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Abstract001

Many works have proposed methodologies for002
language model (LM) hallucination detection003
and reported seemingly strong performance.004
However, we argue that the reported perfor-005
mance to date reflects not only a model’s gen-006
uine awareness of its internal information, but007
also awareness derived purely from question-008
side information (e.g., benchmark hacking).009
While benchmark hacking can be effective010
for boosting hallucination detection score on011
existing benchmarks, it does not generalize012
to out-of-domain settings and practical usage.013
Nevertheless, disentangling how much of a014
model’s hallucination detection performance015
arises from question-side awareness is non-016
trivial. To address this, we propose a methodol-017
ogy for measuring this effect without requiring018
human labor, Approximate Question-side Ef-019
fect (AQE). Our analysis using AQE reveals020
that existing hallucination detection methods021
rely heavily on benchmark hacking. The code022
is available online (https://anonymous.023
4open.science/r/AQE-0717).024

1 Introduction025

The defining and quantifying of human-like men-026

tal attributes in large language models (LLMs) lie027

at the heart of a long-standing question: whether028

artificial systems can possess minds akin to our029

own. While recent advances show that LLMs can030

rival or even surpass humans in rational reasoning031

tasks (Brown et al., 2020; Grattafiori et al., 2024;032

OpenAI, 2024), higher-order traits such as self-033

awareness and emotion remain poorly understood,034

partly due to ambiguities in their definition and035

measurement (Li et al., 2024b; Yin et al., 2023).036

Among these traits, self-awareness of knowledge037

is particularly important because of its close con-038

nection to hallucination detection, which is critical039

for the reliability of LLMs. Although hallucination040

can arise from various sources, a major cause is an-041

swering questions beyond the model’s pre-trained042

knowledge (Tonmoy et al., 2024). Humans can 043

recognize when they lack relevant knowledge and 044

refrain from answering (Irak et al., 2019; Koriat, 045

1993), whereas LLMs lack such awareness and tend 046

to generate plausible outputs regardless, leading to 047

hallucination. 048

Then, how can we define and measure self- 049

awareness of LLMs? Prior work has often equated 050

self-awareness with hallucination detection itself, 051

motivated by its practical importance. Indeed, re- 052

cent studies report high hallucination detection per- 053

formance (Snyder et al., 2024; Zhang et al., 2024; 054

Manakul et al., 2023; Azaria and Mitchell, 2023). 055

However, we argue that hallucination prediction 056

does not directly measure self-awareness, because 057

two distinct sources of information are typically 058

involved in the prediction process: (1) informa- 059

tion about the model itself and (2) information 060

about the question. As such, hallucination predic- 061

tion reflects a mixture of model-awareness (self- 062

awareness) and question-awareness. To isolate 063

self-awareness, we disentangle these two compo- 064

nents and introduce a Shapley-based metric, the 065

Approximate Question-side Effect (AQE), to quan- 066

tify question-awareness. The contribution of self- 067

awareness is then estimated by subtracting AQE 068

from hallucination detection precision. 069

Quantifying self-awareness has important practi- 070

cal implications. As shown in §4.2, hallucination 071

predictors that rely heavily on question-awareness 072

often exploit dataset-specific shortcuts and fail to 073

generalize under distribution shifts. In contrast, 074

approaches grounded in model-side information 075

yield more robust performance. We empirically 076

support this claim through dataset analyses and 077

experiments in §B, §4.3, and §5. 078

Lastly, we also propose a method to enhance 079

the use of model-side information, by leveraging 080

the confidence scores of LLMs more effectively. 081

The proposed method is Semantic Compression by 082

Answering in One word (SCAO). We demonstrate 083
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that SCAO performs particularly well in low AQE084

