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Abstract001

The rapid evolution of large language models002
(LLMs) and natural language processing (NLP)003
has raised growing concerns about how to quan-004
tify and communicate uncertainty across di-005
verse tasks. Conformal prediction (CP) of-006
fers a distribution-free, model-agnostic frame-007
work for constructing uncertainty sets with008
finite-sample guarantees under mild assump-009
tions, making it particularly attractive for black-010
box LLM deployments. Existing surveys (e.g.,011
(Campos et al., 2024)) summarize classical CP012
methodology and early NLP applications, but013
recent progress in LLM-centric settings, includ-014
ing open-ended generation, reasoning, multi-015
modal systems, and factuality, has rapidly ex-016
panded both the technical toolkit and the evalu-017
ation protocols used to validate reliability. This018
survey synthesizes these new developments by019
organizing recent CP methods for LLMs and020
mapping them to representative NLP-related021
applications, with an emphasis on how differ-022
ent design choices translate into practical uncer-023
tainty statements. We conclude by highlighting024
emerging challenges and open directions for025
making CP a dependable component of reliable026
LLM deployment.027

1 Introduction028

Large language models (LLMs) have rapidly029

reshaped modern natural language processing030

(NLP).This transformation is rooted in the Trans-031

former architecture (Vaswani et al., 2017)and the032

pretraining paradigm that yields general-purpose033

language representations adaptable to diverse034

downstream tasks (Devlin et al., 2019; Raffel et al.,035

2020). Several developments have made LLMs036

more usable in real-world settings.Instruction tun-037

ing and reinforcement learning from human feed-038

back (RLHF) improve instruction following and039

reduce certain undesirable behaviors (Ouyang040

et al., 2022). Prompting strategies that elicit in-041

termediate reasoning, such as chain-of-thought042

prompting,often enhance performance on multi- 043

step reasoning tasks (Wei et al., 2022).Retrieval- 044

augmented generation (RAG) equips LLMs with 045

access to external corpora,improving knowledge- 046

intensive tasks and providing provenance signals 047

(Lewis et al., 2020). 048

Despite these breakthroughs, uncertainty quan- 049

tification remain to be questions. For instance, 050

LLMs may produce fluent but hallucinations and 051

can fail truthfulness benchmarks (Lin et al., 2022). 052

Thus raises safety concerns: models can be manip- 053

ulated by adversarial prompts and may generate 054

harmful content like jailbreak attack (Zou et al., 055

2023); systematic red-teaming studies demonstrate 056

that such risks persist and evolve with model scale 057

and alignment choices (Ganguli et al., 2022). These 058

issues are amplified under distribution shift , where 059

raw model confidence is frequently miscalibrated. 060

CP offers a principled route to uncertainty quan- 061

tification and risk control by transforming arbi- 062

trary scores into prediction sets with finite-sample, 063

distribution-free guarantees under mild assump- 064

tions (Vovk et al., 2005; Angelopoulos and Bates, 065

2021). Early work on CP for LLMs largely tar- 066

geted close-ended tasks such as multiple-choice 067

QA, where the finite label space makes set-valued 068

prediction and selective answering straightfor- 069

ward (Kumar et al., 2023). Moreover, current 070

LLM deployments emphasize open-ended gener- 071

ation, black-box API access, retrieval-augmented 072

pipelines, and non i.i.d. test conditions, which re- 073

quire new conformal designs. Recent directions 074

include CP for free-form decoding (Quach et al., 075

2024; Deutschmann et al., 2023), logit-free/API- 076

only uncertainty estimation (Su et al., 2024), safety- 077

oriented conformal layers for abstention and factu- 078

ality control (Abbasi-Yadkori et al., 2024; Mohri 079

and Hashimoto, 2024), and conformal calibration 080

for retrieval and domain shift in RAG-style systems 081

(Rouzrokh et al., 2024; Sun et al., 2024; Lin et al., 082

2025). 083
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Organization of This Survey This survey syn-084

