proposed answer from confidence that the model knows the
answer at all (Kadavath et al.,2022)). Closely related work evaluates self-knowledge more directly through the
ability to recognize unanswerable or unknowable questions, framing uncertainty as awareness of the model’s
own knowledge boundary rather than only confidence in a proposed answer (Yin et all 2023). Later work
showed that, especially for RLHF models, prompted verbal or numerical confidence can be better calibrated
than raw conditional probabilities, particularly when the model is asked to consider alternative answers before
committing to a score (Tian et al.l 2023)). These signals matter in the present section not because elicitation
is the end goal, but because abstention, selective generation, and post-hoc verification all depend on having
some usable estimate in the first place.

However, the usefulness of an elicited signal depends on what kind of uncertainty is present. [Cole et al.| (2023)
show that abstention is not only about epistemic ignorance; denotational ambiguity creates a separate failure
mode in which the model answers confidently even though the question itself is underspecified. This is one
reason why scalar calibration metrics alone are incomplete. Subsequent work sharpens this diagnosis from
several directions: Net Calibration Error makes directional overconfidence explicit (Groot & Valdenegro Torol
2024)); verbal uncertainty can be traced to a representation-space feature and adjusted through mechanistic
intervention (Ji et al.[|2025); and consistency under uncertain-expression prompting provides a cheap black-box
factuality signal without logit access (Joo et all 2025). Even so, elicited confidence remains fragile. Verbal
confidence can help in some answering settings (Tian et al.l 2023)), yet it remains overconfident in evaluator
pipelines such as LLM-as-a-Judge (Tian et al. 2025). For that reason, the remainder of this section treats
elicitation as a prerequisite for risk control rather than as an end in itself.

7.2 Hallucination and Failure Detection

One major use of confidence in risk management is to identify outputs whose factuality is doubtful before
they are acted upon downstream. Black-box methods exploit behavioral instability. [Manakul et al.| (2023]) use
divergence across sampled responses as a zero-resource hallucination signal, showing that self-consistency alone
can separate factual from non-factual statements. [Farquhar et al.| (2024]) replace raw lexical disagreement
with semantic entropy, clustering sampled answers by meaning and measuring uncertainty over semantic
clusters rather than surface forms. This shift is important because many incorrect outputs differ only lexically,
whereas semantic entropy targets confabulations at the level of meaning.

Later work compresses or redirects these signals for deployment. [Han et al.|(2024) approximate semantic
entropy with cheap probes over hidden states from a single generation, preserving much of the original
detector’s strength while removing repeated sampling at test time. |Chen et al.| (2024a)) and |Azaria &
Mitchell| (2023)) instead access internal representations directly, using hidden-state classifiers or semantic-space
consistency scores to detect false or overconfident generations even when the decoded text looks fluent.
At the black-box end, [Joo et al| (2025]) use consistency under uncertain-expression prompting as a lower-
cost factuality cue, while Muhammed et al.| (2025) show that many of these detectors transfer unevenly
across domains, especially from biography-style factuality to mathematical reasoning. In long-form settings,
frameworks such as FACTSCORE provide the atomic-claim decomposition that many later detection and
conformal methods rely on, even though they are primarily evaluation infrastructure rather than detectors
themselves (Min et al., 2023).
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Method Source Signal Unit Role Access
Actionable Signals
P(True) / P(IK) (Kadavath et al.||[2022 self self-knowledge score answer / query elicit Pr
Just Ask lmﬂ@ self verbal / numerical confidence answer elicit, calibrate Pr
VUF / MU 'WI@ mech verbal-semantic mismatch answer / hidden state detect, steer WB
UExpr Consistency (Joo et al. self uncertain-expression consistency answer detect BB
Hallucination / Failure Detection
SelfCheckGPT 1 self inter-sample consistency sentence / answer detect BB, MS
Semantic Entropy (Farquhar et al.][2024 self entropy over meaning clusters answer set detect MS
z@ mech probed semantic entropy answer / hidden state detect WB
al.] mech EigenScore + clipping answer / hidden state detect WB
mech hidden-state truth probe statement / answer detect WB
self option nonconformity answer set set-predict Ccp
self sampling + rejection score output set set-predict, filter MS, CP
hybrid  entailment-based nonconformity claim filter, back off CcpP
hybrid  conditional factuality score claim filter Ccp
hybrid  graph-structured conformal score claim graph filter, preserve coherence CP
hybrid ~ sample frequency + semantic similarity answer set set-predict API, MS, CP
self conformal temperature scaling prediction set calibrate Ccp
self token-level self-eval answer abstain, select Pr
self adapted self-eval score answer abstain PE
self repetition / agreement query / answer set abstain MS
self parametric knowledge boundary query / answer abstain, align FT
self semantic entropy answer abstain, align FT, MS
2025¢] self tokenized Brier verbal confidence answer calibrate FT
2025} self semantic cluster consensus answer sample abstain, align RL, MS
Act.-Based tm 2025d| mech FFN activation confidence answer abstain WB

Table 5: Confidence-based risk-management methods, organized by signal source, signal form, decision unit,
functional role, and operational access.