settings. Though this method shows limitations in085

certain settings, such as long-form question answer-086

ing, it provides clues to overcoming the limitations087

of previous probing-based methods.088

Our contributions are summarized as follows:089

• Conceptual: We disentangle hallucination090

detection into self-awareness and question-091

awareness and provide a measurable defini-092

tion of self-awareness in LLMs.093

• Methodological: We introduce AQE, a094

Shapley-based metric to quantify question-095

side effects.096

• Empirical: We show that shortcut-driven,097

question-aware methods fail to generalize,098

while model-side approaches are more robust.099

2 Related works100

As human self-awareness has been extensively stud-101

ied in cognitive psychology and neuroscience, its102

core mechanisms can be leveraged to structure and103

categorize approaches for evaluating internal confi-104

dence and hallucination in LLMs.105

Self-awareness in humans: Insights from cogni-106

tive neuropsychology Extensive research in cog-107

nitive psychology and neuroscience has shown that108

human self-awareness—particularly in the context109

of knowing whether one knows something—relies110

on layered cognitive processes. According to stud-111

ies such as (Koriat, 1993; Irak et al., 2019; Brown112

et al., 2017), two key mechanisms underpin this113

self-assessment.114

1) Unconscious level: When a query is received,115

the brain initiates implicit memory retrieval, evalu-116

ating whether candidate memories fit the contextual117

cues. This process activates regions such as the or-118

bitofrontal and prefrontal cortices within 300–500119

milliseconds (Schnider, 2001; Irak et al., 2019),120

distinct from areas responsible for linguistic output,121

such as the posterior temporal lobe (i.e., Wernicke’s122

area) (Binder, 2015). Several factors—such as the123

amount, accessibility, and vividness of retrieved in-124

formation—act as internal cues signaling potential125

knowledge (Koriat, 1993).126

2) Conscious level: The results of these uncon-127

scious processes are then consciously evaluated128

through metacognitive strategies. These include129

checking for logical and temporal consistency or130

aligning retrieved information with known frame- 131

works. This layered evaluation reflects human self- 132

awareness—our capacity to introspect on our own 133

knowledge states and confidence levels. 134

The dual-process theory (Kahneman, 2011) of- 135

fers a broader framing: rapid, intuitive processes 136

dominate simple recall tasks, while complex, delib- 137

erative processes support tasks such as reasoning 138

or problem-solving. 139

Self-awareness in LLMs: A perspective on hal- 140

lucination detection In large language models 141

(LLMs), the concept of self-awareness can be rein- 142

terpreted as the model’s ability to internally as- 143

sess whether it possesses sufficient knowledge to 144

answer a question accurately. This introspective 145

capacity—whether performed before or after an- 146

swer generation—is directly related to hallucina- 147

tion detection mechanisms. Our analysis proposes 148

aligning hallucination mitigation strategies with the 149

structure of human self-awareness processes. 150

1) Before-generation: Approaches that attempt 151

to detect potential hallucinations *before* the 152

model generates an answer mirror the unconscious 153

processes of humans. These methods, including 154

our own, rely on internal indicators such as ac- 155

tivation patterns or uncertainty proxies to deter- 156

mine knowledge sufficiency prior to verbalization 157

(Mallen et al., 2022). Benchmarks like Mintaka 158

(Sen et al., 2022) and ParaRel (Elazar et al., 2021) 159

primarily test immediate factual recall, aligning 160

well with this layer of self-assessment. 161

2) After-generation: Other approaches evalu- 162

ate the model’s response after generation, resem- 163

bling conscious-level reasoning in humans. These 164

include multi-pass generation, self-consistency 165

checks, and the integration of external tools such as 166

retrievers (Béchard and Ayala, 2024; Manakul et al., 167

2023; Chen et al., 2024). Benchmarks requiring 168

structured reasoning, such as MMLU (Hendrycks 169

et al., 2021), TruthfulQA (Lin et al., 2022), and 170

ELI5 (Fan et al., 2019), are more aligned with this 171

stage, as they demand deliberative thought pro- 172

cesses rather than pure retrieval. 173

Importantly, not all hallucinations can be at- 174

tributed to failures in self-awareness. For instance, 175

hallucinations in open-book QA tasks may arise 176

from comprehension or inference errors rather than 177

epistemic uncertainty. Benchmarks like SQuAD 178

(Rajpurkar et al., 2016) and FEVER (Thorne et al., 179

2018) exemplify this issue, being more about infor- 180

mation grounding than self-assessment. 181

2



Overall, hallucination in LLMs encapsulates182

a variety of cognitive failures. Addressing183

them requires different forms of internal aware-184

ness—ranging from assessing memory sufficiency185

to verifying logical coherence. Ultimately, a ro-186

bust system may need to combine multiple self-187

assessment mechanisms. In this work, we focus on188

introspective strategies relevant to knowledge re-189

call before answer generation, drawing inspiration190

from unconscious-level self-awareness in humans.191

3 Definition192

In this section, we first examine the definition of193

self-awareness of human. Next, we define the task194

formulation of hallucination prediction, to establish195

a definition of self-awareness in LLMs. And we196

review the definitions from previous works. More197

detailed review on the related works of neuropsy-198

chology and LLMs is in §2.199

Self-awareness of human In psychology, hu-200

man self-awareness is defined as the capability of201

perception of one’s own mental processes or states,202

which includes thoughts, feelings, emotions, and203

knowing (Morin, 2011). In this work, we focus on204

the self-awareness of knowing certain knowledge,205

which is also referred to as self-knowledge (Yin206

et al., 2023).207

Some studies on LLMs also borrow the term208

“meta-cognition” from psychology to refer to self-209

knowledge (Li, 2023), which may be inaccurate. It210

is because meta-cognition focuses on the conscious211

level (Koriat, 1993), while recent research suggests212

that the human brain conducts judgment of know-213

ing even at the unconscious level (Irak et al., 2019),214

which is even before consciously recognizing the215

meaning of the question.216

Hallucination prediction The term “hallucina-217

tion” has been broadly used to refer to the phe-218

nomenon where a model provides an incorrect an-219

swer to a given question (Li et al., 2023; Manakul220

et al., 2023; Béchard and Ayala, 2024). Thus, “hal-221

lucination detection” refers to the task of predict-222

ing whether a response is incorrect (Li et al., 2023;223

Chen et al., 2024).224

In this work, we focus specifically on (1) hal-225

lucination from factoid questions that examine226

whether the model possesses certain knowledge, as227

this has been widely used as a clear and straightfor-228

ward scenario for exploring hallucination detection229

(Snyder et al., 2024; Zhang et al., 2024). (2) And230

we focus on an early detection (i.e., prediction) 231

scenario (Snyder et al., 2024; Chen et al., 2024; 232

Azaria and Mitchell, 2023) where k is predicted 233

before answer generation, as this setting is more ap- 234

propriate for examine self-awareness (we describe 235

this in the next section). 236

To formulate the common problem setting of 237

hallucination prediction, let θ represent the model, 238

x the query, and y the answer label. The model 239

θ infers ŷ from the input x. The correctness of ŷ 240

can then be measured by evaluating its similarity 241

to y, denoted as k, representing a binary value 242

(True/False). Common evaluation methods include 243

string matching (Zhang et al., 2024), GLUE, and 244

G-eval (Liu et al., 2023). During this process, a 245

datapoint sθ,x = θ(x) is extracted from θ, which 246

contains information about how θ perceived x. We 247

denote this as s for simplicity. Through a series of 248

question-answering and evaluation processes, we 249

obtain a dataset D = {(si, ki)}Ni=1, where N is the 250

dataset size. From this, hallucination prediction 251

is defined as a binary classification task where a 252

learnable module ϕ learn to take input si to predict 253

ki, which we note k̂i = ϕ(si). 254

Assuming θ as a transformer model (Vaswani 255

et al., 2023), s can be mainly two forms (1) Hidden 256

state vectors: Transformer models are composed of 257

multiple attention layers, where each layer passes 258

a fixed-size vector (i.e., hidden states) to the next. 259

These vectors encode the semantic and contextual 260

information of the input x (Reimers and Gurevych, 261

2019), and are also known to contain information 262

about the model’s response that will be generated 263

(Li et al., 2024a), providing a cue for hallucination 264

prediction. (2) Confidence score: This refers to the 265

softmax probability that the causal LLMs predict 266

for the next token generation. While the hidden 267

state is a high-dimensional representation (4096 di- 268

mensions in LLaMA-3-8B), the confidence score 269

is a scalar value. As the hidden state contains richer 270

information, it has achieved the best performance 271

as a source for hallucination prediction and has 272

been regarded as the main source (Snyder et al., 273

2024; Chen et al., 2024). 274

3.1 Formulating the self-awareness of LLM 275

We defined hallucination prediction as the process 276

where ϕ perceives s to infer k̂ to predict k. As 277

s represents the state of the model after it has 278

seen a question, it inherently contains informa- 279

tion of two distinct objects, the question-side and 280

the model-side, as illustrated in Figure 1. The 281
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Figure 1: Pipeline for the prediction of knowing (prediction of hallucination).

