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Abstract001

In the medical domain, numerous scenarios002
necessitate the long-form generation ability003
of large language models (LLMs). Specifi-004
cally, when addressing patients’ questions, it005
is essential that the model’s response conveys006
factual claims, highlighting the need for an007
automated method to evaluate those claims.008
Thus, we introduce MedLFQA, a benchmark009
dataset reconstructed using long-form question-010
answering datasets related to the biomedical011
domain. We use MedLFQA to facilitate cost-012
effective automatic evaluations of factuality.013
We also propose OLAPH, a simple and efficient014
framework that utilizes cost-effective and mul-015
tifaceted automatic evaluation to construct a016
synthetic preference set and answers questions017
in our preferred manner. Our framework leads018
us to train LLMs step-by-step to reduce hallu-019
cinations and include crucial medical claims.020
We highlight that, even on evaluation metrics021
not used during training, LLMs trained with022
our OLAPH framework demonstrate significant023
performance improvement in factuality. Our024
findings reveal that a 7B LLM trained with our025
OLAPH framework can provide long answers026
comparable to the medical experts’ answers in027
terms of factuality. We believe that our work028
could shed light on gauging the long-text gen-029
eration ability of LLMs in the medical domain.030
Our code and datasets are available.031

1 Introduction032

With the increasing versatility and exceptional033

performance of large language models (LLMs),034

their utilization in the medical or clinical domain035

is expanding rapidly (Singhal et al., 2023; Chen036

et al., 2023; Thirunavukarasu et al., 2023; Sun037

et al., 2024; Tu et al., 2024; Labrak et al., 2024;038

Jeong et al., 2024). One of the greatest advan-039

tages of LLMs in these domains is their capability040

to assist or even replace physicians’ tasks (Egli,041

2023; Tian et al., 2024). This includes scenar-042

ios such as question answering (multi-choice (Jin043

et al., 2021; Hendrycks et al., 2020; Jin et al., 044

2019; Pal et al., 2022; Xiong et al., 2024) or 045

span-based (Krithara et al., 2023)), reporting a pa- 046

tient’s Electronic Health Record (Thirunavukarasu 047

et al., 2023; Yang et al., 2022), and conversations 048

based on patient inquiries (Liévin et al., 2024). 049

In the medical domain, numerous situations ne- 050

cessitate the long-form text-generation ability of 051

LLMs. Among these, answering questions posed 052

by patients demands conveying factual and crucial 053

claims, highlighting the necessity for an automated 054

method to evaluate these responses. 055

To address this challenge, it is important to mea- 056

sure the ability of open-foundation LLMs to an- 057

swer in a long-form text. Thus, we aim to verify 058

it through long-form question-answering (LFQA) 059

tasks. LFQA is a task that requires elaborate and in- 060

depth answers to open-ended questions (Fan et al., 061

2019; Stelmakh et al., 2022). Here, two main chal- 062

lenging points arise: One is that models should 063

not hallucinate or generate false information (Min 064

et al., 2023; Wei et al., 2024; Manes et al., 2024). 065

For example, when a patient asks, what could be 066

causing the white tongue? the response should con- 067

vey crucial information about why white tongue 068

occurs and its causes (e.g., white tongue is usually 069

caused by a buildup of bacteria and dead cells on 070

the surface of the tongue) while ensuring that in- 071

correct information (e.g., it is usually harmful and 072

permanent) is not provided. 073

Another challenge lies in the difficulty of au- 074

tomatically evaluating long-text responses. Exist- 075

ing tasks such as summarization or LFQA assess 076

whether appropriate words are used and the se- 077

mantic meaning is well encapsulated (Min et al., 078

2023; Falke et al., 2019; Laban et al., 2022; Fabbri 079

et al., 2022; Krishna et al., 2023). Furthermore, 080

other methods consist of manually verifying the 081

responses generated by LLMs using human an- 082

notators to ensure high factuality and absence of 083

hallucination which are cost-ineffective and labor- 084
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intensive (Liu et al., 2023b; Fu et al., 2023; Liu085

et al., 2023a). In particular, in the medical field, it’s086

also important to ensure that the information pro-087

vided is accurate, up-to-date, and comprehensible088

to practitioners and patients alike. Developing reli-089

able automatic evaluation methods would greatly090

enhance the efficiency and scalability of these as-091

sessments, leading to rapid and extensive advance-092

ments in the research field by reducing reliance on093

human evaluators.094

To this end, we aim to gather existing LFQA095

datasets and reconstruct them as a benchmark for096

the automatic evaluation of medical responses.097

MedLFQA allows evaluating an LLM’s response098

in detail: whether they effectively include the key-099

words necessary to answer the question, whether100

they are semantically similar to the answer, and101

whether they accurately include crucial claims with-102

out delivering hallucinated information. Further-103

more, we employ GPT-4 (OpenAI, 2023b) to gen-104

erate long-form answers and statements if needed105

(Section 3.1). For validation, we assess the answers106

and statements through three medical experts for107

pairwise evaluation. Thus, we identify that GPT-108

4 generated responses are reliable to use as the109

MedLFQA benchmark (Section 3.2).110

We then introduce a simple and efficient frame-111

work OLAPH (Optimizing Large language mod-112

els’ Answers with Preferences of mitigating113

Hallucination), which leverages cost-effective and114

automatic evaluation to generate synthetic prefer-115

ence sets that can help align the model with pre-116

ferred responses. Our OLAPH framework is com-117

posed of iterative learning through preference op-118

timization on the synthetic preference sets. We119

first leverage supervised fine-tuning to tailor a pre-120

trained LLM to a question-answering task (Ouyang121

et al., 2022) (Section ??). We derive k sam-122

pled predictions using temperature sampling (Guo123

et al., 2017) to construct synthetic preference set by124

adopting cost-effective and multifaceted automatic125

evaluations (Section 4). Then, we construct a pref-126

erence set in every steps using previous-step mod-127

els with self-generated responses and iteratively128

train with alignment tuning until convergence (Sec-129

tion 4 and 4). Overall, our framework generates130

synthetic preference sets using automatic evalua-131

tion metrics and iteratively trains LLMs with pre-132

ferred responses the model generates.133

Our findings reveal that learning through our134

OLAPH framework step-by-step can enhance long-135

text generation abilities by prioritizing factuality,136

semantic similarities, and word composition. We 137

find that making a synthetic preference set with 138

self-generated responses based on a wide range of 139

evaluation criteria and iteratively training on the 140

set increases the desired abilities in a long-text gen- 141

eration. Our findings also highlight that, even on 142

evaluation metrics not used during training, LLMs 143

equipped with our OLAPH framework demonstrate 144

significant performance improvement in factuality. 145

Surprisingly, 7B models trained with our frame- 146

work can generate long-form answers comparable 147

to medical experts’ answers which are proven to be 148

high-quality answers. 149

Overall, our contributions are as follows: (1) We 150

introduce MedLFQA, a benchmark dataset with 151

restructured formats of current biomedical LFQA 152

benchmark datasets that enables automatic evalu- 153

ation of the long-text generation ability of open 154

foundation LLMs. (2) In this process, we consti- 155

tute two statements that can automatically evaluate 156

factuality cost-effectively through medical claims 157

originated by long answers, aiding in a comprehen- 158

sive understanding of long-text generation abilities. 159

(3) We introduce the simple and efficient OLAPH 160

framework, which leverages automatic evaluation 161

to generate synthetic preference sets and employs 162

iterative learning through preference optimization. 163

(4) In our findings, we demonstrate that 7B mod- 164

els can generate long answers comparable to the 165

medical experts’ answers in terms of factuality. 166

2 Preliminaries 167

Long-Form Question Answering is a task re- 168

quiring elaborate and in-depth answers to open- 169

ended questions (Fan et al., 2019; Stelmakh et al., 170

2022; Krishna et al., 2021). In the clinical do- 171

mains, LFQA is essential for effectively integrating 172

AI into real-world applications. Despite its im- 173

portance, there has been relatively little effort to 174

construct patient-centered LFQA datasets due to its 175

domain specificity. Numerous scenarios necessitate 176

the long-text generation ability of LLMs in these 177

domains but provided with restricted amounts of 178

usable data due to removing the identifying details 179

for privacy. To expand the facilitation of clinical sit- 180

uations, we adopt LFQA benchmark datasets to ex- 181

plore how well open foundation LLMs respond to 182

the content that consumers or patients typically in- 183

quire about, utilizing benchmarks that gather such 184

inquiries (Singhal et al., 2023; Manes et al., 2024; 185

Abacha et al., 2017, 2019). 186
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Dataset Format
(Original → Modified)

# of QA
pairs

# of Ambiguous
Questions

Avg. Length
of Answers

Avg. # of
MH statements

Avg. # of
NH Statements

LiveQA (Abacha et al., 2017) (Q, A) → (Q, A, MH, NH) 100 4 82.8 2.9 3.0
MedicationQA (Abacha et al., 2019) (Q, A) → (Q, A, MH, NH) 666 24 55.5 2.6 2.3
HealthSearchQA (Singhal et al., 2023) (Q) → (Q, A, MH, NH) 3,077 96 118.8 2.6 2.3
K-QA Golden (Manes et al., 2024) (Q, A, MH, NH) 201 1 88.5 4.4 3.5
K-QA Silver (Manes et al., 2024) (Q) → (Q, A, MH, NH) 904 106 99.9 2.4 2.0

Table 1: Statistics of long-form question answering benchmark datasets containing patients’ questions, answers, and
two statements. We use an abbreviation for question (Q), answer (A), must-have statements (MH), and nice-to-have
statements (NH) respectively. Texts highlighted in bold are generated using GPT-4 API calls. Some of the questions
are filtered due to the ambiguous points.

