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Abstract

In spoken languages, utterances are often001
shaped to be incomplete or vague for efficiency.002
This can lead to varying interpretations of the003
same input, based on different assumptions004
about the context. To ensure reliable user-005
model interactions in such scenarios, it is cru-006
cial for models to adeptly handle the inherent007
ambiguity in user queries. However, conversa-008
tional agents built upon even the most recent009
large language models (LLMs) face challenges010
in processing ambiguous inputs, primarily due011
to the following two hurdles: (1) LLMs are not012
directly trained to handle inputs that are too am-013
biguous to be properly managed; (2) the degree014
of ambiguity in an input can vary according to015
the intrinsic knowledge of the LLMs, which016
is difficult to investigate. To address these is-017
sues, this paper proposes a method to align018
LLMs to explicitly handle ambiguous inputs.019
Specifically, we introduce a proxy task that020
guides LLMs to utilize their intrinsic knowl-021
edge to self-disambiguate a given input. We022
quantify the information gain from the disam-023
biguation procedure as a measure of the extent024
to which the models perceive their inputs as025
ambiguous. This measure serves as a cue for026
selecting samples deemed ambiguous from the027
models’ perspectives, which are then utilized028
for alignment. Experimental results from sev-029
eral question-answering datasets demonstrate030
that the LLMs fine-tuned with our approach are031
capable of handling ambiguous inputs while032
still performing competitively on clear ques-033
tions within the task.034

1 Introduction035

Large Language Models (LLMs) (Ouyang et al.,036

2022; Team et al., 2023; Achiam et al., 2023) have037

demonstrated remarkable capabilities in text gen-038

eration, proving particularly effective for question-039

answering (QA) tasks (Zhang et al., 2023; Etezadi040

and Shamsfard, 2023). QA systems in the wild are041

frequently confronted with unexpected inputs from042

When was the last time UGA won a national championship?

1. National tennis championship, 2019

2. National golf championship, 2005

3. National baseball championship, 1990

…

1. National tennis championship, 2019

Can you clarify 
your question?

UGA won the national
championship in 2019.

Model A Model B

Intrinsic Model Knowledge Intrinsic Model Knowledge

Figure 1: An example of an ambiguous query from
AmbigQA (Min et al., 2020). The phrase "national
championship" poses diverse denotations, causing am-
biguity. Model possessing various related knowledge
of the query could perceive it as ambiguous (left). On
the other hand, if the model does not have sufficient
related knowledge (right), the query can be perceived as
unambiguous. Thus, the degree of ambiguity perceived
by the model may vary even with identical inputs.

users, such as unanswerable (Kim et al., 2023b; Yin 043

et al., 2023) or ambiguous questions (Cole et al., 044

2023; Lee et al., 2023; Kim et al., 2023a). To build 045

a reliable user-friendly model, it is essential for 046

the model to robustly handle such inputs. In this 047

work, we seek to extend the scope of research to 048

effectively handle invalid inputs. Specifically, we 049

focus on managing "ambiguity" (Gleason, 1963; 050

Mackay and Bever, 1967), which poses a signif- 051

icant challenge in Natural Language Processing 052

(NLP) (Jurafsky, 1996). 053

Ambiguity refers to cases where an expression 054

conveys multiple denotations (Wasow et al., 2005). 055

Users may pose queries with clear intentions that, 056

possibly due to insufficient domain knowledge, 057
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result in ambiguous requests. If the model arbi-058