Access: Pr = prompted elicitation or self-evaluation; BB = black-box prompting only; WB = white-box hidden states or logits;
MS = multiple samples; API = API-only deployment; PE = parameter-efficient adaptation; FT = extra fine-tuning; RL =

reinforcement learning; CP = conformal guarantee. Diagnostic metrics, surveys, benchmarks, and adjacent papers such as NCE,
LLM-as-a-Judge overconfidence, FACTSCORE, SafeBehavior (Zhao et al|, [2025), [Li et al. (2025b)), [Tripathi et al(2025), and

(2025) are discussed in the text but omitted here.

7.3 Conformal Prediction and Coverage Guarantees

Conformal methods use confidence or nonconformity scores in a different way. Rather than ranking answers
by trust alone, they convert uncertainty into set-valued outputs or filtered responses with explicit coverage
guarantees. Early LLM work applies split conformal prediction to multiple-choice QA, producing answer sets
whose size reflects uncertainty and whose guarantees depend on the usual exchangeability assumptions
. For open-ended generation, conformal language modeling calibrates sampling and rejection rules
over candidate outputs (Quach et al.| [2024), while API-only methods replace logits with sampling frequency
and semantic similarity so that conformal prediction remains possible in black-box deployments

2021).

Another line targets factuality at the claim level. Mohri & Hashimoto| (2024)) introduce conformal factuality,
progressively backing off from a response by removing the least certain claims until the remaining output
satisfies a target correctness level. Subsequent work strengthens this family in two directions:
make the guarantees more adaptive and topic-sensitive, and [Rubin-Toles et al. (2025]) extend conformal
factuality to reasoning tasks where claims cannot be filtered independently but must remain coherent as a
graph. A key lesson from this literature is that conventional calibration and conformal efficiency are not the
same objective. Standard calibration procedures can enlarge conformal sets, which is why
optimize directly for conformal efficiency rather than ordinary ECE. General conformal risk control provides
the theoretical backdrop, but the practical design choice in LLMs is the unit to which the guarantee is
attached: answer options, sampled outputs, or atomic claims (Angelopoulos et al. [2024)). Relatedly,
treat trustworthiness itself as the conformal target, using a calibrated threshold to select outputs
whose predicted alignment scores imply a user-specified reliability level. A complementary recent direction,
Conformal Linguistic Calibration, reinterprets linguistically hedged answers as answer-set prediction and uses
conformal guarantees to trade off factuality against specificity, thereby linking coverage control to verbal
uncertainty expression more directly (Jiang et al., [2025)).
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7.4 Abstention and Reliability Alignment

Abstention methods use confidence more directly: the model answers when the signal suggests adequate
support and refuses, defers, or hedges when it does not. In selective generation, token-level self-evaluation
often outperforms raw sequence likelihood for deciding when to abstain on free-form outputs (Ren et al.| 2023]),
and parameter-efficient adaptation can improve the quality of those self-evaluation signals for task-specific
selective prediction (Chen et all |2023al). R-Tuning turns this into a training objective by constructing
refusal-aware supervision around the model’s parametric knowledge boundary (Zhang et al.| |2024bl), while
semantic-entropy fine-tuning provides a label-free alternative that extends more naturally to long-form
generation (Tjandra et al., [2024).

More recent work refines the abstention signal itself. [Huang et al| (2025d) use activation-based uncertainty
estimation to support low-latency response abstinence in high-stakes RAG deployments, |Li et al.| (2025¢)
train models to verbalize calibrated confidence through a tokenized Brier objective, and |An & Xul (2025) use
fine-grained semantic consensus as a reward for abstention-oriented reinforcement learning. These methods
are best understood as reliability alignment rather than pure calibration: they attempt to move the refusal
boundary itself, not merely to post-process a fixed score. That distinction is central in the abstention literature
surveyed by [Wen et al.| (2025), which emphasizes that query answerability, model confidence, and value
alignment can all justify refusal. It is also why robustness matters. Verbal confidence may be useful under
nominal prompting, yet it remains vulnerable to adversarial manipulation (Obadinma & Zhu, 2025)), and
broader work on calibration attacks suggests that confidence robustness is itself a separate design objective
rather than a by-product of nominal calibration (Obadinma et al. 2024). We return to this issue in Section |§|
(Challenge 5), where we discuss robustness and portability as a cross-cutting open problem.

