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Abstract
Long-form question answering (LFQA) aims001
to provide thorough and in-depth answers to002
complex questions, enhancing comprehension.003
However, such detailed responses are prone to004
hallucinations and factual inconsistencies, chal-005
lenging their faithful evaluation. This work006
introduces HaluQuestQA, the first hallucina-007
tion dataset with localized error annotations008
for human-written and model-generated LFQA009
answers. HaluQuestQA comprises 698 QA010
pairs with 4.7k span-level error annotations011
for five different error types by expert anno-012
tators, along with preference judgments. Using013
our collected data, we thoroughly analyze the014
shortcomings of long-form answers and find015
that they lack comprehensiveness and provide016
unhelpful references. We train an automatic017
feedback model on this dataset that predicts er-018
ror spans with incomplete information and pro-019
vides associated explanations. Finally, we pro-020
pose a prompt-based approach, Error-informed021
refinement, that uses signals from the learned022
feedback model to refine generated answers,023
which we show reduces hallucination and im-024
proves answer quality. Furthermore, humans025
find answers generated by our approach com-026
prehensive and highly prefer them (84%) over027
the baseline answers.1028

1 Introduction029

Long-form question answering (LFQA) provides030

comprehensive, user-friendly, and in-depth re-031

sponses to complex questions by leveraging state-032

of-the-art large language models (LLMs) and re-033

triever components (Krishna et al., 2021; Nakano034

et al., 2021). While LLMs generate plausible and035

convincing answers, they also frequently produce036

factually inconsistent, irrelevant, and incomplete037

content (Goyal and Durrett, 2020; Laban et al.,038

2022; Menick et al., 2022; Ji et al., 2022), which039

limits their applicability in real-world applications.040

1We make our code and data available at: github.com/lfqa-
hallucination
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Figure 1: An overview of our data collection process.
Based on our defined aspects, we collect expert human
judgments for question-answer pairs on the Reddit plat-
form and their corresponding answers from GPT-4.

Simplistic evaluation metrics such as BLEU (Pa- 041

pineni et al., 2002) and ROUGE (Lin, 2004) do 042

not align with human experts’ judgments on long- 043

form answers (Wang et al., 2022). There are many 044

aspects of LFQA – factuality, completeness, and 045

relevance – that require evaluation, motivating us 046

to focus on span-level fine-grained error detection. 047

While previous studies have focussed on evaluat- 048

ing factual errors in long-form text generation (Lee 049

et al., 2022; Min et al., 2023; Li et al., 2023; Muhl- 050

gay et al., 2023), other aspects of evaluation, such 051

as response completeness and relevance – which 052

can potentially mislead and confuse users – have 053

been largely overlooked. 054

LLMs make many errors for LFQA, which re- 055

quire expert human annotations to detect (Gillick 056

and Liu, 2010; Iskender et al., 2020; Wang et al., 057

2022). Recent work from Xu et al. (2023a) re- 058

ports that aspects such as factuality, relevance, 059

completeness, structure, references, and accessibil- 060

ity are essential for evaluating long-form answers. 061
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There are no prior studies for LFQA that exam-062

ine these errors at the span level. Span-level er-063

ror annotation and categorization have been impor-064

tant for evaluating and improving systems in other065

generation tasks such as machine translation (Fre-066

itag et al., 2021). We fill this gap by collecting067

HaluQuestQA, a dataset of LFQA answers anno-068

tated at the span level with five different error types:069

question misconception, factuality, completeness,070

relevance, and helpful references; by expert annota-071

tors, in addition to preference judgments, as shown072

in Figure 1.073

Next, we train an automatic feedback model on074

this dataset that predicts erroneous answer spans075

with incomplete information and provides associ-076

ated explanations. The feedback model provides077

fine-grained feedback in the form of error loca-078

tion (sentence level), error reason, and confidence079

score without the aid of a reference text (Xu et al.,080

2023b). Finally, we propose ERROR-INFORMED081

REFINEMENT, a prompt-based approach that uses082

signals from the feedback model to refine gener-083

ated answers (Madaan et al., 2023), which we show084

reduces hallucination and improves answer quality.085

Our contributions can be summarized as follows:086

(1) We release HaluQuestQA, a dataset of span-087

level error annotations on pairs of human-written088

and model-generated answers. Our data analysis089

shows that long-form answers lack comprehen-090

siveness and provide unhelpful references; (2) We091

train a feedback model to detect span-level errors092

aligned with expert human judgments; (3) We pro-093

pose Error-informed refinement, an approach to094

refine LLM-generated answers with fine-grained095

feedback provided by our learned model. Our ap-096

proach consistently outperforms baselines utilizing097

coarse-grained feedback (lacking detailed error jus-098

tifications), reducing hallucinations.099

2 Related Work100

Human evaluation. Prior work (Krishna et al.,101

2021) has shown that human evaluation for LFQA102

tasks is challenging due to long answer lengths,103

and expert annotators are required to evaluate them104

effectively. Xu et al. (2023a) hire (non-)expert105

annotators and identify nine multi-faceted aspects106

for meaningful LFQA evaluation. While some of107

these fine-grained aspects, such as factuality (Goyal108

and Durrett, 2020; Laban et al., 2022), coher-109

ence (Goyal et al., 2022), and completeness (Tang110

et al., 2024), have been studied to investigate hal-111

lucinations in dialogue summarization tasks, ours 112

is amongst the first works to study LFQA-centric 113

properties such as question misconception, factual- 114

ity, relevance, completeness, and helpful references, 115

at the span-level. 116

Detecting and Mitigating Hallucinations in 117

LLMs. Increasing focus on the reliability of 118

LLMs has led to the development of explainable 119

evaluation metrics (Zhong et al., 2022; Fu et al., 120

2023) to detect errors in LLM generations. Xu et al. 121

(2023b) present InstructScore, an explainable met- 122

ric based on LLaMA (Touvron et al., 2023a), to 123

obtain detailed error analysis for LLM-generated 124

text. However, most of the current evaluation met- 125

rics require hard-to-obtain gold references. Recent 126

work proposes a reference-free evaluation metric, 127

TIGERSCORE (Jiang et al., 2023b) that can locate, 128

categorize, and explain errors across various text 129

generation tasks, including summarization, transla- 130

tion, and LFQA. While LLM-based metrics can de- 131

tect diverse errors, it is not always plausible to have 132

an external evaluator during real-time inference; 133

hence, sampling-based approaches (Chen et al., 134

2023; Manakul et al., 2023; Malon and Zhu, 2024) 135

have been proposed, wherein consistency across 136

multiple sampled model outputs is used as a mea- 137

sure of factuality. 138

Reinforcement learning with human feed- 139

back (RLHF) (Ziegler et al., 2019), a framework 140

to incorporate human feedback to align LMs, has 141

been used to reduce undesirable LLM genera- 142

tions (Ouyang et al., 2022; Bai et al., 2022a,b). 143

Wu et al. (2023b) propose fine-grained RLHF, a 144

framework that enables learning reward models 145

associated with span-level human feedback on dif- 146

ferent error types. However, training multiple re- 147

ward models is complex and compute-intensive. A 148

recent alignment technique, direct preference opti- 149

mization (DPO) (Rafailov et al., 2023) bypasses the 150

reward modeling step in RLHF and has been used 151

to fine-tune LMs for factuality using preference 152

ranking over model responses (Tian et al., 2023). 153

Human feedback has also been used to train feed- 154

back models (Wang et al., 2023; Xu et al., 2024) 155

to guide the refinement of LLM outputs (Madaan 156

et al., 2023; Welleck et al., 2023), improving an- 157

swer quality. However, these feedback models are 158

either not trained to provide fine-grained error feed- 159

back or rely on the ground truth passage to detect 160

errors, which may not always be accessible for 161

open-domain QA tasks. Our work aims to annotate 162
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Category
(# samples)

