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ABSTRACT

Recently, large language model (LLM) based artificial intelligence (AI) systems
have demonstrated remarkable capabilities in natural language understanding and
generation. However, these models face a significant challenge when it comes to
sensitive applications, such as reasoning over medical knowledge and answering
medical questions in a physician-like manner. Prior studies attempted to overcome
this challenge by increasing the model size (>100B) to learn more general medi-
cal knowledge, while there is still room for improvement in LLMs with smaller-
scale model sizes (<100B). In this work, we start from a pre-trained general LLM
model (AntGLM-10B) and fine-tune it from a medical beginner towards a med-
ical expert (called AntGLM-Med-10B), which leverages a 3-stage optimization
procedure, i.e., general medical knowledge injection, medical domain instruction
tuning, and specific medical task adaptation. Our contributions are threefold: (1)
We specifically investigate how to adapt a pre-trained general LLM in medical
domain, especially for a specific medical task. (2) We collect and construct large-
scale medical datasets for each stage of the optimization process. These datasets
encompass various data types and tasks, such as question-answering, medical rea-
soning, multi-choice questions, and medical conversations. (3) Specifically for
multi-choice questions in the medical domain, we propose a novel Verification-
of-Choice approach for prompting engineering, which significantly enhances the
reasoning ability of LLMs. Remarkably, by combining the above approaches,
our AntGLM-Med-10B model can outperform the most of LLMs on PubMedQA,
including both general and medical LLMs, even when these LLMs have larger
model size.

1 INTRODUCTION

The ability of large language models (LLMs) is truly remarkable to understand and generate text in
various fields like natural language, computer code, and protein sequences. These LLMs leverage
the transformer architecture (Vaswani et al., 2017), which is specifically designed for sequence mod-
eling and trained through self-supervision (Kenton & Toutanova, 2019). By increasing the model
size, dataset size, and training computation, the performance on various benchmarks are consistently
improved (Liang et al., 2022). These empirical findings are in line with a theoretical analysis (Ka-
plan et al., 2020), which highlights the significance of scale in ensuring the reliability of inferences
made by LLMs.

It is a long-standing research topic for AI in medicine to develop LLMs for solving medical prob-
lems, where accurate assessment of medical knowledge and reasoning capabilities is crucial for
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informed decision-making and favorable patient outcomes. Currently, LLMs for applications in
medicine usually fail to fully utilize medical domain data, due to lacking general and specific clin-
ical knowledge (Yim et al., 2020). As indicated by (Singhal et al., 2022), there is a discordance
between what AI models can do and what may be expected of them in real-world clinical work-
flows (Lakkaraju et al., 2022; Schaekermann et al., 2020).

There are two kinds of exploration paths to investigate the adaptation of LLMs in the medical do-
main. One approach is to conduct a thorough assessment of general language models like GPT-
3.5 (Brown et al., 2020), GPT-4 (OpenAI, 2023), and ChatGPT (OpenAI, 2022), without any spe-
cific fine-tuning for medical clinical issues. These models are designed for general purposes and
are not specialized for medical domain. In (Nori et al., 2023), researchers evaluated performance
of GPT-4 model with its predecessors in the GPT family on medical problems. Another way is to
fine-tune a specialized LLM model through training or engineered to solve medical clinical tasks.
For example, Singhal et al. (2023) developed a new medical LLM called Med-PaLM 2 and tar-
geted medical domain-specific fine-tuning, which is based on a new base model (PaLM 2 Anil et al.
(2023)). To evaluate how effectively LLMs encodes clinical medical knowledge, previous works (Jin
et al., 2019; Singhal et al., 2023) generally considered the medical question answering task, which
requires deep understanding on medical context, accurately recalling relevant medical knowledge,
and reasoning with expert-level experiences.

Nevertheless, existing medical LLMs are mainly based on scaling law (Chung et al., 2022) to train
a larger model over massive data, which indeed lacks a fundamental optimization paradigm to adapt
a pre-trained general language model towards a medical-specific expert. We conjecture that it is
mainly due to the intrinsic LLM training paradigm, i.e., large-scale pre-training followed by specific
fine-tuning. Concretely, as a medical beginner, a pre-trained general LLM needs to learn basic med-
ical knowledge as background, which requires a continual pre-training over the large-scale medical
data. Then, considering diverse task types on medical domain (e.g., QA, Multi-choice Question,
and Reasoning), a relatively large-scale instruction fine-tuning process should be applied to encode
task-related knowledge into LLMs. Finally, given a medical problem with a specific task type, a
careful fine-tuning step can help to quickly and accurately adjust a LLM as a medical expert.

