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Abstract

Confidence in LLMs is often studied through
uncertainty estimation and calibration. We sur-
vey a complementary perspective: confidence
as a control signal that governs system behav-
ior. We organize confidence utilization across
the LLM lifecycle: (i) training (data selection,
loss weighting, self-training, and preference
optimization); (ii) inference (candidate selec-
tion, adaptive computation, and confidence-
guided contrastive decoding); and (iii) deploy-
ment (cost-aware routing and cascading, RAG
control (retrieval triggering, context filtering,
and parametric—retrieval arbitration), and risk-
aware abstention and monitoring. We unify
these techniques into a framework that turns
confidence into system decisions, with implica-
tions for efficiency and reliability.

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, de-
ferring when unreliable, focusing learning where
needed—is transformative. This survey concerns
the latter. Recent work has demonstrated that
LLMs can express calibrated uncertainty through
verbalized probabilities (Tian et al., 2023; Kada-
vath et al., 2022), that semantic entropy over mean-
ing clusters detects hallucinations (Farquhar et al.,
2024), and that self-consistency among sampled re-
sponses provides robust confidence signals (Wang
et al., 2022; Manakul et al., 2023). These estima-
tion advances have successfully equipped models
with the ability to signal their own reliability.

At the same time, several surveys have exam-
ined confidence and uncertainty in LLMs, pre-
dominantly focusing on estimation and calibration.
Geng et al. (2024) provide a foundational taxon-
omy of confidence estimation and calibration tech-

niques, while Shorinwa et al. (2025) and Liu et al.
(2025b) offer comprehensive coverage of uncer-
tainty quantification methods and their applications.
Xiong et al. (2023) and Xie et al. (2024) address
the specific challenges of model-agnostic settings
where model internals are inaccessible. These sur-
veys answer: how can we obtain high-quality con-
fidence scores? 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 1, we propose a taxonomy' where confi-
dence functions as control—not a passive measure
of uncertainty, but an active governor that deter-
mines 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 (§2), (ii) inference-
time control over reasoning and decoding (§3), and
(iii) deployment-time decisions including model se-
lection (§4), retrieval-augmented generation (RAG)
(8§5), and risk management (§6). By synthesizing
these distinct domains, we aim to offer a unified
perspective for designing systems that act on uncer-
tainty rather than merely quantify it.

2 Confidence-Aware Training

Confidence signals shape the training at multiple
stages: selecting which data to train on, modulating
how models learn from that data, and guiding pref-
erence optimization for alignment. We organize
methods by where confidence intervenes: data cu-
ration (§2.1), supervised fine-tuning (§2.2), and re-
inforcement learning from human feedback (§2.3).

2.1 Confidence-aware data selection
Confidence-aware data selection uses model uncer-
tainty as a proxy for data value, varying in con-

!Across this survey, we employ standard field notations
summarized in Appendix A without explicit re-definition.
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Figure 1: Taxonomy of Confidence Utilization in LLMs

fidence source (self-evaluation, external models,
LLM-as-judge), granularity (sample vs. token), and
selection goal (quality filtering, influence estima-
tion, active acquisition).

Difficulty as inverse confidence. Low confi-
dence often signals learning potential. Li et al.
(2024c) define Instruction-Following Difficulty
IFD(z,y) = Lg(y|x)/Le(y), isolating instruction-
following difficulty from baseline response com-
plexity. Li et al. (2024b) show IFD rankings
transfer across scales—GPT-2’s orderings correlate
with LLaMA2-7B/13B, enabling efficient filtering.
Pang et al. (2025) extend this to token granular-
ity by comparing base-model and clean-reference
losses: tokens are retained when the base model
struggles but the reference succeeds (learnable con-
tent), and filtered when both show high loss (noise).
Influence and acquisition. Zhang et al. (2025b)
estimate sample utility via In-Context Approxima-
tion—conditioning on a holdout set simulates gra-
dient steps without retraining. Han et al. (2025)
frame selection as graph influence maximization
with epistemic uncertainty balancing influence
against redundancy; Pan et al. (2025) apply attribu-
tion in reverse, tracing harmful outputs to training
samples for removal. For label-efficient settings,
Muldrew et al. (2024) combine predictive entropy

with preference model certainty to guide annotation
acquisition; Sachdeva et al. (2024) query an LLM
directly, using P(YES) as quality score. Liu et al.
(2024b) exploit multi-granularity uncertainty (to-
ken, sentence, and model-level), selecting samples
where self-assessment is confident and consistent.