thesizes recent progress on conformal prediction085

for large language models. We begin with a con-086

cise primer on CP, outlining its core principles and087

explaining how it provides distribution free uncer-088

tainty quantification under mild assumptions. We089

then review methodological advances that are es-090

pecially relevant to LLM settings, including multi091

source CP, multivariate CP, and approaches for dis-092

tribution shift and adaptive calibration (Section 2:093

Theoretical Conformal Prediction). In the second094

part, we survey representative works that apply CP095

across diverse NLP tasks and LLM based pipelines,096

highlighting common design patterns and evalua-097

tion practices (Section 3: Conformal Prediction for098

large language models). We conclude by distilling099

open challenges and outlining promising directions100

for future research on CP for LLMs.101

2 Conformal Prediction102

In this section, we will introduce the theoretical103

work about CP, and summarize the recent new104

works that may be applicable for NLP and LLMs.105

Theoretical work Formalized by (Vovk et al.,106

2005), CP provides a rigorous framework for107

distribution-free uncertainty quantification with108

finite-sample guarantees. Recent breakthroughs109

in data-efficient resampling (Barber et al., 2021)110

and adaptive scoring (Romano et al., 2019, 2020)111

have matured the paradigm, enabling prediction112

regions to scale with instance-level difficulty. This113

theoretical foundation has recently expanded to114

address the non-exchangeability inherent in NLP115

via Wasserstein-regularized distribution shifts (Xu116

et al., 2025a) and generalized risk management (Xu117

et al., 2025b).118

General framework for conformal prediction.119

CP transforms a point predictor f̂ into a set-valued120

output Cα(x) that guarantees P (Y ∈ Cα(x)) ≥121

1 − α under exchangeability. In the split confor-122

mal setting (Papadopoulos et al., 2002; Lei et al.,123

2018), calibration is performed on a held-out set124

Dcal = {(Xi, Yi)}ni=1 by defining a task-specific125

nonconformity score s(x, y). Common instantia-126

tions of s(x, y) include cumulative softmax mass127

for classification (Romano et al., 2020). The cali-128

bration threshold q̂ is computed as the ⌈(n+1)(1−α)⌉
n -129

th empirical quantile of the scores {s(Xi, Yi)}ni=1:130

q̂ = inf

{
q :

|{i : si ≤ q}|
n

≥ ⌈(n+ 1)(1− α)⌉
n

}
.131

The resulting prediction set is defined as Cα(x) = 132

{y : s(x, y) ≤ q̂}. While this baseline as- 133

sumes exchangeability, recent extensions such as 134

Wasserstein-regularized CP (Xu et al., 2025a) fur- 135

ther relax these constraints to handle complex dis- 136

tribution shifts. 137

Conformal risk control Conformal Risk Con- 138

trol (CRC) formalizes the calibration objective by 139

bounding a user-specified loss L(·), such as factual 140

error or safety violation, to ensure that the popula- 141

tion risk R(λ) = E[L(Aλ(X), Y )] remains below 142

a threshold α. This framework is uniquely effective 143

for LLM alignment, where rare but severe failures 144

necessitate rigorous control. For example, (Chen 145

et al., 2025) introduced tail-risk formulations for 146

black-box models, providing finite-sample guaran- 147

tees for distortion risk measures targeting extreme 148

losses. To improve operational efficiency, recent 149

methods address LLM sampling variability via ran- 150

domized and bootstrapped variants, which stabilize 151

thresholds and reduce calibration overhead (Pang 152

et al., 2025). 153

Beyond post-generation filtering, CRC enables 154

modular decision-making within LLM pipelines. 155

In Retrieval-Augmented Generation (RAG), con- 156

formalized retrieval dynamically scales context 157

sets to guarantee the inclusion of ground-truth ev- 158

idence, thereby mitigating hallucinations caused 159

by context omission (Li et al., 2024a). Addition- 160

ally, selective frameworks like COIN and SConU 161

combine CRC guarantees with FDR-style risk con- 162

straints and outlier detection to prune unreliable 163

outputs (Wang et al., 2025c,d). These advance- 164

ments converge toward “conformal arbitrage,” a 165

system-level paradigm for routing queries between 166

primary models and conservative guardians to op- 167

timize the trade-off between helpfulness and prov- 168

able risk (Overman and Bayati, 2025; Xu et al., 169

2025b). 170

Distribution shift and adaptive conformal pre- 171

diction. Classical conformal prediction relies 172

on the exchangeability assumption, which is fre- 173

quently violated in real-world LLM deployments 174

due to distribution shifts across domains, tasks, 175

and prompts. To maintain coverage validity under 176

such shifts, adaptive methods replace global thresh- 177

olds with test-point-specific quantiles derived from 178

weighted calibration scores Si: 179

q̂1−α(x) = inf
{
q :

∑
i∈Ical

wi(x)1{Si ≤ q} ≥ 1− α
}

180
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Survey Map

Conformal Prediction

Standard CP (Romano et al., 2020) introduces the general concepts of
conformal prediction.

Risk Control (CRC) (Angelopoulos et al., 2024a),(Chen et al., 2025) formalizes
tail-risk formulations for black-box alignment with
finite-sample guarantees.

Shift & Adaptation (Gibbs and Candes, 2021),(Tibshirani et al., 2019),(Xu et al.,
2025a) relaxes exchangeability via Wasserstein-regularized
thresholds to handle complex distribution shifts.

Multivariate CP Feldman et al. (Feldman et al., 2023) conformalize
representation-based multi-output quantile regression, Klein
et al. (Klein et al., 2025) use optimal transport to build
jointly valid multivariate conformal sets.

Multi-source CP (Wong et al., 2025a) utilizes weighted p-value aggregation to
maintain coverage across heterogeneous data sources.

CP for LLM Pipelines

Black-box CP (Su et al., 2024; Wang et al., 2024; Gui et al., 2024) enable
logit-free calibration for closed APIs via sampling consensus
and external verification layers.

Semantic Coverage (Rubin-Toles et al., 2025; Kossen et al., 2024; Sheng et al.,
2024) replace literal matching with semantic verification via
entropy clustering and conformalized judges.

Abstention & Safety (Yadkori et al., 2024; Chen et al., 2025; Gui et al., 2024)
derive discrete abstention rules and risk-controlled guardrails
to bound hallucinations and toxic outputs.

Open-ended Generation (Rubin-Toles et al., 2025; Ravfogel et al., 2023; Wang et al.,
2025c) balance specificity and correctness via hierarchical
back-off and selection-oriented singleton generation.