Evaluating Long-Text Generation. The main187

challenge in conducting comprehensive research188

on the LFQA benchmark is the difficulty in auto-189

matic evaluation (Xu et al., 2023). Prior works190

provide various metrics for evaluating language191

models’ responses such as comparing the quality192

of machine-generated text to reference text (Lin,193

2004; Ganesan, 2018) and capturing non-trivial194

semantic similarities (Papineni et al., 2002; Sel-195

lam et al., 2020; Zhang et al., 2019). With the in-196

creasing demand for using responses generated by197

LLMs, concurrent research also focuses on whether198

these responses accurately contain factual content199

and avoid generating false knowledge (i.e., halluci-200

nation) (Wei et al., 2024; Lee et al., 2022; Lin et al.,201

2022; Pal et al., 2023; Tian et al., 2023; Zhang et al.,202

2023; Kang et al., 2024; Lin et al., 2024; Dahl et al.,203

2024; Li et al., 2024a).204

A widely known metric that can be used to mea-205

sure factuality is FACTSCORE (Min et al., 2023),206

which decomposes LLM responses into atomic207

facts and checks if they are supported by the source208

text. Additionally, there are metrics like HALLUCI-209

NATION and COMPREHENSIVENESS (Manes et al.,210

2024) that measure the inclusion of crucial claims211

in the clinical domain. In detail, HALLUCINATION212

(HALL) (Manes et al., 2024) is a metric used to213

measure how many clinical claims are contradicted214

by the response of language models (P̂ ). We com-215

pute the score as below,216

HALL(P̂ ) =
|x ∈ S|P̂ contradicts x|

|S|
(1)217

where S refers to all statements containing Must218

Have (MH) and Nice to Have (NH) statements (i.e.,219

|S| = |MH|+ |NH|). Also, COMPREHENSIVE-220

NESS (COMP) (Manes et al., 2024) is a metric used221

to measure how many clinically crucial claims are222

included in the response of language models. We223

compute the score as follows:224

COMP(P̂ ) =
|x ∈ MH|P̂ entails x|

|MH|
(2)225

To predict the entailment of the response, we 226

use a classification model BioBERT (Lee et al., 227

2020) trained on NLI datasets (Bowman et al., 228

2015; Williams et al., 2018) on behalf of GPT-3.5- 229

turbo due to the costs of API Calls. We provide 230

detailed experiments in Appendix A.8. Also, we 231

will describe the usage of these statements in the 232

following section (Section 3.1). Our work is based 233

on using these fine-grained and cost-effective eval- 234

uation metrics to understand how LLMs generate 235

long-form text prioritizing factuality, semantic sim- 236

ilarities, and word composition. 237

3 MedLFQA: Reconstruction and 238

Qualification 239

3.1 Reconstruction of Biomedical Long-Form 240

Question-Answering Datasets 241

The essential part of answering the patient’s ques- 242

tion is conveying factual claims without false 243

knowledge. To this end, the authors (Manes et al., 244

2024) provide 1,212 patient questions originating 245

from real-world conversations held on AI-driven 246

clinical platform (i.e., K Health) containing long- 247

form answers and two optional statements: Must 248

Have Statements indicating that a model must in- 249

clude this statement to be medically accurate (e.g., 250

providing all contraindications for a drug) and Nice 251

to Have Statements indicating that the statements 252

are supplemental (e.g., providing additional con- 253

ditions where this drug may be helpful). These 254

two statements provide an effective way to conduct 255

an automatic evaluation of identifying factuality. 256

Although the pairs of questions and answers are 257

curated by medical experts, the dataset containing 258

long-form answers is only limited to 202 pairs. 259

In this work, we introduce MedLFQA, which 260

is constructed by expanding and reformulating cur- 261

rent LFQA benchmark datasets to evaluate models’ 262

responses automatically. To this end, we gather 263

four biomedical LFQA datasets: LiveQA (Abacha 264

et al., 2017), MedicationQA (Abacha et al., 2019), 265
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Long Answer
Lexapro, generically known as escitalopram, is a prescription medication commonly used to treat depression and generalized anxiety 

disorder. It belongs to a class of drugs called selective serotonin reuptake inhibitors (SSRIs). (…) Some serious effects can also occur, 

including decreased interest in sex, changes in sexual ability, and easy bruising or bleeding. Furthermore, it’s important to note that stopping 

Lexapro suddenly can cause withdrawal symptoms, including mood changes, headaches, and tiredness, … .

Long Answer
Escitalopram, sold under the brand names Lexapro and Cipralex, is an antidepressant of the SSRI (selective serotonin reuptake 

inhibitors) class. It is a medication for major depressive disorder and several types of anxiety disorders. It is considered an effective 

and well-tolerated antidepressant. (...) Like other SSRIs, side effects include headache, nausea, sleepiness, ejaculation disorder, and 

insomnia. (...) Therefore, Lexapro is not approved for use in pediatric patients less than 12 years of age.

MedLFQA

LFQA

Must Have Statements
1. Lexapro is a prescription medication predominantly used to treat depression and generalized anxiety disorder.

2. It's important to consult a healthcare provider before stopping or changing the dosage of Lexapro, as withdrawal symptoms 

can occur when stopped suddenly.

Nice to Have Statements 
1. Lexapro is taken orally, usually once a day irrespective of food.

2. It can have potential side effects, including nausea, decreased interest in sex, and easy bruising.

Multifaceted Automatic Evaluation
Words Composition (Rouge 1, Rouge 2, Rouge L), Semantic Similarity (BERTScore, BLEU, BLEURT), 

Factuality (Hallucination and Comprehensiveness)

Question: Alright so I don’t know much about 

Lexapro would you tell me more about it?

Figure 1: Current LFQA benchmark datasets lack comprehensive evaluation criteria, featuring just a pair of
questions and answers (or not even an answer). In MedLFQA, we provide GPT-4 generated answers as well as two
crucial statements to address this limitation. For instance, a well-generated GPT-4 response provides information
on the definition, advantages, disadvantages, and side effects of Lexapro in response to a patient’s inquiry about
it. Additionally, the answers and statements are structured to enable assessment of how closely the LLM response
aligns with the correct answer in terms of multifaceted automatic evaluation: factuality, semantic similarity, and
word composition.

HealthSearchQA (Singhal et al., 2023), and K-266

QA (Manes et al., 2024). We describe the statis-267

tics of the benchmark datasets in Table 1. Each268

MedLFQA instance is comprised of four compo-269

nents: question (Q), long-form answer (A), Must270

Have statements (MH), and Nice to Have state-271

ments (NH). Specifically, LiveQA and Medica-272

tionQA datasets contain patients’ questions and273

their medical experts’ answers. HealthSearchQA274

only includes patients’ questions without their an-275

swers and crucial claims. In the K-QA dataset, the276

remaining examples (83%) that only consist of con-277

sumer questions are referred to as the K-QA Silver278

dataset.279

In detail, if a medical expert’s answer exists,280

we create the two statements by decomposing the281

answer. For datasets containing only patients’ ques-282

tions, we generate answers and statements using283

proprietary large language models such as GPT-4.1284

For example, Figure 1 shows that the long-form285

answer generated by GPT-4 contains essential in-286

formation, such as the pros and cons effects of287

Lexapro, compared to the golden answer that is288

curated with medical experts. We qualify the gen-289

1We provide detailed prompt in Appendix Table 13

erated answers and statements through medical ex- 290

perts and provide the details in further section 3.2. 291

3.2 Qualification of Generated Answers and 292

Statements 293

Our primary focus is to assess, through pairwise 294

evaluation, whether GPT-4s’ answers are practi- 295

cally usable compared to thos of medical experts. 296

Thus, we qualify the validity of predictions gen- 297

erated by GPT-4 using the K-QA golden dataset, 298

whose answers are curated by medical experts. 299

In order to assess a better response, we employ 300

nine evaluation criteria from MedPALM: alignment 301

with medical consensus (MC), reading comprehen- 302

sion (RC), knowledge recall (KC), reasoning (R), 303

inclusion of irrelevant content (IRC), omission of 304

important information (OII), potential for demo- 305

graphic bias (PDB), possible harm extent (PHE), 306

possible harm likelihood (PHL). Using the criteria, 307

we conduct a pairwise evaluation between GPT- 308

4 predictions and K-QA golden answers through 309

medical experts.2 Additionally, we check an agree- 310

2Three medical experts, all at the resident level or higher,
ensure that they were sufficiently qualified in medical knowl-
edge. We have no conflict of interest and will provide details
at the end of anonymous period.
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9.5%MC

12%

38%

58%

15%

37%

9%

10%

87% 3.5%

88%

30%32%

28%14%

29%56%

14% 49%

96.5%

72% 19%

68% 22%

GPT-4 Tie Human

RC

KR

R

IRC

OII

PDB

PHE

PHL

3.5%

Figure 2: Pairwise evaluation from the medical experts.
A higher percentage indicates better quality for the top
4 rows and the opposite for the bottom 5 rows. We
use ✓ for better quality of GPT-4 generated answers
compared to the human annotated answers.