question-side refers to the objective information282

that can be shared across different models, such283

as the domain of question (e.g., science, math,284

society) and the type of question (e.g., multiple285

choice, open-ended). For human, this type of in-286

formation is derived from rational abilities (e.g.,287

classification and reading comprehension), rather288

than from higher-order mental capacity such as self-289

awareness (Morin, 2011). In contrast, the model-290

side information refers to model-specific attributes,291

such as the possession of the knowledge that is292

needed for response, or the degree of confidence293

for answering. In humans, this corresponds to the294

domain of self-awareness.295

Let us denote the representation of the question-296

side information in s as sQ, and the representation297

of the model-side information as sM . We rewrite298

previously defined hallucination prediction k̂ =299

ϕ(s) as k̂ = ϕ(sQ, sM ). When we denote the300

information contained in s as s itself, we can also301

note s = sQ ∪ sM . This decomposition forms the302

basis for applying the Shapley value formulation.303

Prior studies have also empirically shown that304

the hidden states of transformer models encode305

multiple properties in a linearly separable manner.306

For instance, Li et al. (2024a) demonstrates that the307

hidden state contains a direction associated with308

the attribute of “truthfulness”, therefore linearly309

adding this to the hidden states results in more310

truthful responses.311

When ϕ learns to predict k using two sources312

of information (sQ, sM ), utilizing question-side in-313

formation can be regarded as question-awareness,314

while utilizing model-side information can be315

regarded as model-awareness, which is “self-316

awareness” in the perspective of model. Thus, self-317

awareness can be formally expressed as:318

k̂ = ϕ(sM ). (1)319

320
Why hallucination prediction, not detection?321

We argue that hallucination prediction is a more322

suitable setting than hallucination detection for ex-323

amining self-awareness. In hallucination detec-324

tion, ϕ perceives model-generated answers when325

predicting k̂, which can be formulated as k̂ =326

ϕ(sM , sQ, x, ŷ), where x is the question and ŷ is 327

the generated answer. As self-awareness is defined 328

as k̂ = ϕ(sM ), additional inputs x and y serve 329

as distracting factors, making it difficult to isolate 330

the effect of sM . Intuitively, this detection scenario 331

may become more of a reading comprehension task 332

over x and y, rather than assessing the model’s in- 333

ternal states. Therefore, we choose hallucination 334

prediction scenario to more clearly examine the 335

effect of self-awareness. 336

3.2 Definition from previous works 337

Utilizing s as self-awareness Previous works im- 338

plicitly regard self-awareness as the hallucination 339

detection itself. In other words, the focus has been 340

on the act of predicting k from s, with no consider- 341

ation given to the decomposition of s into sQ and 342

sM . As a result, some of the hallucination detec- 343

tion performance reported in those works is par- 344

tially overestimated by the effect of question-side 345

shortcuts (Zhang et al., 2024; Azaria and Mitchell, 346

2023). We analyze such cases in §4.1. 347

Utilizing sQ as self-awareness In another 348

case, some works define utilization of sQ as self- 349

awareness, which is the opposite concept from our 350

view. (Yin et al., 2023) defines the term “self- 351

knowledge” as a self-awareness on possession of 352

certain knowledge. And from this definition, they 353

construct the dataset SelfAware to measure the self- 354

awareness capacity. While the definition in the 355

paper is consistent with ours, the construction of 356

the dataset stands on the opposite definition. 357

The dataset SelfAware consists of “answerable” 358

and “unanswerable” questions, and the capacity 359

of self-awareness is defined as the classification 360

between the two. An unanswerable question refers 361

to one that is philosophical (e.g., "What is a happy 362

life?") or subjective (“Do you like to go to the 363

mountains?”), where no definitive answer can be 364

given, thus inevitably leading to hallucination. This 365

setting is contradicting the term “self-awareness” 366

in three points: (1) the unanswerability defined in 367

the SelfAware involves no model-side information. 368

For example, the question “Do you like to go to the 369

mountains?” is always classified as “unanswerable” 370

4



in SelfAware, regardless of how much knowledge371

about mountains is stored in the answerer (e.g., 1B372

LM, 70B LM, or a human).373

(2) The dataset includes fixed labels indicat-374

ing the unanswerability of each question, there-375

fore unanswerability is entirely independent from376

the model’s state. As unanswerability represents377

whether the model can answer a given question, it378

aligns with k in our problem setting (Equation 1).379

However, as k in SelfAware is determined entirely380

by properties of the question and not the model’s381

state, the task proposed in this dataset becomes382

k = ϕ(sQ), excluding sM . This problem setting is383

a question-awareness, not a self-awareness, from384

our definition. (3) For humans, the ability needed385

for this classification task is reading comprehen-386

sion, which is not self-awareness.387

4 AQE: assessing question-side effects of388

hallucination prediction datasets389

As question-awareness is using and relying on390

the question-side information, in this section,391

we first identify the data-specific shortcuts that392

cause dependency on the question-side informa-393

tion, through a case study in existing datasets for394

hallucination prediction. Next, we introduce our395

novel metric AQE, a method for quantifying the396

effect of question-side shortcuts in that dataset.397

4.1 Case study on question-side shortcuts398

We investigate sources of question-side shortcuts399

in datasets used in hallucination prediction studies.400

We focus on short-form closed-book factoid ques-401

tion answering scenarios, which include ParaRel402

(Elazar et al., 2021), Mintaka (Sen et al., 2022),403

HaluEval (Li et al., 2023), HotpotQA (Yang et al.,404

2018), and SimpleQuestion (Yin et al., 2016). We405

describe three main sources of question-side short-406

cuts, and further in §B.407

(1) Broken Question Problem Many datasets408

have incomplete annotations for one-to-many ques-409

tion–answer pairs (e.g., Daniel Bernoulli → only410

“physics” labeled). This causes correct answers411

outside the label set to be marked as hallucinations,412

making the predictor ϕ learn domain-based short-413

cuts rather than true self-awareness. Datasets like414

Mintaka fix this by adding constraints for one-to-415

one mappings.416

(2) Domain Shortcut The likelihood of hal-417

lucination (k=True) often varies by domain. For418

instance, if a model is strong in science but weak419

in history, history questions will naturally show 420

higher hallucination rates. Thus, ϕ may simply 421

learn domain-based correlations — predicting (k) 422

based on what the question is about rather than 423

what the model actually knows. This makes the 424

task “question-aware” instead of “model-aware,” 425

undermining the goal of self-awareness. A truly 426

self-aware model should, like a human, recognize 427

when it specifically knows or doesn’t know some- 428

thing, even within an unfamiliar domain. 429

(3) Question Type Shortcut The structure of 430

the question itself (e.g., binary-choice, multiple- 431

choice, open-ended) also influences (k). Binary- 432

choice questions have a higher baseline chance 433

of being correct p(k = True) ≥ 0.5 even with 434

random guessing, unlike open-ended ones p(k = 435

True) = 0. Consequently, ϕ might exploit this and 436

always predict “True” for binary-choice questions, 437

forming another non-self-aware shortcut. Datasets 438

such as HotpotQA, HaluEval, and Mintaka contain 439

such biases. 440

Figure 2: The portion of k = True for each domain, by
LLaMA-3-8B model on the ParaRel train set. The rate
is skewed toward 0 or 1 by domain, rather than being
centered around 0.5.

There are various other question-side shortcuts, 441

which are described in the §B. These shortcuts 442

can be identified by considering various scenar- 443

ios in which they may act as shortcuts, and it is 444

likely that some shortcuts remain undiscovered, as 445

it is very subtle to determine. Therefore, manu- 446

ally identifying and removing them from datasets 447

is nontrivial. That is why we introduce AQE in the 448

next section, a method for approximately assessing 449

the total effect of question-side shortcuts without 450

human investigation. 451

4.2 Approximate question-side effect 452

In this section, we describe the concept of AQE. 453

Repeating §3, the model θ is given a question x 454
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to generate answer, where the correctness is de-455

noted as a binary representation k. A hidden state456

s is extracted at the first position of the answer.457

And s is consist of model-side sM and question-458

side information sQ. Learnable module ϕ can459

perceive s to infer k̂ to predict k, which is hal-460

lucination prediction. Self-awareness is defined461

as utilizing sM to predict k. Here, what we ul-462

timately aim to measure is the effect of utilizing463

sM in predicting k, denoted as A(ϕ(sM )). A(·) is464

a metric that measures the correctness of the pre-465

dicted k̂. As all we can measure is A(ϕ(sQ, sM )),466

we decompose this as follows: A(ϕ(sQ, sM )) ≈467

A(ϕ(sQ)) +A(ϕ(sM )) This allows us to measure468

the effect of self-awareness as follows:469

A(ϕ(sM )) ≈ A(ϕ(sQ, sM ))−A(ϕ(sQ)) (2)470

AQE as a Shapley analysis We formalize AQE471

as a special case of Shapley analysis (Fryer et al.,472

2021), which evaluates the impact of individual473

factors on the outcome. Specifically, AQE cor-474

responds to the concept of marginal contribu-475

tion—a metric that quantifies the separate contri-476

bution of a single factor.477

Γβ(α) = Γ(α ∪ β)− Γ(β) (3)478

479
Equation 3 is the general formulation of marginal480

contribution. Here, α and β represent individ-481

ual components of a system. α ∪ β represents482

a state in which these components are mixed to-483

gether. Γ(·) represents the baseline performance484

metric (e.g., AUROC). Γβ(α) quantifies the im-485

pact of removing β, thus isolating the contribution486

of α. In our setting, α and β correspond to the487

model-side and question-side information, respec-488

tively. α ∪ β can be interpreted as the information489

contained in the hidden state of the model, which490

integrates both the model and question side infor-491

mation. Γ(α ∪ β), Γ(β), and Γβ(α) correspond to492

A(ϕ(s)), A(ϕ(sQ)), and A(ϕ(sM )), respectively.493

Computing of self-awareness Computing494

A(ϕ(sQ)) is achieved by introducing a distinct495

model θ′ (where θ′ ̸= θ) which is optimized to496

only embed basic properties of the input question497

(e.g., domain or question type), s′Q ≈ s′ = θ′(x).498

A representative example of θ′ is sBERT (Reimers499

and Gurevych, 2019). sBERT is a very small500

model with only 22.7M parameters, but it is501

optimized to generate an embedding vector s′ from502

input text x (e.g., question). sBERT is known503

to capture high-level information from text as504

Table 1: AQE assessment on datasets. Prediction of k
from LLaMA-3-8B, with s′ from sBERT.

short-form long-form

ParaRel Mintaka HaluEval HotpotQA
Simple

Question
Explain

p(k = True) 54.31 55.01 37.51 32.71 19.08 31.63
p(k = False) 45.68 44.98 62.48 67.28 80.19 68.36
AQEacc 73.26 63.50 68.55 72.50 82.36 65.65
AQEauc 82.61 66.67 68.37 70.14 68.13 69.40

effectively as θ with a larger architecture (e.g., 505

LLaMA-3-8B), as long as the target information 506

is simple enough (e.g., domain classification). 507

Therefore, while s′Q and sQ reside in different 508

representational spaces of two distinct models, 509

they are assumed to capture similar high-level 510

information (s′Q ∼ sQ). Conversely, due to its 511

small size, we can assume θ′ holds a very small 512

amount of knowledge, which makes the knowledge 513

distribution of θ′ and θ independent (s′M and sM 514

are independent). This makes s′M ignored when 515

ϕ learning to predict k (correctness of θ) from s′ 516

(hidden state from θ′). 517

This results in Equation 4, where ϕ and ϕ′ share 518

architecture but are trained independently, as sQ 519

and s′Q lie in different representational spaces. 520

A(ϕ(sQ)) ≈ A(ϕ′(s′)) (4) 521

522The resulting A(ϕ(sQ)) of Equation 4 is defined 523

as AQE. To summarize, θ′ predicts k of θ without 524

using information of θ. Intuitively, a distinct model 525

θ′ predicts whether θ will succeed on a given ques- 526

tion, using only the information from the question. 527

As no information about θ is involved, this setup 528

excludes self-awareness and reflects only question- 529

awareness. Together with Equation 2, we can de- 530

rive A(ϕ(sM )), the component of self-awareness 531

in the measured hallucination prediction perfor- 532

mance: A(ϕ(sM )) ≈ A(ϕ(s))−A(ϕ′(s′)) 533

However, this formulation of AQE holds only 534

under the assumption that s is the hidden state for- 535

mat. When s is a confidence score, AQE cannot 536

be directly applied because confidence score is a 537

one-dimensional value, which is too saturated to 538

embed high-level information of the question. 539

4.3 Measuring AQE across datasets 540

In this section, we measure AQE across hal- 541

lucination prediction datasets. The model θ 542

is LLaMA-3-8B-Instruct1, and we evaluate 543

it mainly on short-form factoid datasets (e.g., 544

ParaRel, Mintaka, Halueval, HotpotQA), and ad- 545

ditionally on long-form factoid datasets (e.g., Ex- 546

1https://huggingface.co/meta-llama/Meta-Llama-3-8B
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Table 2: AQE score of dataset and LLaMA-3-8B model. The version (original, type, domain) with the lowest AQE
within each dataset is highlighted in bold.