2.2 Confidence-aware fine-tuning

Data selection determines what to train on; confi-
dence also reshapes how models learn. Traditional
supervised fine-tuning (SFT) treats tokens equally,
yet highly predictable tokens (articles, connectives)
and already-learned patterns provide diminishing
learning signal. Confidence-modulated methods
address this by scaling each token’s contribution to
the loss based on certainty. The central design ques-
tion: should confident predictions receive more
weight (reinforcing what the model knows) or less
(focusing learning on uncertain regions)?
Confidence-weighted training. Krishnan et al.
(2024) decompose uncertainty into aleatoric and
epistemic components, using the epistemic term
to emphasize tokens where model knowledge is
lacking. Li et al. (2025c¢) target a different goal:
training LL.Ms to recognize knowledge boundaries
and abstain rather than hallucinate. Rahmati et al.
(2025) take a Bayesian approach, conditioning
LoRA adapter distributions on each input so that



uncertainty estimates become sample-specific, im-
proving calibration in few-shot settings.
Knowledge distillation with confidence. Naive
distillation treats all teacher outputs as equally reli-
able, but teachers are often uncertain on ambiguous
tokens. Huang et al. (2025b) filter via propose-and-
verify: students propose tokens, teachers accept or
reject based on distribution agreement, and only
accepted tokens receive distillation signal. Li et al.
(2024a) curate data through student self-reflection,
ranking samples by difficulty and selecting those
the student can realistically learn from. Zhang
et al. (2022) weight multi-teacher ensembles by
per-sample confidence. Zhong et al. (2024) dis-
tinguish easy from hard tokens: easy tokens skip
imitation-focused teaching while hard tokens re-
ceive richer, more diverse supervision.
Confidence in self-training. Self-training relies
on model-generated pseudo-labels, making con-
fidence essential for filtering unreliable outputs.
Dong et al. (2023) generate multiple responses
per prompt, rank by reward, and train only on
top-scoring samples. Chen and Mueller (2024)
automate curation more broadly: confidence esti-
mates identify low-quality training pairs, which are
either filtered or replaced with higher-confidence
LLM-generated alternatives. Luo et al. (2024) ex-
tend rejection sampling to semi-supervised settings;
Moradi et al. (2025) add verification to detect when
self-generated data helps versus harms. Beyond fil-
tering, Chuang et al. (2024) train models to output
calibrated confidence tokens, enabling routing to
stronger models when local confidence is low.

2.3 Confidence-aware preference optimization
Preference optimization aligns LLMs with human
values, but reward models can inherit annotation
noise and policies exploit blind spots. Given the
objective maxy E[r(z,y)] — - KL(mg||7ref), con-
fidence integrates as the reward itself, as an uncer-
tainty penalty, or as granular weights over tokens,
trajectories, or preference pairs.

Confidence as reward. Du et al. (2025) use token-
level log-probability directly as reward, while Prab-
hudesai et al. (2025) apply entropy minimiza-
tion for reasoning tasks. Naive confidence max-
imization risks reward hacking; Leng et al. (2024)
counter this by calibrating reward models during
PPO via confidence-augmented preference data and
running-average reward thresholds.

Uncertainty penalties. Zhai et al. (2023) and
Banerjee and Gopalan (2024) penalize by reward
model uncertainty (reg = 7 — ao,, where o, is

reward uncertainty and « penalty strength), a pes-
simistic approach preferring conservative estimates.
Liu et al. (2025a) integrate calibration directly into
policy gradients via cross-entropy regularization
aligning sequence probability with reward.
Granular weighting. At the token level, Yoon
et al. focus optimization on high-uncertainty de-
cision points while Liu et al. (2024a) weight by
probability differences between contrastive mod-
els. At the trajectory level, Zhou et al. (2025a)
rescale advantages by both confidence and diffi-
culty; Lu et al. (2025) construct preference pairs
from confidence-ranked outputs. At the preference
level, Pokharel et al. (2025) dynamically scale DPO
loss (Rafailov et al., 2023) based on relative reward
margins, down-weighting ambiguous comparisons.
Self-feedback. Li et al. (2025d) use self-assessed
confidence as intrinsic reward, generating pseudo-
preferences without external labels. Wu et al.
(2025) train calibrated abstention via Brier-score re-
wards (Gneiting and Raftery, 2007) that incentivize
refusal below user-specified risk thresholds.