ment by determining if at least two out of three311

medical experts choose the same answer. We want312

to note that our observation provide a high level of313

agreement among the experts across all criteria.3314

In Figure 2, we depict the result of comparing315

GPT-4 predictions with those of medical expert an-316

notations. Through this process, we demonstrate317

that the answers generated by GPT-4 have better318

reasoning steps, lower inclusion of irrelevant con-319

tent, lower omission of important information, and320

lower possible harm likelihood. We prove that us-321

ing GPT-4 generated answers is available for other322

benchmark datasets that do not contain the answers.323

Using the generated answers, we decompose them324

to provide two statements for automatic evaluations325

of long-form predictions.326

We use GPT-4 to decompose answers and gener-327

ate MH and NH statements, as described in K-QA328

dataset (Manes et al., 2024). According to the329

paper (Manes et al., 2024), a panel of six medical330

doctors, who were not involved in the initial decom-331

position of answers, utilized GPT-4 with few-shot332

prompting to generate these statements. They then333

curated the results by adding or removing state-334

ments, verifying only 6.86% of the automatically335

generated statements. This means that 93.14% of336

the statements produced by GPT-4 with few-shot337

prompting were left unchanged. Thus, we believe338

that if we could verify the answers generated for339

the patient questions are accurate, the statements340

derived from these answers are likely to be highly341

accurate as well.342

3We describe the details of these evaluation criteria in
Appendix A.1

4 How to Train OLAPH? 343

Cost-effective and Multifaceted Automatic Eval- 344

uation. We depict the overall procedure in Fig- 345

ure 3. After initializing with πSFT , we obtain 346

sampled predictions through temperature sam- 347

pling (Guo et al., 2017). We generate k predictions 348

(we use k=6 here): one for deterministic prediction 349

and five for sampling predictions. We then sort all 350

sampled predictions with the following weighted 351

sum score of the automatic evaluation criteria, 352

α1 × (r1 + r2 + rl)︸ ︷︷ ︸
Words

Composition

+ α2 × (BL + BS)︸ ︷︷ ︸
Semantic
Similarity

+ α3 × (CP − HL)︸ ︷︷ ︸
Factuality

(3) 353

where α1, α2, and α3 reflect the weighted im- 354

portance of each evaluation metric set as hyper- 355

parameters respectively. r1, r2, rl refer to Rouge- 356

score (Lin, 2004) that measures how much similar 357

words are used. BL and BS refer to BLEURT (Sel- 358

lam et al., 2020) and BERTScore (Zhang et al., 359

2019) which are used to measure semantic simi- 360

larity. HL and CP refer to HALLUCINATION and 361

COMPREHENSIVENESS which are used to measure 362

inclusion of crucial claims (Manes et al., 2024). 363

We deduct the HL score in the evaluation metric be- 364

cause this is the only score that affects to language 365

model’s response to get worse. 366

We sort k sampled predictions with based on the 367

score of the weighted sum of evaluation metrics 368

in Equation 3. Then, we use a pre-determined 369

threshold to distinguish preferences and create the 370

preference set (high score) and the dispreference set 371

(low score) to guide how language models should 372

respond.4 We describe details of training through 373

the preference set in the following section. 374

Alignment Tuning with Preference Set. We 375

use the concept of direct preference optimization 376

(DPO) (Rafailov et al., 2024) to optimize a student 377

model πθ to maximize the likelihood of generat- 378

ing less hallucinated text (Tian et al., 2023; Zhang 379

et al., 2023; Kang et al., 2024; Dahl et al., 2024). 380

We agree with the notion that language models al- 381

ready embody a certain level of knowledge about 382

potential responses (Saunders et al., 2022; Kada- 383

vath et al., 2022; Li et al., 2024b). Hence, we be- 384

lieve that among the responses generated through 385

sampling, there may be predictions that closely re- 386

semble the desired ways of answering the question. 387

4We provide the sensitivity analysis of our hyperparam-
eters (α1, α2, α3, and pre-determined threshold) in Ap-
pendix A.4.
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Question: Alright so I don’t know much about 
Lexapro would you tell me more about it?

Pred 1 (Best Case): 
It is a selective serotonin reuptake inhibitor (SSRI) Lexapro 
is primarily used to treat depression and generalized anxiety 
disorder (GAD). Lexapro is not a sedating or addictive 
medication, which may make it a good choice for 
individuals who suffer from depression or anxiety and who 
need to continue working or engaging in daily activities 
while improving their mental health.

Pred K (Worst Case): 
It's a SSRI drug right?

Answer: 
Escitalopram, sold under the brand names Lexapro and Cipralex, 
is an antidepressant of the SSRI (selective serotonin reuptake 
inhibitors) class. It is a medication for major depressive disorder 
and several types of anxiety disorders. (...) 

Must Have Statements: 
(1) Escitalopram is an antidepressant of the SSRI (Selective 
serotonin reuptake inhibitors) class
(2) Side effects of Escitalopram include headache
(3) Side effects of Escitalopram include ejaculation disorder

Nice to Have Statements:
(1) Escitalopram is a medication for several types of anxiety 
disorders

Words Composition

Semantic Similarity

Factuality

Prediction

Answer

Rouge-1 (R1)

Prediction

Answer

BLEURT (BL)

BERTScore (BS)

Hallucination (HL)

Comprehensi-
veness (CP)

Must Have

Nice to Have

Prediction

Answer: It is a selective serotonin reuptake inhibitor (SSRI). Lexapro is 
used to treat depression and generalized anxiety disorder. (...) If you 
have any concerns or experience any side effects while taking Lexapro, 
it is important to talk to your doctor. (...)

Pred 1: 47.1 + 118.1 + 18.8 = 184 (Rank: 1)

: α1(R1 + R2 + RL) + α2(BL + BS) + α3(CP-HL)

Rouge-2 (R2)

Rouge-L (RL)
Pred K: 7.5 + 62.8 + 5.8 = 76.1 (Rank: K)

Preferred Dispreferred

Pred K-1
Pred 1

Pred K

Alignment
Tuning

Multifaceted 
Automatic Evaluation

Synthetic alignment 
pair construction

Preferred
Evaluation Metric

Figure 3: Overall OLAPH framework. We iteratively implement the following steps to train LLMs (Step 1-4). If a
patient asks a question about the details of Lexapro, we generate k predictions with temperature sampling (Step 1).
These predictions are evaluated based on three main categories of our preferred evaluation metrics. We compute the
multifaceted automatic evaluation and sort predictions with the score (Step 2). We distinguish two sets (preferred
and dispreferred) using a pre-determined threshold to construct the synthetic alignment pair dataset (Step 3). We
then train the LLMs through preference optimization such as DPO (Rafailov et al., 2024) (Step 4). Finally, we
obtain the preferred answer to the patient’s question. Here, we omit the SFT training part.

Therefore, we aim to enhance the quality of long-388

text responses through DPO learning, adjusting the389

student model πθ finely to generate the preferred390

response rw over the dispreferred response rl. We391

train the student model πθ as below,392

L(θ) = E(x,rw,rl)∼DC
log σ(rθ(x, rw))− rθ(x, rl))393

rθ(x, r) = β(log πθ(r|x)− log πSFT (r|x))394

where the student model πθ is first initialized395

with SFT model πSFT and trained through pre-396

ferred response rw over dispreferred response rl.397

DC refers to the collected preference and dispref-398

erence sets, β controls to prevent the πθ deviating399

from πSFT , and σ refers to the sigmoid function.400

Iterative Learning with Self-generated Pref-401

erence Set. Our OLAPH framework iteratively402

trains LLMs through DPO multiple times, present-403

ing situations where each step contains distinguish-404

ing between preferred and dispreferred responses405

based on the cost-effective automatic evaluations to406

make preference set. Through this process, we have407

two benefits: (1) In each step, constructing a syn-408

thetic preference set with self-generated responses409

using temperature sampling can eliminate depen-410

dency on human-annotated datasets, which require 411

labor-intensive work. (2) Applying cost-effective 412

and multifaceted evaluation metrics enhances the 413

overall quality of long-form answers, showing im- 414

provement in unseen evaluation metrics as well. 415

These benefits lead us to design OLAPH framework 416

to train iteratively until convergence. 417

5 Experimental Settings 418

Evaluation of MedLFQA Benchmark. Data 419

consisting of questions that patients or customers 420

frequently inquire about in the biomedical or clin- 421

ical domain is very scarce. All five datasets com- 422

prising MEDLFQA consist only of test datasets, 423

with no separate train datasets. Therefore, there is a 424

lack of collected training datasets to evaluate these 425

benchmarks, making it difficult to assess the effec- 426

tiveness of our OLAPH framework. In this situation, 427

we designated one dataset as the test dataset and 428

used the remaining datasets as the train datasets 429

for training purposes. In other words, we leave 430

one dataset as a test set and train on the remaining 431

datasets same concept as a cross-validation. For 432

example, we evaluate LiveQA dataset while train- 433

ing on the MedicationQA, HealthSearchQA, and 434
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MedLFQA
Dataset

Evaluation
Metrics

Open LM (+OLAPH Step-1)

LLaMA2 Mistral Meditron Self-BioRAG BioMistral

LiveQA
Words Composition 7.4 (+0.33) 8.5 (-1.9) 6.5 (+1.5) 10.2 (+0.9) 4.7 (+8.8)
Semantic Similarity 64.7 (+2.3) 64.3 (-1.1) 62.7 (+4.5) 56.3 (+2.4) 50.0 (+8.1)
Factuality 16.1 (+26.2) 19.1 (+14.5) -1.0 (+34.3) 28.3 (+18.3) -45.3 (+83.4)

MedicationQA
Words Composition 4.4 (+0.9) 5.4 (+0.9) 3.7 (+2.2) 8.9 (+0.2) 2.1 (+10.4)
Semantic Similarity 64.4 (+2.6) 65.2 (-0.6) 61.9 (+5.4) 55.5 (+3.4) 46.2 (+16.7)
Factuality -2.4 (+16.5) 13.1 (+21.9) -12.0 (+37.3) 14.6 (+12.3) -74.2 (+116)

HealthSearchQA
Words Composition 11.0 (+1.0) 15.8 (-1.9) 7.4 (+1.3) 13.3 (+1.6) 7.0 (+11.4)
Semantic Similarity 62.6 (+1.0) 65.2 (-0.9) 59.1 (+1.4) 56.3 (+1.7) 55.2 (+5.3)
Factuality 24.8 (+11.6) 57.4 (+10.2) -8.7 (+9.0) 34.0 (+12.6) -17.8 (+71.5)

K-QA Golden
Words Composition 6.9 (+1.5) 9.8 (+1.1) 6.0 (+4.2) 13.2 (+0.7) 7.5 (+9.8)
Semantic Similarity 63.3 (+2.1) 63.7 (+2.6) 62.3 (+5.1) 56.2 (+3.2) 52.0 (+7.2)
Factuality 0.8 (+37.4) 15.8 (+34.6) -10.8 (+53.4) 33.3 (+9.0) -26.0 (+77.1)

K-QA Silver
Words Composition 6.1 (+1.4) 8.4 (+9.8) 5.5 (+5.5) 13.2 (+1.6) 5.4 (+11.8)
Semantic Similarity 63.0 (+0.9) 62.3 (+3.9) 61.3 (+4.7) 56.8 (+2.0) 52.1 (+6.7)
Factuality -18.6 (+13.4) -14.4 (+69.3) -25.4 (+44.5) 10.1 (+14.6) -45.1 (+64.6)

Table 2: We use MedLFQA to evaluate five open-foundation language models. The evaluation metrics are composed
of three in total: words composition, semantic similarity, and factuality. The numbers are the results obtained by
zero-shot experiments asking the question as prompt into the language model, and the numbers in parentheses
represent the improved performance when applying our OLAPH framework only for one step.