Reasoning Reliability (Rubin-Toles et al., 2025; Park et al., 2025; Kaur et al.,
2025) enforce process-level validity via deducibility graphs
and conformalized reward models for active pruning.

RAG Reliability (Li et al., 2024a; Chakraborty et al., 2025; Xu et al., 2025b)
prevent error cascading through joint system modeling,
nested sets, and conformalized context filtering.

Domain Shift Robustness (Gibbs and Candes, 2021; Jeary et al., 2024; Guan, 2023)
restore validity under distribution shifts via online quantile
adaptation and robust neural verification.

Multimodal LLMs (Silva-Rodríguez et al., 2025; Timans et al., 2024;
Angelopoulos et al., 2024a) mitigate cross-modal noise and
spatial hallucinations via optimal transport and
risk-controlled grounding.

Figure 1: Compact taxonomy of conformal prediction foundations (Section 2) and LLM pipeline applications
(Section 3).

where non-negative weights wi(x) prioritize cal-181

ibration points most relevant to the test input182

x. This paradigm is realized through subpopula-183

tion reweighting and domain-aware wrappers that184

leverage task-specific information to mitigate shift-185

induced under-coverage (Wang et al., 2025a; Lin186

et al., 2025). A specialized extension for LLMs is187

In-Context Conformal Prediction (ICCP), which188

enables local calibration by using few-shot demon-189

strations within the prompt as a dynamic calibra-190

tion set, adapting to task distributions without re-191

quiring external data (Deng et al., 2025). Beyond192

reweighting, recent research explores adaptive cov-193

erage policies α(x) to optimize efficiency for het-194

erogeneous queries (Gauthier et al., 2025), along-195

side distribution-informed online updates for rapid196

recalibration in non-stationary streaming environ-197

ments (Jun and Ohn, 2025; Hu et al., 2025). These198

data-dependent thresholds and online adjustments199

establish a robust foundation for uncertainty quan- 200

tification in modular LLM pipelines (Zhang et al., 201

2025; Badkul and Xie, 2025). 202

Multivariate conformal prediction. Although 203

CP typically relies on scalar nonconformity scores, 204

its extension to vector-valued outputs is non-trivial 205

due to the absence of a canonical ordering in 206

higher dimensions. One primary approach involves 207

learning tractable representations of multivariate 208

responses to calibrate flexible base regions, en- 209

abling expressive, non-rectangular predictive sets 210

that maintain exact marginal coverage (Feldman 211

et al., 2023). Alternatively, optimal transport (OT) 212

provides a principled framework for defining mul- 213

tivariate ranks and quantiles to induce an order- 214

ing for vector-valued scores. This allows for the 215

construction of valid prediction sets in multidimen- 216

sional regression via OT-based ranking protocols 217

(Klein et al., 2025). Similar methodologies uti- 218
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lize Monge–Kantorovich vector ranks to develop219