Preference Krippendorf’s
𝛼

Human Model

Physics (94) 33% 67% 0.01
Chemistry (96) 22% 78% 0.20
Biology (110) 25% 75% 0.36
Technology (110) 16% 84% 0.53
Economics (110) 14% 86% 0.31
History (92) 9% 91% 0.52
Law (86) 16% 84% 0.59

Average 19.29% 80.71% 0.36

Table 1: Overview of HaluQuestQA and expert answer
preferences, with experts’ agreement on a smaller sub-
set (∼ 15%) calculated using Krippendorf’s alpha.

fine-grained errors in LFQA, using this data to train163

a reference-free feedback model for sentence-level164

error detection with justifications. We further pro-165

pose a prompt-based approach to refine answers166

with feedback, enhancing their comprehensiveness.167

3 HaluQuestQA (HQ2A)168

Prior LFQA evaluations with non-expert (Nakano169

et al., 2021) and expert (Xu et al., 2023a) annotators170

collect preference judgments over model responses.171

However, overall preference is not indicative of172

fine-grained errors in LFQA. As a first step, we173

annotate span-level errors in long-form answers,174

with explanations from domain experts.175

3.1 Hiring Annotators176

We recruit domain experts on Prolific’s academic177

annotation platform for seven domains shown in Ta-178

ble 1. The expert selection is based on age (22-32),179

demographics (US and UK), education (undergrad-180

uate or graduate degree in the target domain), and181

native language (English). For each target domain,182

we first conduct a small pilot comprising ten sam-183

ples, where given a question and two candidate184

answers, the experts evaluate the answers and mark185

the incorrect spans based on our defined evalua-186

tion criteria (§3.2). Based on the pilot results, we187

choose three experts per domain and give them188

each a large-scale study containing 35-50 question-189

answer pairs. We collect expert judgments for 698190

questions.191

3.2 Task Setup192

We evaluate two answers (human and model-193

generated) to the same question. This setting en-194

ables us to identify errors made by humans and195

state-of-the-art LFQA systems. We chose GPT- 196

4 (gpt-4-0314) as the LFQA model to evalu- 197

ate since previous work (Bhat et al., 2023) has 198

shown it to outperform existing open-source LLMs 199

(LLaMA and Alpaca (Taori et al., 2023)) in rea- 200

soning and inferring from long context. Since 201

this model has likely seen training data up to 202

September 2021, it may have already seen the ELI5 203

dataset released by Fan et al. (2019) during its pre- 204

training. Thus, we scrape more recent questions 205

from the r/explainlikeimfive subreddits posted be- 206

tween November 2022 to March 2023. The ques- 207

tions on the ELI5 are classified into domains via 208

the FLAIR label (tag containing post information), 209

which lets us perform domain-specific analysis. 210

For unclassified categories (like History and Law), 211

we cluster the OTHER category questions (not in 212

pre-defined ELI5 domains), using K-means clus- 213

tering (Selim and Ismail, 1984) and identify the 214

domain-specific questions. For each domain, we 215

sample between 100-200 questions with their high- 216

est voted answer of length ranging between 50-500 217

words (more details in Appendix A). 218

To obtain the model-generated answers, we zero- 219

shot prompt the GPT-4 model (Appendix B.1). We 220

host the annotation task on the INCEpTION plat- 221

form (Klie et al., 2018) and evaluate the following:2 222

1. Question misconception: False assumptions 223

made within the given question. 224

2. Factuality: Accuracy and correctness of the 225

answer as per verifiable facts. 226

3. Relevance: Specificity and meaningfulness 227

of the answer. 228

4. Completeness: Answer comprehensiveness 229

ensuring all question aspects are addressed. 230

5. References: (Un)helpful examples, analogies, 231

and external references (websites or links) in 232

the answer. 233

Based on the defined evaluation criteria, annota- 234

tors identify and highlight mistakes in the question 235

or answers with free-form justifications, in addi- 236

tion to overall answer preference. Examples from 237

HaluQuestQA are shown in Table 2. 238

3.3 Quantitative Analysis 239

Experts prefer GPT-4 answers over human an- 240

swers. As shown in Table 1, experts display a 241

2We provide detailed annotation guidelines in Appendix F.
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Aspect Question Answer A Answer B Expert Justification

Question
Misconception

How do people in
prison get so jacked
with terrible nutri-
tion and no supple-
ments?

(human) [...] While prison food gen-
erally doesn’t taste great, it does
have calories and protein. That can
also be supplemented with the stuff
they can buy on commissary (fish
packs, chicken packs, cheese, [...]

(model) [...] In prison, inmates of-
ten have a lot of free time, which
they can use to work out and de-
velop a consistent exercise routine.
They may not have access to a fully-
equipped gym, but [...]

This is an assumption, not every
prison offers terrible food without
nutritional value, also lots of "easy"
food choices (lentils, eggs, bread,
meat,..) offer high amounts of pro-
tein which is needed for weight gain.

Factuality

Why can you sleep
through the night
without going to the
bathroom?

(human) Your body produces a
hormone called (vasopressin) an-
tidiuretic hormone, or adh, which
causes the body to produce less
urine at night. It’s the reason [...]

(model) During sleep, your body
produces less urine [...] Addition-
ally, the hormone vasopressin helps
to reduce urine production at night.
This combination of decreased [...]

The urine production is decreased
due to the hormone, not addition-
ally. The more concentrated urine
is because you cannot drink while
sleeping.

Relevance

Why is it taboo to
talk about people’s
wages?

(human) Because companies used to
be able to fire people [...] discussing
your wages is a federally protected
right now in the USA, so by all
means discuss discuss discuss! [...]

(model) Talking about wages is con-
sidered taboo because it can create
tension and jealousy among cowork-
ers [...]. Employers often discourage
discussions to prevent potential [...]

This does not contribute to the an-
swer.

Completeness

Can anyone explain
the differences be-
tween copyright and
trademark?

(human) A trademark protects a
brand’s symbol or logo. A copy-
right protects content. So the ac/dc
logo with the lightning bolt would
be trademarked. [...]

(model) [...] Copyright protects cre-
ative works like books, music, and
art, [...]. Trademark, on the other
hand, protects brand identifiers like
logos, [...]

The answer fails to mention the
broader scope of copyright protec-
tion, which includes creative works
beyond just music and lyrics.

References

How does software
that can detect text
generated by Chat-
GPT work?

(human) [...] output has a high de-
gree of regularity [...] It’s like com-
paring a handknit scarf to an indus-
trial machine’s knit scarf: one might
have small mistakes that show it was
made by a human hand, whereas the
other is almost perfect because the
machine follows an exact pattern.

(model) ChatGPT detection soft-
ware works by analyzing textual
patterns and language use to deter-
mine if the text was generated by an
AI like ChatGPT. Essentially, these
programs compare the input text
with known characteristics of AI-
generated text [...]

This example is well suited for the
explanation in the paragraph. It
gives a clear representation of how
the software detects ChatGPT text
in my head.