K-QA datasets (row 1 in Table 2). If we want to435

evaluate HealthSearchQA dataset, then we train436

with LiveQA, MedicationQA, and K-QA datasets437

(row 3 in Table 2). We provide further details of438

training and inference settings in Appendix A.5.439

6 Experiments & Analysis440

We have three research questions as follows: (1)441

How well can open-foundation and proprietary442

LLMs answer clinical questions? (2) How many443

steps of iterative learning are necessary to enhance444

the generation ability of 7B language models, up445

to that of GPT-4? (3) Do the results align with446

other factuality metrics such as FACTSCORE (Min447

et al., 2023), which are not used in our fine-grained448

evaluation metrics?449

RQ 1. We perform a zero-shot evaluation to450

assume the real scenarios where users utilize451

LLMs. We provide the overall results in Table 2.452

We observe that base foundation models such as453

LLaMA2 (Touvron et al., 2023) and Mistral (Jiang454

et al., 2023) answer properly on some datasets but455

not consistently. The responses of these models456

show lower factuality (low COMPREHENSIVENESS457

and HALLUCINATION) while preserving the score458

of words composition and semantic similarity.459

Three biomedical language models that under-460

went instruction tuning exhibit different patterns461

compared to the base models. Two of the mod-462

Step 0 SFT Step 1
(DPO)

Step 2
(DPO)

Step 3
(DPO)

100

50

0

50

100

Words Composition (GPT4)
Words Composition
Semantic Similarity (GPT4)
Semantic Similarity
Factuality (GPT4)
Factuality

Figure 4: Iterative learning results of the K-QA Golden
dataset using BioMistral 7B.

els, Meditron (Chen et al., 2023) and BioMis- 463

tral (Labrak et al., 2024), which were trained on 464

instructions related to the biomedical or clinical 465

domain, record very low scores in terms of fac- 466

tuality. The results indicate that given a medical 467

question, the answers are composed of hallucinated 468

responses with less crucial claims. However, Self- 469

BioRAG (Jeong et al., 2024), which was trained on 470

diverse instructions containing long-form question 471

answering, consistently performs well in providing 472

answers to medical questions. 473

RQ 2. This analysis aims to investigate the extent 474

to which the ability of long-text generation can be 475

enhanced through iterative learning. We conduct 476

7



the analysis using the K-QA golden dataset (Manes477

et al., 2024) which contains answers annotated by478

medical experts. We depict the performance im-479

provements in Figure 4. We represent the median480

of the three evaluation metrics used to select the481

preferred response as lines. The underlying colors482

represent the lower and upper bounds of the model483

for each step. Since the answers were annotated484

using GPT-4 API calls, we set the upper bound485

for long-form answers generated by GPT-4 when486

solving the K-QA golden dataset.487

In the initial step (Step 0), the BioMistral model488

shows low scores for all evaluation metrics selected.489

As the steps progressed, the performance improved490

and approached the scores of GPT-4 response. We491

find that performance tends to saturate after DPO492

(Step 2) training. Finally, after iterative DPO train-493

ing (Step 3), we observe that the 7B model reaches494

the upper bound performance. We provide other495

results of 7B models in Appendix A.6.496

RQ 3. Our fundamental inquiry revolves around497

whether the responses generated by the LLM498

trained with our OLAPH framework have indeed499

improved in terms of factuality. To ensure this, our500

focus is on evaluating the degree to which factuality501

has increased based on the FACTSCORE (Min et al.,502

2023) metric, which is not used during training.503

We depict the FACTSCORE performance at each504

step in Figure 5. FACTSCORE involves the selec-505

tion of context-containing pages from topics cho-506

sen from Wikipedia dump. Subsequently, the gener-507

ated responses are segmented into atomic facts, and508

GPT-3.5 is employed to confirm whether the iden-509

tified context supports the atomic facts. In the case510

of the K-QA golden dataset (Manes et al., 2024),511

as no topic is provided, we select topics from a set512

of entities within the questions and measure the513

FACTSCORE to ensure connections to appropriate514

pages. Additionally, considering the potential lack515

of biomedical knowledge in the Wikipedia dump,516

we further construct the domain-specific knowl-517

edge following Self-BioRAG (Jeong et al., 2024).518

The biomedical knowledge consists of four source519

data: PubMed Abstract, PMC Full-text, Clinical520

Guidelines, and English Medical Textbooks. We521

use a domain-specific retriever MedCPT (Jin et al.,522

2023) off-the-shelf to retrieve the relevant docu-523

ment. We provide the details of the knowledge524

source and retriever in Appendix A.7.525

To establish an upper bound for this improve-526

ment, we also measure the FACTSCORE perfor-527
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Figure 5: We evaluate factuality using FACTSCORE
performance which is not used evaluation metric.

mance of medical expert answer and GPT-4 pre- 528

diction. We observe that as we progress from the 529

step where the 7B LLMs are not trained with our 530

OLAPH framework (Step 0) to iterative learning 531

(Step 3), factuality increases to a large extent. We 532

want to highlight that even on an evaluation met- 533

ric not used during training (FActScore), the LLM 534

learned through our OLAPH framework step-by- 535

step demonstrates significant performance improve- 536

ment in factuality. Our findings reveal that using 537

fine-grained evaluation metrics can enhance the 538

quality of long-text responses even in 7B LLMs up 539

to the desired level of the medical expert. 540

7 Conclusion 541

We introduce OLAPH, an efficient framework de- 542

signed to reduce hallucinations and include crucial 543

claims by utilizing cost-effective and multifaceted 544

automatic evaluation to select the best response 545

from sampled predictions and structuring answers 546

in a preferred format. We also present MedLFQA 547

which has been reconstructed into a unified format 548

containing long-form answers and crucial state- 549

ments, facilitating cost-effective automatic evalu- 550

ation. Our findings show that current 7B LLMs 551

are not reliable enough to generate long-form an- 552

swers to medical questions. However, by utilizing 553

our OLAPH framework, which includes step-by- 554

step processes like SFT, preference set construction 555

based on multifaceted automatic evaluation, and 556

iterative alignment tuning, 7B models can produce 557

answers with sufficient factual accuracy, semantic 558

similarity, and coherent word composition. 559
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Limitations560

One limitation could be that we compare and ana-561

lyze models with a size of 7B parameters, which562

is suitable for environments with limited resources.563

It is necessary to consider models with smaller564

or larger parameter sizes to determine the effec-565

tiveness of our method in confirming results and566

analysis. However, if the model is smaller than567

7B, there is a lower probability of generating cor-568

rect predictions, and sampling predictions may not569

yield proper responses. Also, MedLFQA consists570

of biomedical knowledge predefined within a fixed571

timestamp, which could raise outdated issues in572

the future. Finally, there is a possibility of error573

propagation in the evaluation due to the use of574

trained NLI models. However, our approach is575

aimed at establishing evaluation metrics that can576

replace tremendous API costs in a cost-effective577

manner.578

Furthermore, the factuality score in OLAPH re-579

lies heavily on a fine-tuned BioBERT model to per-580

form natural language inference. While BioBERT581

is a robust backbone for biomedical text, its perfor-582

mance as an evaluator is not infallible. Any sys-583

tematic bias or misclassification by the NLI model584

(e.g., failing to recognize complex medical syn-585

onyms or subtle contradictions) could propagate586

into the preference learning process. Although our587

results show high correlation with general trends,588

further validation against a broader range of expert-589

curated gold standards is necessary.590

Our MedLFQA benchmark also evaluates factu-591

ality based on predefined Must-Have (MH) and592

Nice-to-Have (NH) claims. However, this ap-593

proach may not fully capture "extrinsic hallucina-594

tions"—instances where a model generates factu-595

ally incorrect statements that do not directly contra-596

dict the provided reference but are medically false597

in a broader context. Future iterations should in-598

corporate external knowledge retrieval or real-time599

fact-checking to capture errors beyond the static600

reference set.601

Since the OLAPH framework directly utilizes our602

multifaceted metrics (Word, Semantic, and Factu-603

ality) as a reward signal for DPO, there is a risk of604

"reward hacking" or over-optimization. The model605

might learn to satisfy the specific patterns favored606

by these metrics without necessarily improving un-607

derlying medical reasoning. While our qualitative608

analysis suggests genuine improvement, testing the609

model on entirely unseen, out-of-domain medical610

datasets would provide stronger evidence of gener- 611

alization. 612

Due to the high cost and specialized nature of 613

medical expertise, this study primarily focuses on 614

scaling through automated proxies. Although we 615

conducted a preliminary analysis, a large-scale, 616

blind human evaluation by diverse medical pro- 617

fessionals remains the gold standard for verifying 618

clinical safety and the practical utility of long-form 619

responses in real-world patient-doctor scenarios. 620
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A Appendix 972

A.1 Criteria of Generated Answer Evaluation 973

We follow the criteria for evaluating GPT-4 gen- 974

erated answers used in the previous works (Sing- 975

hal et al., 2023). The authors provide nine crite- 976

ria to evaluate language models’ responses in a 977

fine-grained manner. We provide the details in the 978

Table 3. The four criteria given above are prefer- 979

able when selected (row 1-4), while the five cri- 980

teria given below indicate a better answer when 981

not selected (row 5-9). We use these criteria on 982

pairwise evaluation between GPT-4 and medical 983

expert answers. We further compute the agreement 984

by determining if at least two out of the three med- 985

ical experts chose the same answer. Note that they 986

have shown the high level of agreement that GPT 987

response is highly usable. 988
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Table 3: Nine Criteria used for pairwise evaluation. We observe an extreme level of agreement that GPT-4 response
is highly available among the medical experts across all items.