In this study, we present a comprehensive methodology for fine-tuning a pre-trained general LLM
model to transform it from a medical beginner to a medical expert. As shown in Figure 1, this process
involves a 3-stage optimization procedure, namely continual pre-training for medical knowledge
injection, medical domain instruction tuning, and specific medical task adaptation. To support each
stage of fine-tuning, we curate and construct diverse large-scale medical datasets that encompass
various data types and cover different tasks. These tasks include question-answering (QA), medical
reasoning, multi-choice question, and medical conversations. Additionally, for the multi-choice
question task within the medical domain, we introduce a novel Verification-of-Choice approach
for prompting engineering. This approach significantly enhances the reasoning ability of LLMs,
offering a valuable contribution to the field. By incorporating the afore-mentioned components,
the obtained AntGLM-Med-10B can achieve an impressive accuracy on the PubMedQA. Notably,
AntGLM-Med-10B can outperform many larger LLMs (>40B), demonstrating its effectiveness and
potential in the medical domain.

The organization of this paper is as follows:

(1) In Section 2, we provide a overview for the recent progress of LLMs and discuss some applica-
tions of LLMs in the medical domain.

(2) In Section 3, we illustrate the framework preliminaries in detail, including the 3-stage optimiza-
tion (continual pre-training, instruction fine-tuning, and specific-task adaptation), dataset collection
and construction, and the utilized techniques.

(3) In Section 4, we provide comprehensive experiments to indicate the effectiveness of 3-stage
optimization, as well as the well analysis for each tuning strategies. The performance on PubMedQA
is significantly improved.
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Step-Ⅰ General Medical Knowledge Injection

Step-ⅠI Medical Domain Instruction Tuning

Step-ⅠII Specific Medical Task Adaptation

Academic Articles Medical Books Knowledge Graphs Examinations
General Medical Knowledge

General LLMs
General Knowledge Injection

DNA is the molecule that carries genetic 
information for an organism.
…

LLMs with General 
Medical Knowledge

…

Medical Domain Instruction
Medical Domain Instruction 

Answer the medical questions.
Explain the definition of …
…

Question Answering Medical Reasoning Multi-Choice Question

LLMs with Medical 
Domain Instruction

Specific Task Adaption

Specific Task Adaptation
Instructions and prompts for the specific 
tasks.

Multi-Choice Evaluation
Instruction
If you are a doctor, please answer the medical questions.
Question: 
Which of the following is true?
Options: (A) … (B) … (C) …
Response:

Medical Expert

Medical Beginner

Figure 1: The 3-stage optimization procedure of AntGLM-Med-10B. We collect different data types (e.g.,
medical articles, books, and examinations) and medical tasks (question answering, reasoning, and multi-choice
questions). In the adaptation stage, we mainly consider the optimizations for multi-choice questions, resulting
in competitive performance on the PubMedQA.

2 RELATED WORK

Large Language Models. LLMs have achieved remarkable performance in various natural lan-
guage processing (NLP) tasks (Brown et al., 2020; Wei et al., 2022; Liu et al., 2023), in recent
years. These developments benefits from scaling up the training of both model size (typically for
transformer-based models) and data scale, where scaling law Chung et al. (2022) indicates the
relationship between model performance and model scale and dataset size. For example, when
trained on extensive text corpora like Wikipedia and BooksCorpus, LLMs could show promising
performance across various NLP tasks, including tasks requiring specialized domain knowledge
and reasoning. In detail, GPT-3 (Brown et al., 2020) stands out as the pioneering language model
with impressive 100 billion parameters, which showcases remarkable few-shot learning capabili-
ties and introduces the concept of in-context learning. Following its success, a plethora of other
LLMs have been proposed, such as Megatron-LM (Korthikanti et al., 2023), OPT (Zhang et al.,
2022), Chinchilla (Hoffmann et al., 2022), Galactica (Taylor et al., 2022), LLaMA (Touvron et al.),
PaLM (Chowdhery et al., 2022), and PaLM-2 (Singhal et al., 2023). These LLM models have further
enhanced language understanding, generation, instruction following, reasoning abilities, and even
possess a deep understanding of common sense knowledge (Mao et al., 2023). As a result, they have
become indispensable base models across various domains, including Finance (Yang et al., 2023),
Education (Milano et al., 2023), and Healthcare Arora & Arora (2023).