Mintaka HotpotQA ParaRel Explain

original +type type + domain original +type original +domain original +domain

p(k = True) 55.01 49.71 53.07 42.33 29.12 54.31 60.45 31.63 39.83
p(k = False) 44.98 50.28 46.92 62.48 70.87 45.68 39.54 57.66 60.16

AQEacc 63.50 59.81 59.04 68.55 76.03 73.26 55.09 65.65 61.21
AQEauc 66.67 64.06 61.62 68.37 55.37 82.61 57.55 69.40 61.89

plain). The details of each dataset are provided in547

the §D. We use two metrics: AUROC and accu-548

racy. AQE for each metric is denoted as AQEauc549

and AQEacc, respectively. We also report the550

p(k = True) and p(k = False), the bias of bi-551

nary label k. We show that a larger (70B) model552

shows similar trends (§E).553

As shown in Table 1, the AQEauc for most554

datasets is close to or exceeds 0.70, rather than555

centering around 0.5. This indicates that many556

datasets exhibit a strong effect of question-side557

shortcuts, and a model can easily achieve AUROC558

over 0.70 without any self-awareness (i.e., percep-559

tion of model-side information), relying solely on560

question-aware skills such as domain classifica-561

tion. Though previous works (Snyder et al., 2024;562

Zhang et al., 2024) have reported to achieve AU-563

ROC over 0.80 in hallucination prediction using564

these datasets, it could be a statistical artifact that565

is hard to generalize. In all datasets, AQEacc is con-566

sistently higher than the p(k = True), indicating567

that AQE captures question-side effect beyond just568

the bias of the binary label.569

4.4 AQE in refined dataset570

In §4.1, we analyze that the type and the domain571

of a question can act as question-side shortcuts572

in predicting k. Fortunately, some datasets (Hot-573

potQA, Mintaka, and ParaRel) include tags for this574

information, which allows us to control for it. We575

analyze AQE for each dataset before and after this576

control. In Table 10, the “+type” column refers to577

the dataset after excluding binary-type questions.578

“+domain” indicates a regrouping of the train and579

test data according to their categories, such that580

the domains do not overlap (i.e., out-of-domain581

setting). The refinement process is detailed in §D.582

The experimental results can be summarized in583

two main points. (1) Applying refinement leads584

to a significant reduction in AQE. This demon-585

strates that through post-processing, we can get586

a dataset with lower dependency on question-side587

information, which is more suitable for evaluat-588

ing self-awareness. (2) AQE still remains even 589

after refinement. This suggests the presence of a 590

question-side effect that we have not yet identified 591

or controlled for. 592

4.5 SCAO 593

We propose a method called Semantic Compres- 594

sion by Answering in One word (SCAO), which 595

leverages model-side information more effectively 596

by instructing the model to “answer in one word,” 597

thereby improving the alignment of confidence val- 598

ues. We provide further explanation in §C. 599

5 Experiment on hallucination prediction 600

approaches 601

In this section, we evaluate hallucination predic- 602

tion approaches across multiple datasets and their 603

refined versions. 604

Approaches Previous approaches for hal- 605

lucination prediction can be broadly categorized 606

into three. (1) confidence-based: this utilizes the 607

softmax probability of the answer token (Fadeeva 608

et al., 2024). It is utilized in other forms, such as 609

perplexity (Ren et al., 2023) or energy (Liu et al., 610

2021). We adopt a simplified method that takes 611

the mean of top-n softmax probabilities of the first 612

answer token and applying a threshold. n and the 613

threshold t are learnable ϕ. (2) hidden-state-based: 614

This approach feeds the hidden-state vectors of a 615

model θ into learnable ϕ. ϕ can be a linear layer (Li 616

et al., 2024a) or more complex architecture (Azaria 617

and Mitchell, 2023; Chen et al., 2024). We adopt a 618

three-layer deep neural network. (3) aggregation: 619

This approach concatenates the confidence scores 620

and hidden state into a single vector, which is then 621

passed to a learnable ϕ (Snyder et al., 2024). In 622

Table 11, Conf, Probe, and Conf + Probe represent 623

the three evaluated approaches, respectively. De- 624

tailed explanations are provided in §E.1. We con- 625

duct experiments using instruction-tuned LLaMA 626

models of two different sizes (8B, 70B). 627

Dataset and metric For the evaluation of hal- 628

lucination prediction, we narrow down our focus 629

7



Table 3: Hallucination prediction performance (AUROC) of instruction-tuned 8B and 70B LLaMA models across
multiple datasets.

(a) Mintaka

8B 70B

original + type + type + domain original + type + type + domain

auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM ))

Conf 64.88 - 64.61 - 69.23 - 69.41 - 67.16 - 66.35 -
Conf (SCAO) 72.13 - 72.01 - 75.51 - 73.64 - 72.78 - 72.46 -

Probednn 77.09 8.54 75.70 11.64 72.79 11.17 76.43 10.68 75.54 10.19 71.03 12.26
Conf + Probe 79.10 10.55 77.54 13.48 70.77 9.15 78.93 13.18 77.68 13.33 70.80 12.03

Conf + Probe (SCAO) 79.41 10.86 77.89 13.83 74.89 13.27 78.86 13.11 77.22 12.87 72.89 14.12

(a) HotpotQA
8B 70B

original + type original + type

auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM ))

Conf 74.88 - 68.82 - 73.33 - 72.87 -
Conf (SCAO) 77.70 - 73.81 - 74.13 - 73.42 -

Probednn 80.58 12.21 73.17 17.80 74.41 10.63 69.42 14.86
Conf + Probe 81.08 12.71 73.87 18.50 77.33 13.55 73.06 18.50

Conf + Probe (SCAO) 83.39 15.02 75.51 20.14 77.28 13.50 73.52 18.96

(b) ParaRel
8B 70B

original + domain original + domain

auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM ))

Conf 71.03 - 59.51 - 70.87 - 59.92
Conf (SCAO) 69.23 - 73.12 - 73.45 - 74.51

Probednn 88.76 6.15 70.34 12.79 89.88 2.90 68.66 15.37
Conf + Probe 88.78 6.17 73.08 15.53 90.01 3.03 68.86 15.57

Conf + Probe (SCAO) 88.95 6.34 76.09 18.54 89.82 2.84 70.84 17.55

(c) Explain
8B 70B

original + domain original + domain

auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM ))

Conf 49.45 - 50.57 - 48.96 - 46.81 -
Conf (SCAO) 62.90 - 62.28 - 57.21 - 59.54 -

Probednn 84.68 15.28 68.55 6.66 83.69 16.00 66.58 8.87
Conf + Probe 84.89 16.49 69.15 7.26 83.68 15.99 66.78 9.07

Conf + Probe (SCAO) 85.42 17.02 70.04 8.15 84.94 17.25 68.67 10.96

to the datasets from §4.3 that support refinement630

(Mintaka, HotpotQA, ParaRel, Explain). We also631

report the gap between the metric performance and632

AQE, denoted as A(ϕ(sM )). However, we do not633

report the A(ϕ(sM )) for the methods that use only634

the confidence score (e.g., Conf ), because they lack635

question-side information, making it impossible to636

compute sQ. In Table 11, original refers to the637

unrefined version of dataset, while + type and +638

domain indicate versions refined based on question639

type and domain, respectively. Detailed descrip-640

tions are in §D.641

Results We observe the following points.642

(1) On the datasets of original, the performance643

shows very promising records of around AUROC644

0.80, the highest among all versions. However,645

the A(ϕ(sM )) is the smallest, suggesting that the646

performance is largely attributed to question-side647

shortcuts. (2) In refined versions (+ type, + do-648

main), the performance measures sharply drop. For649

example, the AUROC for HotpotQA drops from650

80.58 to 73.17 after refinement. This again demon-651

strates that the performance reported in previous652

works was largely driven by shortcuts.653

(3) However, the AQE gap is larger in the re- 654

fined datasets, indicating that when question-side 655

effects are reduced, the use of model-side infor- 656

mation becomes more activated. (4) Methods that 657

rely solely on the confidence score (Conf(SCAO)) 658

perform poorly on the original datasets, but show 659

smaller performance variation across different data 660

versions. And in some refined settings, it even out- 661

performs other baselines. It is somewhat counter- 662

intuitive that Conf(SCAO) outperforms hidden- 663

state based methods, though it is provided signif- 664

icantly smaller amount of information. This sug- 665

gests that the confidence score with SCAO cap- 666

tures a substantial amount of sM , contributing to 667

its strong generalization performance. (5) The 668

Conf + Probe (SCAO) shows the largest A(ϕ(sM )) 669

across all refined versions of the datasets, suggest- 670

ing a stable and effective direction for achieving 671

self-awareness. (6) These trends remain consistent 672

across models of different sizes and also hold under 673

the accuracy metric §E.4. 674

(7) The A(ϕ(sM )) is very low in OOD setting of 675

Explain, which reveals that the hidden-state-based 676

approach has limited generalization in long-form 677

question answering settings. such as Explain. This 678

contradicts the reports from previous works (Sny- 679

der et al., 2024; Chen et al., 2024). 680

6 Conclusion 681

In this work, we argued that hallucination pre- 682

diction performance is often inflated by question- 683

side shortcuts rather than reflecting genuine self- 684

awareness. To disentangle these effects, we intro- 685

duced Approximate Question-side Effect (AQE) 686

and showed that many existing benchmarks exhibit 687

strong question-aware signals, limiting the general- 688

izability of prior results. Our analysis demonstrates 689

that, once such effects are controlled, the contribu- 690

tion of true model-side awareness is substantially 691

smaller than previously reported. Limitations are 692

discussed in §A. 693
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A Limitation 859