flexible, potentially non-convex conformal regions220

for multi-output regression and multiclass classi-221

fication, with certain variants specifically target-222

ing stronger conditional guarantees (Thurin et al.,223

2025).224

Multi-source conformal prediction and online225

conformal prediction. LLM deployments of-226

ten utilize calibration data from multiple sources,227

where naive pooling risks violating exchangeability228

and degrading coverage validity. This challenge is229

addressed through source-aware conformalization,230

which calibrates within individual sources and ag-231

gregates evidence via weighted p-values to ensure232

robustness against variations in the source mix-233

ture (Wong et al., 2025a). When distribution shifts234

stem from changing proportions of latent groups,235

adaptive procedures employing sample reweight-236

ing or test-dependent thresholds can maintain va-237

lidity under unknown subpopulation shifts (Wang238

et al., 2025a). In federated settings, Byzantine-239

robust methodologies preserve distribution-free240

guarantees even when a subset of participants re-241

ports manipulated calibration statistics (Kang et al.,242

2024). For non-stationary streaming regimes, such243

as evolving prompt distributions, online conformal244

prediction updates thresholds sequentially. The245

use of decaying step sizes in these environments246

provides strong worst-case guarantees while im-247

proving the stability of time-local coverage (An-248

gelopoulos et al., 2024b).249

3 Conformal Prediction for Large250

Language Models251

In this section, we discuss how CP techniques are252

deployed in LLMs settings, especially under closed-253

source APIs, safety and multi-stage pipelines (e.g.,254

retrieval, generation, and verification). We review255

recent adaptations of CP for semantic correctness256

of black-box outputs, abstention and conformal257

risk control, open-ended generation and reasoning,258

RAG and context selection, robustness under do-259

main shift, and extensions to multimodal LLMs.260

Why conformal prediction for large language261

models The deployment of modern LLMs via262

closed-source interfaces decouples model utility263

from internal state visibility, rendering traditional264

white-box calibration methods that rely on log-265

probabilities largely obsolete (Su et al., 2024; Wang266

et al., 2024). This transition aligns with the emerg-267

ing Model Science framework, which advocates for 268

systematic verification and control of model behav- 269

ior rather than traditional data-centric evaluation 270

(Biecek and Samek, 2025). Within this paradigm, 271

CP functions as a formal verification mapping V 272

that utilizes a model f̂ and a calibration set Dcal to 273

construct a guaranteed uncertainty region: 274

V (f̂ ,Dcal, ϵ) → Γϵ(X) s.t. P (Y /∈ Γϵ(X)) ≤ ϵ 275

where ϵ denotes a predefined error budget. This sta- 276

tistical protocol ensures that heuristic black-box 277

generators are transformed into reliable system 278

components with provable boundaries. 279

The adoption of CP is further necessitated by the 280

inherent fallibility of LLM self-assessment. While 281

models exhibit emergent capacities to estimate their 282

own correctness via internal heuristics (Kadavath 283

et al., 2022), these subjective measures lack the 284

objective rigor required for high-stakes auditing. 285

The absence of an external verification layer of- 286

ten results in uncalibrated overconfidence, a gap 287

addressed by CP through an objective statistical 288

layer that maps raw outputs to valid prediction sets 289

or formal abstention rules (Gui et al., 2024). This 290

mechanism effectively decouples system reliability 291

from the model’s internal biases. 292

Correctness coverage for black-box LLM out- 293

puts A primary methodological challenge in ap- 294

plying CP to LLMs involves the transition from 295

categorical labels to structured semantic objects 296

such as strings and multi-step rationales. In this 297

context, the conventional definition of coverage 298

must be re-anchored from literal matching to a 299

semantic verification protocol (Rubin-Toles et al., 300

2025). The central question shifts from simple 301

error counting to: How can we design invariant 302

non-conformity scores that capture latent semantic 303

truth rather than surface-level token overlap? 304

To address this, researchers have moved beyond 305

white-box logits toward scores grounded in seman- 306

tic faithfulness and logical consistency. For in- 307

stance, (Su et al., 2024) formulates non-conformity 308

measures using fine-grained uncertainty notions 309

such as semantic similarity clusters. This per- 310

spective aligns with the broader Model Science 311

paradigm (Biecek and Samek, 2025), which advo- 312

cates for incorporating an explicit verification layer 313

V into the generative pipeline. Formally, a robust 314

score s(X,Y ) can be generalized as an alignment 315

function: 316

s(X,Y ) = 1− Score(Φ(Y ),Ψ(X)) 317
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where Φ(Y ) represents the semantic representation318