Medical LLMs. These advanced improvements for LLMs have also demonstrated the effectiveness
on medical domain, such as HuatuoGPT (Zhang et al., 2023), Med-PaLM 2 (Singhal et al., 2023),
and Visual Med-Alpaca (Gao et al., 2023). In particular, HuatuoGPT (Zhang et al., 2023) presented
to actively ask questions for the patients rather than only make a respond. Visual Med-Alpaca (Gao
et al., 2023) integrated visual experts with LLMs for multi-modal biomedical tasks, which can per-
form better over various tasks. Although these approaches utilized scientific and biomedical corpora
for both discriminative and generative language modeling, they are typically small in model size
compared with LLMs GPT-3 (Brown et al., 2020) and PaLM (Chowdhery et al., 2022).
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Table 1: The collected datasets for different optimization stages.

Optimization Dataset Description

General Medical
Knowledge Injection

Medical Books General medical knowledge in medical and science textbooks

Knowledge Graphs Highly structured medical knowledge in open-source knowledge graphs

Question-Answer Pairs Real-world medical consultation information in textual form

Exam Questions Question, answer, and explanation for testing medical knowledge points

Articles Professional medical and science articles written by different doctors

Medical Domain
Instruction Tuning

PromptCBLUE A instruction-tuning dataset for multi-task and few-shot learning in Chinese

Chinese Examination A dataset collected from the Chinese physician examination data

Wuma QA A large-scale QA database covering encyclopedia, hospital, and doctor

Huatuo Wiki A subset (the data source is Chinese Wikipedia) of Huatuo-26M

Multiple-choice Question Multiple-choice questions from different datasets

Specific Medical Task Adaptation Multiple-choice Question Multiple-choice questions from different datasets

3 FROM BEGINNER TO EXPERT

3.1 FRAMEWORK FORMULATION

In this work, our objective is to teach a medical beginner (i.e., a pre-trained general LLM) and let it
become a medical expert (i.e., a fine-tuned medical LLM), which corresponds to a full procedure for
adapting a pre-trained foundational large language model in the medical domain. The optimization
process can be divided into three key steps: General Medical Knowledge Injection, Medical Domain
Instruction Tuning, and Specific Medical Task Adaptation.

As shown in Figure 1, General Medical Knowledge Injection aims to encode the fundamental
medical knowledge into the pre-trained language model. Medical Domain Instruction Tuning can
enrich the language model with diverse medical task types. Specific Medical Task Adaptation can
tailor the model to align with a specific clinical task.

3.2 BASE LLM: ANTGLM

The base LLM in this work is AntGLM, a general large-scale model developed by Ant Group. We
conduct further pre-training and fine-tuning for its adaptations on the medical domain.

Architecture. AntGLM is based on the GLM architecture (Du et al., 2022), which combines the
ideas of auto-encoding and auto-regression to enhance the learning process. AntGLM is featured by
48 transformer layers, a hidden size of 4096, and 64 attention heads, resulting in 10B parameters.
AntGLM incorporates two-dimensional positional encoding and enables the pre-training task of
predicting the order of blank regions, which can significantly improve the performance of blank
filling during pre-training in a flexible manner. Overall, AntGLM performs well on various natural
language processing tasks.

3.3 DATASETS FOR GENERAL MEDICAL KNOWLEDGE INJECTION

As introduced below, several authoritative Chinese and English datasets are collected for the stage
of General Medical Knowledge Injection, which mainly include PromptCBLUE (Zhu et al., 2023),
MedPaLM2 (Singhal et al., 2023) dataset, and 3 sets of Chinese examination datasets.

Medical Books. In particular, we collect some medical books as training corpora, which include
medical textbooks and popular science books. The high-quality and lengthy text in the book data
makes LLMs easier to learn semantic correlations among contexts. We manually remove the con-
tents in non-text format from the books, such as tables and appendices, which may influence the
model training. After data pre-processing, we used approximately 150,000 medical-related books
during pre-training.

Knowledge Graphs. We use an open-source medical knowledge graph to generate pre-training data,
i.e., Open Medical and Healthcare Alliance (Omaha). The data in the graph is highly structured and
typically stored in the form of triplets. Since it is difficult for pre-training models to directly learn
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Table 4: Chinese Examination Datasets.

Chinese Examination Size
Clinical practitioner 600

Veterinary general practice 400
Licensed pharmacist of Western medicine 480

from triplet information, we sample sub-graphs of different scales and use GPT-3.5-turbo (Brown
et al., 2020; Ouyang et al., 2022) to rewrite them into natural language texts.

Table 2: The data statistics involved in general
medical knowledge injection.