Table 2: Examples of expert annotated errors in long-form answers based on the defined evaluation criteria.

high preference (80.7%) for model-generated an-242

swers from GPT-4 compared to human answers.243

Potentially, humans prefer fluent answers, and244

LLMs are known to optimize for fluency (Wu et al.,245

2023a; Coyne and Sakaguchi, 2023). Moreover,246

the preference of our annotators is corroborated by247

similar findings in summarization (Liu et al., 2023)248

and LFQA (Xu et al., 2023a), who show that GPT-3249

answers score higher than human answers.250

Science questions are challenging for LLMs.251

Model-generated answers are strongly preferred by252

experts in history, law, technology, and economics253

(>80%). In contrast, the science domains are more254

challenging, with a preference for model answers255

ranging between 60%-80%.256

Expert (dis)agreement. In Table 1, we report257

Krippendorf’s alpha (Hayes and Krippendorff,258

2007) as a measure of agreement for experts’259

overall answer preference. Our expert annotators260

achieve moderate agreement in technology, history,261

and law, fair agreement in biology and economics,262

and slight agreement in physics and chemistry.3 We263

emphasize that the disagreement between experts is264

not a failure of our evaluation. Instead, it highlights265

the challenges of identifying fine-grained errors in266

3Interpretation of agreement follows Wong et al. (2021)

answers, affecting overall preference. Moreover, 267

prior work has similar findings for human disagree- 268

ment in LFQA evaluation (Xu et al., 2023a). 269

Answer scoring. We score human and model 270

answers on our defined evaluation criteria to un- 271

derstand how experts’ answer preferences diverge 272

across different domains. For each of question mis- 273

conception and reference aspects, the score S = 1 274

when the question has no misconceptions and the 275

references, if provided, help answer the question; 276

otherwise, S = 0. For aspects of factuality, rele- 277

vance, and completeness, we calculate S as: 278

S = 1 −
(

# Error sentences
Total # of sentences

)
279

For calculating the overall answer scores, we leave 280

out the question misconception scores because this 281

aspect pertains to the question. We sum the other 282

aspect scores and include the overall answer pref- 283

erence scores (S = 1 if preferred) to get the final 284

score. Finally, we normalize this score between 285

0 and 1. In Figure 2, we report the fine-grained 286

aspect scores for human and model answers across 287

different domains and discuss our findings below. 288

Questions from technology and economics are 289

biased. Ambiguous and misinformed questions 290
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Figure 2: Comparison of fine-grained scores of the human-written and model-generated answers for different
evaluation criteria. The last figure (with red boundary) shows the averaged and normalized overall scores. A higher
score represents fewer errors in the answers.

can lead to undesirable answers (Cole et al., 2023;291

Kim et al., 2023). Therefore, fair answer scoring292

requires prior estimation of question quality. For293

this, we utilize the question misconception aspect294

and find that questions from all evaluated domains295

consist of misconceptions arising from the user’s296

bias or misinformation. This is especially promi-297

nent in technology and economics, where ∼ 40%298

of the questions are misinformed – users have low299

domain knowledge to ask the right questions.300

Answers lack comprehensiveness and provide301

unhelpful references. We observe that human-302

written and model-generated answers score high303

on factuality and relevance aspects, meaning most304

of the information provided in the answers is verifi-305

able, trustworthy, and related to the question. Inter-306

estingly, the answers score low on the completeness307

and references aspects, lacking important informa-308

tion and providing web references and examples309

that are not useful, as per the experts’ judgments.310

Specifically, models hallucinate and provide incor-311

rect or made-up web links. In contrast, human an-312

swers digress from the topic, providing irrelevant313

information that leads to undesirable conclusions.314

Overall, model answers score better than the hu-315

man answers in all the evaluated domains. While316

this is due to their better performance over humans317

on the considered aspects, we believe that the per-318

suasive nature of model answers (Salvi et al., 2024)319

also plays a crucial role in their higher preference.320

4 Hallucination Mitigation 321

In §3.3, we have shown that LFQA answers lack 322

comprehensiveness and omit helpful information. 323

Therefore, we train a feedback model to identify 324

erroneous answer spans with incomplete informa- 325

tion and provide free-form error justifications. Our 326

approach, ERROR-INFORMED REFINEMENT, uses 327

this feedback to refine answers and improve their 328

overall quality without human intervention. 329

4.1 Error Feedback Model 330

Given an input question and an LFQA response, 331

the feedback model generates a label [Complete] 332

or [Incomplete] for every sentence 1...𝑛 in the re- 333

sponse and gives associated reasons for the incom- 334

plete sentences (see Figure 3). We model this as a 335

sequence-to-sequence task and finetune a LLaMA2- 336

13B model (Touvron et al., 2023b). 337

Fine-tuning. Training the feedback model re- 338

quires high-quality error annotations with justifica- 339

tions. To this end, we utilize our HQ2A dataset and 340

extract QA pairs with errors in the completeness 341

aspect. For every extracted sample, we segment 342

the answer into sentences and mark every sentence 343

with the [Complete] or [Incomplete] tag along with 344

the expert’s justifications. The final dataset consists 345

of 509 samples split into train (90%) and test (10%) 346

sets. We train the model with batch size 4, learning 347

rate 2𝑒 − 5, and sequence length 1024 for 5 epochs. 348

We list the prompts used in Appendix B.2. 349
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Q: Why does putting a teabag 
in hot water make tea in just 
a few minutes, while in cold 
water, it takes hours?

A: A lot of chemical reactions 
work faster in hotter 
environments. The reaction 
itself is called diffusion. It is 
more of a substance in one 
area in relation to another 
area. If there is a way for …

Consistency score: 1.0

Prediction (span-level): 
1. [Incomplete] Reasons: 

Diffusion is not a 
chemical reaction.

2. [Complete]
3. [Complete]
4. [Complete]

Refined answer: When you 
put a teabag in hot water, 
the tea flavors and caffeine 
dissolve quickly because 
hot water has more kinetic 
energy than cold water …
On the other hand, when 
you steep tea in cold 
water, the molecules have 
less kinetic energy, and 
the process of diffusion 
occurs much slower.

Feedback 
model

Refine 
model

Figure 3: A pictorial view of our Error-informed refinement approach. The feedback model takes as input a
question-answer pair and outputs span level error with justifications and a consistency score. The refine model uses
this feedback to improve the original answer.