of the candidate and Ψ(X) denotes the verified319

grounding evidence, which can be derived from320

internal semantic entropy clusters (Kossen et al.,321

2024) or external evaluative agents (Sheng et al.,322

2024).323

Furthermore, this framework has expanded to the324

control of reasoning trajectories. The emergence of325

conformalized judges allows for the quantification326

of uncertainty in rating-based assessments, ensur-327

ing that LLM-as-a-judge frameworks provide sta-328

tistically grounded prediction intervals rather than329

uncalibrated scores (Sheng et al., 2024). By inte-330

grating these measures across deducibility graphs,331

the field is transitioning toward a state where every332

LLM output is accompanied by a formal certificate333

of semantic validity.334

From prediction sets to abstention and risk con-335

trol While CP traditionally yields set-valued out-336

puts, practical deployment within LLM ecosystems337

necessitates a transition toward discrete decision-338

making protocols such as answer deferral and se-339

lective abstention. Rather than presenting users340

with a raw set of potential candidates, CP pro-341

vides a rigorous framework for deriving absten-342

tion policies that maintain explicit error control. A343

prominent application of this paradigm is the miti-344

gation of factual hallucinations, where the system345

is calibrated to withhold a response, effectively stat-346

ing "I do not know", whenever the uncertainty of347

the generated content exceeds a predefined safety348

threshold (Yadkori et al., 2024). By optimizing349

the trade-off between model utility and factual in-350

tegrity, such frameworks bound the hallucination351

rate while maximizing the density of informative352

responses for answerable queries.353

The scope of this control has recently evolved be-354

yond simple error rates toward the management of355

complex risk functionals. Recent research into con-356

formal tail-risk control addressing LLM alignment357

targets specific safety-critical distortions, such as358

toxic or offensive outputs, through the use of359

weighted quantiles (Chen et al., 2025). This ap-360

proach introduces a lightweight calibration layer361

that remains compatible with black-box scoring362

systems, ensuring that even rare but catastrophic363

failures are statistically bounded. This shift toward364

multi-objective risk control allows for the simulta-365

neous bounding of disparate risks, including factual366

inaccuracy and social bias, through a unified statis-367

tical interface (Angelopoulos et al., 2024a).368

The emerging paradigm of conformal alignment 369

represents a fundamental bridge between training 370

objectives and downstream inference guarantees 371

(Gui et al., 2024). Unlike post-hoc calibration 372

methods, this approach suggests that models can 373

be fine-tuned to yield probability distributions that 374

are inherently more "conformalizable." By opti- 375

mizing for distributions that produce smaller and 376

more precise prediction sets, conformal alignment 377

enhances the efficiency of abstention policies, ulti- 378

mately positioning CP not merely as a diagnostic 379

tool but as an integral component of the algorithmic 380

governance and safety alignment pipeline. 381

Although jailbreak attacks have been exten- 382

sively studied, two safety gaps persist: (i) de- 383

fenses often fail to generalize across heteroge- 384

neous attack families, and (ii) guardrails are brit- 385

tle to novel, unseen attack types (Wang et al., 386

2025b). Motivated by this, we view jailbreak as 387

a subpopulation shift problem indexed by attack 388

type. Let A = {a1, a2, . . .} denote known at- 389

tack types, let p ∈ P be an input prompt, and 390

let X = ϕ(p) ∈ X be a prompt representa- 391

tion (e.g., last-token embedding or a hidden-state 392

summary). For a victim model f and an LLM- 393

based judge J , define the judged safety outcome 394

Z := J(f(p)) ∈ Z (e.g., Z = {0, 1} for jail- 395

break success/failure or a graded safety score). 396

Our goal is to construct a conformal prediction 397

set Ĉ(X) ⊆ Z with miscoverage level α ∈ (0, 1) 398

that is (a) attack-conditional over seen families, i.e., 399

P
(
Z ∈ Ĉ(ϕ(p))

∣∣∣ p ∈ ai

)
≥ 1 − α for all ai ∈ 400

A, and (b) robust/adaptive to emerging families 401

a⋆ /∈ A, i.e., P
(
Z ∈ Ĉ(ϕ(p))

∣∣∣ p ∈ a⋆
)
≥ 1 − α. 402

This formulation directly targets both failure modes 403

above by enabling multi-source calibration across 404

known attacks and principled adaptation when new 405

jailbreak types appear. 406

Open-ended generation with conformal guar- 407

antees Adapting Conformal Prediction (CP) to 408

open-ended generation requires a transition from 409

static label classification toward the dynamic cali- 410

bration of autoregressive trajectories. This process 411

is constrained by the combinatorial complexity of 412

the output space, necessitating methods that treat 413

generation as a path within a structured semantic 414

hierarchy rather than a sequence of independent 415

tokens. 416

A primary mechanism in this domain is hierar- 417

chical back-off, which operationalizes the trade-off 418
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between semantic specificity and statistical cor-419

rectness (Biecek and Samek, 2025). When the420

non-conformity score of a specific claim exceeds421

the calibrated threshold, the system adaptively re-422

verts to a more general yet provably correct abstrac-423

tion within a predefined taxonomy (Rubin-Toles424

et al., 2025). This protocol ensures that LLMs re-425

main truthful by design by modulating informative-426

ness to match internal confidence levels. Formally,427

given a taxonomy T , the system selects the most428

specific node y ∈ T such that the safety guarantee429

P(Y ∗ ∈ descendants(y)) ≥ 1− α is preserved.430

Beyond abstraction, recent advancements inte-431

grate CP into the decoding process to enable statis-432

tically principled search pruning. Unlike heuristic-433

based nucleus sampling, conformal decoding strate-434

gies (Ravfogel et al., 2023) dynamically adjust the435

candidate vocabulary Vt at each timestep t:436

Vt = {w ∈ Σ |
∑

j∈sorted(Σ)

π(wj |x, y<t) ≤ λ̂}437

where λ̂ is the calibrated threshold. This approach438

is critical in multi-step reasoning where error propa-439

gation leads to logical drift. By imposing invariant440

safety bounds across the reasoning chain, these441

frameworks utilize deducibility structures to termi-442

nate fallacious trajectories before they culminate in443

hallucinated conclusions (Rubin-Toles et al., 2025).444

Selection-oriented conformalization (Wang445

et al., 2025c) further addresses the requirement446

of generating high-quality singleton responses447

under rigorous risk control (Biecek and Samek,448

2025). By evaluating candidates against user-449

specified loss functions L, these methods filter450

responses that violate stipulated risk bounds,451

ensuring E[L(ŷ, y)] ≤ α. In black-box scenarios452

where internal logits are inaccessible, semantic453

self-consistency serves as a proxy for uncertainty,454

enabling the derivation of valid bounds through the455

aggregation of sampled consensus (Wang et al.,456

2024; Su et al., 2024).457

Reasoning and factual coherence Reasoning458

tasks possess inherent structural dependencies459

where correctness is contingent upon the integrity460

of multi-step derivations, and factual errors often461

exhibit strong correlations across sequential claims.462

To address these dependencies, research has piv-463

oted from outcome-level validation to process-level464

guarantees, treating the entire reasoning trace as465

a stochastically constrained trajectory. A pivotal466

advancement is the coherent factuality framework467

(Rubin-Toles et al., 2025), which utilizes deducibil- 468

ity graphs to enforce statistical bounds that respect 469

logical dependencies. Formally, for a reasoning 470

path P = {s1, s2, . . . , sk}, the system ensures that 471

the joint coverage of the entire derivation remains 472

valid: 473

P

(
k⋂

i=1

(si ∈ Ctrue)