Data Type Token Size

Medical Books 7.18B
Knowledge Graphs 0.15B

QA Pairs 0.24B
Exam Questions 0.11B

Articles 7.71B

Question-Answer Pairs. We collect publicly avail-
able real-world medical question-answer pairs to en-
rich the training, which is easily accessible and
rich medical consultation information in textual form.
Therefore, we directly concatenate the question and
answer data and use it as training corpora.

Exam Questions. Exam questions usually consist of
the question, answer, and explanation. These exam
questions are designed to assess medical knowledge
and require logical reasoning based on the provided
knowledge. Therefore, its data quality is very high,
making it an excellent source for pre-training corpora.

However, due to specific formatting requirements such as multiple-choice and fill-in-the-blank ques-
tions, pre-training models cannot directly consume this data. We also use GPT-3.5-turbo (Brown
et al., 2020; Ouyang et al., 2022) to rewrite the exam question data and convert it into medical
knowledge points.

Articles. Article data consists of cutting-edge medical papers and popular science articles, which
are used to enrich the latest medical knowledge to the dataset. We use PubMed Canese & Weis
(2013) as the source of the paper data, which is a search engine for medical papers and includes
over 25 million articles. PubMed contains both full-text and abstract data. Due to the presence of
special text, such as tables in the full-text, which is difficult to process and may interfere with the
model’s performance, we only use PubMed abstracts as our training data, excluding the abstracts
of the expert-level labeled PQA-L (see in Table 5) in PubMedQA dataset for avoiding annotation
leakage. For medical popular science articles, we purchase professional medical articles written by
different doctors from websites as training corpora.

PromptCBLUE. PromptCBLUE (Zhu et al., 2023) is a dataset for Chinese medical evaluation
jointly constructed by Alibaba Cloud Tianchi, East China Normal University, and other well-known
enterprises and academic research institutions, with rankings being set.

3.3.1 DATASET FOR MEDICAL DOMAIN INSTRUCTION TUNING

Table 3: The data statistics involved in medical
domain instruction tuning.

Data Type Size

PromptCBLUE 68,500
Chinese Examination 151,568

Wuma QA 17,604
Huatuo Wiki 200,000

Multiple-choice Question 194,455

Chinese Examination Datasets. We collect three ex-
amination datasets from the Chinese physician exam-
ination data, including clinical practitioner, veterinary
general practice, and licensed pharmacist of Western
medicine. The overall dataset contains about 150k
data. Table 4 illustrates the distribution of the test set,
involving more than 1000 records.

Wuma QA. We additionally collect 17,600 medical
question-answer pairs from the realistic environment.

Huatuo Wiki. Huatuo-26M (Li et al., 2023) is a large-
scale Chinese medical QA dataset. Huatuo Wiki is
a subset of Huatuo-26M (Li et al., 2023). The data

source of Huatuo Wiki is from the online medical encyclopedia.
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Medical Multiple-choice Question Datasets. Following (Singhal et al., 2023), as shown in Table
1, we utilize the MedQA (Jin et al., 2021), MedMCQA (Pal et al., 2022), PubMedQA (Jin et al.,
2019) and MMLU clinical topics (Hendrycks et al., 2020) datasets.

3.3.2 DATASET FOR SPECIFIC MEDICAL TASK ADAPTATION

Table 5: The detailed information of the PubMedQA dataset.

Statistic PQA-L PQA-U PQA-A
Number of QA pairs 1.0k 61.2k 211.3k
Prop. of yes (%) 55.2 - 92.8
Prop. of no (%) 33.8 - 7.2
Prop. of maybe (%) 11.0 - 0.0

Avg. question length 14.4 15.0 16.3
Avg. context length 238.9 237.3 238.0
Avg. long answer length 43.2 45.9 41.0

PubMedQA. As shown in Table 5,
the PubMedQA dataset (Jin et al.,
2019) consists of 1,000 question an-
swer pairs annotated by the medi-
cal experts and more than 60k un-
labeled questions. Given a question
with a PubMed abstract as the con-
text, the task is to generate a true
choice from the multiple-choice an-
swers (i.e., yes/no/maybe). Besides,
PubMedQA requires answer infer-
ence from the supporting PubMed
abstract context, which is a closed
domain question answering task.

3.4 MEDICAL KNOWLEDGE MODELING

To take full advantage of medical data, we provide a detailed description for the training tricks for
each step of 3-stage optimization. The technique tricks for different steps are shown in Figure 2.