Criteria Definition Agreement

Alignment with Medical Consensus (MC) Which answer better reflects the current consensus of the scientific and clinical community? 99%

Reading Comprehension (RC)
Which answer demonstrates better reading comprehension?
(indication the question has been understood)

99%

Knowledge Recall (KR)
Which answer demonstrates better recall of knowledge?
(mention of a relevant and/or correct fact for answering the question)

99%

Reasoning (R)
Which answer demonstrates better reasoning steps?
(correct rationale or manipulation of knowledge for answering the question)

98%

Inclusion of Irrelevant Content (IRC)
Which answer contains more content that it shouldn’t
(either because it is inaccurate or irrelevant)

99%

Omission of Important Information (OII) Which answer omits more important information? 99%

Potential for Demographic Bias (PDB)
Which answer provides information that is biased for any demographic groups?
For example, is the answer applicable only to patients of a particular sex
where patients of another sex might require different information?

99%

Possible Harm Extent (PHE)
Which answer has a greater severity/extent of possible harm?
(which answer could cause more severe harm)

99%

Possible Harm Likelihood (PHL)
Which answer has a greater likelihood of possible harm?
(more likely to cause harm)

99%

A.2 Detailed descriptions about SFT process989

We first train with supervised fine-tuning (SFT) to990

familiarize the model with the question-answering991

task using relatively small data samples. SFT lever-992

ages relatively smaller data of labeled samples to993

tailor a pre-trained LLM to specific tasks (Ouyang994

et al., 2022; Yu et al., 2023). Rather than train-995

ing on human annotations or pseudo-optimal re-996

sponses generated by larger language models, we997

set a self-generated response as a labeled answer998

of next step training to remove the dependency on999

resources in annotation datasets (Chen et al., 2024;1000

Wu et al., 2024). In other words, we generate multi-1001

ple self-generated responses using sampling-based1002

inferences of temperature sampling, and from these1003

responses we select the one that scores the highest1004

according to the automatic evaluation categories as1005

the gold-standard label for the next step of training.1006

We train the LLM with SFT as below,1007

πSFT = max
π

E(x,a∗)∼D∗ log π(a∗|x) (4)1008

where π refers to the large language model, x1009

refers to the question, a∗ indicates self-generated1010

long-form answer, and D∗ refers to collection of1011

question-answer pair containing must-have and1012

nice-to-have statements. Consequently, we expect1013

the LLMs trained with SFT to recognize the task.1014

A.3 Proprietary Results of MedLFQA1015

Additionally, we use three proprietary LLMs to1016

answer the clinical questions in Table 4. In our1017

observation, proprietary LLMs perform remarkably1018

well in generating long-form responses to clinical 1019

questions compared to the open-foundation models. 1020

However, researchers cannot reach to these black- 1021

box LLMs to elicit and update their knowledge 1022

through training. Thus, we try to focus our OLAPH 1023

approach on low resource (under 7B) and open- 1024

source models in the following sections. 1025

A.4 Sensitivity Analysis of Hyperparameters 1026

Sensitivity Analysis of α3. We aimed to conduct 1027

a comprehensive sensitivity analysis on the hyper- 1028

parameter settings to determine the factuality. In 1029

Table 5 and 6, we provide the detail experiments. 1030

In our experiments, we fixed α1 and α2 at a value 1031

of 1, while varying α3 in increments of 0.2 from 0 1032

to 1. These experiments were carried out using the 1033

BioMistral-7B and Self-BioRAG 7B models, with 1034

training data of LiveQA, MedicationQA, Health- 1035

SearchQA, and KQA-Silver, and evaluation data 1036

of KQA-Golden dataset. 1037

A notable observation is that while performance 1038

on evaluation metrics such as word composition 1039

and semantic similarity consistently improves, set- 1040

ting α3 to 0 results in minimal changes in factuality. 1041

Furthermore, increasing the value of α3 (moving to 1042

higher values) correlates with improved factuality 1043

scores. We also found that iterative DPO training 1044

reduces the standard deviation in overall scores, 1045

indicating that as training progresses, the model’s 1046

confidence increases, leading to more reliable an- 1047

swers. 1048
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MedLFQA
Dataset

Evaluation
Metrics

Proprietary LLMs

GPT-3.5-Turbo Claude 3 Sonnet GPT-4o

LiveQA
Words Composition 36.6 44.3 48.5
Semantic Similarity 108.0 116.5 75.3
Factuality 55.4 71.2 75.3

MedicationQA
Words Composition 38.2 48.9 50.0
Semantic Similarity 109.8 122.3 121.2
Factuality 58.3 79.9 81.2

HealthSearchQA
Words Composition 29.7 41.2 39.7
Semantic Similarity 105.3 115.1 112.3
Factuality 48.0 71.3 65.6

K-QA Golden
Words Composition 35.6 48.5 51.7
Semantic Similarity 109.7 119.3 122.1
Factuality 52.5 82.8 85.9

K-QA Silver
Words Composition 36.2 51.3 52.9
Semantic Similarity 112.0 117.7 119.5
Factuality 51.3 80.1 83.7

Table 4: We use MedLFQA to evaluate three proprietary language models. The evaluation metrics are composed
of three in total: words composition, semantic similarity, and factuality. The numbers are the results obtained by
zero-shot experiments asking the question as prompt into the LLMs.

Sensitivity Analysis of Pre-determined Thresh-1049

old. The criteria for dividing the actual prefer-1050

ence set and dispreference set are determined ac-1051

cording to Equation 3. The threshold defines what1052

response should align to preferred or dispreferred1053

response. If the model’s response exceeds the1054

threshold, that response is included in the preferred1055

set, while responses below the threshold are in-1056

cluded in the dispreferred set, creating pairs that1057

are used in next-step DPO training. In other words,1058

the threshold helps construct the pair dataset by1059

distinguishing between preferred and dispreferred1060

responses based on whether their automatic evalua-1061

tion scores are above or below the threshold.1062

To comprehensively understand why the thresh-1063

old is needed, we first introduce our range of each1064

evaluation category used in the Equation 3. We1065

want to note that the scaling normalization was ap-1066

plied to ensure all evaluation metrics have an equal1067

scale range. For example, in the case of ROUGE1068

scores, each score value is set between 0 and 1.1069

However, for comprehensiveness or hallucination,1070

which measures factuality, the score range is from1071

-100 to 100. To eliminate variations due to these1072

scaling differences, we performed scale normaliza-1073

tion so that ROUGE, BLEURT, and BERTScore all1074

operate on the same scale. Below are the lower and1075

upper bounds for each evaluation metric, followed1076

by the score ranges for each evaluation category:1077

• Words Composition: [0, 3] with α1 = 1.0; 1078

scaling up to [0, 300] to match the number 1079

range to the other hyperparameters. 1080

• Semantic Similarity: [Unknown, 2] with α2 = 1081

1.0; scaling up to [Unknown, 200] to match 1082

the number range to the other hyperparame- 1083

ters. 1084

• Factuality: [-100, 100] with α3 = 1.0. 1085

The pre-determined threshold of Equation 3 is 1086

set as 200. This value was intuitively determined by 1087

manually evaluating the model’s responses accord- 1088

ing to the authors’ preferences. Generally, when 1089

evaluating multiple answers, responses that scored 1090

high on average across all items exceeded 200, so 1091

this value was set as our threshold. However, recog- 1092

nizing that this method requires careful review, we 1093

conduct the experiments by setting a broad range 1094

of thresholds (0, 50, 100, 150, 200) in Table 7. 1095

A.5 Experimental Details 1096

Training Setup. We employ SFT to familiar- 1097

ize the model with the question-answering task 1098

and proceed to self-generate labels with a rela- 1099

tively small data sample. Subsequently, in the 1100

first DPO training, we encourage the model to 1101

prefer responses with high evaluation scores from 1102

its self-generated sampling predictions, while dis- 1103
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Table 5: BioMistral 7B performance of sensitivity analysis (α3 = 0). We set the condition of α1 and α2 as 1.0. We
use 6 sampled predictions to calculate the mean and standard deviation of metrics.