By transforming confidence from a post-hoc met-
ric into an intrinsic training signal, these methods
shift the paradigm from blind data absorption to
discerning learning. This integration fosters mod-
els that do not merely mimic patterns, but actively
navigate the boundaries of their own knowledge.

3 Confidence-Driven Inference

We examine how confidence is used during infer-
ence to guide LLM behavior, independent of how
confidence is estimated. Existing approaches ap-
ply confidence to select among candidate outputs
(§3.1), control reasoning and interaction as infer-
ence unfolds (§3.2), or guide decoding implicitly
through predictive discrepancies (§3.3).

3.1 Confidence-driven output selection
When LLMs are sampled multiple times at infer-
ence, they typically produce a set C including can-
didate outputs {c1,- - - , ¢, } (e.g., responses or rea-
soning traces) rather than a single deterministic
answer. Each candidate c; is associated with a
confidence score s; € R, estimated by some mech-
anism. Inference-time output selection maps C to
a final output ¢. While all methods in this subsec-
tion perform output selection, they differ in how
confidence is used as an inference operator, either
by aggregating multiple candidates jointly or by
scoring candidates and selecting one.

In confidence-weighted aggregation, the final
output is determined jointly by multiple candidates,



¢ = argmaxcec ) ;- Sjl(¢c; = ), where each
candidate’s contribution is weighted by its con-
fidence score. Unlike classical self-consistency,
which aggregates reasoning traces via uniform ma-
jority voting (Wang et al., 2022), several works
weight candidates according to confidence, allow-
ing infrequent but high-confidence correct answers
to prevail the final decision (Taubenfeld et al., 2025;
Fu et al., 2025). Confidence weighting suppresses
unreliable traces and elevates correct minorities.
Unlike aggregation, no information is merged
across candidates in confidence-based scoring,
where inference is governed by selection rather
than combination. More specifically, candidates
are evaluated independently and the final output is
selected as ¢ = arg max.;ec s;, with confidence
serving as a reliability score rather than a weight.
Methods in Jeong and Choi (2025) and Zhou et al.
(2025b) apply this paradigm by re-scoring multiple
candidates and selecting the most confident one.
3.2 Confidence-driven control of decoding
While confidence can be applied after inference
to select among completed outputs, it can also act
during inference to control how reasoning and in-
teraction unfold, where confidence functions as a
control signal over the reasoning process rather
than only the final decision. Consider an in-
ference trajectory represented as a sequence of
states and associated confidence scores (z1, s1) —
(22, 82) — -+ — (27, s7). Confidence-driven rea-
soning control modifies the transition policy into
Zt41 ~ T(Ze+1|21:¢, S1:¢), allowing confidence to
govern continuation, refinement, and belief mainte-
nance across steps or turns.
Adaptive computation and early stopping. Some
methods use confidence to allocate inference-time
computation by continuing reasoning only when
confidence remains below a threshold. Huang et al.
(2025a) terminate sampling once confidence is suf-
ficiently high, reducing inference cost without sac-
rificing accuracy, while Fu et al. (2025) allocate
deeper reasoning only when confidence remains
low. Qiao et al. (2025) apply this principle at the
chain-of-thought level, terminating or compress-
ing reasoning once confidence exceeds a threshold
and stabilizes (|s; — s;—1] < €). Across these ap-
proaches, confidence serves as a controller that
prevents unnecessary computation.
Refinement. Confidence can guide where refine-
ment occurs by identifying unreliable intermediate
states (s¢ < 7) and selectively refining only these
parts. Wei et al. (2024) selectively regenerate low-

confidence substructures in structured generation,
while Fu et al. (2025) prune low-confidence rea-
soning paths and re-explores alternatives. In both
cases, confidence directs refinement efforts.
Multi-turn stability and interaction control. In
multi-turn interactions, confidence can also regu-
late behavior across turns by discouraging unneces-
sary revision of high-confidence earlier responses.
Li et al. (2025¢) incorporate confidence into the dia-
logue state by extracting specific tokens to estimate
response certainty, conditioning future responses
on both prior text and associated confidence to
maintain consistency across interactions.