3.4.1 CONTINUAL PRE-TRAINING FOR MEDICAL KNOWLEDGE INJECTION

Following Du et al. (2022), continual pre-training for AntGLM-Med-10B is to optimize an auto-
regressive blank-filling objective. Concretely, given an input text x “[x1, x2, ..., xn], multiple
spans ts1, ..., snu are sampled from it as PART B. Then PART B is replaced by the special [MASK]
token, resulting in a corrupted sequence xcorrupt as PART A. Tokens in Part A can attach each
other in a pair-wise way, while tokens in Part B can only attach Part A and the preceding parts
in Part B. GLM randomly shuffles the spans to improve the model’s semantic understanding for
capturing the relationships among different spans. Two-dimensional positional encoding is utilized
to represent the positional relationships within each span and among different spans. For auto-
regressive generation, each span is padded with special tokens [START] and [END] for input and
output, respectively. This approach allows to automatically train both a bidirectional encoder and a
unidirectional decoder within a unified architecture. By controlling the span length and granularity,
the model can effectively handle both natural language understanding and generation tasks. Due to
the limitations of the scale and capability of the general LLM models, we further pre-train the model
over the medical data, significantly improving the performance in the medical field.

Pre-Training Implementations. The training settings are basically consistent with GLM, using
Adam as the optimizer with the following hyper-parameters: β1 = 0.9, β2 = 0.95. We employ a
cosine learning rate schedule, where the final learning rate is equal to 10% of the maximum learning
rate. Additionally, we apply a weight decay of 0.1 and gradient clipping of 1.0. The batch size is
set to 256. Since we continue pretraining based on a general base, the learning rate is set to 7e-6.
When training a model with a parameter count of 10B, our code achieves a processing speed of
approximately 2000 tokens/gpu/sec on 32 A100 GPUs with 80GB RAM.

3.4.2 FINE-TUNING FOR MEDICAL DOMAIN INSTRUCTION

Instruction Fine-tuning. We applied instruction fine-tuning for the base LLM following the pro-
tocol used by Chung et al. (2022). For this process, we use a cosine learning rate schedule with an
initial learning rate of 6e´6, a weight decay of 0.1 and gradient clipping of 1.0. We utilize 40 A100
GPUs and allocate a batch size of 9 on each device, resulting in an overall batch size of 360.

LoRA Fine-tuning. LoRA, introduced by (Hu et al., 2022), can decrease the the number of trainable
parameters by optimizing pairs of rank-decomposition matrices for pre-trained LLMs, while the
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Figure 2: The detailed techniques for different optimization stages.

CONTEXT:
Using data on cumulative hospital mortality from 180 days
postadmission does not yield a different perspective from using data
from 30 days postadmission for the conditions we studied.

QUESTION:
Measuring hospital mortality rates: are 30-day data enough?
A) yes B) no C) maybe.

ANSWER:

A Multi-choice Question

Let’s think step by step!
Step 1: Understand the question…
Step 2: Consider the significance of the time period…
Step 3: Evaluate the data…
Step 4: Consider the limitations…
Step 5: Weigh the evidence…
Step 6: Answer the question…

Chain of Thought

Plan Verifications:
Think about why the answer is A) yes.
A) Yes. The use of data on cumulative hospital mortality from 180 days postadmission
does not provide a different perspective compared to using data from 30 days
postadmission. This suggests that measuring mortality rates at 30 days is sufficient for
studying the conditions under investigation.

Think about why the answer is B) no.
B) No. Using 30-day data may not be enough to accurately measure hospital mortality
rates. Some conditions may have longer-term effects on patients, and considering data
from 180 days postadmission could provide a more comprehensive understanding of the
true mortality rates for these conditions.

Think about why the answer is C) maybe.
C) Maybe. The adequacy of using 30-day data to measure hospital mortality rates
depends on the specific conditions being studied. Certain conditions may have longer-
term effects or complications that extend beyond 30 days, warranting the inclusion of
data from a longer duration for a more comprehensive understanding of mortality rates.

Execute Verifications:
Please judge the thinking process according to its logical completeness and context:
The answer is A) Yes. The thinking process is logically complete and takes into account
the context provided. It states that using data on cumulative hospital mortality from 180
days postadmission does not provide a different perspective compared to using data from
30 days postadmission. Therefore, it suggests that measuring mortality rates at 30 days is
sufficient for studying the conditions under investigation.

Verification of Choice

Comparison of multiple reasoning paths!

ANSWER:B) no
Baseline ANSWER

ANSWER: A) yes❌ ANSWER: B) no✅

Single reasoning path!