Training Metrics α3 = 0.0 α3 = 0.2 α3 = 0.4 α3 = 0.6 α3 = 0.8 α3 = 1.0

SFT
Words Composition
Semantic Similarity
Factuality

22.3 ± 6.5
110.4 ± 5.2
33.5 ± 66.1

23.2 ± 7.2
111.2 ± 4.8
36.8 ± 63.8

23.5 ± 7.5
111.1 ± 5.1
35.8 ± 64.9

23.3 ± 7.7
110.9 ± 5.9
37.2 ± 66.9

23.2 ± 8.1
110.8 ± 5.3
36.9 ± 65.3

24.2 ± 6.8
111.1 ± 5.1
38.2 ± 62.5

OLAPH (Step 1)
Words Composition
Semantic Similarity
Factuality

34.4 ± 7.1
112.1 ± 2.5
33.3 ± 67.2

35.3 ± 7.3
112.5 ± 2.1
51.2 ± 21.7

35.2 ± 8.2
112.6 ± 1.9
59.2 ± 18.8

36.1 ± 7.8
112.8 ± 2.0
66.3 ± 15.7

36.3 ± 7.5
113.1 ± 1.6
73.9 ± 13.8

36.9 ± 8.1
113.0 ± 1.4
81.2 ± 15.5

OLAPH (Step 2)
Words Composition
Semantic Similarity
Factuality

51.2 ± 4.9
112.0 ± 1.9
33.3 ± 68.1

52.3 ± 5.5
113.2 ± 1.8
54.1 ± 16.5

52.1 ± 5.6
112.9 ± 1.6
62.1 ± 13.2

52.3 ± 6.7
113.2 ± 1.5
68.8 ± 9.8

52.4 ± 6.7
112.9 ± 1.2
72.8 ± 8.5

55.7 ± 3.8
112.5 ± 0.9
86.5 ± 7.9

Table 6: Self-BioRAG 7B performance of sensitivity analysis (α3 = 0). We set the condition of α1 and α2 as 1.0.
We use 6 sampled predictions to calculate the mean and standard deviation of metrics.

Training Metrics α3 = 0.0 α3 = 0.2 α3 = 0.4 α3 = 0.6 α3 = 0.8 α3 = 1.0

SFT
Words Composition
Semantic Similarity
Factuality

41.3 ± 12.2
121.1 ± 6.2
63.2 ± 28.9

40.5 ± 13.8
123.2 ± 5.8
64.5 ± 27.5

41.9 ± 11.9
123.5 ± 5.5
66.7 ± 25.5

42.5 ± 11.7
126.2 ± 7.2
69.9 ± 28.3

43.3 ± 9.9
125.9 ± 6.2
72.5 ± 24.9

43.2 ± 10.1
125.0 ± 5.9
73.1 ± 25.8

OLAPH (Step 1)
Words Composition
Semantic Similarity
Factuality

53.8 ± 8.9
131.4 ± 4.9
61.1 ± 31.5

53.5 ± 9.0
132.2 ± 4.7
68.2 ± 18.9

53.3 ± 9.1
131.9 ± 3.5
73.2 ± 17.5

52.8 ± 8.0
131.3 ± 4.3
76.5 ± 13.3

52.6 ± 8.5
133.2 ± 3.9
87.3 ± 9.8

52.3 ± 7.5
135.7 ± 3.3
92.3 ± 11.2

OLAPH (Step 2)
Words Composition
Semantic Similarity
Factuality

54.3 ± 11.2
135.3 ± 3.8
62.3 ± 29.7

54.7 ± 7.9
135.2 ± 2.5
73.0 ± 15.9

53.2 ± 9.9
137.2 ± 2.3
77.2 ± 12.1

52.2 ± 9.1
136.9 ± 2.1
83.1 ± 9.9

54.1 ± 7.9
137.9 ± 1.8
91.2 ± 6.9

55.2 ± 8.3
138.2 ± 2.5
94.5 ± 8.9

couraging responses that are nonsensical or repet-1104

itive. Then, the iterative DPO training steps are1105

conducted to subtly differentiate between properly1106

generated responses using a lower learning rate1107

compared to the first DPO training. The model1108

focuses on learning from well-generated responses,1109

as well as prioritizing factuality, semantic similari-1110

ties, and word composition.1111

Computational Resources. We use 8 Nvidia1112

A100 with 80GB memory to train our OLAPH1113

framework. Our code is written in PyTorch (Paszke1114

et al., 2019) and HuggingFace (Wolf et al.,1115

2019). We use Deepspeed stage 3 (Rajbhandari1116

et al., 2020) to implement multi-GPU settings and1117

FlashAttention (Dao et al., 2022) for efficient train-1118

ing. We use a 5e-7 learning rate with a 0.1 warmup1119

ratio in the initial step and use a 1e-7 learning rate1120

after Step-2 DPO training. We use a 0.01 β value to1121

train through DPO learning. For sampling predic-1122

tions using temperature sampling (Guo et al., 2017),1123

we generate k=6 predictions: one for deterministic1124

prediction (τ = 0) and five for sampling predictions1125

(τ = 1.0). To preserve the quality of long-form1126

responses, we set the pre-determined threshold as1127

200. For inference, we use vllm (Kwon et al., 2023)1128

to speed up our inference time. 1129

A.6 Detail performance of OLAPH framework 1130

In Table 8 and 9, we provide the detailed perfor- 1131

mance used to evaluate three categories: word com- 1132

position, semantic similarities, and factuality. In 1133

detail, word composition consists of R1, R2, and 1134

RL scores, each referring to Rouge-1, Rouge-2, 1135

and Rouge-L scores (Lin, 2004). To capture the 1136

non-trivial semantic similarities between answer 1137

and prediction, we use BLEURT (BL) (Sellam 1138

et al., 2020) and BERTScore (BS) (Zhang et al., 1139

2019). We primarily focus on evaluating factuality 1140

automatically using HALLUCINATION (HL) and 1141

COMPREHENSIVENESS (CP) following previous 1142

work (Manes et al., 2024). 1143

In Figure 7, we also depict the detailed perfor- 1144

mance of our evaluation scores step-by-step. We 1145

observe similar trends, where factuality and seman- 1146

tic similarity increases as the step progresses. After 1147

the SFT or DPO processes, we set a self-generated 1148

response as a labeled answer and preference re- 1149

sponse to remove the dependency on resources in 1150

the annotation dataset. Exceptionally, LLaMA2 1151

seems to show higher performance on the initial 1152

step (Step 0) but gets lower in the SFT process. 1153
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Training Metrics threshold = 0 threshold = 50 threshold = 100 threshold = 150 threshold = 200

SFT

Words Composition
Semantic Similarity
Factuality
Pairs of Dataset

21.8 ± 7.5
108.9 ± 4.7
33.8 ± 69.1

10,539

23.9 ± 6.9
110.1 ± 5.2
34.1 ± 63.5

7,532

23.2 ± 7.5
109.8 ± 3.5
33.3 ± 68.3

6,958

23.8 ± 7.1
109.2 ± 3.2
32.5 ± 71.3

6,472

24.2 ± 6.8
111.1 ± 5.1
38.2 ± 62.5

5,173

OLAPH (Step 1)

Words Composition
Semantic Similarity
Factuality
Pairs of Dataset

33.9 ± 9.3
110.3 ± 4.5
66.2 ± 16.2

15,938

35.3 ± 9.9
112.1 ± 1.5
78.3 ± 12.3

13,521

35.5 ± 9.7
111.3 ± 2.2
75.8 ± 19.2

12,538

35.5 ± 9.7
110.5 ± 2.1
79.2 ± 17.3

10,529

36.9 ± 8.1
113.0 ± 1.4
81.2 ± 15.5

8,731

OLAPH (Step 2)

Words Composition
Semantic Similarity
Factuality
Pairs of Dataset

53.1 ± 4.2
111.2 ± 2.1
80.8 ± 9.1

20,331

54.2 ± 2.5
111.9 ± 0.8
85.7 ± 6.5

15,787

52.3 ± 4.3
113.9 ± 1.8
81.3 ± 7.2

3,029

53.2 ± 4.3
111.7 ± 1.2
84.5 ± 6.9

11,731

55.7 ± 3.8
112.5 ± 0.9
86.5 ± 7.9

10,832

Table 7: BioMistral 7B performance of using different thresholds to decide the preference and dispreference set.
Threshold determines the quality and the size of the training dataset.

MedLFQA
Dataset

Evaluation
Metrics

Open LM

LLaMA2 Mistral Meditron Self-BioRAG BioMistral

LiveQA
R1 / R2 / RL 11.4 / 2.5 / 8.3 13.2 / 3.3 / 9.0 10.1 / 1.9 / 7.5 17.0 / 2.8 / 10.7 7.6 / 1.3 / 5.1
BL / BS 50.5 / 78.9 49.4 / 79.1 47.5 / 77.8 29.7 / 82.8 21.4 / 78.5
HL / CP 43.8 / 59.9 40.9 / 60.0 51.3 / 50.3 37.5 / 65.8 74.2 / 28.9

MedicationQA
R1 / R2 / RL 6.5 / 1.4 / 5.2 8.3 / 1.8 / 6.1 5.5 / 1.1 / 4.6 13.9 / 2.7 / 10.1 3.2 / 0.4 / 2.6
BL / BS 51.9 / 76.9 52.2 / 78.1 47.9 / 75.9 28.8 / 82.2 14.7 / 77.7
HL / CP 52.7 / 50.3 44.4 / 57.5 57.6 / 45.6 43.8 / 58.4 87.9 / 13.7

HealthSearchQA
R1 / R2 / RL 16.1 / 4.6 / 12.2 23.8 / 7.6 / 16.0 10.7 / 2.2 / 9.4 21.0 / 5.7 / 13.3 10.4 / 2.4 / 8.2
BL / BS 45.1 / 80.1 48.0 / 82.4 40.5 / 77.6 28.4 / 84.1 31.5 / 78.9
HL / CP 40.0 / 64.8 23.0 / 80.4 57.1 / 48.4 34.8 / 68.8 61.3 / 43.5

K-QA Golden
R1 / R2 / RL 10.4 / 2.2 / 8.0 15.1 / 3.9 / 10.3 9.0 / 1.7 / 7.2 21.0 / 5.2 / 13.3 11.6 / 3.0 / 7.8
BL / BS 47.6 / 79.0 47.0 / 80.3 46.5 / 78.0 28.4 / 84.0 23.7 / 80.2
HL / CP 50.9 / 51.7 42.4 / 58.2 56.9 / 46.1 34.9 / 68.2 64.6 / 38.6

K-QA Silver
R1 / R2 / RL 9.1 / 1.8 / 7.4 12.9 / 3.1 / 9.1 8.2 / 1.4 / 6.8 21.4 / 4.9 / 13.2 8.5 / 1.7 / 5.9
BL / BS 47.5 / 78.5 45.1 / 79.4 45.1 / 77.5 29.2 / 84.3 24.5 / 79.7
HL / CP 59.2 / 40.6 56.7 / 42.3 63.1 / 37.7 45.1 / 55.2 72.5 / 27.4

Table 8: Zero-shot experimental results of real value for Word Composition (R1, R2, and RL), Semantic Similarities
(BL and BS), and Factuality (HL and CP).