3.3 Confidence-driven contrastive decoding

Contrastive decoding methods exploit disagree-
ment between predictive views as an implicit con-
fidence signal during inference, rather than esti-
mating confidence explicitly. Depending on how
predictive views are constructed (across contexts,
layers, or models), different forms of disagreement
arise, but in all cases they reflect the relative sta-
bility of token support. At the decoding step ¢
(next-token prediction given the current prefix),

two views produce two sets of logits logitga)

logitgb), where view a is expected to be more reli-
able by construction. A contrastive logit is defined
as logit, = logitga) - )\logitgb), where A > 0 con-
trols the strength of penalizing the less reliable
view. Decoding then samples the next token from
the distribution 7y o< exp(loéitt), favoring tokens
whose support is stable under the more reliable
view and weak under the less reliable one.

To build these predictive views,
text—parametric methods first contrast context-
conditioned predictions with the model’s
parametric prior: Huang and Chen (2025) down-
weight tokens that remain likely under random
context masking, while Khandelwal et al. (2025)
adaptively balances parametric and contextual dis-
tributions based on their conflict, treating reliance
on informative context as confidence. Alternatively,
intra-model methods derive contrast from different
transformer layers: Chuang et al. (2023) favors
tokens whose support strengthens from shallow
to deep layers, and Zhang et al. (2025a) learns
when such contrast should be applied, encoding
confidence as consistency across representational
depth. Finally, the inter-model method proposed
by Li et al. (2023) contrasts predictions from an
expert and a weaker model, amplifying tokens
preferred by the expert and using model-level

and

con-



disagreement for token reliability.

At inference time, confidence can function as
a signal that governs output selection, reasoning
dynamics, and decoding behavior, enabling more
reliable generation without retraining.

4 Confidence-Guided Model Selection

Model selection addresses a practical tension in
LLM deployment: stronger models tend to be more
accurate but also more costly. Confidence provides
a principled control signal for model selection, en-
abling systems to decide when a cheaper model is
sufficient and when to invoke a stronger model. In
this section, we review confidence-guided model-
selection architectures (§4.1) and the control poli-
cies (§4.2) that operationalize confidence for rout-
ing, cascading, and their hybrids.

4.1 Confidence-guided selection architectures
Prior work instantiates confidence-guided model
selection via (i) sequential cascading, (ii) parallel
routing, or (iii) hybrids that combine both.
Cascading. Sequential cascading invoke models
in increasing strength and use confidence to de-
cide whether to stop or escalate. This paradigm
is analyzed in Gupta et al. (2024), operationalized
for cost control in Chen et al. (2023b), acceler-
ated via speculative-decoding-based cascading in
Narasimhan et al. (2024), improved by confidence-
aware tuning of smaller models in Rabanser et al.
(2025), and optimized through probabilistic thresh-
old tuning in Zellinger and Thomson (2025).
Routing. Parallel routing selects one model (or a
small subset) without sequential escalation, using
confidence to choose among candidates and to man-
age routing overhead. Examples include routing
as query-to-model assignment (Liu et al., 2024c¢),
confidence-token interfaces for downstream deci-
sions (Chuang et al., 2024), uncertainty-driven rout-
ing policies (Zhang et al., 2025c), and confidence-
aware prediction frameworks for scalable selec-
tion (Barrak et al., 2025).

Hybrids. Hybrid systems combine routing and
cascading by using confidence to narrow candi-
dates and then escalating selectively. Representa-
tive methods include cascade routing as a unified
policy class (Dekoninck et al., 2024) and select-
then-route pipelines that shortlist models before
adaptive escalation (Shah and Shridhar, 2025).

4.2 Confidence-guided control policies
Complementary to architectural instantiations, we
summarize policy primitives that map a confi-
dence/quality signal to actions (escalate, select a

model, or allocate additional compute) and can be
embedded in any architecture.