Inference. The trained feedback model halluci-350

nates web references in about 20% of test sam-351

ples. This likely occurs because the training data352

includes web references in expert error justifica-353

tions, which the model struggles to replicate coher-354

ently. To combat this, we opt for a sampling-based355

approach (Malon and Zhu, 2024) to provide more356

consistent feedback. The intuition is that trustwor-357

thy details and references should appear in many358

other generated samples. Hence, during the decod-359

ing step, we use nucleus sampling (Holtzman et al.,360

2020) with p=0.9 and sample 20 responses from the361

feedback model and check their consistency in two362

stages: 1) TAG CONSISTENCY: This pertains to the363

consistency of span-level tag predictions, complete364

or incomplete, for each sampled response. The365

tag consistency score is calculated by counting the366

number of other sampled responses that match the367

tag sequence of each sampled output and averaging368

over the total number of samples. Formally, if the369

sampled tag predictions 𝑝1, ..., 𝑝𝑛 consist of tag se-370

quences 𝑡1, ..., 𝑡𝑛 where 𝑡𝑖 is a list of tag predictions371

for every span, the score for sample 𝑖 is372

STC =
1

𝑛

𝑛∑︁
𝑠=1

1𝑡𝑖=𝑡𝑠 (1)373

where 1𝑡𝑖=𝑡𝑠 is 1 if the tag sequence 𝑡𝑖 is the same374

as tag sequence 𝑡𝑠 and 0 if not. The samples with375

the highest score are selected for the next stage.376

2) REASON CONSISTENCY: We assess the con-377

sistency of justifications given for the incomplete378

spans from the remaining samples. Specifically,379

we count the number of other sampled justifica-380

tions from the LLM that matched each token of381

each sampled output and score each justification382

by the average count per token. Formally, if the383

sampled justifications 𝑗1, ..., 𝑗𝑛 consist of words384

𝑤𝑘
𝑖
, 𝑘 = 1...𝑚𝑖 , the score of sample 𝑖 is385

SRC =
1

𝑚𝑖

𝑚𝑖∑︁
𝑘=1

𝑛∑︁
𝑠=1

1𝑤𝑘
𝑖
∈ 𝑗𝑠 (2) 386

where 1𝑤𝑘
𝑖
∈ 𝑗𝑠 is 1 if token 𝑤𝑘

𝑖
is in the justifica- 387

tion 𝑗𝑠 and 0 if not. Finally, we select the sample 388

output with the highest score as the feedback for 389

the refinement model. After sampling, we notice a 390

50% reduction in reference hallucinations, down to 391

∼ 5 − 10% test set samples. 392

4.2 Error-Informed Refinement (EIR) 393

Our approach is shown in Figure 3 and con- 394

sists of two main components: an error feedback 395

model (§4.1), and a refinement model. Given 396

an input prompt 𝑥𝑖 and a corresponding human- 397

written or model-generated response 𝑦𝑖, the feed- 398

back model E generates a targeted feedback 𝑓𝑖 that 399

represents the quality of 𝑦𝑖 in free-form natural lan- 400

guage. Finally, the refinement model uses 𝑥𝑖, 𝑦𝑖, 401

and 𝑓𝑖, generating a refined and improved output 402

response 𝑦𝑖. The following sections describe our 403

approach in more detail. 404

Refinement Model. Our experiments use the 405

LLaMA2-13B chat LLM and its DPO optimized 406

version (see Appendix C) as the refinement mod- 407

els. In each case, the model is 0-shot prompted 408

with the fine-grained error feedback received from 409

the error detection model. We also experiment 410

with two strong baseline feedback models, 1) IM- 411

PROVE: The refinement model is 0-shot prompted 412

to improve the answer without any feedback pro- 413

vided. 2) GENERIC: The refinement model is 0- 414

shot prompted to improve the answer with a generic 415

error feedback that asks the model to provide a 416

more complete and accurate answer. We list the 417

prompts used in Appendix B.3. 418
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Datasets & Evaluation Metrics. We test our419

error-informed refinement approach on three420

datasets: HQ2A with span-level error annotations421

for answer completeness, ASQA (Stelmakh et al.,422

2022), and ELI5 (Fan et al., 2019). The ASQA423

dataset consists of 6K ambiguous factoid ques-424

tions with long-form answers synthesized from425

multiple sources to resolve the ambiguities. ELI5426

consists of 270K long-form answers covering gen-427

eral topics from the subreddits "explainlikeimfive",428

"askscience", and "AskHistorians" on Reddit.429

We evaluate the refined answers using Tiger-430

Score, a trained reference-free metric that identifies431

errors in LLM-generated text and assigns a score432

based on error severity. Specifically, we use the433

LLaMA-7B trained version of TigerScore, which434

highly correlates with humans for error detection in435

LFQA tasks (Jiang et al., 2023b) while being much436

less expensive than human evaluation. Further-437

more, we evaluate the error correction capabilities438

of our refinement approach using precision, recall,439

and F1. Lastly, we conduct a human evaluation to440

evaluate the comprehensiveness and preference of441

the refined answers compared to gold answers.442

5 Results443

We explore several research questions: 1) Can our444

learned feedback model detect errors in LFQA sys-445

tems and help in downstream answer refinement446

task? 2) Does fine-grained feedback produce better447

quality LFQA answers than coarse-grained feed-448

back? 3) Does fine-grained feedback help mitigate449

hallucinations and improve the comprehensiveness450

of LFQA answers? 4) Are comprehensive answers451

from our approach preferred by humans?452

5.1 Detecting Errors via Feedback Model453

Since detecting erroneous spans in long-form454

answers is hard, we measure the accuracy of455

our feedback model in three different settings;456

model-detected erroneous spans are entirely dif-457

ferent (DIFFERENT), adjacent (ADJACENT), and458

exactly similar (EXACT) to the human-annotated459

spans. In Table 3, we show the sentence-level error460

detection accuracy of the feedback model as com-461

pared to the strong human baseline. The feedback462

model detects the exact and adjacent error spans463

with a combined accuracy of 61%. However, it is464

important to note that the model gives high con-465

sistency scores when confident in its predictions.466

A consistency score less than 0.80 means that the467

Dataset Error span Accuracy (↑) Consistency
Score (↑)

HQ2A
Different 38.56± 0.93 % 0.71 ± 0.02

Adjacent 24.18 ± 0.92% 0.82 ± 0.01

Exact 37.25±0.00 % 0.86 ± 0.01

Table 3: Accuracy of our feedback model in detecting
sentence-level errors compared to the expert error anno-
tations. The feedback model predictions closely align
with humans at consistency scores above 0.80.

model is unsure in its error prediction feedback, 468

while a score above 0.85 shows that the prediction 469

highly aligns with humans. 470

We further evaluate our error feedback model by 471

comparing the gap in the downstream LFQA refine- 472

ment task when we use human-annotated error feed- 473

back. This evaluation measures the effectiveness 474

of our feedback model in guiding the refinement of 475

long-form answers and reducing hallucinations. In 476

Table 4, we present the refinement performance of 477

our feedback model as compared to the expert hu- 478

man feedback on HQ2A. We find that our feedback 479

model’s performance is very competitive, reduc- 480

ing hallucinated samples by 2% and improving F1 481

score by 4% compared to the expert human feed- 482

back. This result validates the effectiveness of our 483

feedback model in refining LFQA answers. 484

5.2 Fine- vs. Coarse-grained Feedback 485

Table 4 shows the quality of answers refined us- 486

ing different forms of feedback plus the baseline 487

quality of answers from the datasets. We observe 488

that inadequate feedback deteriorates the quality 489

of generation. While directly prompting the refine- 490

ment model (IMPROVE) performs better than the 491

baseline, prompting with more targeted feedback 492

(GENERIC) consistently outperforms the IMPROVE 493

approach and generates better quality LFQA an- 494

swers. This highlights the importance of providing 495

detailed feedback to the refinement model. 496

In contrast, providing fine-grained feedback 497

from our error detection model (EIR) outperforms 498

coarse-grained feedback and even fine-grained hu- 499

man feedback (on HQ2A), delivering consistent 500

improvements in reducing hallucinated samples 501

and hallucination scores by ∼ 3% and Δ ∼ 38%, re- 502

spectively, and improving F1 scores by ∼ 5% over 503

all the evaluated datasets. Using our DPO-aligned 504

refinement model does not reduce the hallucinated 505

samples. However, it achieves the best hallucina- 506

tion score on ASQA and ELI5, showing that opti- 507
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Dataset Approach
Tigerscore Error Correction