Scope Narrowed to System 1 As discussed in 860

the §2, our study focuses on System 1 (fast, auto- 861

matic processing) rather than System 2. The knowl- 862

edge recall setting we consider largely involves 863

rapidly retrieving stored information in response 864

to a prompt; accordingly, our analyses and conclu- 865

sions should be interpreted primarily as describ- 866

ing phenomena that arise in retrieval/recall-driven, 867

short-horizon judgments and answer generation. 868

In contrast, tasks dominated by System 2 (slow, 869

deliberative processing)—such as multi-step rea- 870

soning, planning, long-form generation, and ex- 871

plicit verification—may exhibit qualitatively dif- 872

ferent sources and signals of failure. Therefore, 873

the indicators and observations proposed in this 874

work should not be assumed to directly generalize 875

to System 2–heavy settings. 876

That said, this scope choice does not diminish 877

the significance of our contribution. Because Sys- 878

tem 1 and System 2 reflect fundamentally different 879

computational regimes and error profiles, concepts 880

like self-awareness and hallucination detection are 881

likely to carry distinct meanings and objectives in 882

each regime. Our work provides a foundation for 883

more precise definition, measurement, and analysis 884

of these concepts in System 1 settings, and clarifies 885

what may need to be preserved versus redesigned 886

when extending to System 2 scenarios. 887

Devising robust methods How to design a more 888

generalizable methodology remains an open ques- 889

tion for future work. Although we propose SCAO 890

as a methodology, it still exhibits a very high AQE 891

(i.e., low genuine awareness) in long-form question 892

answering. This indicates that hallucination predic- 893

tion results for long-form QA should be interpreted 894

with great caution when they are based on existing 895

confidence- or hidden-state–based methods. 896

Moreover, this suggests that long-form answer- 897

ing involves more complex functions beyond sim- 898

ple knowledge recall, and therefore requires hal- 899

lucination prediction approaches that go beyond 900

solely leveraging a model’s internal states. 901

B Other question-side shortcuts 902

Broken question The most commonly observed 903

problem across all datasets is insufficient annota- 904

tions of question and answer pairs. This occurs 905

when questions and answers follow a one-to-many 906

relationship, but the annotations fail to cover them. 907
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For example, the ParaRel consists of question-908

answer pairs such as: “Q: What field does Daniel909

Bernoulli work in? A: physics”. Although Daniel910

Bernoulli also worked in the fields of mathematics911

and medicine (one-to-many relation), only one la-912

bel is provided, failing to cover all possible correct913

answers. If an LLM responds with a correct answer914

but different from the given label (e.g., mathemat-915

ics), it would still be classified as hallucinated (i.e.,916

k is annotated False), which is incorrect. If ϕ is917

trained to predict k using such {s, k} pairs, it will918

likely become biased toward predicting k̂ = False919

whenever the domain of question is “field of work”.920

This means ϕ learns a domain classification task,921

not self-awareness. While this may improve predic-922

tion performance within the dataset, it lacks gener-923

alizability. It is because its performance is likely to924

drop only if the quality of the dataset improves, or925

if questions are given from unseen domains. As a926

study of Zhang et al. (2024) reports hallucination927

performance on this dataset, this shortcut might928

have influenced the reported scores. This issue is929

also found in other datasets such as SimpleQues-930

tions, which includes instances like “Q: What is a931

TV action show? A: Genji Tsushin Agedama”, that932

also fail to cover various possible answers.933

The broken question problem is addressed when934

a question includes detailed constraints that restrict935

the one-to-many mapping between the question936

and possible answers. For example, in Mintaka,937

detailed constraints are added to the questions to938

ensure a one-to-one mapping (e.g., “Who was the939

director of The Goodfellas and attended school at940

New York University’s School of Film?”).941

Domain Classifying the domain of a question942

(e.g., science, society) alone can provide a rough943

guess of k. For example, suppose a model that is944

extensively trained on science data but is unfamiliar945

with society or history domains. Since the model946

is likely to make more hallucination when given947

questions in the history domain. In this way, k948

can be biased toward True or False by domains,949

as shown in Figure 2. In such cases, the task of950

predicting k with ϕ is more a domain classification,951

which is question-aware and not model-aware.952

When we consider a case of a human, it becomes953

clear that such shortcuts have limited effectiveness954

and are far from self-aware. For example, suppose955

this model is not familiar with the history domain956

but still has knowledge about Abraham Lincoln. If957

this model were human, he could easily “feel” his958

inner state and recognize that he possesses knowl-959

Table 5: The portion of correct answer for each question
type, by LLaMA-3-8B. The rate for binary type is in
bold.

(a) HotpotQA

Type p(k = True)

Bridge 0.6828
Comparison 0.8477

(b) Mintaka

Type p(k = True)

Entity 0.5508
numerical 0.4011

date 0.5968
string 0.6315

boolean 0.7283

edge about Lincoln, despite not being familiar with 960

other historical issues. However, if the model were 961

an LLM and ϕ is trained to exploit only question- 962

side shortcuts, ϕ would tell the model does not 963

know about Lincoln, though the model actually 964

possesses the knowledge of Lincoln. Therefore, 965

while the domain information of a question can 966

provide a naive approximation of k, relying on it 967

imposes limitations on precision. This again high- 968

lights that utilizing self-awareness is the ultimate 969

direction in precise hallucination prediction. 970

Question type Question type (e.g., short- 971

answer, multiple-choice) also provides a strong 972

hint for predicting k. The average probability of 973

k = True (denoted as p(k = True)) for binary- 974

choice questions is at least 0.5 for random choice, 975

significantly higher than for open-ended questions 976

with 0 for random choice, as described in Table 5. 977

In such a case, ϕ may learn a shortcut where it auto- 978

matically predicts k = True whenever it detects a 979

binary-choice question. HotpotQA, HaluEval, and 980

Mintaka contain such binary-choice questions. 981

There are various other question-side shortcuts, 982

which are described in the §B. These shortcuts 983

can be identified by considering various scenar- 984

ios in which they may act as shortcuts, and it is 985

likely that some shortcuts remain undiscovered, as 986

it is very subtle to determine. Therefore, manu- 987

ally identifying and removing them from datasets 988

is nontrivial. That is why we introduce AQE in the 989

next section, a method for approximately assessing 990

the total effect of question-side shortcuts without 991

human investigation. 992

Answerability Some questions are inherently 993

unjudgeable in terms of correct or incorrect. This 994

includes preference-based questions, hypothetical 995

scenarios, and philosophical inquiries. For such 996

questions, any answer could be considered correct 997

or hallucinated, depending on the perspective of the 998

evaluator. For example, if an LLM is asked “What 999
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color do you like?” and responds “Blue,” the cor-1000