Thresholding / abstain—escalate. The canoni-
cal policy is confidence-gated deferral: a cheaper
model answers when confidence is high and de-
fers otherwise. Gupta et al. (2024) show that naive
sequence-level confidence can be misleading and
propose token-level aggregation (e.g., quantiles)
and learned decision functions for improved cost—
quality trade-offs. Rabanser et al. (2025) strengthen
deferral by training smaller models to be confi-
dent when correct and to defer when uncertain.
Zellinger and Thomson (2025) address threshold
tuning directly by modeling joint calibrated confi-
dences across cascade stages and optimizing thresh-
olds via differentiable error-cost objectives.

Selection among candidates. A second family
uses confidence to select among candidate mod-
els. Chuang et al. (2024) introduce confidence
tokens to support routing and rejection, Zhang et al.
(2025c) design uncertainty-driven routers, and Bar-
rak et al. (2025) scale to large candidate sets by
predicting likely winners from model-judged com-
parisons and using predictor uncertainty to control
routing overhead.

Allocate compute adaptively. Finally, some meth-
ods allocate compute adaptively during inference:
Chen et al. (2025b) switch from a small to a large
model when confidence drops during reasoning;
Narasimhan et al. (2024) combine cascading with
speculative decoding via confidence-driven accep-
tance or deferral to reduce decoding-time compute.

In summary, confidence-guided routing and
cascading implement policies that map queries
(and sometimes intermediate generation states)
to model-invocation decisions, thereby navigating
cost—quality trade-offs (Chen et al., 2023b; Dekon-
inck et al., 2024). Recent token- or step-level ex-
tensions further suggest that confidence can govern
not only which model to use, but also when to hand
off computation during generation (Narasimhan
et al., 2024; Chen et al., 2025b).

5 Confidence-Gated RAG Systems

We focus on the use of confidence: given a reliable
signal, what mechanisms translate confidence into
actionable RAG behavior? We organize existing
work into three categories: adaptive retrieval trig-
gering (§5.1), context filtering and selection (§5.2),
and knowledge conflict resolution (§5.3).



5.1 Adaptive retrieval triggering
RAG faces an efficiency-accuracy trade-off: uncon-

ditional retrieval wastes computation, while rigid
refusal limits models to stale parametric knowledge.
Confidence resolves this by transforming static re-
trieval policies into dynamic resource allocation.
Whether to retrieve. Most methods implement
confidence-gated retrieval. Jiang et al. (2023) gen-
erate a draft sentence and trigger retrieval when
it contains low-probability tokens, using those
spans as queries. Wang et al. (2023a) elicit self-
knowledge to decide retrieval necessity, while Tao
et al. (2024) align verbalized confidence with re-
sponse quality so that confidence reliably gates
retrieval. Beyond binary gating, Jeong et al. (2024)
and Zubkova et al. (2025) route queries across no
retrieval, single-step, or multi-hop retrieval based
on predicted complexity or entropy, and Yao et al.
(2025) extract self-aware uncertainty from activa-
tions to select retrieval strategies.

What to retrieve. Confidence also guides what
to retrieve: Su et al. (2024b) detect increas-
ing uncertainty by combining token-level entropy,
attention-derived influence, and semantic signif-
icance, forming queries from context-wide self-
attention rather than only recent tokens. Besides,
some methods treat retrieval as expected utility:
Chen et al. (2025a) compare the parametric answer
to a self-generated contextual probe—convergence
bypasses retrieval, divergence triggers it; Asai et al.
(2024) learn special tokens whose probabilities en-
code retrieval necessity and critique judgments;
Lymperopoulos and Sarathy (2025) model joint
uncertainty over the LLM and external tools to sup-
port retrieve-or-abstain decisions.

When to retrieve. Pre-generation methods (Wang
et al., 2023a; Jeong et al., 2024; Tao et al., 2024)
assess confidence from the query or a probe be-
fore answering. Mid-generation methods (Jiang
et al., 2023; Su et al., 2024b) interleave retrieval
when uncertainty spikes during decoding. Yan
et al. (2024) operate post-retrieval: a lightweight
evaluator scores retrieved evidence confidence and
triggers corrective actions—including web search
escalation—when retrieval quality is insufficient.
Li et al. (2025a) further show that retrieval tim-
ing can be determined by exploiting trends (first-
and second-order entropy differences) to retrieve
preemptively, before errors propagate.