Discussion. The preceding subsections suggest that confidence-based risk management serves at least
three distinct objectives. Calibration-oriented work asks whether a signal tracks empirical correctness or
uncertainty. Selective-reliability work asks whether the system abstains, filters, or escalates at the right
boundary. Conformal work asks whether set-valued or filtered outputs achieve a target error rate while
remaining useful. These objectives are related, but they are not interchangeable, and the literature becomes
much easier to read once that distinction is made explicit.

This perspective also explains several apparent tensions in the literature. Verbalized confidence can outperform
raw probabilities in some RLHF answering settings (Tian et al.; 2023) yet remain overconfident in evaluator
pipelines or under adversarial prompting (Tian et al., [2025; (Obadinma & Zhul 2025|). Calibration-focused
fine-tuning can improve verbal honesty or ECE (Li et al., [2025¢) without improving conformal efficiency
(Xi et al. |2025). Likewise, methods that reshape the refusal boundary through tuning or reinforcement
learning (Zhang et al.l [2024b; [Tjandra et al.l |2024; |An & Xul 2025|) solve a different problem from post-hoc
detectors such as semantic entropy or SelfCheckGPT (Farquhar et al., 2024} Manakul et al.; 2023)). The
practical question is therefore not which method is “most calibrated” in the abstract, but which guarantee
the deployment setting actually requires.

In practice, disagreement- and representation-based detectors are appropriate when the goal is to warn
on likely hallucinations; abstention-alignment methods are more suitable when the system must refuse
unsupported answers; and conformal methods are the right tool when auditable coverage guarantees are
required, even at the cost of larger sets or less specific outputs. Across all three settings, the open problem is
joint design: obtaining confidence signals that remain informative under ambiguity, robust under attack, and
useful for downstream control rather than only for post-hoc reporting.

8 Confidence in Agentic Systems

Confidence-guided agentic control extends the survey from single decisions to composed action loops. In agent
settings, the system must decide not only which answer to trust, but whether to call a tool, allocate more
compute, revise a partial plan, backtrack from an error state, or aggregate multiple agents into a final action.
Under the broad definition used throughout this survey, the relevant signals therefore include self-confidence,
verifier uncertainty, process-reward estimates, hesitation features, and communicated peer confidence. The
common pattern from Section [2] still applies: a reliability-relevant score is attached to a decision unit and
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then converted into an action. What changes is that the unit itself can now be a tool call, a reasoning step, a
search branch, a full trajectory, or a team-level vote.

Extensions to the core notation. Agentic control benefits from two additional descriptors. The first
is temporal horizon: confidence may attach to a local step, an intermediate branch, a full trajectory, or an
end-to-end episode. The second is actor scope: the relevant signal may come from the acting agent itself, from
a verifier or reward model, from peer agents in a discussion, or from an external orchestrator. In practice, the
state & now contains not only the prompt and partial output, but also environment observations, memory,
tool outputs, and peer messages. This section uses those two descriptors to organize the literature into four
layers of control: selective escalation, self-correction, verifier-guided search, and multi-agent aggregation.
Table [6] collects the core agentic methods and highlights which signals drive escalation, search, or aggregation.

8.1 Selective Escalation, Tool Use, and Budget Allocation

The first agentic control problem is whether additional action is warranted at all. Rather than always debating,
always searching, or always invoking more compute, several recent systems use confidence-like signals to
decide when escalation is likely to pay off. [Fan et al. (2025)) study this question directly for multi-agent
debate. Instead of triggering debate through a raw confidence threshold, they extract structured hesitation
features from a self-critique and train a lightweight classifier to decide whether debate is likely to improve the
answer. The signal is therefore query-level and policy-facing: invoke a more expensive collaborative procedure
only when the expected gain justifies the cost.

Adaptive compute allocation makes the same decision at a different granularity. |Park et al.| (2025)) calibrate
process reward model (PRM) success estimates so that they can be used as decision-grade confidence signals
for allocating additional search or best-of-N budget. |Snell et al.| (2025)) frame the broader systems problem:
inference-time compute should be allocated unevenly across prompts, since easy queries benefit less from
extra search than medium-difficulty ones. In both cases, the decision is not which answer is currently best,
but whether a partial trajectory or prompt deserves more budget. Verification-aware planning systems such
as | Xu et al|(2026) push this logic into coordination itself, using planner-defined verification functions to
decide whether a subtask should proceed, retry, or trigger replanning.