rectness of this answer depends on the interpreta-1001

tion: 1) If correctness is judged based on contextual1002

appropriateness, the answer is valid. 2) If correct-1003

ness is judged based on the idea that LLMs cannot1004

have personal preferences, the answer could be la-1005

beled as hallucinated. In this case, ϕ can exploit1006

this pattern by simply identifying unanswerable1007

questions and assigning a fixed label (either k = 01008

or k = 1) across all such cases. This makes the hal-1009

lucination detection process dependent on question-1010

awareness, rather than assessing self-awareness.1011

The dataset SelfAware collects only unanswer-1012

able questions and categorizes them into different1013

types (e.g., no scientific consensus, imagination,1014

completely subjective, too many variables, philo-1015

sophical). However, distinguishing these does not1016

require self-awareness. Instead, it is primarily an1017

act of reading comprehension, where the model1018

identifies the nature of the question rather than as-1019

sessing its own knowledge state.1020

Time-sensitive question Time-sensitive ques-1021

tions are inherently difficult for LLMs to answer1022

accurately, as LLMs lack a robust understanding of1023

time (Jain et al., 2023). As a result, questions in-1024

volving temporal information will be biased toward1025

hallucinated responses. Datasets such as HaluEval,1026

Mintaka, and TruthfulQA include such questions1027

(e.g., "How old is Barack Obama?", "When did the1028

most recent pandemic occur?").1029

Complexity Complexity awareness is another1030

question-dependent approach to estimating k. This1031

aligns with the case of “too many variables” in an-1032

swerability awareness, where, if a question is too1033

difficult, the model is more likely to fail, making1034

it advantageous to predict "unknown" by default.1035

However, the notion of complexity is relative. If a1036

model has extensive knowledge in a certain domain,1037

it may still answer correctly even if the complexity1038

is high. These attributes may connect complexity1039

with category awareness. Additionally, our analy-1040

sis suggests that questions within a single dataset1041

tend to have similar levels of complexity. There-1042

fore, distinguishing k based on complexity within1043

a dataset is expected to be relatively rare in the1044

general experimental setup.1045

C Details on SCAO1046

In this section, we propose Semantic Compression1047

through Answering in One word (SCAO), a hallu-1048

cination prediction method designed to maximize 1049

the utilization of sM . While the ϕ predicts k from 1050

input s, which consists of both sM and sQ, ϕ tends 1051

to depend more on sQ which offers an easier short- 1052

cut, as discussed in §4.1. To prevent this problem, 1053

we need a method that strengthens the preference 1054

of ϕ for sM . 1055

To address this, we focus on the confidence score 1056

as a source of s. In §4.2 we noted that the confi- 1057

dence score is a 1-dimensional scalar where infor- 1058

mation is extremely saturated, which in turn makes 1059

it unlikely to carry high-level information of the 1060

question (sQ). This makes the confidence score 1061

closer to sM (s ≈ sM ). Therefore, using the confi- 1062

dence score alone or aggregating it with the hidden 1063

state may increase the model’s dependency on sM . 1064

However, as the confidence score is highly satu- 1065

rated and carries limited information, an approach 1066

is needed to amplify the information contained in 1067

it. SCAO is a method designed to more effectively 1068

express confidence in knowledge that can be repre- 1069

sented as entities. The approach is straightforward: 1070

we insert a system instruction before the question, 1071

prompting the model to “you must answer in one 1072

word”. The rationale behind why this technique 1073

can improve the use of sM is as follows. 1074

Causal LLM is an entity retriever when com- 1075

pressed The confidence score is calculated by the 1076

maximum inner product score between the last hid- 1077

den state of θ and the token embedding vectors 1078

(i.e., decoder head). We analyze that this structure 1079

is analogous to the maximum inner product search 1080

(MIPS) used in dense retrieval (Karpukhin et al., 1081

2020) (Figure 3). And we focus on the calibration 1082

function of similarity scores in dense retrieval. Pre- 1083

vious research on dense retriever systems such as 1084

Faiss (Douze et al., 2024) leverages this calibra- 1085

tion through a range search, which finds all the 1086

document vectors that are within some distance 1087

threshold. 1088

This concept can be interpreted in reverse that we 1089

can evaluate whether knowledge is within the vec- 1090

tor DB, with a fixed confidence threshold. For ex- 1091

ample, suppose that a vector database contains doc- 1092

uments about the biography of Newton but contains 1093

rare data about the biography of Lincoln. Querying 1094

“Give me an explanation on Lincoln” may result 1095

in few documents with confidence scores over the 1096

threshold. In contrast, querying "Give me an expla- 1097

nation on Newton" would likely retrieve a greater 1098

number of documents exceeding the threshold, re- 1099

flecting a stronger alignment between the query 1100
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Figure 3: Structural analogy between 1) dense retriever and 2) causal LM.

and the knowledge contained in the database.1101

Figure 4: Y-axis is the top-7 candidates of the first
token of the answer to the question “Please give me an
explanation about Breaking Dawn”. The X-axis is the
probability for each candidate. Left is for one-word
prompt, and the Right is for normal prompt.

However, a causal LM not only performs en-1102

tity retrieval but also generates full sentences by1103

connecting these words. Such considerations of1104

grammatical words and sentence structure may act1105

as noise for a calibration signal. Therefore, by min-1106

imizing the consideration of sentence structure in1107

the model, the LLM will become more analogous1108

to an entity retriever. If LLM becomes more analo-1109

gous to an entity retriever, its behavior will become1110

more similar to the calibration properties in dense1111

retrieval. A straightforward way to minimize the1112

consideration of grammatical context in the model1113

is to instruct it to “you must answer in one word”,1114

under the assumption that the model is well-trained1115

to follow instructions.1116

In Figure 4, we show the confidence pattern1117

at the first token of the answer, with and with-1118

out SCAO when the model is provided a ques-1119

tion “Please give me an explanation about Break-1120

ing Dawn”. With the one-word prompt (Left), the1121

model appears to attempt to retrieve knowledge1122

related to "Twilight," which is the series name1123

of Breaking Dawn. In contrast, with the normal1124

prompt (Right), the model tends to repeat the ques-1125

tion entity, "Breaking Down". Since it chooses the1126

easier path, the overall probabilities are higher. Fur-1127

ther analysis of the confidence pattern is in §C.2. In1128

§5, we empirically show that applying SCAO leads1129

Figure 5: Probability pattern of the hallucinated answer,
by LLaMA3-8B. Each bar stands for the probability
(0,1) of the corresponding token.

to improved hallucination prediction performance, 1130

especially more in settings with lower AQE dataset, 1131

where the use of model-side information becomes 1132

more critical. 1133

C.1 Efficiency of first token as a discriminator 1134

Previous works on confidence-based hallucination 1135

detection research mostly utilize the confidence 1136

score of all tokens in the answer sentences, with 1137

normalization such as averaging (Chen et al., 2024). 1138

Utilizing more information is ultimately more ad- 1139

vantageous; however, it also has several drawbacks. 1140

We observe a pattern that as the entity name length 1141

increases, the average confidence tends to rise. For 1142

example, Figure 5 depicts the confidence pattern 1143

of the hallucinated question-answer pair “Question: 1144

Give me an explanation about Obama. Answer: 1145

Harry Potter and the Philosopher’s Stone”. 1146

Up to the token “Harry Potter”, the confidence is 1147

near zero since it conflicts with the question. How- 1148

ever, from a “philosopher”, confidence increases to 1149

a near maximum, as the previous context of “Harry 1150

Potter” supports it strongly. Thus, the average con- 1151

fidence tends to increase regardless of whether it 1152

makes sense, when the entity name gets longer or 1153

the sentence contains more grammatical elements. 1154

This observation is supported by the analysis in 1155

Figure 6 (Left), which shows that the correlation 1156

between the mean confidence and the k tends to 1157

decrease as the token increases. 1158
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Figure 6: Y-axis is a correlation between the mean con-
fidence and the k. The X-axis of each figure stands
for (Left) the number of tokens from the start point
of the answer, and (Right) the number of candidates
used to calculate the mean. The LLaMA3-8B and (s, k)
datasets from Mintaka are utilized.

We also observe that averaging the confidence1159

scores across top-n vocabulary candidates, rather1160

than just the top-1, shows a stronger correlation1161

with the label k, particularly peaking around n=151162

(Figure 6 (Right)). This suggests that incorporat-1163

ing more samples of distance provides more infor-1164

mation about the relationship between the output1165

vector and the token space.1166

C.2 Confidence pattern of SCAO1167

Table 6: The number and portion of each case, when
questions from the test set (total 2152) of Explain are
asked to the LLaMA-3-8B-Instruct model using
various prompts. The columns represent each prompt
style. In the rows, “repeating subject” refers to cases
where the top-1 candidate for the first token of the an-
swer is a component of the queried subject entity. “The”
refers to cases where the top-1 token is "the."

one-word prompt normal prompt
repeating subject 1819 (84.5%) 261 (12.1%)
"the" 383 (17.7%) 5 (0.2%)

In Figure 4, we show how the model reacts at the1168

first token of the answer in both one-word prompts1169

and the normal prompt.1170

First, in non-compressed cases (queried with1171

a normal prompt), the following patterns are fre- 1172

quently observed: (1) The response often starts by 1173

repeating the entity name mentioned in the query. 1174

(2) The response begins with grammatical function 1175

words such as "The" or "A". In other words, the 1176

model tends to take the easy path. As a result, the 1177

probability of the initial token is generally inflated, 1178

regardless of whether the model truly knows the 1179

subject. 1180

On the other hand, when prompted to answer 1181

with a one-word response, the first token often cor- 1182

responds to the initial token of a word encapsu- 1183

lating the entity’s characteristics. For example, in 1184

response to the question "Please give me an ex- 1185

planation about ’Breaking Dawn’.", the first can- 1186

didate token was "Tw" (the first token of "Twi- 1187

light"). In other words, with one-word prompting, 1188

the model shows a stronger tendency to retrieve 1189

its own knowledge related to the entity. This trend 1190

is also reflected statistically. Among the 2152 test 1191

samples in the Explain dataset, the case where the 1192

top-1 candidate of the first token of the response 1193

is a component of the entity is 84.5% for normal 1194

prompting, significantly outpacing the 12.1% for 1195

one-word prompting. Similarly, the first token be- 1196

ing "the" occurred in 17.8% of normal prompt- 1197

ing cases, compared to just 0.02% for one-word 1198

prompting. (Table 6) 1199

C.3 Rationale on why confidence-based 1200

method is better in generalization 1201

In §5, we observed that the confidence-based 1202

method (SCAO) outperforms the hidden-state- 1203

based method (probing) in the out-of-domain set- 1204

ting. This result is counter-intuitive, as confidence 1205

scores are highly saturated scalar values, whereas 1206

hidden states are high-dimensional vectors capable 1207

of carrying much richer information. We suggest 1208

the following rationale for this result, examining 1209

how the probing and SCAO learn to predict hallu- 1210

cinations 1211

SCAO and probing are fundamentally similar. 1212

Probing directly utilizes the raw hidden state of 1213

θ, while SCAO focuses on the last hidden state of 1214

θ, which is projected onto the vocab embedding 1215

space. 1216

Let us assume a knowledge space (denoted as 1217

Sk) (Figure 7), which represents the embedding of 1218

each knowledge in the θ. And we term the gray area 1219

in the Sk as a boundary of knowing of θ, which 1220

represents the area where k = True (model pos- 1221

sesses the knowledge). This space is hypothetical 1222
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Figure 7: Illustration on two methods (probe, SCAO)
approximating the boundary of knowing of θ. In Se