5.2 Confidence-based context filtering

After retrieval is triggered, the challenge becomes
context allocation: selecting which evidence to in-

clude within limited context budgets. Confidence
serves as a utility signal, estimating whether re-
trieved content would improve generation rather
than merely match the query.

Utility-scored filtering. A common pattern is to
compute (or learn) a scalar utility score for each
evidence unit and retain only high-utility content.
Wang et al. (2023b) construct oracle usefulness
signals from lexical overlap and conditional cross-
mutual information, the confidence increase when
a span is provided, then train a sentence-level filter
that removes distracting content at test time. Yan
et al. (2024) use a lightweight evaluator that scores
retrieved-set quality as CORRECT, INCORRECT, or
AMBIGUOUS, triggering corrective actions (keep,
refine, or escalate to web search) and decomposing
documents to focus on key information.

Information-gain filtering. Absolute relevance
can be misleading: an on-topic document may add
noise rather than signal. Wang et al. (2025) define
Document Information Gain as the change in gen-
eration confidence with vs. without a document,
training a reranker to prioritize evidence that mean-
ingfully shifts confidence. Isoda (2025) filter at
sentence level using a self-knowledge confidence
score: the model outputs a scalar “know/unknown’
probability for each candidate sentence, and an
RL policy learns to keep sentences that increase
this self-knowledge (and drop the rest). Zhu et al.
(2024) assign each document a relevance confi-
dence from control-token judgments, retain only
high-score docs, and decode using only their KV
caches to reduce noise and latency. Li et al. (2024e)
use SNR-based span uncertainty to estimate chunk
similarity in long-context retrieval, improving cal-
ibration and robustness to chunking artifacts and
distribution shift.

’

Conformal filtering. Conformal prediction cali-
brates raw confidence scores—retrieval similarities
or generation probabilities—into threshold rules
with coverage guarantees. Li et al. (2024d) cali-
brate retrieval scores to form passage sets and gen-
eration confidence to form answer sets, composing
both for end-to-end guarantees. Rouzrokh et al.
(2024) calibrate similarity scores to select context
at a user-specified error rate. Chakraborty et al.
(2025) show that calibrating any scoring function
yields a principled filter that reduces retained con-
text by 2-3 times while preserving coverage. Feng
et al. (2025) apply conformal calibration post-hoc
to sub-claim factuality scores.



5.3 Confidence for knowledge conflict

Retrieved context may contradict parametric knowl-
edge; confidence quantifies the reliability of each
source to arbitrate the conflict.

Confidence signals for conflict. Recent work turns
“conflict” into measurable confidence signals rather
than answer disagreement. Sun et al. (2024) detect
RAG hallucinations via mechanistic interpretabil-
ity, computing separate scores for parametric-
knowledge utilization and external-context inte-
gration; hallucinations correlate with FFN dom-
inance coupled with copying-head failure. Fadeeva
et al. (2025) separate faithfulness (entailed by re-
trieved context) from factuality (true in the world)
and route uncertainty quantification accordingly,
so “unsupported by retrieval” is not conflated with
“false.” Asai et al. (2024) formalize support at in-
ference time: learned reflection-token probabilities
(relevance, support, usefulness) yield calibrated,
inspectable confidence over whether each continu-
ation is grounded in retrieved evidence.

Resolution policies. Once confidence exposes a
conflict, it must drive an action. Sun et al. (2025)
use confidence to partition queries by whether
they fall within the model’s parametric knowledge
boundary and the retrieval boundary; DPO then
trains quadrant-specific behaviors, answering when
at least one source suffices and abstaining when
both fail. Goswami and Kurra (2025) apply cali-
brated NLI-ensemble scores as a post-hoc arbitra-
tion layer, abstaining when entailment confidence
falls below a threshold. Soudani et al. (2025) di-
agnose why standard uncertainty estimators fail in
RAG and propose an axiomatic calibration that con-
ditions uncertainty jointly on model and evidence.