This selective-escalation view also clarifies what does not belong centrally in this section. Confidence-gated
edge-cloud routing, dynamic retrieval, and answer rejection are closely related ideas, but papers such as
Zhang et al.| (2025d); |Chuang et al. (2025b); |Jin et al. (2025); (Chuang et al.| (2025a); |[Fu et al.| (2025]) are
more naturally treated in Sections [f] [6} and [4] where the controlled units are models, retrieved context, or
candidate answers rather than native agent actions.

8.2 Self-Correction, Revision, and Backtracking

The next control layer operates inside an ongoing trajectory. Foundational baselines such as Madaan et al.
(2023) and [Shinn et al.| (2023)) show that language feedback can improve future behavior, either within a
single critique-and-revise loop or across repeated trials with memory. These papers are essential context, but
their signals are mostly holistic and verbal: the model critiques an output or stores a lesson, rather than
explicitly deciding which local part of a trajectory is unreliable.

Several later papers make that decision much more explicit. |Lee et al|(2025) learn intrinsic self-verification
and an internal stop-versus-revise decision, then use the resulting verification confidence both to determine
whether refinement should continue and to bias inference-time decoding. [Shi et al.| (2025) move from whole-
answer critique to process-level repair by decomposing reasoning into Socratic steps, estimating confidence
for each step through repeated sub-question solving, and revising from the weakest point. In interactive
environments, [Wu et al.| (2025¢) use verifier and judger signals to decide whether the current GUI state
indicates an error that warrants backtracking. What these papers share is not merely self-improvement, but
explicit local control: confidence or verification is attached to a step or state, and that signal determines
whether the agent should continue, revise, or roll back.

Other agentic papers are better understood as behavioral rather than calibration-native control. [Kim et al.
(2025)) teach reflection and backtracking from search-derived traces, while [Yang et al.| (2025) explicitly train
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Method Source Signal Unit Role Access

Selective Escalation

self hesitation-feature trigger query trigger debate Pr, FT, MA
auxiliary calibrated PRM success prefix / traj allocate budget Aux, MS, FT
hybrid difficulty / verifier value query / traj allocate compute Aux, MS
auxiliary planner verification funcs subtask / plan node retry, replan Env, Aux
ReVISE l self intrinsic self-verification step / traj revise, stop FT
SSR l @ self step self-consistency Socratic step locate, refine MS, Pr
BacktrackA . 2025c| auxiliary verifier + judger score page / action state  detect, backtrack Env, Aux

hybrid value + reflection signal node / traj expand, select Env, MS
auxiliary inferred process reward step / traj expand, filter MS, FT
auxiliary PRM uncertainty (MC Dropout) step / node guide search, allocate budget Aux, MS, FT
auxiliary trajectory reward score step / traj guide search Aux, FT
hybrid RM + verifier reward response / traj select, supervise Aux, FT
Multi-Agent Deliberation
ReConcile (Chen et al.| m peer calibrated agent confidence answer / round aggregate, update MA
ConfMAD (Lin & Hooi| 2025 peer LN / verbal confidence response / turn aggregate, revise MA

Table 6: Confidence-guided agentic control methods, organized by signal source, signal form, decision unit,
functional role, and operational access.

Access: Pr = prompted self-critique or self-evaluation; Env = interactive environment or planner-mediated execution; Aux =
external verifier, reward model, or planner module; MS = multiple samples / rollouts; FT = extra post-training or learned
controller; MA = multi-agent discussion. Baseline or diagnostic papers such as|Madaan et al. (2023); [Shinn et al.| (2023));
let al.| (2025); [Yang et al.| (2025); |Cui et al.| (2025)); [Kaesberg et al| (2025); Wu et al.| (2025a) and off-section routing / RAG
papers such as|Zhang et al.| (2025c); |Chuang et al.| (2025b)); [Jin et al|(2025); |(Chuang et al.| (2025a)); [Fu et al.| (2025) are discussed
in the text but omitted here.

models to emit backtracking actions during reasoning. These methods clearly govern downstream actions,
but the control signal is embedded in learned search behavior rather than surfaced as a calibrated scalar.
Distinguishing these cases matters for the survey: they are relevant agentic control papers, but they should
not be presented as if they solve the same problem as intrinsic self-verification methods such as ReVISE or
step-confidence methods such as SSR.