(lower right), the green balls are the last hidden state
vector that is mapped to the vocab space. SCAO learns
the threshold of distance between the hidden state and v
to classify y of each ball.

and unknown but needs to be discovered to predict1223

hallucination of θ. To approximate this, what we1224

have at hand are (1) the 4096-dimensional (in the1225

case of LLaMA-3-8B-Instruct) hidden states1226

(denoted as Sh) and (2) a vocab embedding space1227

(denoted as Se) of the same dimension, with vo-1228

cab embedding vectors (denoted as v) distributed1229

across Se.1230

In probing, a linear layer is trained to map Sh1231

to Sk. The weight of the linear layer is supposed1232

to be a direction vector that represents a principal1233

component of the boundary of knowing. Thus, an1234

inner product with this vector tells if the given hid-1235

den states match the direction. Since it utilizes all1236

4096 dimensions to describe Sk, it offers high in-1237

formational resolution, leading to generally strong1238

performance.1239

Conversely, SCAO assumes that Se approxi-1240

mately aligns with Sk, which means the v (gray1241

balls in Figure 7) aligns with the boundary of know-1242

ing (gray area in Figure 7). SCAO figures the shape1243

of Sk by measuring the distance between the hid-1244

den state vector from the last layer (green balls in1245

Figure 7) and embedding vectors v. These mech-1246

anisms yield the following properties: (1) SCAO1247

leverages Se and Sh, thus utilizing more informa-1248

tion than probing, which only uses Sh. (2) How-1249

ever, this information is compressed into a single1250

scalar value, distance, leading to lower information1251

resolution, showing lower performance than the1252

probe. 3) Despite the lower resolution, this sim- 1253

plification appears to enhance generalization. For 1254

instance, in out-of-domain scenarios, probing strug- 1255

gles with unfamiliar features in Sh, while SCAO 1256

effectively handles these novel features by employ- 1257

ing its simplified distance-based measure. 1258

Since probing and SCAO reflect slightly differ- 1259

ent aspects of Sk, combining these two methods in 1260

a feature fusion appears to provide an additional 1261

performance boost by leveraging their complemen- 1262

tary strengths. 1263

D Detail of datasets 1264

D.1 Datasets and their refinement strategies 1265

In this paragraph, we present details about the 1266

benchmark dataset for evaluating the hallucina- 1267

tion prediction method: Mintaka (Sen et al., 2022), 1268

ParaRel (Elazar et al., 2021), HaluEval (Li et al., 1269

2023), HotpotQA (Yang et al., 2018), and Explain. 1270

We also describe the refinement strategies applied 1271

to each dataset to reduce their AQE. “+ type” refers 1272

to refinements related to question types, while “+ 1273

domain” refers to refinements based on question 1274

domains, following Table 11 1275

Mintaka Mintaka is a challenging multilingual 1276

QA dataset consisting of 20,000 question–answer 1277

pairs collected from MTurk contributors and anno- 1278

tated with corresponding Wikidata entities for both 1279

questions and answers. Mintaka includes five types 1280

of question–answer pairs (entity, boolean, numeri- 1281

cal, date, and string) and eight categories (movies, 1282

music, sports, books, geography, politics, video 1283

games, and history). Among multiple languages, 1284

we only use English question-answer pairs. 1285

(1) + type : Among five types, we exclude 1286

boolean and numerical questions, following the 1287

discussion in §4.1 and §B. (2) + domain : We ran- 1288

domly selected half of the domains (books, movies, 1289

music, sports) as the training and validation sets, 1290

and assigned the remaining domains to the test set. 1291

ParaRel ParaRel is originally a dataset designed 1292

for masked language modeling, containing factual 1293

knowledge expressed through diverse prompt tem- 1294

plates and relational types. We utilize the rear- 1295

ranged version by (Zhang et al., 2024). This ver- 1296

sion consists of 25,133 prompt-answer pairs across 1297

31 domains. It is further divided into two parts: 1298

the first 15 domains are classified as in-domain 1299

data, and the remaining 16 domains are classified 1300

as out-of-domain. 1301
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(1) + domain: In the original setting, in-domain1302

data was used as the test set. In the refined setting,1303

the test set consists of out-of-domain data.1304

HotpotQA HotpotQA is a question-answering1305

dataset where each instance consists of a question,1306

label (types including entity, boolean, numerical),1307

and reference documents. We utilize only the ques-1308

tion and answer to fit the closed-book scenario. An1309

example of the question is “What government posi-1310

tion was held by the woman who portrayed Corliss1311

Archer in the film Kiss and Tell?”, paired with the1312

label “Chief of Protocol”. We use the development1313

dataset as a test set, following (Zhang et al., 2024).1314

(1) + type: We exclude the “comparison” type,1315

as it consists of yes/no questions or questions that1316

require choosing between two given options.1317

Explain We present a benchmark Explain to1318

evaluate a model’s ability to provide a descriptive1319

answer to an open-ended question. Explain is an ex-1320

tended and refined version of an open-ended long-1321

form dataset in the well-known and verified work1322

of FActScore (Min et al., 2023). In FActScore, a1323

small dataset is devised to test the fact-checking1324

pipeline for long-form QA. This dataset is created1325

by appending prompts like “Tell me a bio of <en-1326

tity>” to person names sourced from Wikipedia.1327

However, its subjects are limited to only person1328

names, and it includes only 500 entries.1329

To address this, we developed Explain. Explain1330

covers more general categories such as people,1331

history, buildings, culture, etc (the entities from1332

Mintaka), with the dataset size expanded to about1333

15000 entries. The prompt is "Please give me an1334

explanation about <entity>", which follows the con-1335

cept of the dataset in FActScore. All entities used1336

as objects in the Explain setting are sourced from1337

entity-type questions in the Mintaka dataset.1338

(1) + domain: Since the entities in Explain are1339

sourced from Mintaka, we adopt the same domain-1340

splitting strategy as used in Mintaka.1341

D.2 Data statistics1342

We present data statistics of our main benchmarks,1343

Mintaka and ParaRel. We also present examples1344

of questions, categories, and statistics on Explain1345

(Table 9, Table 7)1346

Table 7: #data in each benchmarks

ParaRel Mintaka HaluEval HotpotQA Explain
Train 5575 7583 6000 8000 7583
Valid 5584 1075 2000 2000 1075
Test 13974 2152 2000 7405 2152

Figure 8: Structure of aggregation of hidden-state and
confidence scores.

E Experimental detail 1347

E.1 Detail on the three main approaches 1348

In this section, we provide detailed descriptions 1349

of the three main approaches evaluated in §5. (1) 1350

confidence-based: We adopt a simplified method 1351

that takes the top-n softmax probabilities of the 1352

first answer token and applies a threshold. n and 1353

the threshold t are learnable ϕ. 1354

For the threshold-based discrimination, we first 1355

use the mean value of top-n vocabulary (sj for jth 1356

token confidence in top-n candidates) and apply 1357

the threshold, as depicted in Equation 5. Here, the 1358

learnable parameter ϕ = {t, n} consists of a thresh- 1359

old (t) and the number of vocabulary candidates 1360

(n). During the training session, every possible pair 1361

of n and threshold (n is 1 to 30 in 30 steps, t is 1362

0 to 0.1 in 3000 steps, total 90K {t, n} pairs) are 1363

measured on the training dataset, and the pair with 1364

the highest accuracy is applied to the test session. 1365

ϕ(s) =

{
1, if 1

n

∑n
j=1 sj ≥ t

0, if 1
n

∑n
j=1 sj < t

(5) 1366

(2) hidden-state-based: We employ a 3-layer 1367

deep neural network (DNN) structure with dimen- 1368

sions d → 100 → 30 → 1, where d is the hidden 1369

size. ReLU activation is applied between each layer. 1370

The objective function of DNN is binary cross en- 1371

tropy loss L = − 1
N

∑
[y · log(ϕ(s)) + (1 − y) · 1372

log(1− ϕ(s))]. DNN (ϕ) is trained on the dataset 1373
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Table 8: Examples of questions in Explain