Confidence turns RAG into a closed-loop policy:
it gates retrieval, allocates context by marginal util-
ity, and arbitrates conflicts by triggering resolution,
escalation, or abstention strategies.

6 Confidence-Based Risk Management

While previous sections utilize confidence to en-
hance performance and efficiency, this section fo-
cuses on risk control and reliability. We approach
risk management through a confidence-based three-
stage framework: first diagnosing anomalies such
as hallucinations and adversarial attacks (§6.1),
then controlling risk through mechanisms like ab-
stention and conformal prediction (§6.2), and fi-
nally ensuring the reliability of the confidence sig-
nal itself to reduce overconfidence (§6.3).

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

of risk: detecting internal model hallucinations and
flagging external input anomalies.

Hallucination detection. Hallucinations represent
a misalignment between the model’s generated out-
put and factual reality (Rawte et al., 2023). Con-
fidence scores can be applied to this task as di-
agnostic signals. A primary application involves
checking output consistency: works like Manakul
et al. (2023) and Muhammed et al. (2025) use self-
consistency scores to measure disagreement across
independently sampled responses as a proxy for
hallucination. This strategy is further adapted to
filter errors in domain-specific applications like au-
tonomous driving (Dona et al., 2024). To address
the ambiguity of phrasing, Farquhar et al. (2024)
introduce Semantic Entropy over sampled mean-
ing clusters, while Han et al. (2024) efficiently ap-
proximate it via linear probes to avoid sampling
cost. Beyond sampling, detection mechanisms ex-
ploit internal state anomalies, utilizing the Eigen-
Score (Chen et al., 2024) to measure the semantic
consistency in the embedding space, or training
classifiers on hidden layer activations (Azaria and
Mitchell, 2023) and various confidence-derived fea-
tures (Quevedo et al., 2025). Other approaches em-
ploy active diagnosis of hallucination by measur-
ing confidence fluctuations under perturbed queries
(Joo et al., 2025) or intervening on learned verbal
uncertainty features (Ji et al., 2025).

Adversarial and OOD detection. Confidence
signals can serve as indicators for adversarial
and out-of-distribution (OOD) anomalies. For in-
stance, (Obadinma et al., 2024) utilizes confidence-
aware training to mitigate calibration attacks, while
SafeBehavior (Zhao et al., 2025) computes a
“safety confidence score” to actively trigger self-
revision processes during jailbreak attempts. In
the context of OOD detection, confidence patterns
are utilized to trace data provenance; for example
(Li et al., 2025b) aggregates confidence scores to
detect membership inference risks by recognizing
previously seen training data.

6.2 Confidence-based risk control

Moving from detection to intervention, we review
how confidence thresholds are employed to gate
unreliable generations and bound output error rates.
Abstention. Abstention refers to the refusal of an
LLM to provide an answer (Wen et al., 2025). A
common confidence-driven approach uses a gate-
keeping mechanism to abstain from answering



when confidence is below a threshold 7. In post-
hoc thresholding, confidence scores are applied
directly to frozen models to judge response qual-
ity. A good confidence score for abstention should
focus on tracking correctness rather than fluency
or typicality. Following this principle, Cole et al.
(2023) applies self-consistency for abstention and
and shows it yields better performance than log-
likelihood, while Ren et al. (2023) utilizes LLM
self-evaluation scores to better discriminate low-
quality generations. Alternatively, Huang et al.
(2025¢) probes internal activations to extract a
scalar uncertainty feature specifically optimized
for this thresholding decision.

Moving from inference-time filtering to model
adaption, recent works focus on teaching the model
when to abstain, applying confidence scores as su-
pervisory signals. Chen et al. (2023a) fine-tunes
LLMs with labeled answers to obtain a confidence
score that combines self-evaluation and normalized
likelihood for selective prediction. To further re-
duce label reliance, Tjandra et al. (2024) employs
semantic entropy as a pseudo-label to enable label-
free abstention fine-tuning, while An and Xu (2025)
uses semantic confidence as a reward signal via RL
to optimize the model’s boundary recognition.
Conformal prediction. Conformal prediction (CP)
(Shafer and Vovk, 2008) addresses the limitation
of heuristic thresholds by transforming confidence
scores into statistically valid prediction sets, en-
suring that on expectation a correct® answer is in-
cluded with a user-specified probability, or more
broadly, that a specific risk measure is controlled
(Angelopoulos et al., 2024). The application of CP
in LLMs can be distinguished by the specific con-
fidence signals used to construct these sets. Early
approaches relied on logit-based scores: Kumar
et al. (2023) applies CP to multiple choice ques-
tions using logit scores of the choices, while Quach
et al. (2024) utilizes normalized likelihoods to tune
sampling parameters for open-ended generation.