trarily responds to such ambiguity, there is a risk059

of misinterpreting the user’s original intent, po-060

tentially harming the model’s reliability. This is061

especially pronounced in sensitive domains such062

as legal (Schane, 2002; Choi, 2024) or medical063

(Stevenson and Guo, 2010; Gyori et al., 2022) do-064

mains, where misinterpretations can lead to serious065

drawbacks. Despite the importance, approaches to066

robustly manage ambiguity are still significantly067

unexplored. In this paper, we endeavor to utilize068

the model’s intrinsic knowledge to align the model069

in a manner that effectively handles ambiguity.070

Properly processing ambiguous inputs is chal-071

lenging primarily due to the following two hurdles.072

Firstly, models are not directly trained to explic-073

itly express ambiguity. Even if a model perceives074

ambiguity, it is challenging to verify the recogni-075

tion without explicit feedback. The second chal-076

lenge is that the degree of ambiguity for the query077

can vary depending on the intrinsic knowledge078

of the model. Consider the scenario depicted in Fig-079

ure 1. The initial query is ambiguous as the phrase080

"national championship" poses various denotations,081

such as "national tennis championship" or "national082

golf championship". If a model possesses compre-083

hensive knowledge across the possible denotations,084

it is plausible for the model to recognize the ambi-085

guity (left). However, if the model’s knowledge is086

limited to "national tennis championship", it would087

perceive the query as unambiguous (right). There-088

fore, it is essential to verify whether the input is089

deemed ambiguous from the model’s point of view.090

To overcome these issues, this paper proposes091

a method to align models to explicitly handle am-092

biguous queries. Specifically, we design a proxy093

task that guides the model to self-disambiguate a094

given query by utilizing its intrinsic knowledge.095

Then, we quantify the information gain from the096

disambiguation as an implicit measure of the extent097

to which the models perceive their inputs as am-098

biguous. This measure serves as a cue for selecting099

samples deemed ambiguous from the model’s per-100

spective, which are then utilized for alignment. Ex-101

perimental results from several QA datasets demon-102

strate that the alignment process enables the model103

to properly clarify ambiguous inputs while main-104

taining its inherent capabilities. The findings un-105

derscore the value of assessing the perceived ambi-106

guity, rather than relying solely on the ground-truth107

ambiguity. Furthermore, to provide a comprehen-108

sive framework for assessing ambiguity, we con-109

struct a new dataset dubbed AmbigTriviaQA. The 110

dataset facilitates a more extensive evaluation of 111

models’ robustness in addressing ambiguity, thus 112

contributing to the further expansion of related re- 113

search. 114

2 Related Work 115

Ambiguity in NLP An expression is defined as 116

ambiguous if it has two or more distinct denotations 117

(Wasow et al., 2005). Ambiguity challenges NLP 118

applications by obscuring the intended meaning 119

of expressions, leading to difficulties in accurately 120

performing specific tasks. Efforts addressing this 121

issue span across various domains, including ma- 122

chine translation (Pilault et al., 2023), coreference 123

resolution (Poesio and Artstein, 2005; Yuan et al., 124

2023), and natural language inference (Liu et al., 125

2023). 126

The challenge intensifies in the scope of QA as 127

ambiguous questions may yield various answers, 128

potentially not aligning with the user’s initial intent. 129

Min et al. (2020) introduce the AmbigQA dataset to 130

tackle ambiguity in open-domain QA and Stelmakh 131

et al. (2022) expands it to long-form generation. 132

Furthermore, Cole et al. (2023) discovered that 133

quantifying sampling repetition presents a reliable 134

uncertainty measure for ambiguity, while Kim et al. 135

(2023a) generates tree-of-clarification (ToC) that 136

refines ambiguity within the inputs. As we share 137

the goal of handling ambiguity, we adopt a novel 138

approach of directly aligning the model to address 139

ambiguity. 140

Alignment of LLMs LLMs are fundamentally 141

trained through causal language modeling, a pro- 142

cess essential for understanding and generating text 143

of high fluency and consistency. To better harness 144

these models, approaches have been developed to 145

align them with human preferences (Leike et al., 146

2018; Ji et al., 2023b). This has taken various 147

forms, notably through Reinforcement Learning 148

from Human Feedback (RLHF) (Ouyang et al., 149

2022; Bai et al., 2022a; Chakraborty et al., 2024), 150

as well as Supervised Fine-tuning (SFT) (Dong 151

et al., 2023; Yang et al., 2023; Zhou et al., 2024). 152

Previous works focused on preferences such as 153

helpfulness (Ding et al., 2023; Köpf et al., 2023; Xu 154

et al., 2024) and safety (Bai et al., 2022b; Ji et al., 155

2023a; Liu et al., 2024b). Recent studies have con- 156

centrated on the factuality (Yang et al., 2023; Tian 157

et al., 2024), avoiding hallucinations. Building 158

on this foundation, our research extends the scope 159
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and aims to align models to effectively understand160

and handle ambiguities, which is a relatively un-161

explored area within the field of model alignment.162

This stands in contrast to previous methods which163

typically bypass the nuanced interpretation of am-164

biguous contexts inherent in language.165

Data Quality Control for Alignment Data-166

centric AI (Chu et al., 2016; Majeed and Hwang,167

2023; Kumar et al., 2024) emphasizes the impor-168

tance of data quality in training models. In the169

context of the instruction following, LIMA (Zhou170

et al., 2024) demonstrates that models can be ef-171

fectively aligned even with 1,000 human-curated172

samples. Similarly, AlpaGasus (Chen et al., 2024)173

shows effective alignment can be achieved by uti-174

lizing only a small subset of the Alpaca dataset175

(Taori et al., 2023) selected by ChatGPT. Various176

approaches for data selection have been explored,177

including those based on pre-defined quality factors178

such as length and complexity (Liu et al., 2024a),179

and utilizing gradient similarity from validation180

sets as a selection criterion (Xia et al., 2024). In181

this paper, we distinctly define data quality to effec-182

tively align models to handle ambiguity. To do so,183

we make use of the model’s perceived ambiguity184

as an implicit cue for data quality.185

3 Methodology186

The objective of our approach is to align models187

to explicitly handle potentially ambiguous inputs188

leveraging intrinsic model knowledge. To this end,189

we propose a four-stage alignment pipeline, de-190

picted in Figure 2. In this section, we first formu-191

late the problem and describe each stage in detail.192

Problem Formulation The goal of a QA task193

is to generate a factually correct answer y, given194

an unambiguous input xunambig, a pre-defined infer-195

ence template t(·), and a language model M . As196

we expand our input scope to ambiguous queries197

xambig, the model is expected to generate a clar-198

ification request yclarify
1 for xambig to resolve the199

ambiguity, where the user is best positioned to clar-200

ify their intent.201

1We have considered various approaches to handle ambigu-
ity but were concluded to be impractical. Arbitrarily offering
one of the valid answers may fail to reflect the user’s intent,
and presenting all possible answers is often impractical due to
the potentially vast number of valid answers.