% Hallucinated Hallucination Precision (↑) Recall (↑) F1 (↑)
samples (↓) score (↓)

HQ2A
Human feedback 2.61 ± 0.92 0.09 ± 0.01 0.86 ± 0.04 1.00 ± 0.00 0.94 ± 0.02

Baseline 19.61 0.63 - - -
Improve 1.31 ± 0.92 0.05 ± 0.04 1.00 ± 0.00 0.93 ± 0.05 0.97 ± 0.02

Generic 1.31 ± 0.92 0.05 ± 0.03 0.97 ± 0.04 0.97 ± 0.05 0.97 ± 0.02

EIR 0.65 ± 0.92 0.03 ± 0.04 0.97 ± 0.04 1.00 ± 0.00 0.98 ± 0.02

EIR w/ DPO 4.57 ± 2.44 0.07 ± 0.02 0.90 ± 0.08 0.87 ± 0.05 0.88 ± 0.06

ASQA
Baseline 34.81 1.20 - - -
Improve 20.85 ± 1.00 0.68 ± 0.03 0.70 ± 0.02 0.71 ± 0.01 0.70 ± 0.01

Generic 18.67 ± 0.52 0.61 ± 0.01 0.72 ± 0.01 0.75 ± 0.01 0.74 ± 0.00

EIR 16.63 ± 0.41 0.51 ± 0.02 0.73 ± 0.00 0.82 ± 0.02 0.77 ± 0.01

EIR w/ DPO 22.61 ± 0.26 0.45 ± 0.01 0.64 ± 0.00 0.77 ± 0.01 0.71 ± 0.00

ELI5
Baseline 22.93 0.82 - - -
Improve 10.05 ± 0.18 0.36 ± 0.02 0.75 ± 0.00 0.86 ± 0.00 0.80 ± 0.00

Generic 6.06 ± 0.23 0.22 ± 0.01 0.84 ± 0.01 0.91 ± 0.00 0.87 ± 0.00

EIR 3.81 ± 0.30 0.13 ± 0.01 0.88 ± 0.01 0.96 ± 0.01 0.92 ± 0.01

EIR w/ DPO 5.71 ± 0.25 0.13 ± 0.00 0.83 ± 0.00 0.94 ± 0.01 0.88 ± 0.00

Table 4: Results of the quality of answers refined through coarse-grained and fine-grained feedback. We include
two baselines using coarse-grained feedback: IMPROVE and GENERIC for all the datasets. Additionally, we include
the results for expert human feedback on our collected test set.

mization helps correct major errors in the answers.508

We show further evidence of the role of alignment509

in reducing hallucinations in Appendix E.1.510

5.3 Human Evaluation511

To test the comprehensiveness and overall qual-512

ity of the answers generated using our refinement513

approach, we hire three annotators and perform a514

human evaluation on a subset of 50 samples each515

from HQ2A, ASQA, and ELI5 datasets.516

Table 5 shows the results of our human evalua-517

tion of the original and refined answers. Annotators518

find the answers produced by our approach com-519

prehensive, meaning all the questions are answered520

thoroughly without omitting important information.521

However, a comprehensive answer does not nec-522

essarily mean a better answer. Therefore, we also523

evaluate the overall preference of our answers, in-524

corporating factors such as factuality and relevance525

compared to the baseline answers. We observe526

that annotators significantly prefer the refined an-527

swers (∼ 84%) across all the datasets, indicating528

their factual correctness and relevance. We provide529

details on the human agreement in Appendix E.2.530

6 Conclusion531

In this work, we introduce HALUQUESTQA, a532

dataset of expert human judgments on fine-grained533

Dataset App. Comprehensiveness(↑) Preference(↑)

HQ2A
Baseline 0.00% 7.84 %
Refined 100 % 92.16 %

ASQA
Baseline 82.00 % 40.00 %
Refined 100 % 60.00 %

ELI5
Baseline 38.00 % 0.00 %
Refined 100 % 100 %

Table 5: Human evaluation results on the comprehen-
siveness and preference of refined answers over the
baseline answers from three datasets.

errors (question misconception, factuality, rele- 534

vance, completeness, and references) in LFQA. 535

Using our dataset, we analyze the pitfalls of hu- 536

man and model long-form answers, identifying 537

issues with comprehensiveness and unhelpful ref- 538

erences. To address these, we propose ERROR- 539

INFORMED REFINEMENT, an approach that uses 540

signals from our learned feedback model to refine 541

LLM responses. Our feedback model outperforms 542

baseline feedback models and expert human feed- 543

back in guiding answer refinement and reducing 544

hallucinations. A human evaluation confirms the 545

effectiveness of our approach, with participants 546

finding our refined answers more comprehensive 547

and preferable to baseline outputs. 548
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Limitations549

Despite providing an in-depth analysis on halluci-550

nations in human and model generated responses,551

our work only focusses on the LFQA task. Thus,552

we encourage future work to apply our findings553

to different tasks such as summarization, transla-554

tion, etc. We study a diverse but limited scope555

of long-form answers drawn from online commu-556

nity platforms. More diverse questions from differ-557

ent domains such as education or commercial may558

have different issues and might be to be evaluated559

in a different way.560

Our trained error detection model shows high561

correlation with human annotations but relies on a562

high consistency of model outputs. The model may563

hallucinate if the consistency score is low (< 0.80).564

Training larger models with more high quality data565

might be an interesting future work to get better566

results. Lastly, in our refinement approach, we only567

experiment with the intstruction-tuned variant of568

LLaMA2. Models with better or worse instruction569

following capabilities may give different results570

and improving the refinement process can be a571

great future direction to mitigate hallucinations.572

Ethics and Broader Impact Statement573

The expert annotation data collection protocol has574

been determined to be exempt from review by an575

IRB board. All the collected data will be publicly576

available under the CC BY-SA 4.0 license. We hire577

annotators on the academic annotation platform578

Prolific and gather no sensitive user information ex-579

cept demographics and annotator performance data.580

We examined the collected data and ascertained581

that it contains no toxic or harmful content.582
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A Data Analysis972

This section presents additional insights on our973

HaluQuestQA (HQ2A) dataset.974

A.1 Answer Length Distribution975

Figure 4 compares the length distribution of human-976

written and model-generated answers. We observe977

that the length of human and model answers is978

comparable, resulting in a fair evaluation. Across979

all domains, the length of collected answers ranges980

between 50-500 words with an average length of981

100 words.982
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Figure 4: Answer length distribution of human-written
and model-generated answers (H/M) in our expert-
annotated dataset.

A.2 Overall Answer Preference983

In Figure 5, we plot the word frequency distribution984

of the free-form answer justifications provided by985

our expert annotators. Apart from our considered986

evaluation aspects, we observe that the annotators987

also find answers clarity, conciseness, and ease of988

understanding helpful in deciding the overall best989

answer. We encourage future LFQA research to990

consider these aspects in their evaluation.991

B Prompts992

This section lists the prompts for data collection,993

training the error detection model, and refining994

answers using our Error-informed approach.995

B.1 Data Collection996

We prompt GPT-4 in a zero-shot manner to997

generate responses to questions asked on998

the Reddit platform, as shown in Listing 1.999

We use the default generation parameters1000

in OpenAI API with temperature=0.1 and1001

max_tokens=1.5*(human_answer_length). We1002

specifically instruct the model to generate a1003

response of length similar to the corresponding1004

f"""Your task is to answer a question
by providing a clear and concise
explanation of a complex concept in
a way that is accessible for
laypeople. The question was posted
on the Reddit forum Explain Like
I'm Five (r/explainlikeimfive).
Please keep in mind that the
question is not literally meant for
5-year-olds, so you should not
answer the question in a way that
you are talking to a child. Your
answer should be around
{human_answer_length} words and
should break down the concept into
understandable parts, providing
relevant examples or analogies
where appropriate. You should also
aim to make your explanation easy
to follow, using clear and concise
language throughout. Your answer
should maintain accuracy and
clarity. When appropriate, you can
start with one sentence summarizing
the main idea of the answer.

↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→
↩→

Question: {question}

Answer (around {human_answer_length}
words):↩→

"""

Listing 1: Zero-shot prompt for GPT-4 to generate long-
form answers to questions asked on the ELI5 subreddit
on the reddit platform.

human response on Reddit to compare model- 1005

generated and human-written answers fairly on our 1006

defined evaluation criteria. 1007

B.2 Feedback Model 1008

We use expert error annotations for the complete- 1009

ness aspect from our HQ2A dataset to train our 1010

feedback model. In Listing 2, we show an example 1011

prompt used to train our feedback model. Given an 1012

instruction and input question-answer, the output is 1013

a sentence-level prediction of answer completeness 1014

with detailed justifications. 1015

B.3 Refinement Model 1016

As detailed in §4.2, the refinement model uses 1017

coarse-grained feedback (IMPROVE and GENERIC) 1018

and fine-grained feedback from the learned error 1019

detection model to refine input answers. We list the 1020

prompts used for IMPROVE, GENERIC and incorpo- 1021

rating fine-grained feedback in Listing 3, Listing 4 1022

and Listing 5, respectively. 1023

13



explains

better

prefer

provides

used

factually

clearly

think

analogy

make

example

much

easier

relevant

mentions

good

correct

explanation

concept

like

part
find

understand

well

while

concise

gives

important

points
less

information

selected
complete

false

contains
data

due
comprehensive

addresses

Figure 5: Distribution of the top 50 most common words mentioned by our expert annotators in their overall answer
justifications. The size and color of the bubble represent the word frequency and importance, respectively. The
green and orange colors denote the important evaluated and non-evaluated aspects, respectively, while blue depicts
the generic terms used in answer justifications.

C Mitigating Hallucinations with1024

Preference Optimization1025

While language models acquire large amounts of1026

world knowledge and strong reasoning skills from1027

unsupervised training over massive web corpora,1028

aligning them with human expectations is often1029

hard. Model alignment techniques like DPO allow1030

us to directly use preference data to optimize the1031

language model by casting the RL-based objective1032

used by existing RLHF methods to an objective that1033

can be directly optimized via a simple binary cross-1034

entropy loss. This simplifies the process of refining1035

LLMs greatly. The following paragraphs detail1036

how we use DPO to reduce LLM hallucinations.1037

Implementation details. We model data from1038

HQ2A as a preference dataset where every question1039

has a chosen and a rejected response selected by1040

expert annotators based on the given evaluation cri-1041

teria. Using this dataset, we fine-tune the LLaMA2-1042

7B-chat (Touvron et al., 2023b) and Mistral-7B-1043

instruct-v0.1 (Jiang et al., 2023a) models with1044

the DPO algorithm. We use 𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒 = 16,1045

𝑤𝑎𝑟𝑚𝑢𝑝_𝑟𝑎𝑡𝑖𝑜 = 0.1, 𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔_𝑟𝑎𝑡𝑒 = 2𝑒 − 5,1046

𝑛𝑢𝑚_𝑒𝑝𝑜𝑐ℎ𝑠 = 5, 𝑏𝑒𝑡𝑎 = 0.1, and 𝑚𝑎𝑥_𝑙𝑒𝑛𝑔𝑡ℎ =1047

1024 for training the models.1048

Due to compute limitations, we train Llama2-1049

13B-chat model on our preference dataset using1050

LoRA (Hu et al., 2022). We use the following1051

training parameters: 𝑟 = 256, 𝑎𝑙 𝑝ℎ𝑎 = 128,1052

𝑙𝑜𝑟𝑎_𝑑𝑟𝑜𝑝𝑜𝑢𝑡 = 0.05, 𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔_𝑟𝑎𝑡𝑒 = 5𝑒 − 5,1053

𝑏𝑒𝑡𝑎 = 0.1, 𝑚𝑎𝑥_𝑙𝑒𝑛𝑔𝑡ℎ = 1024 and train the1054

model for 5 epochs. 1055

Datasets & Evaluation Metrics. We experiment 1056

with three datasets: HQ2A, ASQA (Stelmakh et al., 1057

2022), and ELI5 (Fan et al., 2019). HQ2A dataset 1058

consists of 698 high-quality long-form question- 1059

answer pairs split into train (80%), dev (10%), and 1060

test (10%) sets. The ASQA dataset consists of 1061

6K ambiguous factoid questions with long-form 1062

answers synthesized from multiple sources to re- 1063

solve the ambiguities. ELI5 consists of 270K long- 1064

form answers covering general topics from the 1065

subreddits "explainlikeimfive", "askscience", and 1066

"AskHistorians" on the Reddit platform. 1067

We report the quality of the generated long-form 1068

answers using TigerScore (Jiang et al., 2023b), a 1069

trained reference-free evaluation metric to pinpoint 1070

mistakes in the LLM-generated text. TigerScore 1071

detects hallucinations in the input text and assigns 1072

a hallucination score based on the severity of the 1073

error detected. Specifically, we use the LLaMA-7B 1074

trained version of TigerScore, which highly cor- 1075

relates with humans for error detection in LFQA 1076

tasks (Jiang et al., 2023b). We also measure the 1077

factual correctness of the generated answers using 1078

sample-based consistency metrics (?). Following 1079

their approach, we zero-shot prompt a LLaMA- 1080

13B-chat model to check if 𝑖𝑡ℎ sentence in the orig- 1081

inal answer is supported by the sampled answer 𝑆𝑛 1082

and return a score 𝑥𝑛
𝑖

using the mapping: {"Yes: 1083

1.0", "No: 0.0", "N/A: 0.5"}. The final consistency 1084

score is then calculated as: 1085
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f"""### Instruction:
When given a question and answer

statements, evaluate whether each
given statement provides sufficient
information for answering the
question.

↩→
↩→
↩→
↩→
Use the '[Incomplete]' tag to indicate

answer incompleteness, and
'[Complete]' tag to indicate
completeness, with reasons.

↩→
↩→
↩→
Please note that the answer can have

single, multiple or no incomplete
statements.

↩→
↩→

### Input:
Question: Can anyone explain the

differences between copyright and
trademark?

↩→
↩→
Answer: 1. A trademark protects a

brand's symbol or logo.↩→
2. A copyright protects content.
3. So the ac/dc logo with the lightning

bolt would be trademarked.↩→
4. The music and lyrics to

thunderstruck would be copyrighted.↩→
5. Edit: eli10 addendum: just to be

clear, the content of a copyright
can also be an image.

↩→
↩→
6. So the album cover to

thunderstruck's album, razor's
edge, would be copyrighted because
it is artistic content owned by
someone, but doesn't identify ac/dc
as a whole.