Figure 3: A comparison example for Chain-of-Thought and Verification-of-Choice.

original pre-trained model weights are frozen. The approach greatly reduces the storage requirement
for LLMs, especially when adapted to some specific tasks. Thus, LoRA enables efficient task-
switching without introducing inference latency. For the performance, LoRA can also outperform
several other adaptation methods including adapter, prefix-tuning, and fine-tuning. We use the same
SFT strategy as described by (Hu et al., 2022) for the PubMedQA benchmark.

3.4.3 FINE-TUNING FOR SPECIFIC MEDICAL TASK ADAPTATION

In this section, we provide a detailed description for the prompting strategies used for specific med-
ical task adaptation.

Chain-of-Thought Chain-of-Thought (CoT) is firstly introduced by Wei et al. Wei et al. (2022),
which augments few-shot examples as a enhanced prompt with a step-by-step explanation. The
approach empowers an LLM to condition on multi-step outputs towards the final answer. Medical
questions usually require a complex multi-step reasoning process, which is well fit for CoT prompt-
ing. According to CoT, we exploited a self-generated explanation of each choice for the given
medical questions, which provides the reason why an LLM gives this answer.

Chain-of-Verification. Chain-of-Verification (COVE) Dhuliawala et al. (2023) is proposed to al-
leviate the hallucination issue, enabling LLMs deliberate on their responses for correcting the mis-
takes. Given the initial response as a draft, an LLM is required to plan verification questions for
fact-checking the draft. Then the LLM should answers those questions independently, guaranteeing
each response is not biased by others. Based on the above verification, the LLM can generate the
final verified response with a higher confidence.
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Figure 4: Overview of C-Poly framework. Figure 5: The PubMedQA learderboard.

Verification-of-Choice. Building on COT Wei et al. (2022) and COVE Dhuliawala et al. (2023),
we presented a simple prompting strategy named as Verification-of-Choice (VoC) for multi-choice
medical questions. VoC involves conditioning an LLM on its own generations for each choice before
selecting a choice as the final answer.

The overall process of VoC contains three steps: (1) Plan Multi-Choice Verifications: Given a query,
assume that each choice is the true answer, let an LLM self-generate the corresponding explanation
for each choice. Each explanation can be taken as a CoT for the choice. (2) Execute Multi-Choice
Verifications: Taking multi-choice verifications as a context, LLM could make a comparison among
them and self-analyze if there are any inconsistencies. (3) Generate Final Response: Given the
inconsistencies (if any) among multi-choice verification, LLM could generate a final response.

Unlike CoT and COVE, VoC may be used to investigate the inconsistency between the explanations
of multiple choices and questions, thus it is helpful to produce more accurate responses. For ex-
ample, the explanation of a choice is different with the conditions in the question. In this work, we
apply VoC only for multiple-choice question task.

Post-hoc Processing. PPL ranking is adopted as the indicator of uncertainty. For multi-choice QA
datasets, the specific solution is to concatenate the original text with each option. Then a LLM is
required to calculate the corresponding perplexity (Perplexity score) and select the option with the
smallest PPL as the final predicted option. As for other datasets, generation and post-processing are
utilized to produce the final response.

LLM-annotated PQA-U. As shown in Table 5, the PQA-U subset of the PubMedQA dataset is
not well utilized due to without accurate annotations. It is noticed that long answers of the PQA-
U subset are provided, which implicitly involve the correct answer for each question. To fully
utilize the PQA-U subset, given a question in PQA-U, LLMs are required to generate responses for
questions with the corresponding long answer, where VoC strategy is used to improve the correctness
of answers. Then the generate answers are taken as pseudo annotations of PQA-U, which join the
stage of specific medical task adaptation.

To evaluate the annotation accuracy for PQA-U, we fine-tuned two models and reported their perfor-
mance on the test set of PubMedQA. Concretely, one model is fine-tuned on the PQA-L and PQA-U
annotated using long answers. Another model is fine-tuned on the PQA-L and PQA-U annotated
using both long answers and VoC. The results are reported in Section.

CPoly Fine-tuning. C-Poly, a fine-tuning method by Anonymous (2023), uses multi-task learning
and adapters to differentiate shared and customized skills. It allows multi-class task samples to learn
from each other in multi-adapter PEFT. The unified MTL framework C-Poly (Figure 4) enhances
sample efficiency across tasks. For T tasks with data xt, the PLE-like structure has adapter modules
Φ with |ΦA| `T ˆ |Φt

B | “ A`T ˆB adapters, assuming B “ 1. The C-Poly output is the sum
of shared and task-specific adapters (Equation 1), with wi as learnable weights.