3.1 Explicit Prediction Stage 202

This initial stage involves assessing whether the 203

model can appropriately handle each sample and 204

identifying samples that the model currently fails to 205

explicitly manage. By comparing the model’s pre- 206

diction with the ground-truth label, samples are cat- 207

egorized based on their response accuracy. We col- 208

lect n correct samples, which the model can prop- 209

erly handle, as Dcorrect = {(xicorrect, y
i
correct)}ni=1 210

and incorrect samples are classified as Dincorrect. 211

3.2 Implicit Ambiguity Detection Stage 212

The objective of this stage is to identify sam- 213

ples that the model perceives as ambiguous from 214

Dincorrect. Given that it is challenging for the model 215

to explicitly express ambiguity, we construct a 216

proxy task to estimate the ambiguity from the 217

model’s point of view. 218

The proxy task is designed to self-disambiguate 219

x and implicitly measure the perceived ambigu- 220

ity. Specifically, the model is first prompted to 221

generate a disambiguation x̂disambig for the input 222

x. In this process, the model leverages its intrin- 223

sic knowledge related to x and generates further 224

details. If x lacks specifications and the model pos- 225

sesses related knowledge necessary to compensate, 226

then x̂disambig would yield a higher certainty (lower 227

entropy) for the model. On the other hand, if x 228

requires no specification or the model lacks the nec- 229

essary knowledge, x̂disambig would exhibit a similar 230

level of uncertainty to x. To quantify the uncer- 231

tainty associated with x and x̂disambig, we employ 232

the model’s average entropy (Malinin and Gales, 233

2021; Abdar et al., 2021). Formally, the entropy of 234

an output distribution is defined as follows: 235

Hx,i = −
∑
v∈V

px,i(v) log px,i(v) (1) 236

where px,i(v) is the probability of the ith token v 237

of a sentence x from the full vocabulary set V . The 238

average entropy for x can be defined as: 239

Hx =
1

I

∑
i

Hx,i (2) 240

where x is composed of I-tokens. We quantify 241

the changes in input uncertainty by the difference 242

in average entropy, which we define as informa- 243

tion gain (INFOGAIN). The INFOGAIN from the 244

disambiguation can be defined as the following: 245

INFOGAINx,x̂disambig = Hx −Hx̂disambig (3) 246
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When was the last 

time UGA won a 

national 

championship?

Please 

disambiguate 

the question!

When was the 

last time UGA 

won a national 

championship?

When was the last 

time UGA won a 

national tennis 

championship?

Information-gain > 𝝐

When was the last 

time UGA won a 

national 

championship?

UGA won the 

national 

championship in 

2019.

When was the last 

time UGA won a 

national tennis 

championship?

Can you clarify 

your question 

please?

1. Explicit Prediction 2. Implicit Ambiguity Detection

2-2. Measure Information-gain

3. Data Construction

When was the 

last time UGA 

won a national 

championship?

The question is 

ambiguous.

4. SFT

𝒙

ෝ𝒙𝐝𝐢𝐬𝐚𝐦𝐛𝐢𝐠

𝒙 ෝ𝒙𝐝𝐢𝐬𝐚𝐦𝐛𝐢𝐠

𝒙 𝒚𝐜𝐥𝐚𝐫𝐢𝐟𝐲𝒚

𝒙

2-1. Self-disambiguation

Figure 2: The overall process of our four-stage alignment pipeline. We initially filter samples that the model cannot
explicitly handle (Stage 1), and self-disambiguate them to measure the information gain (Stage 2). Samples with
high information gain are deemed ambiguous and utilized for supervised fine-tuning (Stage 3 & 4).

If the disambiguation results in a meaningful speci-247

fication by utilizing intrinsic knowledge, a substan-248

tial INFOGAIN would be measured, suggesting that249

the model considers x as ambiguous. Conversely, a250

negligible INFOGAIN indicates that the model does251

not perceive x as ambiguous. Samples with INFO-252

GAIN greater than the threshold ϵ are classified as253

ambiguous, denoted as xambig.254

3.3 Data Construction Stage255

In this stage, we construct datasets for the align-256

ment process. This involves labeling m samples257

identified as ambiguous and constructing an am-258

biguous dataset Dambig = {(xjambig, yclarify)}mj=1.259

yclarify serves as the ground-truth label for am-260

biguous samples, which are randomly selected261

from pre-defined clarification requests stipulated262

in Appendix D. To prevent the potential loss of263

the model’s existing knowledge, we also incorpo-264

rate Dcorrect for training. We balance the number265

of samples from both datasets so that n = m.266

The final training dataset is thus established as267

D = Dcorrect +Dambig.268

3.4 Supervised Fine-tuning (SFT) Stage269

Utilizing the dataset D = {(xk, yk)}n+m
k=1 , the270

model is trained to generate ground-truth label y for271

input x, employing the identical inference template272

t(·). The model M with parameter θ is trained as273

follows:274

min
θ

∑
(x,y)∈D

|y|∑
i=1

− logMθ(yi|y<i, t(x)) (4)275

4 Experimental Setting 276

4.1 Datasets 277

The capability of the model to perform within the 278

trained domain is pivotal. However, its ability to 279

generalize to out-of-distribution (OOD) is essential 280

for real-world applicability, as queries that deviate 281

from the training data are frequently confronted 282

in the wild. To this end, we employ one train- 283

ing dataset and three OOD test sets to evaluate 284

in diverse domains. All the datasets include both 285

ambiguous and unambiguous queries. 286

AmbigQA Introduced by Min et al. (2020), Am- 287

bigQA is a derivative of the Natural Questions 288

dataset (Kwiatkowski et al., 2019), designed to 289

verify data points deemed ambiguous. The dataset 290

covers diverse sources of ambiguity such as event 291

and entity references. We set AmbigQA as the 292

in-domain dataset and utilize it for training. 293

SituatedQA SituatedQA (Zhang and Choi, 2021) 294

specifically focuses on temporal and geographic 295

ambiguity from the input query. As the cause of 296

ambiguity and its construction process are distinct, 297

we assess performance on the temporal split and 298

the geographic split separately, denoted as Temp 299

and Geo, respectively. 300

AmbigTriviaQA Since there are limited datasets 301

for evaluating ambiguity in open-domain QA, we 302

construct a new dataset, namely AmbigTriviaQA. 303

By taking questions from the widely-used Triv- 304

iaQA dataset (Joshi et al., 2017), we prompt 305
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gpt-3.5-turbo to ambiguate the initial query and306