However, recognizing that raw logits often fails
to capture semantic correctness, recent methods
have shifted toward self-consistency and semantic
scores. Mohri and Hashimoto (2024) argues that
sets of answers are less useful than factual sub-
claims, employing self-consistency and LLM-as-a-
judge scores to guarantee all selected sub-claims
are factual with user-specified probability. This

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

approach is further refined by Cherian et al. (2024),
which exploits the heterogeneity in score quality
across prompts to adaptively adjust thresholds. To
ensure coherence in reasoning, Rubin-Toles et al.
(2025) extends these scores to model logical de-
pendencies via deductibility graphs. For black-box
settings, Su et al. (2024a) demonstrates that API-
accessible scores like semantic similarity can serve
as effective non-conformity scores. Finally, to im-
prove the efficiency of these sets, Xi et al. (2025)
demonstrates that optimizing confidence distribu-
tion via temperature scaling yields tighter coverage.

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

liability of confidence signals, yet LLMs frequently
exhibit significant overconfidence and miscalibra-
tion (Groot and Valdenegro Toro, 2024; Tian et al.,
2025). To resolve this, elicitation strategies are ap-
plied to extract more calibrated scores: Kadavath
et al. (2022) established that LLMs can accurately
estimate their own correctness via the logit proba-
bility P(True) when specifically prompted, while
Tian et al. (2023) further showed that soliciting
such explicit probabilities or top-k options yields
significantly better calibration than open-ended ver-
balization. For existing scores, post-hoc calibration
utilizes specialized confidence metrics like the TH-
score (Tian et al., 2025) and Net Calibration Error
(Groot and Valdenegro Toro, 2024) to explicitly
penalize the gap between confidence and accuracy.

In summary, confidence-based risk management
transforms the signal from a passive metric into a
robust guardrail that detects errors, bounds risks,
and ensures system reliability.

7 Conclusion

This survey presents a unified view of confidence as
a control signal that governs LLM behavior across
the full system lifecycle. During training, it guides
data selection, loss weighting, and preference op-
timization; during inference, it supports output se-
lection, adaptive computation, and contrastive de-
coding; and in deployment, it enables cost-aware
routing, confidence-gated RAG, and risk control
via abstention and conformal prediction. Across
these settings, confidence consistently turns dis-
crete heuristics—what to learn, when to retrieve,
whether to answer—into more principled allocation
of computation and evidence. Reliable confidence
is therefore not an end, but a prerequisite for sys-
tems that act on uncertainty by deferring, retrieving,
or abstaining when warranted.



Limitations

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

We primarily survey English-language litera-
ture and methods evaluated on English bench-
marks; confidence utilization in multilingual and
low-resource settings remains comparatively under-
explored.

Control policies inherit failure modes of the un-
derlying 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 (sam-

pling, 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 sug-
gest 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 ac-
counting for compute and human factors alongside
model accuracy.
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A Notation List

Table 1 summarizes the core notation used throughout this survey; less common symbols are defined
where they first appear.

Notation Name Description

T; query the ¢-th query

Yi LLM'’s response response to the i-th query

cj candidate the j-th candidate response of a query or a candidate reasoning trace

C candidate set a set of candidate responses of a query or candidate reasoning traces

2t inference state the model’s inference state at step ¢, such as a partial reasoning trace, an intermediate
generation state, or a dialogue state in multi-turn interaction

Sj, St confidence score confidence score for a candidate c; or a reasoning step 2

T threshold confidence score threshold for inference termination or further refinement

€ confidence tolerance  tolerance for changes in confidence used to decide reasoning termination

A contrastive weight controls the strength of contrast between predictive views

s inference policy conditional distribution governing inference transitions, such as reasoning-step evolution

or token generation

Table 1: Notations list
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