8.3 Verifier- and Reward-Guided Search

Search-based agent systems attach control signals to prefixes, nodes, or trajectories rather than final answers.
[Zhou et al.| (2024) combine MCTS with reflections and environment feedback so that expansion decisions
depend on value-like estimates over future trajectories. [Zhang et al| (2024a)) similarly use inferred process
rewards to guide tree search and to filter self-training traces, treating partial reasoning quality as a signal
for which branches merit further exploration. These are broad control frameworks rather than narrow
confidence-estimation papers, but under the survey’s operational definition they belong here because the
reward or value signal directly governs search actions.

The more confidence-native part of this literature asks whether the controller itself can be trusted.
quantify epistemic uncertainty in process reward models via Monte Carlo Dropout, showing
that PRMs can be overconfident on out-of-distribution reasoning paths, and propose an RL-based controller
that dynamically allocates search budget based on that uncertainty. Park et al.| (2025) make the same issue
operational by calibrating PRM success estimates before using them for adaptive inference-time scaling.
Xia et al|(2025) and [Peng et al.| (2025) extend this logic to learned reward systems, where trajectory-level
or response-level reward signals are used for best-of-N selection, beam search, or preference construction.
Across these papers, the recurring lesson is that once an agent’s search policy depends on a verifier or reward
estimate, uncertainty in the verifier becomes part of the control problem itself.

8.4 Multi-Agent Deliberation and Aggregation

In multi-agent systems, confidence becomes a communicated social signal rather than a purely internal
estimate. |Chen et al. (2024b) combine diverse models, per-agent confidence, and calibrated confidence-
weighted voting, arguing that debate works best when confidence is paired with model diversity and convincing
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corrective explanations. |Lin & Hooi| (2025|) make this dependence even more explicit by comparing token-
probability-derived and self-verbalized confidence, then studying how calibration changes debate quality. |Fan
et al.| (2025) move one step earlier and ask whether debate should happen at all, using self-critique-derived
hesitation features to trigger multi-agent deliberation only when it is expected to help.

At the same time, the strongest diagnostic papers caution against simplistic narratives. [Wu et al.| (2025a))
show in a controlled setting that diversity and intrinsic reasoning strength matter more than visible confidence
alone, and that debate can fail through majority pressure even when confidence is exposed. [Kaesberg et al.
(2025) and |Cui et al.| (2025) further show that aggregation protocol is not an implementation detail: task
type, conformity pressure, and trajectory-level scoring all change whether collaboration helps or harms. The
practical lesson is that confidence in debate is only useful when the surrounding protocol knows how to
interpret it. Calibrated local confidence does not automatically imply calibrated collective behavior.

Discussion. Agentic control extends confidence utilization from one-step decisions to layered control
policies over time. The key distinctions are temporal horizon, actor scope, and signal type: some methods
rely on self-verification, some on verifier uncertainty or reward models, and some on communicated peer
confidence. These distinctions clarify why papers such as ReVISE, SSR, UATS, PRM Calibration, ReConcile,
and ConfMAD are core examples of confidence-guided control, whereas papers such as Self-Refine, Reflexion,
LATS, or Free-MAD are better understood as baselines or adjacent control frameworks with weaker or more
implicit confidence semantics.

The main open problem is composition. Current work typically calibrates one layer at a time: a debate
trigger, a step verifier, a PRM, or a confidence-weighted vote. Far less is known about how these signals
should interact when an agent first decides whether to deliberate, then searches with a verifier, and finally
aggregates multiple proposals. Reliable agentic systems will require confidence and verification signals that
remain meaningful as they propagate across tools, steps, trajectories, and interacting agents.

9 Open Challenges

Section [2] framed confidence utilization as a decision process in which a reliability-relevant signal s¢(u;&;) is
attached to a unit v under state &, optionally transformed, and then consumed by a policy that changes
the system’s behavior. Across training, inference, routing, retrieval, risk control, and agentic systems, this
abstraction proved broad enough to cover log-probability-derived scores, uncertainty estimates, agreement
statistics, verbalized confidence, verifier outputs, reward-model scores, and peer-reported confidence. At the
same time, the survey makes clear that the field still lacks a mature theory of how such signals should be
interpreted, compared, and deployed. As shown in Fig. ], we highlight five open challenges that recur across
the full lifecycle.