verify the results. More details on dataset construc-307

tion are described in Appendix B.308

4.2 Baselines309

To assess the effectiveness of our approach, we es-310

tablish two sets of baselines: inference-only meth-311

ods and trained methods. Further implementation312

details are described in Appendix A.313

Inference-Only Methods Inference-only meth-314

ods address ambiguity by directly prompting the315

model. We employ naïve prompting (NAÏVE) as316

a fundamental baseline, applying a simple QA317

prompt. Furthermore, we explore ambiguity-aware318

prompting (AMBIGUITY-AWARE), which addition-319

ally provides instructions on handling ambiguity.320

We also examine SAMPLE REPETITION (Cole321

et al., 2023) by measuring the consistency of the322

sampled generations. Finally, we evaluate SELF-323

ASK (Amayuelas et al., 2023), where the model324

initially generates an answer and subsequently de-325

termines the ambiguity based on the generation.326

Trained Methods Given the lack of directly com-327

parable prior work, we compare a fine-tuned base-328

line wherein the model is trained with the in-329

domain training set. FULL-SET applies the full330

in-domain training dataset and SUBSET is trained331

on a randomly selected subset of size n+m, which332

is equivalent in size to our approach. Additionally,333

we compare HONESTY-TUNED (Yang et al., 2023),334

which takes a similar approach utilizing an implicit335

measure named "expected accuracy" to estimate336

the model’s factuality. The expected accuracy is337

measured as the average accuracy of sampled pre-338

diction for a single input query. We have revised339

the method so that incorrect samples based on "ex-340

pected accuracy" are selected from the ground-truth341

ambiguous samples. Although HONESTY-TUNED342

shares similarities with our approach in the way343

of estimating the model’s knowledge with an im-344

plicit measure, a notable distinction lies in our main345

focus on handling ambiguity beyond factuality.346

4.3 Evaluation Metrics347

As we expand the input scope to possibly ambigu-348

ous questions, the model should be capable of han-349

dling both unambiguous and ambiguous queries350

simultaneously. Therefore, we employ two widely351

used evaluation metrics to assess performance on352

both types of inputs. A successful alignment should353

preserve the model’s capability to handle unam- 354

biguous inputs while successfully managing am- 355

biguous queries. All evaluations are conducted 356

by comparing the greedy generation to the ground 357

truth. 358

Unambiguous Accuracy (Unambig. Acc.) 359

While expanding the task scope, it remains cru- 360

cial for the model to preserve the ability to handle 361

unambiguous inputs. Thus, our analysis persists 362

in exclusively evaluating the model’s accuracy in 363

processing unambiguous queries. We measure the 364

quality of the generation by employing RougeL2 365

(Lin and Och, 2004) with all the possible answers, 366

where the prediction is regarded as correct if the 367

score is above 0.3. 368

Ambiguity Detection F1-score (Ambig. F1) 369

The model should be capable of detecting ambi- 370

guity and generating clarification requests for am- 371

biguous inputs. However, especially for trained 372

methods, models may exhibit biased predictions 373

toward clarification requests. Taking these aspects 374

into account, we evaluate the model’s ambiguity 375

detection capability with F1-score, which captures 376

both the precision and recall of prediction, offering 377

a balanced view of the model’s ambiguity detec- 378

tion performance. Further details on the detection 379

process are described in Appendix C. 380

4.4 Implementation Details 381

For our experiments, we utilize LLAMA2 7B & 382

13B (Touvron et al., 2023) and MISTRAL 7B 383

(Jiang et al., 2023). We utilized QLoRA (Dettmers 384

et al., 2023) to facilitate efficient training. Imple- 385

mentation details are stipulated in Appendix D. 386

5 Experimental Results 387

The main results of our experiments are presented 388

in Table 1. Inference-only methods exhibit a 389

pronounced deficiency in handling ambiguous 390

queries. Specifically, NAÏVE establish poor per- 391

formance in responding to ambiguous queries, re- 392

sulting in a notably low F1-score. AMBIGUITY- 393

AWARE demonstrates a strong bias towards clari- 394

fication requests, as it achieves a relatively high 395

F1-score at the expense of accuracy. Similarly, 396

SAMPLE REPETITION exhibits a substantial trade- 397

off between F1-score and accuracy. SELF-ASK 398

displays a subpar F1-score, indicating that it is 399

2https://huggingface.co/spaces/
evaluate-metric/rouge
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Method
# Train

Samples
AmbigQA

SituatedQA
(Geo)

SituatedQA
(Temp)

Ambig-
TriviaQA

Unambig.
Acc.

Ambig.
F1

Unambig.
Acc.

Ambig.
F1

Unambig.
Acc.

Ambig.
F1

Unambig.
Acc.