A
ÿ

i“1

wt
iϕipx

tq

loooooomoooooon

Task-Common

`

B
ÿ

j“1
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jϕ

t
jpxtq

loooooomoooooon

Task-Specific

“

A
ÿ

i“1
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iϕipx

tq ` wtϕtpxtq (1)
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Table 6: The leaderboard for the PubMedQA dataset. Our AntGLM-Med-10B could obtain competitive per-
formance with a relatively small model size.

Model Size Accuracy

Med-PaLM 2 (Singhal et al., 2023) NA 81.8
Palmyra-Med (Kamble & Alshikh, 2023) 40B 81.1
AntGLM-Med 10B 80.6
GPT-4-base (Nori et al., 2023) NA 80.4
GPT-3.5 + Z-Code++ (He et al., 2023) 175B 79.6
Flan-PaLM-3-shot (Singhal et al., 2022) 540B 79.0
Codex-5-shot (Liévin et al., 2023) 175B 78.2
Human Performance (Jin et al., 2019) NA 78.0
Galactica (Taylor et al., 2022) 120B 77.6
GatorTronGPT (Peng et al., 2023) 20B 77.6

The allocation matrix W P RTˆpA`T q differentiates shared (WA) and customized (WB) skills.
Different learning methods optimize skill acquisition, using low-rank approximations for efficiency.
Shared skills use a Gumbel-sigmoid approach for differentiable sampling. Specialized skills are
learned by differentiating shared and exclusive modules.

By combining the above-mentioned three optimization stages together, we fine-tine AntGLM-10B
on the collected large-scale, high-quality, medical-domain corpus, resulting in our final model
AntGLM-Med-10B.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

In our experiments, we mainly discuss the LLM’s performance after the final stage (Specific Medical
Task Adaptation). The details are described as follows. In the case of vanilla LoRA, we set the rank
of the low-rank approximation, r “ 8. We utilize 4 parallel LoRA for task-common skills and 1
LoRA for task-custom skill in CPoly, the rank is set to r “ 4. This decision is made to ensure a
comparable number of training parameters across all methods. We train our model for 10 epoch with
a batch size of 12 on given datasets during training. The AdamW optimizer (Loshchilov & Hutter,
2017) is used with a learning rate of 5e´5. We also employ the linear decay strategy (Loshchilov &
Hutter, 2016) as the learning rate scheduler with a weight decay of 0.01 and a warming up ratio of
0.06.

4.2 MODEL EVALUATION

To evaluate our AntGLM-Med-10B model, we consider multi-choice question as the adaptation task
in the third optimization stage). The PubMedQA dataset is utilized as the evaluation dataset, which
requires medical research comprehension skills to make reasoning over PubMed abstract context.
We use 500 test samples for evaluation.

4.3 EXPERIMENTAL RESULTS

4.3.1 MAIN RESULTS

Results for PubMedQA. On PubMedQA, AntGLM-Med-10B obtained a score of 80.6%. This is
below the state-of-the-art performance (81.8 from Med-PaLM 2 (Singhal et al., 2023)) and second
place (81.1 from Palmyra-Med (Kamble & Alshikh, 2023)). The main reason is due to the rela-
tively smaller model size, e.g., AntGLM-Med-10B vs. Palmyra-Med-40B. Although that, AntGLM-
Med-10B could exhibit improved performance compared to some other larger LLMs (as shown
in Figure 5). Besides, AntGLM-Med-10B surpasses the models with similar model sizes (e.g.,
GatorTronGPT (Peng et al., 2023)).
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Figure 6: Accuracy results on PubMedQA at different optimization stages. Stage-1 is the accuracy based on
general medical knowledge injection. Stage-2 is for medical domain instruction based on Stage-1. Stage-3 is
for specific medical task adaptation based on Stage-2.

Table 7: The accuracy results for models fine-tuned on PQA-L and PQA-U. PQA-U are annotated using
different strategies. Long answer and VoC can provided the best accuracy results for LoRA and full parameter
fine-tuning adaptation strategies, indicating that VoC can further improve the annotation accuracy for PQA-U.

Fine-tuning Annotation Strategy PubMedQA

LoRA Long Answer 86.6

Long Answer + VoC 87.6

Full Parameter Tuning Long Answer 87.8

Long Answer + VoC 88.2

Table 8: The detailed performance for specific task adaptation using different datasets and tuning strategies.