Challenge 1: Heterogeneous confidence semantics. The survey deliberately uses “confidence” in a
broad operational sense, but that breadth exposes a foundational problem: many useful control signals do not
estimate the same underlying quantity. Verbalized confidence can outperform raw conditional probabilities
for RLHF-tuned models (Tian et al.l |2023); agreement across sampled reasoning paths can act as a practical
reliability proxy (Wang et al.| 2023a)); semantic entropy measures uncertainty over meanings rather than
strings (Farquhar et al., [2024)); calibrated process reward models estimate the future success probability of a
partial trajectory (Park et al., [2025); and debate systems surface peer confidence as a communication signal
rather than a private scalar (Chen et al., [2024b; [Lin & Hooil 2025). All of these signals are operationally
useful, yet they are not obviously commensurate. A central open problem is therefore semantic: when two
methods expose different confidence signals, when should those signals be interpreted as competing estimates
of the same property, and when do they represent fundamentally different objects?

Challenge 2: Composition across units and horizons. Confidence utilization rarely ends at the level
where the signal is first computed. Local signals must usually be lifted into broader decisions: low-confidence
token groups can trigger regeneration or early stopping (Fu et all, |2025), weak reasoning steps can trigger
local repair (Shi et al., [2025)), calibrated prefix-success estimates can decide how much additional search a
trajectory deserves (Park et al., 2025]), and confidence-weighted votes can decide the outcome of multi-agent
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Figure 4: Conceptual illustration of the open challenges in confidence-guided control for large language models.
The figure summarizes five recurring challenge areas identified in this survey: heterogeneous confidence
semantics, composition across units and horizons, source attribution and confidence fusion, decision-aware
objectives and evaluation, and robustness and portability.

discussion (Chen et al., 2024b)). Yet there is still no general principle for propagating reliability from tokens to
answers, from steps to trajectories, or from individual agents to collective action. Existing systems typically
rely on heuristic aggregation, repeated sampling, or pipeline-specific controllers. A major open direction is to
develop principled composition rules for turning local confidence into global control policies without losing
the information that made the local signal useful in the first place.

Challenge 3: Source attribution and confidence fusion. The strongest systems increasingly combine
several confidence sources at once, but they rarely preserve the provenance of those signals. This is especially
visible in retrieval-augmented generation, where ReDeEP shows that parametric knowledge and retrieved
evidence can disagree internally, and that accurate diagnosis may require disentangling the two sources
mechanistically (Sun et al.l [2024). Similar source-allocation problems appear elsewhere: routing systems may
combine self-reported confidence with external routers (Chuang et al., |2025al); adaptive inference may rely
on verifier or reward-model scores whose own uncertainty must be modeled (Park et al 2025); and debate
systems expose peer confidence that can help or harm depending on how the protocol interprets it (Lin &
Hooi, [2025). The open challenge is not just to fuse more signals, but to build provenance-aware confidence
representations that keep track of where a belief comes from, detect when sources conflict, and determine
which source should dominate which downstream decision.

Challenge 4: Decision-aware objectives and evaluation. One of the clearest lessons of this survey is
that confidence quality cannot be summarized by a single metric. A signal that is useful for abstention is not
necessarily optimal for conformal prediction; a signal that is well calibrated in isolation may still be poor for
routing or adaptive compute allocation. Cost-aware routing systems optimize the quality-cost frontier rather
than classical calibration (Chen et al. 2023b)); conformal methods optimize coverage and set efficiency rather
than ordinary pointwise confidence (Quach et al., 2024; [Xi et al., |2025); abstention-oriented training shifts
the refusal boundary itself rather than merely post-processing a fixed score (An & Xu, 2025); and PRM
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calibration matters precisely because an apparently good ranking score may still be a poor decision-grade
success estimate (Park et al[2025). A major open problem is therefore methodological: evaluation should be
indexed by the downstream action that confidence governs. The field needs benchmarks and metrics that
directly measure decision quality for filtering, stopping, routing, abstaining, covering, and aggregation, rather
than assuming that one calibration metric can stand in for all of them.

Challenge 5: Robustness and portability. Confidence utilization methods are typically validated
within a fixed model family, prompt format, task distribution, and control protocol. Whether the same signal
remains meaningful after any of those ingredients change is much less understood. Verbal confidence is already
known to be vulnerable under adversarial attack (Obadinma & Zhu, [2025]), and black-box consistency signals
depend on how the model reacts to prompt perturbations (Joo et al. 2025). Model-selection systems also
inherit a form of portability risk, since their learned or implicit confidence semantics depend on the available
model pool and cost-quality frontier (Chen et al.l |2023b). At the same time, work such as Superfiltering
suggests that some useful control signals can transfer surprisingly well across scale (Li et al., 2024b)). The open
question is not whether transfer ever occurs, but when. A mature confidence-utilization framework should be
able to detect when its assumptions no longer hold under domain shift, prompt shift, model replacement,
adversarial manipulation, or protocol change, and then adapt or abstain accordingly.