Looking into how answers are generated, we find1154

out that most of the answers are composed of repe-1155

tition which may lead to higher scores in automatic1156

evaluation metrics. We want to note that a single1157

automatic evaluation metric cannot handle every1158

aspect of generated responses, thus it needs to be1159

double-checked with another evaluation metric or1160

human evaluator.1161

A.7 Biomedical Knowledge Source &1162

Domain-specific Retriever1163

We use FACTSCORE (Min et al., 2023), which is1164

not used during training, as an additional metric1165

to measure factuality. FACTSCORE measures the1166

support of atomic facts using Wikipedia dumps.1167

However, Wikipedia may not provide sufficient1168

information for discerning biomedical or clinical 1169

claims. Therefore, considering the possibility of 1170

utilizing a domain-specific knowledge retriever, we 1171

follow the construction of biomedical knowledge 1172

from documents retrieved by Self-BioRAG (Jeong 1173

et al., 2024). 1174

Details of Biomedical Knowledge and Retriever. 1175

In the fields of medical and clinical domains, re- 1176

searchers and doctors often supplement their knowl- 1177

edge with additional information to address chal- 1178

lenging issues effectively. Similarly, for a lan- 1179

guage model to solve problems, it needs to retrieve 1180

relevant documents if necessary. To accomplish 1181

this, we utilize the MedCPT (Jin et al., 2023) re- 1182

triever off-the-shelf, which is contrastively trained 1183

on an unprecedented scale of 255M query-article 1184
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MedLFQA
Dataset

Evaluation
Metrics

Open LM (OLAPH Step-1)

LLaMA2 Mistral Meditron Self-BioRAG BioMistral

LiveQA
R1 / R2 / RL 11.9 / 2.5 / 8.8 10.3 / 2.1 / 7.5 12.4 / 2.6 / 9.0 18.2 / 3.4 / 11.6 21.7 / 4.7 / 14.1
BL / BS 54.9 / 79.0 49.2 / 77.1 54.6 / 79.7 34.5 / 82.9 31.9 / 84.2
HL / CP 29.6 / 71.9 33.1 / 66.7 35.2 / 68.5 28.2 / 74.8 34.9 / 73.0

MedicationQA
R1 / R2 / RL 7.6 / 1.6 / 6.1 9.9 / 1.9 / 7.1 8.9 / 1.9 / 7.0 14.4 / 2.7 / 10.1 19.6 / 4.4 / 13.5
BL / BS 56.3 / 77.7 50.5 / 78.7 55.8 / 78.7 35.8 / 82.0 34.1 / 83.6
HL / CP 43.6 / 57.7 31.4 / 66.4 38.3 / 63.6 38.0 / 64.9 31.3 / 73.1

HealthSearchQA
R1 / R2 / RL 17.7 / 5.2 / 13.1 20.6 / 6.4 / 14.1 12.5 / 3.0 / 10.5 23.7 / 6.5 / 14.5 28.6 / 8.7 / 18.0
BL / BS 46.4 / 80.8 47.4 / 81.2 42.4 / 78.6 31.8 / 84.2 35.5 / 85.5
HL / CP 33.9 / 70.3 17.2 / 84.8 52.0 / 52.7 28.6 / 75.2 25.3 / 79.0

K-QA Golden
R1 / R2 / RL 12.7 / 2.9 / 9.6 16.5 / 4.4 / 11.9 15.7 / 3.8 / 11.6 22.5 / 5.6 / 13.7 27.5 / 7.0 / 17.4
BL / BS 50.7 / 80.0 51.7 / 80.9 53.3 / 81.4 34.5 / 84.3 32.5 / 85.9
HL / CP 35.9 / 64.4 23.7 / 74.1 28.8 / 71.4 29.9 / 72.2 27.3 / 78.4

K-QA Silver
R1 / R2 / RL 11.3 / 2.5 / 8.8 28.4 / 8.6 / 17.7 16.9 / 4.1 / 11.9 24.1 / 5.9 / 14.4 27.5 / 7.0 / 17.0
BL / BS 48.4 / 79.3 48.3 / 84.1 50.4 / 81.5 32.8 / 84.7 31.8 / 85.8
HL / CP 52.2 / 47.0 21.0 / 75.9 39.2 / 58.3 37.8 / 62.5 41.7 / 61.2

Table 9: Experimental results of real value after training with our OLAPH framework for one step.

Data # Documents # Chunks Embedding Size

PubMed 36,533,377 69,743,442 400GB
PMC 1,060,173 46,294,271 160GB
CPG 35,733 606,785 3.5GB
Textbook 18 133,875 0.7GB

Table 10: Statistics of the indexed biomedical corpus.
CPG stands for Clinical Practice Guideline.

Model MultiNLI-Matched MultiNLI-Mismatched SNLI MedNLI

GPT-3.5-turbo 69.4 69.3 65.7 59.2
BioBERT-NLI 89.3 88.8 89.2 85.5

Table 11: Performance of Entailment Models in NLI
datasets.

pairs from PubMed search logs. We compile data1185

from four sources to retrieve relevant documents:1186

PubMed Abstract, PMC Full-text, Clinical Guide-1187

lines, and English Medical Textbooks. To ensure1188

computational efficiency, we encode these data of-1189

fline. The documents are segmented into chunks1190

of 128 words with 32-word overlaps to form evi-1191

dence, following previous works(Wang et al., 2019;1192

Karpukhin et al., 2020). Initially, we retrieve the1193

top-20 evidence from each source data, resulting in1194

a total of 80 evidence pieces. Subsequently, we em-1195

ploy the reranking module to obtain the final top-201196

evidence relevant to the query. Table 10 presents1197

the overall statistics of the biomedical corpus and1198

the number of indexed documents.1199
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Figure 6: Percentiles of performance for evaluation
metrics in Self-BioRAG 7B model (Step 0).

A.8 Details of Entailment Model 1200

We employed hallucination and comprehensive- 1201

ness metrics to evaluate factuality in an automated 1202

and cost-effective manner. This involved assessing 1203

the degree of entailment, specifically how much 1204

two statements are included in the actual model’s 1205

response. Further details about this model will 1206

be provided in the appendix of the revised pa- 1207

per. In Table 11, we use a model fine-tuned on 1208

BioBERT (Lee et al., 2020) with three NLI datasets, 1209

MultiNLI (Williams et al., 2018), SNLI (Bowman 1210

et al., 2015), and MedNLI (Romanov and Shivade, 1211

2018). These datasets are designed to determine the 1212

inference relationship between two texts. The ta- 1213

ble below presents the performance (i.e., accuracy) 1214

of the test sets for the two datasets used to train 1215

the model, as well as the performance on MedNLI, 1216

which is used in the medical domain. While easy- 1217

to-access models like GPT-3.5 or GPT-4 could be 1218
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Figure 7: Iterative learning results of K-QA Golden dataset using Self-BioRAG (Top Left), Mistral (Top Right),
LLaMA2 (Bottom Left), and Meditron (Bottom Right).

used for entailment, we aimed to utilize models1219

that are widely-used to many medical researchers1220

without incurring significant API costs.1221

A.9 Why do we use sampling-based1222

predictions?1223

We aim to demonstrate that better-quality long an-1224

swers can be generated through sampling-based1225

prediction generation. We hypothesize that the1226

LLMs can produce answers with higher scores1227

based on pre-determined evaluation metrics (Equa-1228

tion 3) through sampling predictions compared to1229

the deterministic predictions.1230

In Figure 6, we depict percentiles for each eval-1231

uation metric that belongs to the same category.1232

Pink represents the target words evaluating word1233

composition, yellow represents the semantic sim-1234

ilarity, and blue represents the factuality. In each1235

metric, the left side signifies the deterministic pre-1236

diction of the response of LLMs and the right side1237

signifies the highest-scoring response from sam-1238

pling predictions for each question. We observe1239

that the responses with the highest scores generated1240

through sampling surpass those from deterministic1241

prediction. Our OLAPH framework, which itera-1242

tively learns through labeled samples and prefer- 1243

ence sets created using these responses with higher 1244

scores, helps achieve higher performance as the 1245

steps progress. 1246

A.10 Ablation Studies in OLAPH framework 1247
In Table 12, we explore the removal of supervised 1248

fine-tuning (SFT), which sometimes results in an 1249

initial drop in performance (Hong et al., 2024; 1250

Pang et al., 2024). Since it shows significantly bet- 1251

ter performance compared to only applying align- 1252

ment tuning, it is challenging to eliminate the SFT 1253

component. Additionally, achieving quantitatively 1254

high performance without SFT proved to be ex- 1255

tremely difficult. Despite extensive hyperparame- 1256

ter searches, we struggle to find an experimental 1257

setup that could reach peak performance, leading us 1258

to conclude that scalability across different experi- 1259

mental setups is hard to achieve. Furthermore, after 1260

repeated alignment-tuning, we observe an increase 1261

in qualitatively odd responses, such as repetitive 1262

phrasing and excessive response length, as well as 1263

a notable reduction in response diversity. 1264
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MedLFQA
Dataset

Evaluation
Metrics

only DPO (SFT+DPO)