)
≥ 1− α 474

By calibrating the premises rather than just the 475

conclusion, this approach ensures that any derived 476

statement inherits a formal certificate of validity 477

from its logical antecedents. 478

Crucially, recent methodologies have opera- 479

tionalized these statistical signals to transition from 480

passive monitoring to active search control. In 481

the context of multi-path reasoning (e.g., Tree of 482

Thoughts), conformal scores now function as rigor- 483

ous pruning criteria. Intermediate steps violating 484

local coverage thresholds trigger immediate back- 485

tracking, thereby dynamically reallocating com- 486

pute resources to branches with valid partial proofs. 487

This mechanism is exemplified by the CAL-PRM 488

framework (Park et al., 2025), which conformalizes 489

Process Reward Models (PRMs) to enable instance- 490

adaptive search scaling. The pruning decision at 491

step t is governed by a calibrated threshold λ̂t: 492

Prune(st) = I(ScorePRM (st) < λ̂t) 493

where λ̂t is determined to maintain a global safety 494

envelope across long-horizon planning. Further 495

extending this rigor to structured logic, neuro- 496

symbolic integrations bridge fluid neural gener- 497

ation with symbolic scaffolds. For instance, by 498

applying CP to the selection of Answer Set Pro- 499

gramming (ASP) rules, generated logical proofs 500

can maintain verified coverage even when the un- 501

derlying solver operates as a black box (Kaur et al., 502

2025). This synergy enables the deployment of 503

LLMs in environments requiring both generative 504

flexibility and the absolute rigor of formal logic. 505

RAG, retrieval uncertainty, and principled con- 506

text engineering While RAG is a primary tech- 507

nique for grounding LLM outputs in external ev- 508

idence, it introduces a complex hierarchy of un- 509

certainty where retrieval failures often lead to er- 510

ror cascading in the generation phase (Li et al., 511

2024a). Recent advancements in Conformal Pre- 512

diction (CP) address this by providing a unified 513

framework for end-to-end correctness guarantees. 514
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Specifically, the TRAQ framework (Li et al., 2024)515

models the retriever and generator as a joint sys-516

tem, constructing nested prediction sets to ensure517

the presence of semantically correct answers with518

high probability (Li et al., 2024a). Complementing519

this, CONFLARE (Rouzrokh et al., 2024) quan-520

tifies retrieval uncertainty to prevent noise propa-521

gation, while recent work by Wong et al. (2025)522

extends this to multi-source environments by using523

weighted p-values to improve coverage in aggre-524

gated evidence sets (Wong et al., 2025a).525

A significant frontier involves principled context526

engineering, where CP serves as a statistical filter527

for context management. Chakraborty et al. (2025)528

demonstrate that conformalizing relevance scores529

allows for the pruning of irrelevant snippets while530

strictly bounding the probability of discarding crit-531

ical information (Chakraborty et al., 2025). This532

is further generalized via selective conformal risk533

control (Xu et al., 2025b), which adopts a "select-534

then-calibrate" paradigm to manage the trade-off535

between inference efficiency and the risk of infor-536

mation loss (Xu et al., 2025b). As a final safeguard,537

conformal abstention mechanisms (Abbasi-Yadkori538

et al., 2024) provide a principled fallback, allow-539

ing the model to refrain from answering when the540

calibrated hallucination risk exceeds a pre-defined541

threshold. Collectively, these methods transition542

RAG from a heuristic integration of search and543

generation into a statistically grounded framework544

with provable reliability.545

While RAG is a primary technique for ground-546

ing LLM outputs in external evidence, it introduces547

a complex hierarchy of uncertainty where retrieval548

failures often lead to error cascading in the gen-549

eration phase (Li et al., 2024a). Recent advance-550

ments in CP address this by providing a unified551

framework for end-to-end correctness guarantees.552

Specifically, the TRAQ framework (Li et al., 2024)553

models the retriever and generator as a joint sys-554

tem, constructing nested prediction sets to ensure555

the presence of semantically correct answers with556

high probability (Li et al., 2024a). Complementing557

this, CONFLARE (Rouzrokh et al., 2024) quan-558

tifies retrieval uncertainty to prevent noise propa-559

gation, while recent work by Wong et al. (2025)560

extends this to multi-source environments by using561

weighted p-values to improve coverage in aggre-562

gated evidence sets (Rouzrokh et al., 2024; Wong563

et al., 2025a).564

Domain shift and deployment robustness A 565

fundamental challenge in transitioning LLMs to 566

dynamic production environments is the potential 567

violation of the exchangeability assumption. In 568

real-world deployments, covariate shifts and ad- 569

versarial perturbations often lead to coverage col- 570

lapse. To restore statistical validity, recent research 571

has moved toward Adaptive Conformal Prediction 572

(ACP), which updates the quantile q̂t online based 573

on historical coverage errors (Gibbs and Candes, 574

2021). However, to provide guarantees against 575

worst-case shifts, the Verifiably Robust Conformal 576

Prediction (VRCP) framework (Jeary et al., 2024) 577

integrates neural network verification algorithms 578

to bound the impact of perturbations on confor- 579

mity scores. For a given perturbation set Bϵ(x), 580

VRCP constructs robust prediction sets by calibrat- 581

ing against the upper bound of the non-conformity 582

scores: 583

Crob(x) = {y ∈ Y | max
x′∈Bϵ(x)