Taken together, these challenges suggest that the next stage of the field is not simply to design more task-
specific confidence heuristics, but to build confidence systems that are semantically interpretable, composable
across units and horizons, source-aware, decision-aware, and robust to changing deployment conditions.
Progress on these fronts would move confidence utilization beyond a collection of successful tricks and closer
to a general theory of confidence as control in LLM systems.

10 Conclusion

This survey argued that confidence in LLM systems is most useful when treated not only as something to be
estimated, but as something that changes behavior. Under the unified notation of Section [2} confidence is
any reliability-relevant signal attached to a decision unit under a local decision state and then consumed by a
downstream policy. Viewed through that lens, confidence-guided control appears across six parallel domains
of the LLM lifecycle: training, inference, model selection and cascading, retrieval-augmented generation, risk
management, and agentic control. In each domain, confidence matters because it governs actions such as
filtering, selection, routing, retrieval, abstention, and search control.

The main lesson of the literature is not that there exists one best confidence signal, but that useful signals
differ in semantics, source, unit, and objective. A score that works well for selection may be poor for
abstention; a signal that is calibrated in isolation may still be misaligned with routing or retrieval; and a
confidence estimate that is meaningful for an answer may not compose cleanly to trajectories, debates, or
multi-stage systems. The field has therefore moved beyond confidence estimation alone. The harder problem
is to build confidence systems that are interpretable, provenance-aware, composable across units and horizons,
robust under shift, and evaluated by the quality of the decisions they support. Progress on these fronts would
move the area beyond task-specific heuristics and toward a more general framework for reliable, efficient, and
trustworthy control in LLM systems.

11 Limitations

This survey focuses on confidence utilization as a control signal rather than confidence estimation or
calibration. Readers seeking comprehensive coverage of uncertainty quantification methods should consult
complementary surveys.

We primarily survey English-language literature and methods evaluated on English benchmarks; confidence
utilization in multilingual and low-resource settings remains comparatively underexplored.
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Control policies inherit failure modes of the underlying confidence signal (miscalibration, bias, brittleness
under distribution shift or adversarial prompting), which can lead to unsafe acceptance, premature deferral,
or unnecessary escalation.

Many methods add latency or compute (sampling, verifiers, multi-stage retrieval), and formal guarantees
(e.g., conformal prediction) depend on assumptions and proxies for correctness that may not hold under
deployment drift.

Implication. Taken together, these limitations suggest that confidence-as-control should be viewed as a
systems design paradigm rather than a drop-in solution: robust deployment requires validating confidence
reliability under realistic shift, aligning proxy correctness with application risk, and accounting for compute
and human factors alongside model accuracy.

12 Broader Impact Statement

This survey studies how confidence signals can be used to control the behavior of large language model
systems across training, inference, routing, retrieval, risk management, and agentic control. Better confidence
utilization could yield meaningful societal benefits, including safer abstention, more reliable escalation to
stronger models or human oversight, improved robustness in retrieval and reasoning pipelines, and more
trustworthy deployment in high-stakes settings.

At the same time, confidence-guided control introduces its own risks. Confidence signals are heterogeneous,
imperfect, and often context-dependent; if they are treated as universally reliable, they may create a false
sense of safety or justify incorrect automation decisions. In deployed systems, confidence-based filtering,
refusal, routing, or prioritization may also encode hidden biases, suppress minority or out-of-distribution
cases, or obscure responsibility when models defer to other components. We therefore view confidence not
as a guarantee of correctness, but as a decision instrument whose meaning, robustness, and downstream
consequences must be evaluated carefully in context.
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A Related Surveys on Confidence, Calibration, and Hallucination

Several prior surveys examine confidence, uncertainty, calibration, hallucination, or abstention in LLMs.
Their perspectives are complementary to ours, but their primary question is usually how a signal should be
estimated, calibrated, diagnosed, or interpreted. By contrast, this survey asks how confidence-related signals

are used to govern system behavior. Table [7] summarizes that distinction at a high level.