↩→
↩→
↩→
↩→
↩→

### Response: 1. [Complete]
2. [Incomplete] Reasons: The answer

fails to mention the broader scope
of copyright protection, which
includes creative works beyond just
music and lyrics.

↩→
↩→
↩→
↩→
3. [Complete]
4. [Complete]
5. [Complete]
6. [Complete]
"""

Listing 2: An example prompt used for training
LLaMA2-13B model for error feedback.

f"""
Answer the following question:

"{question}"↩→
Your answer is: "{answer}".
Please improve your answer.
Your improved answer:

"""

Listing 3: Zero-shot prompt for LLaMA2-13B-chat
model to refine long-form answers without feedback
from the error detection model (IMPROVE).

f"""
Answer the following question:

"{question}"↩→
Your answer is: "{answer}".
The answer is not complete.
Please improve your answer.
Your improved answer:

"""

Listing 4: Zero-shot prompt for LLaMA2-13B-chat
model to refine long-form answers with generic feed-
back (GENERIC).

f"""
Answer the following question:

"{question}"↩→
Your answer is: "{answer}".
The answer is not complete because:
"{reason}".
Please improve your answer.
Your improved answer:

"""

# reasons are given as:
# 1. Reason 1
# 2. Reason 2
# ...

Listing 5: Zero-shot prompt for LLaMA2-13B-chat
model to refine long-form answers with error feedback
from the error detection model.

𝑆𝑃𝑟𝑜𝑚𝑝𝑡 (𝑖) =
1

𝑁

𝑁∑︁
𝑛=1

𝑥𝑛𝑖 1086

D Training, Infrastructure and Runtime 1087

We use a server with 8 NVIDIA A100 Tensor Core 1088

GPUs, each with 80GB VRAM, to run all our 1089

experiments. Each experiment required, at most, 1090

two A100 GPUs. Fine-tuning the LLaMA2-13B 1091

feedback model took 6 hours on 2 A100 GPUs 1092

using our HQ2A dataset. LoRA fine-tuning of 1093

the LLaMA2-13B-chat refinement model took 2 1094

hours on a single A100 GPU using the prefer- 1095

ence data from HQ2A. Refining answers with our 1096

ERROR-INFORMED REFINEMENT approach took 1097

0.5, 3, and 23 hours for the HQ2A, ASQA, and 1098

ELI5 datasets, respectively, on a single A100 GPU. 1099

The evaluation of the refined answers with Tiger- 1100

Score (LLaMA-7B) utilized the VLLM inference 1101

library (Kwon et al., 2023) and took approximately 1102

1, 15, and 30 minutes for HQ2A, ASQA, and ELI5 1103

datasets, respectively, on a single A100 GPU. 1104
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Dataset
(# samples) Instruct Model

Tigerscore SelfCheck
Consistency (↓)% Hallucinated samples (↓) Hallucination score (↓)

HQ2A (70)

LLaMA2-7B 18.57 ± 0.00 0.60 ± 0.00 0.166 ± 0.014

LLaMA2-7B + DPO 15.71 ± 0.00 0.66 ± 0.00 0.162 ± 0.015

Mistral-7B 20.00 ± 0.00 0.57 ± 0.00 0.266 ± 0.011

Mistral-7B + DPO 17.14 ± 0.00 0.54 ± 0.00 0.285 ± 0.011

ASQA (948)

LLaMA2-7B 26.58 ± 1.49 0.86 ± 0.06 0.187 ± 0.014

LLaMA2-7B + DPO 28.41 ± 1.06 0.89 ± 0.02 0.178 ± 0.006

Mistral-7B 62.09 ± 0.35 2.08 ± 0.01 0.578 ± 0.003

Mistral-7B + DPO 60.80 ± 0.56 2.03 ± 0.01 0.555 ± 0.008

ELI5_GENERAL
(1000)

LLaMA2-7B 9.93 ± 1.05 0.32 ± 0.04 0.133 ± 0.001

LLaMA2-7B + DPO 9.33 ± 0.66 0.29 ± 0.03 0.130 ± 0.004

Mistral-7B 29.97 ± 0.97 0.90 ± 0.04 0.327 ± 0.003

Mistral-7B + DPO 22.77 ± 1.03 0.72 ± 0.03 0.319 ± 0.011

ELI5_SCIENCE
(1000)

LLaMA2-7B 9.47 ± 0.47 0.31 ± 0.02 0.137 ± 0.003

LLaMA2-7B + DPO 9.47 ± 0.76 0.30 ± 0.00 0.139 ± 0.004

Mistral-7B 34.10 ± 0.94 1.07 ± 0.02 0.320 ± 0.004

Mistral-7B + DPO 29.03 ± 1.51 0.95 ± 0.04 0.297 ± 0.010

ELI5_HISTORY
(1000)

LLaMA2-7B 9.63 ± 0.59 0.30 ± 0.02 0.188 ± 0.005

LLaMA2-7B + DPO 7.60 ± 0.08 0.22 ± 0.01 0.189 ± 0.005

Mistral-7B 26.23 ± 0.38 0.79 ± 0.02 0.363 ± 0.016

Mistral-7B + DPO 22.17 ± 1.31 0.69 ± 0.04 0.345 ± 0.013

Table 6: Results of aligning LLMs with DPO using our collected answer preference data. We measure the
hallucinations using Tigerscore and the consistency of model outputs using SelfCheckGPT.

E Additional Results1105

E.1 Aligning LLMs1106

Table 6 shows the results for training language mod-1107

els with DPO using our collected preference anno-1108

tations. Our preference-tuned models outperform1109

the strong baseline models and reduce hallucinated1110

generations in all the evaluation settings except1111

the LLaMA model on the ASQA dataset. We hy-1112

pothesize that this is due to the ambiguous nature1113

of questions in the ASQA dataset that can have1114

multiple correct answers.1115

We also observe that the models become more1116

robust and generate more consistent responses after1117

preference-tuning. The only exception is the Mis-1118

tral model on our held-out test set, which has lower1119

response consistency. We believe this is likely due1120

to the conservative nature of DPO-trained models1121

wherein, during sampling, it can refrain from an-1122

swering a question in some cases and not in others,1123

leading to a lower consistency score.1124

E.2 Human Evaluation1125

This section presents additional details of our hu-1126

man evaluation of the answers refined with our1127

Dataset Comprehensiveness (↑) Preference (↑)

HQ2A 0.70 0.31
ASQA 0.86 0.02
ELI5 0.92 0.61

Average 0.83 0.31

Table 7: Agreement of annotators on the comprehensive-
ness and preference of refined answers over the baseline
answers from three datasets.

Error-informed feedback approach. In Table 7, we 1128

present the agreement of our annotators on two 1129

evaluation metrics: comprehensiveness and overall 1130

answer preference. The annotators strongly agree 1131

that the refined answers are comprehensive, i.e., 1132

the answer contains all the required information 1133

as asked by the question. For the overall answer 1134

preference compared to the baseline, we observe 1135

weak agreement between annotators, primarily due 1136

to the low agreement value on the ASQA dataset. 1137

We hypothesize that the annotators struggle to align 1138

on ASQA due to the ambiguous nature of the ques- 1139

tions in this dataset, which may have multiple cor- 1140

rect answers, and choosing between two answers 1141

is difficult. 1142
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F Annotation Guidelines 1143

We have previously described our data collection setup in §3.3. This section provides additional details on 1144

the annotation interface, detailed task instructions, and annotation procedure. 1145

F.1 Annotation Interface 1146

In Figure 6, we show the interface for collecting expert error annotations on LFQA answers. For every 1147

question, experts see a human-written and model-generated answer (randomized order). Our expert 1148

annotators must select the evaluation layer (top right) and highlight the error span in the question or 1149

answer, giving justifications with web references, wherever applicable. After annotating for all the 1150

evaluation criteria, experts judge the better answer and mark it in the left pane, giving reasons for their 1151

preference. 1152

Figure 6: Screenshot of annotation interface for collecting expert error annotations on LFQA answers.