E(x′, y) ≤ q̂} 584

This approach ensures that coverage is maintained 585

even under ℓp-bounded adversarial attacks, effec- 586

tively bridging the gap between statistical calibra- 587

tion and formal safety verification. By combin- 588

ing these robust intervals with localized calibra- 589

tion (Guan, 2023), LLMs can maintain rigorous 590

integrity in non-stationary and potentially adversar- 591

ial environments. 592

Conformal Prediction for multimodel large lan- 593

guage models The expansion of LLMs into 594

multimodal domains (MLLMs) introduces het- 595

erogeneous uncertainty, compounding visual per- 596

ception noise with cross-modal alignment er- 597

rors. Standard calibration often fails in these 598

high-dimensional settings, particularly under zero- 599

shot shifts. (Silva-Rodríguez et al., 2025)Silva- 600

Rodríguez et al. (2025) addressed the reliability 601

of foundational vision-language models by propos- 602

ing a transductive conformal framework, Conf-OT. 603

By leveraging optimal transport to align visual and 604

textual embeddings on the fly, this method rectifies 605

the distributional mismatch. The non-conformity 606

score is defined by the Wasserstein distance W (·, ·) 607

between the test sample and the calibrated clusters: 608

si = inf
γ∈Γ(Pcal,Ptest)

∫
∥zvis − ztxt∥2dγ 609

This alignment ensures valid coverage for un- 610

seen classes without supervised fine-tuning (Silva- 611

Rodríguez et al., 2025). 612
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Beyond semantic classification, safety-critical613

applications require precise spatial grounding.614

(Timans et al., 2024) introduced a two-step con-615

formal mechanism that first constructs a prediction616

set for the object category and subsequently prop-617

agates this uncertainty into the localization head.618

This results in adaptive prediction regions R(x)619

that guarantee the inclusion of the ground-truth620

bounding box B∗ given a correct classification:621

P(B∗ ⊆ R(X) | Y ∈ Cclass) ≥ 1− α622

This effectively mitigates "spatial hallucinations"623

where models confidently localize misclassified624

entities (Timans et al., 2024).625

For open-ended generative tasks like Visual626

Question Answering , (Angelopoulos et al., 2024a)627

generalized the conformal paradigm via Confor-628

mal Risk Control . Instead of bounding the error629

probability, CRC theoretically bounds the expected630

value of monotonic loss functions L (e.g., semantic631

dissimilarity or 1-IoU):632

E[L(Cλ̂(X), Y )] ≤ α (1)633

This allows MLLMs to dynamically adjust output634

set sizes to maintain a user-specified limit on fac-635

tual error rates, providing a rigorous safety layer for636

complex vision-language reasoning (Angelopoulos637

et al., 2024a).638

Finally, for open-ended generative tasks like Vi-639

sual Question Answering (VQA), where discrete640

prediction sets are infeasible, (Angelopoulos et al.,641

2024a) generalized the conformal paradigm via642

Conformal Risk Control (CRC). Instead of bound-643

ing the probability of error, CRC theoretically644

bounds the expected value of arbitrary monotonic645

loss functions (e.g., semantic dissimilarity or 1-646

IoU). This allows MLLMs to dynamically adjust647

output set sizes to maintain a user-specified limit648

on factual error rates, providing a rigorous safety649

layer for complex vision-language reasoning (An-650

gelopoulos et al., 2024a).651

4 Future Work652

Moving forward, the confluence of CP and LLMs653

suggests several critical trajectories that transcend654

the current static evaluation paradigms summarized655

in this work. A primary theoretical frontier involves656

the relaxation of the exchangeability assumption657

(Tibshirani et al., 2019), which, while foundational658

to classical CP, is increasingly strained by the659

non-stationary and adversarial nature of real-world660

LLM deployments. Consequently, there is a com- 661

pelling need for adaptive, online calibration frame- 662

works (Gibbs and Candes, 2021; Zaffran et al., 663

2022) capable of maintaining statistical rigor under 664

continuous distribution shifts, as well as the need 665

of LLMs for multivariate and multi-source CP. 666

Building on the semantic-coverage taxonomy in 667

Section 3, future work should move beyond lexi- 668

cal and NLI-based nonconformity scores toward 669

logic-aware notions of correctness, especially for 670

structured reasoning where functional validity mat- 671

ters (e.g., mathematical correctness and knowledge- 672

graph consistency) (Shahrokhi et al., 2025b; Ni 673

et al., 2024). Moreover, Figure 1 suggests that 674

impact will depend on integrating CP into infer- 675

ence rather than treating it as a post-hoc wrapper: 676

conformal-aware decoding and test-time control 677

can enforce uncertainty constraints while managing 678

compute, including asynchronous test-time scaling 679

(Xiong et al., 2025) and confidence-controlled early 680

exits (Akgül et al., 2025). 681

Figure 2 further summarizes a complementary 682

set of open questions for conformalized LLM sys- 683

tems. Beyond the method-and-application taxon- 684

omy, it highlights both foundational CP frontiers 685

(e.g., improved conditional coverage, scalable re- 686

sampling, and robustness under extreme shifts) and 687

pipeline-level challenges specific to LLM deploy- 688

ment (e.g., long-horizon reasoning and planning, 689

end-to-end RAG optimization, cross-modal align- 690

ment, and adversarial defense). These directions 691

emphasize that progress will require advancing 692

CP theory alongside system-aware designs that 693

account for the multi-stage, non-stationary, and 694

safety-critical nature of real-world LLM pipelines. 695

5 Conclusion 696

In this survey, we synthesize recent advances in 697

conformal prediction (CP) for large language mod- 698

els and organize the space through the taxonomy in 699

Figure 1, covering theoretical foundations, seman- 700

tic scoring, and downstream applications. A central 701

takeaway is the shift from lexical heuristics to se- 702

mantic correctness objectives with distribution-free 703

guarantees, enabling more reliable deployment in 704

settings such as RAG and long-horizon reasoning. 705

We conclude by highlighting open challenges in 706

efficiency and adaptive calibration, and we hope 707

this survey provides a practical roadmap for future 708

work on trustworthy LLM systems. 709
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6 Appendix1074