Survey

Primary Focus

Confidence Perspec-
tive

Coverage

Relation to Ours

Geng et al.|(2024)

Xie et al.|(2024)

Liu et al.|(2025c)

Shorinwa et al.|(2025)

Rawte et al.|(2023)

Huang et al.|(2025¢)

Tonmoy et al.|(2024)

‘Wen et al.|(2025)

Confidence estimation
and calibration

Black-box calibration

Uncertainty quantifica-
tion and calibration

Uncertainty quantifica-
tion

Hallucination in foun-
dation models

Hallucination in LLMs
Hallucination mitiga-
tion

Abstention and “know-

ing what you don’t
know”

Confidence as an ob-
ject to estimate and cal-
ibrate

Confidence elicitation,
self-reflection, and re-
calibration without log-
its
Uncertainty
posed into
sources
Broad taxonomy of un-
certainty sources and
diagnostics

Detection and mitiga-
tion signals organized
by failure type
Hallucination causes,
detection, and mitiga-
tion

Intervention methods
for reducing hallucina-~
tion

Confidence as a basis
for refusal or deference

decom-
multiple

LLM confidence meth-
ods and evaluation

Black-box LLM confi-
dence calibration

Multi-stage LLM UQ
and evaluation

LLM uncertainty
methods and tasks

Text, image, video,
and audio foundation
models

LLM lifecycle from
pre-training to infer-
ence

LLM mitigation
strategies, including
RAG and decoding
Pre-training, fine-
tuning, alignment,
and inference

Estimator-centric; does not or-
ganize downstream control de-
cisions

Calibration-centric; narrower
than lifecycle-wide control

UQ-centric; complements our
control view

UQ-centric; emphasizes estima-
tion rather than action

not
control

Failure-mode  survey,
confidence-guided
taxonomy

Organized around one failure
mode rather than one control
signal

Mitigation-centric; narrower
than our control framing

Closest to ours, but centered
on one decision family

This survey

Confidence utiliza-
tion

Confidence as a con-
trol signal

Training, inference,
routing, RAG, risk,

Cross-domain framework
for confidence-guided deci-

and agentic control sions

Table 7: Related surveys on confidence, uncertainty, hallucination, and abstention in LLMs. Prior surveys
mainly organize the literature around estimation, calibration, failure analysis, or a single decision family. This
survey instead treats confidence-related signals as control inputs that govern downstream system behavior
across the LLM lifecycle.

The most direct predecessors are the confidence-estimation and uncertainty-quantification surveys. |Geng et al.
(2024) review confidence estimation and calibration for LLMs, while Xie et al.| (2024)) focus specifically on
black-box calibration settings where internal logits may be unavailable. |Liu et al.[ (2025c) and |Shorinwa et al.
(2025) broaden the discussion to uncertainty quantification, distinguishing different uncertainty sources and
surveying calibration diagnostics, conformal tools, and related evaluation methods. These surveys provide
essential background on how confidence-like signals are elicited, estimated, or calibrated, but they do not
systematically trace how such signals are consumed by downstream policies once they are available. In the
language of Section [2| they focus primarily on signal formation, whereas our emphasis is on the actions those
signals support.

A second line of related work organizes the literature around hallucination rather than confidence. Rawte
et al.| (2023)) survey hallucination across foundation models and modalities; Huang et al.| (2025c) provide an
LLM-specific view of hallucination causes, benchmarks, detection, and mitigation across the lifecycle; and
Tonmoy et al.| (2024 emphasize mitigation strategies such as retrieval, decoding constraints, and fine-tuning
interventions. These surveys are highly relevant to our discussions of groundedness, failure detection, and
abstention, especially in Section [f] and Section [7] However, they are organized around a particular failure
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mode. Our survey instead treats hallucination detection as one instance of a broader pattern in which
confidence-related signals trigger decisions such as filtering, retrieval, abstention, escalation, or revision.

Wen et al.| (2025)) are closest in spirit to our risk-management discussion because they treat abstention as a
first-class action and analyze how models can decide when not to answer. Their contribution is important
precisely because it shifts attention from confidence estimation alone to a downstream decision. Our framing
extends that idea in two ways. First, we treat abstention as one member of a broader family of confidence-
guided actions that also includes selection, routing, retrieval control, search control, and aggregation. Second,
we follow those actions across six parallel domains of the LLM lifecycle rather than centering a single decision
family.

Summary. Prior surveys provide strong foundations on confidence estimation, uncertainty quantification,
hallucination analysis, and abstention. Our contribution is to connect these strands through a unified control
perspective: confidence-related signals are not only quantities to be estimated, but instruments for governing
behavior across the full LLM lifecycle.
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