F.2 Task Instructions 1153

We provide experts with detailed task instructions for evaluating answers according to the defined 1154

evaluation criteria. We go through every evaluation aspect in depth, defining it and giving annotation 1155

examples for clarification, as detailed in the next paragraphs. 1156

1) Question Misconception. You should select a span of text in the question that contains a misconcep- 1157

tion or false assumption. The question is repeated twice. You only need to select the span in one repetition. 1158

If you select such spans, we would like you to indicate in your reason (obligatorily): 1159

• whether the answers reject or correct the misconception/false assumption, 1160

• if no answer rejects/corrects it, please explain in your reason why that is a misconception/false 1161

assumption (preferably with references). 1162

Example: 1163

Question: Why is it so important for humans to have a balanced nutrition but not for animals? Most 1164

animals have a fairly simple diet, carnivores eat only meat their whole life, cows eat exclusively grass etc. 1165
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So why are human bodies so picky and need a balance of protein, fat, carbs etc from different sources to1166

perform well?1167

2) Factuality. You should select a span of text in the answers that is factually incorrect. If you select1168

such spans, we would like you to (obligatorily):1169

• preferably give references (e.g., credible websites, academic papers, or books) that show the content1170

is factually wrong, or1171

• give examples that show the content is factually wrong.1172

Example:1173

Question: Why is it so important for humans to have a balanced nutrition but not for animals? Most1174

animals have a fairly simple diet, carnivores eat only meat their whole life, cows eat exclusively grass etc.1175

So why are human bodies so picky and need a balance of protein, fat, carbs etc from different sources to1176

perform well?1177

Answer: Animals generally have a simpler diet than humans. For example, carnivores only eat meat, while1178

cows only eat grass...1179

Reason: This is a reductionist view of animal nutrition as it doesn’t consider how animals have evolved1180

and the complexities of the food chain. For example, lions are carnivores that only eat meat but they eat1181

the stomach of zebras that contain grass/plants and are able to digest it.1182

3) Relevance. You should select a span of text in the answers that is irrelevant to answering the question.1183

Removing such content should not affect the overall quality of an answer. If you select such spans, we1184

would like you to (obligatorily):1185

• explain why the selected text is not relevant to answering the question.1186

Example:1187

Question: What is happening when you get migraines that cause you to lose part of your vision for a short1188

time?1189

Answer: My wife gets these. An ocular migraine is a condition where the blood vessels in the optic nerve1190

at the back of your eye tighten and swell, resulting in various visual distortions. While classic migraines1191

usually result in intense headaches, sensitivity to light and loud sounds, or nausea, ocular migraines are1192

not necessarily painful.1193

Reason: Answer contains irrelevant information (writer’s wife having them, migraine may not be painful).1194

The person’s wife’s personal health condition doesn’t provide useful information to the question, and the1195

question doesn’t ask about whether ocular migraines are painful or not.1196

4) Completeness. You should: (a) select a span of text in the answer that does not offer enough details,1197

or (b) select the label Answer 1 or Answer 2 if some relevant information that should be included in the1198

answer is missing. If you select such spans, we would like you to (obligatorily):1199

• offer the details or relevant information that you think should be included. References from credible1200

sources is encouraged.1201

Example:1202

Question: Why does alcohol make your throat or stomach feel warm when drinking?1203

Answer: There are a few reasons why alcohol might make your throat or stomach feel warm. first, alcohol1204

is a solvent, which means it can dissolve other substances. when you drink alcohol, it can break down the1205

barrier between your stomach and your throat, causing a burning sensation. second, alcohol can irritate1206

the lining of your stomach, causing inflammation. this can also lead to a burning feeling. finally, when1207

you drink alcohol, your blood vessels dilate, or widen. this increased blood flow can cause a feeling of1208

warmth.1209

Reason: The answer should give more details on what the barrier is. [Offer relevant information based on1210

your knowledge, for example, what the barrier is.]1211
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5) References/example/analogy. You should select a span of text in the answer that is exam- 1212

ples/analogies or a reference to a external credible source (e.g., websites, papers, or books). If you 1213

select such spans, we would like you to (obligatorily): 1214

• indicate whether the example/analogy/credible source is helpful, and 1215

• give a reason on why it is helpful/not helpful. 1216

Example: 1217

Question: How does a speaker vibrate at multiple frequencies simultaneously to deliver sounds to our 1218

ears? I’ll try and explain what I mean.. say a song is playing - how do the vocals, drums, guitars etc which 1219

all have different frequencies (aka a plate is moving back & forth at a rate to deliver these sound waves) 1220

play at the same time? Surely the plate can’t vibrate to deliver two or more frequencies at once? 1221

Answer: Imagine an ocean with a consistent wave. It flows up and down, with equal distance between 1222

the two waves at any time. Now imagine I push a larger, shorter wave into this ocean. The two waves 1223

will collide, resulting in some new wave pattern. This new wave pattern is a combination of those two 1224

waves. Speakers work similarly. If I combine two sound waves, I get a new combination wave that sounds 1225

different. 1226

Reason: I like the analogy with the ocean waves, and due to how visual the explanation is it is easier to 1227

understand in my opinion. 1228

Answer Preference. Based on the five criteria you have went through, please weight all good and bad 1229

points of each answer and choose the one that is better overall. Writing a motivation to support your 1230

choice is obligatory. 1231

1. When writing your motivation, please refer to the five layers of evaluation. 1232

2. If there are other aspects you used to make your decision but are not in the evaluation layers, please 1233

mention them in the reason 1234

3. If you have quotations from the answers, please indicate which answer are the quotations from. 1235

4. Here are some aspects for you to consider (not obligatorily): 1236

• Nice example/analogy, to the point, generic, concise, informative, useful, well structured, easy 1237

to follow ... 1238

Overall Requirement. The overall task requirements are summarized below. Please read them carefully 1239

to avoid redoing the task. 1240

1. You have to highlight spans in both question answers for these aspects and give reason why you 1241

highlight a span for an aspect. 1242

2. Mark as many spans as necessary. 1243

3. Please be objective in your reasons and avoid using phrases like “I believe” or “I think”. 1244

4. Your reasons should be informative and succinct. 1245

5. Please use declarative sentences and avoid using questions in your reasons. 1246

6. Products like ChatGPT or BARD are absolutely not allowed. 1247

F.3 Annotation Procedure 1248

The expert annotators spend around 15-20 minutes per question, highlighting the demanding nature of 1249

this task. We accordingly pay £10/hour and provide a bonus of £10 for good-quality annotations, resulting 1250

in a total cost of £3000 to collect expert judgments for 698 questions. The annotators understand that we 1251

will use their annotated data for research purposes. We show a screenshot of an expert annotated answer 1252

in Figure 7. 1253
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Figure 7: Screenshot of an expert annotated answer on the INCEpTION platform.
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