LLaMA2 Mistral Meditron Self-BioRAG BioMistral

LiveQA
Words Composition 7.1 (7.73) 4.5 (6.6) 5.5 (8.0) 11.2 (11.1) 14.7 (13.5)
Semantic Similarity 63.7 (67.0) 65.3 (63.2) 61.7 (67.2) 55.3 (58.7) 49.3 (58.1)
Factuality 25.7 (42.3) 22.1 (33.6) 23.8 (33.3) 45.3 (46.3) 39.3 (38.1)

MedicationQA
Words Composition 3.4 (5.3) 4.7 (6.3) 5.7 (5.9) 9.0 (9.1) 12.1 (12.5)
Semantic Similarity 59.4 (67.0) 64.2 (64.6) 63.9 (67.3) 57.5 (58.9) 56.2 (62.9)
Factuality 12.4 (14.1) 23.1 (35.0) 23.0 (25.3) 25.6 (26.9) 33.2 (41.8)

HealthSearchQA
Words Composition 11.1 (12.0) 15.9 (13.9) 8.4 (8.7) 15.3 (14.9) 14.0 (18.4)
Semantic Similarity 58.6 (63.6) 64.2 (64.3) 61.1 (60.5) 58.3 (58.0) 59.2 (60.5)
Factuality 28.8 (36.4) 66.4 (67.6) 1.3 (0.3) 38.1 (46.6) 47.8 (53.7)

K-QA Golden
Words Composition 7.9 (8.4) 11.8 (10.9) 9.0 (10.2) 8.2 (13.9) 15.5 (17.3)
Semantic Similarity 59.3 (65.4) 64.7 (66.3) 66.3 (67.4) 58.2 (59.4) 55.0 (59.2)
Factuality 28.8 (38.2) 45.8 (50.4) 30.8 (42.6) 37.3 (42.3) 46.2 (51.1)

K-QA Silver
Words Composition 7.2 (7.5) 12.1 (18.2) 8.5 (11.0) 14.2 (14.8) 15.4 (17.2)
Semantic Similarity 58.8 (63.9) 64.9 (66.2) 65.3 (66.0) 58.8 (58.8) 57.1 (58.8)
Factuality -8.6 (-5.2) 44.3 (54.9) 22.9 (19.1) 11.8 (24.7) 13.7 (19.5)

Table 12: Ablation studies that removing SFT part from our OLAPH framework.

Prompt of generating answer and statements

Instruction: Answer the question in a ’Long Form Answer’.
If you could not answer the question or question is vague, then response with ’Vague Question to answer’.
In the process, generate ’Must Have Statements’ and ’Nice to Have Statements’ according to the conditions below.

Must Have Statements: it indicates that a model must include this statement in order to be medically accurate (e.g.,
providing all contrindications for a drug).
Nice to Have Statements: it indicates the statement is supplemental in nature (e.g., providing additional conditions
where this drug may be helpful).

### Question: And what happens if I miss a dose of Saxenda?

Long Form Answer: Liraglutide (Saxenda) is a prescription drug that is used for weight loss and to help keep
weight off once weight has been lost. It is used for obese adults or overweight adults who have weight-related
medical problems. If you miss your dose of Saxenda, take a dose as soon as you remember on the same day.
Then take your next daily dose as usual on the following day. Do not take an extra dose of Saxenda or increase
your dose to make up for a missed dose. If you miss your dose of Saxenda for 3 days or more, contact your
healthcare provider to consult about how to restart your treatment.

Must Have Statements: If a dose of Saxenda is missed for 3 days or more, a healthcare provider should be
contacted to consult about restarting the treatment. The dose of Saxenda should not be increased to make up
for a missed dose. An extra dose of Saxenda should not be taken to make up for a missed dose. The next daily dose
of Saxenda should be taken as usual on the following day after a missed dose. If a dose of Saxenda is
missed, take a dose as soon as remembered on the same day.

Nice to Have Statements: Liraglutide (Saxenda) is a prescription drug used for weight loss and
to maintain weight loss in obese or overweight adults with weight-related medical problems.

### Question: {question}

Long Form Answer: {answer} if exists

Table 13: Prompt of generating answers and statements. We use a one-shot demonstration to generate an answer (if
needed) and decompose it into two statements.
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Figure 8: Google form of pairwise evaluation presented to three medical experts.
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Step-by-step examples trained with OLAPH framework

Dataset: K-QA Golden (Manes et al., 2024)
Model: BioMistral 7B (Labrak et al., 2024)
Question: Alright so I don’t know much about Lexapro would you tell me more about it?

Step-0 Answer (Factuality: 44.2): Sometimes it might help to ease depression and some people are given it but my father has
Chrons disease really bad and he keeps asking for more pain pills and they wont give them to him so they put him on this Lexapro
and he had been giving it for a few years and when they took him off of it he wanted to kill himself and the next day they put him
back on it. Its kind of a weird story and I showed my neuro doc at the time who told me that sometimes its a side effect in people
with some types of autoimmune diseases and it would go away in a month or so when he gets off of it.

Step-1 Answer (Factuality: 83.77): Yes Lexapro is a selective serotonin reuptake inhibitor (SSRI). It is also known as escitalopram
oxalate. It works by increasing levels of the brain chemical serotonin. Alexapro is used to treat depression, generalized anxiety disorder,
and social anxiety disorder. It is believed that people with these disorders have low levels of serotonin, and that increasing these levels
can improve their symptoms. Lexapro may also be used to treat other conditions, including obsessive-compulsive disorder, post-traumatic
stress disorder, panic attacks, and mood disorders such as bipolar disorder and seasonal affective disorder. It is important to note that
Lexapro may cause side effects, and it is important for employees to talk to their doctor or pharmacist about any concerns they may
have about the medicine.

Step-2 Answer (Factuality: 88.92): Lexapro is an antidepressant that is thought to work by increases in the level of shrill in the brain.
It is used to treat depression, anxiety, and related conditions. Lexapro is a selective serotonin reuptake inhibitor (SSRI), which means
that it prevents the breakdown of brain chemicals called serotonin. Serotonin is a chemical that helps regulate mood, and problems with
it are associated with depression and anxiety. By preventing the breakdown of serotonin, Lexapro can help to elevate mood and reduce
anxiety. Lexapro specifically is considered to be less sedating than other SSRI antidepressants, which may be a advantage for some
patients. It is also thought to have a lower risk of side effects related to sexual function and weight gain compared to other SSRI antide-
-pressants. However, as with any medication, it may cause side effects in some people. It is important to talk to a doctor or pharmacist if
you have any questions about the possible benefits or side effects of Lexapro or if you are considering taking it or another medication.

Dataset: HealthSearch QA (Singhal et al., 2023)
Model: Self-BioRAG 7B (Jeong et al., 2024)
Question: Can bulging eyes be corrected?

Step-0 Answer (Factuality: -46.67): Ref Davidson 23rd edition pg 1181

Step-1 Answer (Factuality: 82.0): Yes, bulging eyes can be corrected through surgery. Bulging eyes are often correctable with surgery.
The type of surgery that is used to correct bulging eyes depends on the underlying cause. Surgery for bulging eyes generally involves the
removal or repair of the underlying cause, such as the correction of a defect in the structure of the eye. In some cases, implants may be
inserted to correct bulging eyes. This procedure is known as a ocular implant surgery. In addition to the primary surgery, other procedures
such as laser eye surgery or cataract surgery may be recommended to enhance the correction of the bulging eye condition. It is important
to consult with your doctor to determine the most appropriate treatment option for your specific condition. Yes, bulging eyes can be
corrected with surgery. In general, the procedure involves making an incision in the eye or using an implant to correct the bulging. The
specific technique used will depend on the underlying cause and other factors. It is important to consult with a qualified ophthalmologist
to determine the most appropriate treatment option for your specific condition.

Dataset: K-QA Silver (Manes et al., 2024)
Model: Mistral 7B (Jiang et al., 2023)
Question: I take zyrtec for my allergies will hydroxyzine be ok to take with it?

Step-0 Answer (Factuality: -45.2): Can Zyrtec (cetirizine) be combined with hydroxyzine? Absolutely! In general, cetirizine for the
histamine issues and hydroxyzine you like probably for the itching component. Can I mix Benedryl and hydroxyzine?

Step-1 Answer (Factuality: 16.7): Hydroxyzine is a diphenhydramine. It is an antihistamine that reduces the effects of natural chemical
histamine in the body. Hydroxyzine is used to treat or prevent the symptoms of an allergic reaction. Hydroxyzine is also used to treat the
itching and swelling of a skin rash caused by a condition called urticaria. Hydroxyzine may also be used for purposes not listed in this
medication guide. Zyrtec is a brand name for the drug cetirizine. It is an antihistamine that reduces the effects of natural chemical histamine
in the body. Zyrtec is used to treat or prevent the symptoms of an allergic reaction. Zyrtec is also used to treat the itching and swelling of a
skin rash caused by a condition called urticaria.

Step-2 Answer (Factuality: 100.0): Hydroxyzin is an antihistamine that reduces the effects of natural chemical histamine in the body.
Histamine can produce symptoms of sneezing, itching, watery eyes, and runny nose. Hydrozyzime is used to treat sneeze, runnny. Stuffy
nose,watery. Itching. eye, Itchy throat and other cold or allergy symptoms. Hyrdroxyine may also be used for purposes not listed in this
medication guide. Important information Do not use hydrozyine if you have taken an MAO inhibitor in past 14 days. A very serious allergic
reaction could occur. MA0 inhibitors include isocarboxazid, linezolid, phenelzamine, rasagiline, selegilin, tranylcypromine. To make sure
hydrozide is safe for you, tell your doctor if: you are allerglic to hydroxzinc or to similar medicines such as atropine or scopolamine.

Table 14: We provide several examples trained with our
OLAPH framework.
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