Ambig.
F1

LLAMA2 7B

NAÏVE 0 28.43 0.00 22.53 0.00 21.72 0.00 62.46 0.00
AMBIGUITY-AWARE 0 4.94 68.95 3.95 32.44 1.72 35.53 22.63 61.03
SAMPLE REPETITION 0 5.42 74.96 3.56 34.43 4.40 38.43 29.58 65.88
SELF-ASK 0 26.75 13.41 21.54 8.18 19.68 18.48 61.29 3.84
HONESTY-TUNED 3,088 18.19 68.00 9.49 36.56 7.98 37.57 52.42 54.60
SUBSET 3,088 29.16 64.23 23.72 36.85 13.95 36.74 51.71 55.70
FULL-SET 10,036 37.11 59.98 26.09 41.15 18.93 35.38 58.25 49.96
OURS 3,088 27.23 63.69 24.51 42.05 21.90 40.77 53.41 61.34

MISTRAL 7B

NAÏVE 0 13.01 0.00 7.51 0.00 10.91 0.00 37.52 0.00
AMBIGUITY-AWARE 0 9.76 54.74 2.17 26.01 5.33 22.48 27.87 44.94
SAMPLE REPETITION 0 4.70 51.21 2.57 29.25 2.15 29.64 25.54 32.54
SELF-ASK 0 13.01 0.00 7.51 0.00 10.91 0.00 37.52 0.00
HONESTY-TUNED 1,382 16.51 69.28 11.66 33.84 8.09 39.16 41.70 65.19
SUBSET 1,382 33.49 60.91 29.05 35.64 19.11 37.38 58.87 54.61
FULL-SET 10,036 43.73 62.85 24.11 40.81 26.76 24.14 65.04 49.63
OURS 1,382 37.23 50.31 32.21 42.18 35.74 40.17 58.14 58.93

LLAMA2 13B

NAÏVE 0 31.33 0.00 22.53 0.00 22.90 0.00 60.49 0.14
AMBIGUITY-AWARE 0 3.37 70.44 3.16 33.10 2.22 36.66 16.96 64.17
SAMPLE REPETITION 0 10.00 71.10 6.32 32.85 9.45 37.87 39.41 63.40
SELF-ASK 0 31.33 0.00 22.53 0.00 22.90 0.00 60.49 0.14
HONESTY-TUNED 3,216 17.83 68.57 3.16 33.29 3.58 38.03 48.13 60.39
SUBSET 3,216 35.18 62.89 23.12 36.19 20.50 39.00 59.72 57.26
FULL-SET 10,036 43.61 62.87 23.12 38.37 19.68 24.07 66.80 48.81
OURS 3,216 37.83 58.15 24.51 41.59 24.36 41.09 63.74 55.23

Table 1: Experimental results of in-domain dataset and three OOD datasets. We report unambiguous accuracy
(Unambig. Acc.) and ambiguity detection F1-score (Ambig. F1). For each dataset, the best method is highlighted
in bold and the second-best method is underlined. Our method demonstrates comparable performance in-domain
and outperforms all the baselines in the OOD setting.

challenging to resolve ambiguity by explicitly "self-400

asking" the model.401

Trained methods exhibit enhanced perfor-402

mance overall compared to inference-only ap-403

proaches. HONESTY-TUNED struggles to handle404

ambiguity, as it also demonstrates biased detec-405

tion performance. This is likely because the im-406

plicit measure from HONESTY-TUNED can be in-407

fluenced by various factors but not specifically am-408

biguity. The results underscore the necessity of dis-409

tinct methods for perceiving ambiguity. Compared410

to HONESTY-TUNED, SUBSET exhibits relatively411

balanced performance across both metrics. FULL-412

SET demonstrates the most superior performance413

among the baselines, particularly in the in-domain414

setting, as it has access to the ground-truth ambigu-415

ity.416

Our approach yields comparable results in417

in-domain and demonstrates superior OOD per-418

formances. Despite employing identical inference 419

templates as NAÏVE, our method demonstrates 420

equal or improved unambiguous accuracy. This 421

indicates the effectiveness of our alignment in man- 422

aging ambiguity while preserving the inherent ca- 423

pabilities of the model. We can also observe an 424

improvement in unambiguous accuracy, particu- 425

larly in SituatedQA splits. It is especially surpris- 426

ing given that our method was trained on Dcorrect, 427

which the model is already capable of handling. 428

Compared to FULL-SET, we note a slight decline 429

in the in-domain performance, an expected result 430

given that FULL-SET is optimized with ground- 431

truth ambiguity of the in-domain data. However, 432

our method outperforms FULL-SET across OOD 433

datasets in F1-score up to 17 points. This discrep- 434

ancy underscores the effectiveness of utilizing per- 435

ceived ambiguity for alignment, facilitating supe- 436

rior generalization and robustness. The efficacy 437
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Method AmbigQA
SituatedQA

(Geo)

Unambig.
Acc.

Ambig.
F1

Unambig.
Acc.

Ambig.
F1

RANDOM 29.40 64.74 18.38 36.23
IMPLICIT 29.52 62.23 24.90 41.19
OURS 27.23 63.69 24.51 42.05

Method
SituatedQA

(Temp)
Ambig-

TriviaQA

Unambig.
Acc.

Ambig.
F1

Unambig.
Acc.