Questions Entity
Please give me an explanation about “A Game of Thrones”. A Game of Thrones
Please give me an explanation about “Simone Biles”. Simone Biles
Please give me an explanation about “Winston Churchill”. Winston Churchill
Please give me an explanation about “Fyodor Dostoevsky”. Fyodor Dostoevsky
Please give me an explanation about “District 12”. District 12
Please give me an explanation about “The Battle of Gettysburg”. The Battle of Gettysburg

Table 9: #Data for the entity domains in Explain

Train Dev Test
Music 914 139 273
History 1059 149 296
Geography 1033 144 306
Politics 1036 143 300
Video games 1057 150 302
Movies 953 138 269
Books 1020 140 283
Sports 909 128 245

while θ is frozen. The choice of which layer’s hid-1374

den state from θ to use is determined during the1375

training phase, based on the one that achieves the1376

highest validation accuracy. This approach extends1377

the linear probing (Li et al., 2024a).1378

We analyze that DNN emulates the mechanism1379

of the mean threshold approach. The weights of the1380

first layer decide how many candidates to count in,1381

corresponding to the function of n in the threshold-1382

based approach. The second layer decides opera-1383

tions, such as mean or max pooling. DNN structure1384

is a more suitable choice if feature fusion with other1385

data is required.1386

(3) aggregation: We utilize the feature fusion of1387

confidence and hidden state. That implies utilizing1388

both top-30 confidence value and hth hidden state1389

from θ as inputs to DNN. This approach concate-1390

nates the confidence scores and hidden state into a1391

single vector, which is then passed to a learnable1392

ϕ (Snyder et al., 2024). We use a module with di-1393

mensions of (d+ n) → 100 → 30 → 1, where n1394

is fixed to 30 (Figure 8).1395

E.2 Experiment pipeline1396

First the dataset is divided into Dtrain, Dvalid, and1397

Dtest. We fit ϕ to Dtrain, while θ is frozen. The1398

next step varies between the two types.1399

Learning-based The methods with hidden-state1400

(Probe and Probe + Conf ) should employ DNN1401

architecture for ϕ, which need machine learning. 1402

In this case, ϕ is trained on the Dtrain with the 1403

objective of BCELoss. We train for 20 epochs to 1404

get ϕ. And from the final checkpoint, we choose 1405

the index of the hidden layer of θ with the best 1406

accuracy on the Dvalid. Then we use this hidden 1407

layer index and ϕ to test on the Dtest. We calculate 1408

two metrics of accuracy and AUROC. When train- 1409

ing, the learning rate is 1e-3, and the optimizer is 1410

AdamW. 1411

Threshold-based The method that solely relies 1412

on confidence score (Conf ) uses a threshold for 1413

calibration. Here, learnable ϕ is the number of 1414

top candidate confidence scores (n) and the thresh- 1415

old (t). These two parameters are fitted in Dtrain, 1416

without evaluation on Dvalid. We select the ϕ that 1417

achieves the highest accuracy by performing a grid 1418

search over t values in the range [0, 1] with 1000 1419

uniformly spaced points, and n in the range [1, 30] 1420

with 3000 uniformly spaced points. And use this 1421

ϕ to test on the Dtest. AUROC is measured only 1422

with nϕ, without tϕ. 1423

E.3 AQE of larger model 1424

In this section, we provide the AQE results of 1425

the larger model (LLaMA-3-70B-Instruct) 1426

on the refined dataset, corresponding to Table 10. 1427

E.4 Experiment with accuracy 1428

In this section, we present the performance and 1429

accuracy-based deltas of various hallucination pre- 1430

diction methods. The results exhibit trends similar 1431

to those observed when using AUROC as the eval- 1432

uation metric. 1433

- 1434
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Table 10: AQE score of dataset and LLaMA3-70B-Instruct. The version (original, type , domain) with the
lowest AQE within each dataset is highlighted in bold.

Mintaka HotpotQA ParaRel Explain

original + type + type + domain original + type original + domain original + domain

p(k = True) 62.17 57.28 57.42 33.81 26.64 51.71 53.01 55.71 54.35
p(k = False) 37.82 42.71 42.57 66.18 73.35 48.28 46.98 44.28 45.64

AQEacc 65.52 62.15 58.96 68.06 71.44 76.68 53.22 61.96 55.31
AQEauc 65.75 64.35 58.77 63.78 54.56 85.98 53.29 67.69 57.71

Table 11: Hallucination prediction performance (accuracy) of instruction-tuned 8B and 70B LLaMA models across
multiple datasets.

(a) Mintaka

8B 70B

original + type + type + domain original + type + type + domain

auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM )) auroc A(ϕ(sM ))

Conf 62.75 - 60.71 - 61.54 - 68.39 - 65.53 - 64.65 -
Conf (SCAO) 67.35 - 65.78 - 66.75 - 70.53 - 68.15 - 66.98 -

Probednn 70.55 7.05 68.87 9.06 66.68 7.64 73.32 7.8 69.73 7.58 66.12 7.16
Conf + Probe 71.38 7.88 69.98 10.17 65.12 6.08 74.21 8.69 71.44 9.29 65.99 7.03

Conf + Probe (SCAO) 71.96 8.46 79.41 10.68 68.21 9.17 74.14 8.62 71.35 9.20 67.61 8.65

(a) HotpotQA
8B 70B

original + type original + type

acc A(ϕ(sM )) acc A(ϕ(sM )) acc A(ϕ(sM )) acc A(ϕ(sM ))

Conf 71.54 - 75.93 - 69.75 - 73.08 -
Conf (SCAO) 73.23 - 76.93 - 70.97 - 75.97 -

Probednn 75.49 6.94 76.31 0.28 71.24 3.18 71.91 0.47
Conf + Probe 76.00 7.45 75.46 -0.56 72.50 4.44 74.02 2.58

Conf + Probe (SCAO) 77.69 9.14 76.95 0.92 72.51 4.45 74.90 3.46

(b) ParaRel
8B 70B

original + domain original + domain

acc A(ϕ(sM )) acc A(ϕ(sM )) acc A(ϕ(sM )) acc A(ϕ(sM ))

Conf 67.58 - 62.63 - 65.75 - 57.29 -
Conf (SCAO) 66.67 - 67.88 - 66.83 - 69.19 -

Probednn 80.52 7.26 66.82 11.73 82.29 5.61 65.24 12.02
Conf + Probe 80.64 7.38 68.65 13.56 82.18 5.50 64.46 11.24

Conf + Probe (SCAO) 80.92 7.66 69.24 14.15 81.84 5.16 66.36 13.14

(c) Explain
8B 70B

original + domain original + domain

acc A(ϕ(sM )) acc A(ϕ(sM )) acc A(ϕ(sM )) acc A(ϕ(sM ))

Conf 57.66 - 60.29 - 55.71 - 53.31 -
Conf (SCAO) 59.71 - 59.57 - 60.99 - 60.78 -

Probednn 78.92 13.27 63.31 2.1 76.28 14.32 62.65 7.34
Conf + Probe 79.12 13.47 64.78 3.57 76.00 14.04 63.10 7.79

Conf + Probe (SCAO) 80.91 15.26 63.66 2.45 78.75 16.79 64.87 9.56

F Instruction prompts 1435

In this section, we compile the instructional 1436

prompts employed in our study. Terms marked 1437

with underline indicate placeholders that need 1438

to be filled with the corresponding content. 1439

A. Normal instruction template 1440

[Question]:{question} [Answer]:
1441

B. SCAO instruction template 1442

[Question]: {question} You must an-
swer in only one word. [Answer]:

1443

C. G-eval instruction template 1444
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[Instruction] The text enclosed within
triple backticks (“‘) is an agent’s answer
to a given question ([Question]).
Your task is to evaluate whether the
agent’s response is factually correct.
.
1) Analyze and explain whether the an-
swer contains any factual inaccuracies.
2) Then, classify the answer as either
"True" (only factually correct contents)
or "False" (containing any factually in-
correct content).
.
“‘
[Question]:{question}
[Answer]:{answer}
”’

1445

G Usage of AI assistants1446

In preparing this manuscript, we relied on AI-1447

powered writing tools to refine sentence flow, fix1448

grammatical mistakes, and improve readability.1449

These assistants were used strictly for language1450

polishing and played no role in shaping the techni-1451

cal content, research design, or experimental work.1452

All scientific concepts, findings, and conclusions1453

presented in this paper were fully developed and1454

written by the researchers. The involvement of AI1455

was limited to editorial support and did not influ-1456

ence the originality or intellectual contributions of1457

the study.1458
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