6.1 Discussion1075

Beyond consolidating recent progress, a key mes-1076

sage of this work is that conformal prediction (CP)1077

for LLMs is still missing several “systems-grade”1078

building blocks that could drive the next wave1079

of research. First, semantic nonconformity de-1080

sign remains underdeveloped: RAG-focused CP1081

methods show that end-to-end correctness sets are1082

possible when we calibrate to semantic equiva-1083

lence rather than exact match (Li et al., 2024b),1084

but the field needs principled score constructions1085

that are robust to judge noise and distribution1086

shift (e.g., judge ensembles, calibration diagnos-1087

tics, and semantics-aware losses). Second, LLM1088

deployments are multi-stage pipelines (retrieve →1089

generate → verify → act), suggesting a composi-1090

tional CP theory where error budgets are allocated1091

across stages and guarantees compose; existing1092

retrieval-thresholding approaches (Rouzrokh et al., 1093

2024) provide a template, but extending this to 1094

tool use, multi-hop retrieval, and agentic work- 1095

flows is largely open. Third, multi-source and 1096

adaptive aggregation is likely essential in prac- 1097

tice (multiple prompts, models, attack families, 1098

domains): data-dependent weighting and aggre- 1099

gation can tighten coverage relative to naive unions 1100

(Wong et al., 2025b), and developing fast online 1101

updates under shift (building on adaptive confor- 1102

mal ideas (Gibbs and Candès, 2021)) is a natural 1103

direction for robust LLM safety layers. Fourth, 1104

compute-aware conformalization is emerging as a 1105

practical necessity: recent work uses CP to control 1106

rejection/acceptance in test-time scaling (Xiong 1107

et al., 2025) and to produce confidence-controlled 1108

early exits during reasoning (Akgül et al., 2025); a 1109

broader opportunity is to couple CP with decoding 1110

and verification to yield guarantees under strict la- 1111

tency/token budgets. Finally, the community needs 1112

generation-native CP primitives: methods that pro- 1113

duce valid prediction sets for deep generative mod- 1114

els via sampling and admissibility tests (Shahrokhi 1115

et al., 2025a) point toward CP that natively handles 1116

open-ended outputs (text/code) rather than forcing 1117

them into classification-style surrogates. Taken 1118

together, these directions suggest that the most im- 1119

pactful advances will come from marrying new CP 1120

theory (composition, adaptivity, aggregation) with 1121

LLM-specific semantics, pipeline structure, and 1122

efficiency constraints. 1123

6.2 Limitation 1124

While this survey provides a systematic synthe- 1125

sis of the burgeoning CP-LLM literature, several 1126

constraints regarding its scope and methodology 1127

warrant acknowledgement. Chief among these is 1128

the qualitative nature of our analysis, which pre- 1129

cludes a direct, head-to-head empirical comparison 1130

of the reviewed algorithms. Insofar as the field 1131

lacks a unified benchmarking platform, the "Pareto 1132

efficiency" of different frameworks, specifically 1133

the balance between set tightness and inference 1134

latency, remains to be rigorously verified through 1135

future large-scale experimentation. 1136

Furthermore, the validity of the taxonomies and 1137

conclusions presented herein is intrinsically teth- 1138

ered to the quality of surrogate metrics utilized in 1139

the primary literature. Despite our discussion of 1140

semantic correctness in Section 3, the underlying 1141

reliance on auxiliary models for evaluation intro- 1142

duces potential biases that our survey can identify 1143
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Future Research

Theoretical Frontiers

Conditional Coverage Bridge the gap between marginal and conditional coverage
without restrictive assumptions.

Scalable Resampling Mitigate computational bottlenecks of resampling for
trillion-parameter models.

Extreme Shifts Tighten prediction regions under abrupt non-stationary and
adversarial shifts.

LLM Pipeline Challenges

Reasoning & Planning Mitigate alpha-exhaustion and error cascading in
long-horizon reasoning chains.

RAG Optimization Enable end-to-end joint calibration for multi-hop retrieval
and generation quality.

Cross-modal Alignment Reconcile heterogeneous noise patterns and distance metrics
in multimodal CP.

Adversarial Defense Develop instantaneous adaptation for emerging jailbreak and
hallucination vectors.

Figure 2: Taxonomy of open challenges and future directions for conformalized LLM systems.

but not empirically rectify. Additionally, the lin-1144

guistic scope of this work is naturally bounded1145

by the current English-centric landscape of CP re-1146

search. Notwithstanding our efforts to incorporate1147

diverse applications, the fairness and robustness of1148

conformal guarantees in low-resource and cross-1149

cultural contexts remain under-represented in the1150

existing body of work. Finally, given the unprece-1151

dented velocity of LLM development, this survey1152

represents a temporal snapshot; certain emerging1153

non-Transformer architectures may thus require1154

further refinement of the categorization established1155

in our Figure 1.1156
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