Ambig.
F1

RANDOM 16.99 38.76 56.13 50.63
IMPLICIT 21.36 40.11 55.65 59.16
OURS 21.90 40.77 53.41 61.34

Table 2: Ablation results of ambiguous data selection.
In-domain dataset is highlighted in gray. The best

method is in bold, and the second best method is under-
lined. Results show that perceived ambiguity measured
by INFOGAIN is an effective cue for data selection.

of leveraging only the data perceived ambiguous438

(about 32% in the LLAMA2 family and 13% in439

MISTRAL) emphasizes the importance of data qual-440

ity over quantity (Zhou et al., 2024; Chen et al.,441

2024).442

6 Ablation Study443

6.1 Impact of INFOGAIN for Data Selection444

For a deeper analysis of the influence of INFOGAIN445

for data selection within our pipeline, we conduct446

an ablation study by varying the criteria for select-447

ing ambiguous data. While maintaining the same448

Dcorrect for unambiguous samples, we alter the se-449

lection of m samples labeled as ambiguous. We450

compare the following data selection strategies:451

• Random Selection (RANDOM) We randomly452

select m ground-truth ambiguous samples,453

without any consideration of INFOGAIN.454

• Implicit Measure-based Selection (IM-455

PLICIT) We select top-m samples with the456

largest INFOGAIN among those that are457

ground-truth ambiguous. It differs from our458

approach as our method utilizes samples per-459

ceived as ambiguous, allowing the potential460

inclusion of unambiguous samples.461

Table 2 is the ablation results on LLAMA2 7B.462

For AmbigQA, baselines leveraging ground-truth463

ambiguity slightly outperform our method, which464

Method VAR (↑) MCR (↓) OAP (↑)

AmbigQA

HONESTY-TUNED 73.81 44.49 20.48
SUBSET 62.12 33.05 20.79
FULL-SET 52.82 18.64 21.48
OURS 65.19 30.51 22.65

SituatedQA (Geo)

HONESTY-TUNED 93.80 58.77 19.34
SUBSET 63.57 35.96 20.35
FULL-SET 72.09 35.96 23.08
OURS 89.15 28.95 31.67

SituatedQA (Temp)

HONESTY-TUNED 85.73 56.34 18.71
SUBSET 68.61 54.86 15.48
FULL-SET 58.56 46.95 15.53
OURS 72.95 36.08 23.31

AmbigTriviaQA

HONESTY-TUNED 42.39 11.64 18.73
SUBSET 48.10 17.57 19.83
FULL-SET 38.93 9.81 17.56
OURS 57.45 16.91 23.87

Table 3: VAR, MCR, and OAP of trained methods.
A high OAP is preferred, with a high VAR and a
low MCR. The best performance is in bold, and the
second best performance is underlined. Our approach
demonstrates the best OAP across all datasets, with the
least trade-off between VAR and MCR.

is a similar tendency from Section 5 where FULL- 465

SET exhibit better in-domain performance. How- 466

ever, across OOD datasets, our approach demon- 467

strates significantly superior performance. Specif- 468

ically, RANDOM demonstrates a notable drop in 469

F1-score by up to 10 points, illustrating the limita- 470

tions of simply utilizing the ground-truth ambiguity, 471

which might not align with the model’s perceived 472

ambiguity. Furthermore, IMPLICIT surpasses RAN- 473

DOM by up to 5 points in F1-score, validating the 474

effectiveness of INFOGAIN as a cue for data selec- 475

tion. Finally, our approach outperforms IMPLICIT 476

across the majority of metrics, even with unam- 477

biguous samples selected for training, again high- 478

lighting the effectiveness of INFOGAIN as the data 479

selection measure. 480

6.2 Analysis on Sample-level Prediction 481

Change 482

Our method is designed to align the model to gen- 483

erate clarification requests for ambiguous queries. 484

However, the process may lead to a potential 485
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Model
Prediction

Ground
Truth Type Generated Text

Unambig. Ambig. x Who sings don’t mess around with jim?
x̂disambig Who sings don’t mess around with jim, in the 1960s?

Unambig. Unambig.
x Who is winner in bigg boss season 5 kannada?

x̂disambig
Who is the winner of the fifth season of the kannada version of the indian reality
television series bigg boss?

Ambig. Ambig. x How many jury members in a criminal trial?
x̂disambig How many jury members are required in a criminal trial in the united states?

Ambig. Unambig. x How many pages in a brave new world?
x̂disambig How many pages are in the 1932 novel brave new world by aldous huxley?

Table 4: Example of initial query x and its disambiguation x̂disambig generated by LLAMA2 7B. Additional
specification from the model is in bold. Unambig. and Ambig. refers to Unambiguous and Ambiguous, respectively.

trade-off, where the model erroneously generates486

clarification requests for unambiguous inputs that487

were previously well-handled. To assess this bal-488

ance, we introduce three metrics: Valid Alignment489

Rate (VAR) measures the proportion of ambiguous490

samples incorrectly handled before alignment that491

are correctly addressed post-alignment and Mis-492

aligned Clarification Rate (MCR) measures the493

rate of correct unambiguous samples before train-494

ing that erroneously generates clarification requests495

after alignment. A high VAR is desirable, whereas496

a low MCR is preferred simultaneously. Inspired497

by Yang et al. (2023), we additionally define Over-498

all Alignment Performance (OAP) that measures499

the balance between VAR and MCR.500

OAP =
VAR+ (1− MCR)

2
(5)501

Table 3 compares the results on LLAMA2 7B.502

HONESTY-TUNED exhibits high VAR but poor503

MCR, implying a tendency to misinterpret known504

knowledge as ambiguous. This aligns with the pre-505

vious results where HONESTY-TUNED displays bi-506

ased generation towards clarification requests. On507

the other hand, FULL-SET and SUBSET demon-508

strate a good MCR and a relatively low VAR. Our509

method performs superior OAP, successfully ad-510

dressing ambiguities (high VAR) while preserving511

existing capabilities (low MCR).512

7 Self-disambiguation Case Study513

Table 4 demonstrates examples of initial query514

x and its disambiguation x̂disambig generated by515

LLAMA2 7B. The first example is when x is inher-516

ently ambiguous, yet the model perceives it as un-517

ambiguous. Specifically, the model generates hal-518

lucination ("in the 1960s") where the song "don’t519

mess around with jim" was originally released in 520

1972. This non-factual generation would not pro- 521

vide any information gain to the model, classifying 522

x as ambiguous. In such a case, x should be consid- 523

ered "unknown" with no related knowledge within 524

the model. The second and third examples are cor- 525

rectly classified, as the model properly applies its 526

intrinsic knowledge to perceive ambiguity. Regard- 527

less of the quantity of additional context generated, 528

the model is capable of verifying its ambiguity. The 529

last example is a misclassification as ambiguous. 530

Despite disambiguation provides factually correct 531

information ("1932 novel" and "by Aldous Hux- 532

ley") for "brave new world", we speculate that the 533

misclassification may arise from the existence of 534

various media, such as movies and songs, sharing 535

the title "brave new world", leading to an erroneous 536

integration of knowledge. 537

8 Conclusion 538

In this paper, we present a novel alignment pipeline 539

designed to enhance the ability of LLMs to ad- 540

dress ambiguities within queries, leveraging the 541

model’s intrinsic knowledge. Our method employs 542

an implicit measure, dubbed INFOGAIN, to quan- 543

tify ambiguity as perceived by the model. Through 544

alignment based on the measure, the model learns 545

to explicitly handle ambiguous as well as unam- 546

biguous queries. Experimental results demonstrate 547

the effectiveness of our alignment, particularly pro- 548

nounced in out-of-distribution scenarios. Results 549

indicate the importance of alignment based on the 550

model’s perceived ambiguity. Future work may ex- 551

plore the extension of this methodology to broader 552

domains and more complex types of ambiguities, 553

further solidifying the role of LLMs in managing 554

the inherent uncertainty present in NLP tasks. 555
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Limitations556

For the experiments, we explore the most widely557

used models for evaluation, specifically LLAMA2558

and MISTRAL. Despite this, a more comprehensive559

evaluation encompassing a broader consideration560

of LLMs could have enriched our findings, provid-561

ing insights across different architectures and capa-562

bilities. Larger models in scale could demonstrate563

different tendencies and should be explored for fu-564

ture work. Furthermore, our work mainly focuses565

on supervised fine-tuning (SFT) as the alignment566

method. However, alternative methods, such as567

Reinforcement Learning from Human Preference568

(RLHF) (Ouyang et al., 2022) or Direct Prefer-569

ence Optimization (DPO) (Rafailov et al., 2023)570

could offer distinct advantages towards our objec-571

tive. Finally, the experiments are mainly focused572

on short-form QA tasks. The research scope could573

be expanded to long-form generation tasks such as574

detailed reasoning.575
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A Baseline Details 950

In this section, we describe detailed implementa- 951

tion of the baselines. 952

NAÏVE We make a direct inference using tem- 953

plate from Table 5. We evaluate the greedy genera- 954

tion result with temperature 0. 955

AMBIGUITY-AWARE We utilize the template 956

from Table 6, where we explicitly describe how 957

to handle ambiguity. Identically, we use the greedy 958

generations for evaluation. 959

SAMPLE REPETITION Template from Table 5 960

is used to generate a single greedy generation and 961

10 sampled generations with sampling tempera- 962

ture 1.0. We measure the rate of sampled gener- 963

ations that match the greedy generation, which is 964

reported to be best-calibrated (Cole et al., 2023). 965

Samples with the measure below a specific thresh- 966

old is considered ambiguous. We empirically select 967

a threshold that demonstrates the best accuracy and 968

F1-score with the least trade-off. 969

SELF-ASK We initially prompt the model with 970

the template from Table 5 and generate a greedy 971

generation. Then, the initial query and the gener- 972

ated answer is utilized with the template from Table 973

7 and prompt the model to verify the ambiguity of 974

the query. We modified the prompt from Amayue- 975

las et al. (2023) so that the model can specifically 976

focus on ambiguity. The ambiguity detection is 977

determined based on the model’s final verification. 978

HONESTY-TUNED The approach involves mea- 979

suring the "expected accuracy" of sampled gen- 980

erations. The expected accuracy is measured by 981

generating 10 samples with temperature 1.0 and 982

measuring the average accuracy among the gen- 983

erations. Ground-truth ambiguous samples with 984

expected accuracy below the specific threshold, in 985

this case 0.1 from Yang et al. (2023), are labeled 986

ambiguous. The samples classified as ambiguous 987

is re-labeled with yclarify. The model M is trained 988

to generate the ground-truth y given the input query 989

x and the inference template t(·) from Table 5. 990

FULL-SET The full training set is utilized for 991

training. The ground-truth ambiguous samples are 992
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Answer the following question.
Question: <question>
Answer:

Table 5: Naïve prompting template.

Answer the following question. If
the question is ambiguous, it is
proper to answer with "The question is
ambiguous".
Question: <question>
Answer:

Table 6: Ambiguity aware prompting. We explicitly
describe how to handle ambiguity.

labeled with yclarify. The model is trained to gener-993

ate y given input question x and inference template994

t(·) from Table 5.995

SUBSET We randomly select |D| samples from996

the training data, with the same number (|D|/2) of997

ambiguous and unambiguous samples. SUBSET is998

trained in a same way as FULL-SET.999

B AmbigTriviaQA Construction Details1000

AmbigTriviaQA is constructed by ambiguating the1001

widely-used TriviaQA dataset (Joshi et al., 2017).1002

We first prompt gpt-3.5-turbo to ambiguate the1003

original question with the template from Table 8.1004

To further validate the generation and control the1005

quality of the dataset, we prompt gpt-3.5-turbo1006

again for a secondary verification. We utilize the1007

template in Table 9 and collect samples verified as1008

ambiguous. This process yielded a total of 4,3741009

question pairs to examine the model’s capability1010

to interpret and generate responses to intentionally1011

ambiguous queries. Examples from AmbigTrivi-1012

aQA are demonstrated in Table 10.1013

C Ambiguity Detection Details1014

For ambiguous questions, we expect the model1015

to generate clarification requests. Since there1016

are various ways to express clarification requests,1017

we use the following list of phrases to de-1018

tect the requests. The presence of pre-defined1019

ambiguity-related phrases in the model’s output is1020

treated as a successful detection. The pre-defined1021

phrases are the follows: [ambiguous, ambig,1022

unclear, not clear, not sure, confused,1023

confusing, vague, uncertain, doubtful,1024

Answer the following question. Given
the question and answer, is the
question ambiguous or unambiguous?
Answer only ambiguous or unambiguous.
Question: <question>
Answer: <generated answer>

Is the question ambiguous or
unambiguous? Answer only ambiguous or
unambiguous.
Ambiguous or Unambiguous:

Table 7: Verification template for SELF-ASK. With the
generated answer and the original question, the model
is prompted to verify the ambiguity of the initial query.

Please make the following question
ambiguous. Your task is to introduce
ambiguity by altering the specificity
of the noun phrase or omitting crucial
details from the statement. Keep the
rest of the sentence unchanged except
for the modified sections. Generate
only the revised statement.

Question: <question>
Ambiguation:

Table 8: Template to ambiguate the input query from
TriviaQA. We prompt gpt-3.5-turbo for the genera-
tion.

doubt, questionable, clarify, not clear] 1025

D Implementations Details 1026

D.1 Pipeline Details 1027

For explicit prediction (Stage 1), we utilize the 1028

same inference template as NAÏVE (Table 5) and 1029

the disambiguation is generated with the template 1030

from Table 11. We use the greedy generation for 1031

the disambiguated output. The threshold ϵ is set to 1032

0.1 for filtering ambiguous inputs. For balancing 1033

training set size, if n > m, we randomly select 1034

m samples from Dcorrect, where n = |Dcorrect| and 1035

m = |Dambig|. If n < m, we select n samples 1036

from Dambig with the largest INFOGAIN. Finally, 1037

for yclarify, we randomly select from the follow- 1038

ing pre-defined phrases : [The questions is 1039

ambiguous. Please clarify your question. 1040

Your question is ambiguous. Can you 1041

clarify your question? Your question is 1042
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An ambiguous question has multiple
valid answers. Is the following
question ambiguous with multiple
possible answers? Answer only in Yes
or No.

Question: <ambiguous generation>

Yes or No:

Table 9: Template for validating the generated am-
biguated queries. We prompt gpt-3.5-turbo for the
validation. Samples with the output "Yes" are consid-
ered a valid ambiguation and are selected as AmbigTriv-
iaQA.

not clear. Can you clarify your question1043

please?]1044

D.2 Training Details1045

For training, we applied AdamW optimizer1046

(Loshchilov and Hutter, 2019) with a batch size1047

of 32. We selected the model with the best perfor-1048

mance from learning rates {1e-3, 5e-4, 1e-4}1049

and training epochs {1, 2, 3}. All the exper-1050

iments were implemented with Pytorch (Paszke1051

et al., 2019) and Huggingface Transformers li-1052

brary (Wolf et al., 2020). For efficient training, we1053

applied QLoRA from Huggingface PEFT library1054

(Mangrulkar et al., 2022) with r=4 and alpha=16.1055

The training takes about half an hour on a single1056

Tesla V100 GPU.1057
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Original Question Ambiguated Question

Which volcano in Tanzania is the highest moun-
tain in Africa?

Which geological formation in Tanzania holds
the title for the tallest landform in Africa?

What was President Gerald Ford’s middle name? What was the middle name of a former U.S. pres-
ident?

Where in England was actor Nigel Hawthorne
born?

Where in the UK was the actor born?

Table 10: Example of the original question and its ambiguation from AmbigTriviaQA. The ambiguated phrase is
highlighted in bold.

The question seems ambiguous,
potentially requiring further details
for clarity. Please disambiguate
by providing specific context or
constraints related to the question.
This could include specifying any
relevant time periods, locations, or
other criteria necessary to narrow
down possible interpretations. No
additional specification is necessary
for an unambiguous question.

Input Question: When did the frozen
ride open at epcot?
Disambiguation: When did the frozen
ride open at epcot?

Input Question: What is the legal age
of marriage in usa?
Disambiguation: What is the legal age
of marriage, without parental consent
or other authorization, in all but two
states in the usa?

Input Question: <question>
Disambiguation:

Table 11: Disambiguation template for implicit ambi-
guity measure. We provide 2-shot demonstration from
AmbigQA train set.
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