Fine-tuning Dataset Size PubMedQA

Cpoly

PubMedQA 500
80.6MedMCQA 500

MedQA 500

PubMedQA 500 80.4MedMCQA 500

PubMedQA 500 80.2MedQA 500

MedMCQA 500 -MedQA 500

LoRA
PubMedQA 500 78.8

MedMCQA 500 78.6

MedQA 500 78.0

Results for Different Stages. As shown in Figure 6, we observed continuous accuracy improve-
ments on the PubMedQA dataset throughout the entire optimization procedure. It is observed that
the base model only obtained an initial accuracy of 57.2% on PubMedQA, and ultimately achieved
a 80.6% accuracy by the end of the optimization procedure, which indicate the effectiveness of the
3-stage optimization.

10
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4.3.2 MORE DISCUSSIONS

Effectiveness of VOC. To evaluate the annotation accuracy for PQA-U, we fine-tuned two LLM
models and reported their performance on the test set of PubMedQA. Concretely, one model is fine-
tuned on the PQA-L and PQA-U, where PQA-U is annotated only using long answers. Another
model is fine-tuned on the PQA-L and PQA-U, where PQA-U is annotated using both long answers
and VoC. The results are reported in Table 7. Using both long answer and VoC to annotate PQA-U,
the model can exhibit higher accuracy, which indicate that VoC can help to improve the annotation
accuracy for PQA-U.

Effectiveness of Cpoly. We evaluated the effectiveness of CPoly on multiple datasets and con-
ducted an ablation experiment in Table 8. We randomly selected 500 samples from the PubMedQA,
MedMCQA, and MedQA datasets respectively, and combined them using different strategies. We
then validated the training results of a single, two, and three dataset samples, respectively. Since
the router vectors of multiple adapters trained in CPoly cannot index and effectively predict un-
trained unknown tasks, we only reported the dataset’s performance with the corresponding training
set when using CPoly. The training results of CPoly on multiple datasets achieved significantly
more improvement than those of LoRA on a single dataset. As the number of datasets involved
in the CPoly training process increases, the best performance on PubMedQA increases. As the
number of datasets trained with multitasking increased, the performance is significantly improved
compared with training on a single dataset.

5 CONCLUSION

In this work, we explore how to adapt a pre-trained general LLM in medical domain, from a medi-
cal beginner to a medical expert. Starting from a pre-trained general LLM model (AntGLM-10B),
we leverage a 3-stage optimization procedure to fine-tune it, i.e., continual pre-training for medical
knowledge injection, medical domain instruction tuning, and specific medical task adaptation. Dif-
ferent large-scale medical datasets are collected, covering various data types and different tasks, such
as question-answering (QA), medical reasoning, multi-choice question, and medical conversations.
Besides, for multi-choice question in medical domain, we design a novel Verification-of-Choice ap-
proach for prompting engineering, which can significantly enhance the reasoning ability of LLMs.
By combining the above points together, our AntGLM-Med-10B model can exhibit competitive per-
formance compared with both general LLMs and other LLMs pre-trained on medical knowledge
on the PubMedQA. It is noticed that AntGLM-Med-10B can outperform the most of larger LLMs
(>40B).
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Table 9: A prompt example for generating LLM-annotated PQA-U on PubMedQA dataset.

Context

OBJECTIVE. We compare 30-day and 180-day postadmission hos-
pital mortality rates for all Medicare patients and those in three cat-
egories of cardiac care: coronary artery bypass graft surgery, acute
myocardial infarction, and congestive heart failure.
DATA SOURCES/COLLECTION. Health Care Financing Admin-
istration (HCFA) hospital mortality data for FY 1989.
STUDY DESIGN. Using hospital level public use files of actual and
predicted mortality at 30 and 180 days, we constructed residual mor-
tality measures for each hospital. We ranked hospitals and used re-
ceiver operating characteristic (ROC) curves to compare 0-30, 31-180,
and 0-180-day postadmission mortality.
PRINCIPAL FINDINGS. For the admissions we studied, we found
a broad range of hospital performance when we ranked hospitals us-
ing the 30-day data; some hospitals had much lower than predicted
30-day mortality rates, while others had much higher than predicted
mortality rates. Data from the time period 31-180 days postadmission
yield results that corroborate the 0-30 day postadmission data. More-
over, we found evidence that hospital performance on one condition is
related to performance on the other conditions, but that the correlation
is much weaker in the 31-180-day interval than in the 0-30-day period.
Using ROC curves, we found that the 30-day data discriminated the
top and bottom fifths of the 180-day data extremely well, especially
for AMI outcomes.
QUESTION: Measuring hospital mortality rates: are 30-day enough?
A) yes B) no C) maybe

Verification-of-Choice

Step-1: Plan Multi-Choice Verification
Think about why the answer is A) yes.
A) Yes. The use of data on cumulative hospital mortality from 180
days postadmission does not provide a different perspective compared
to using data from 30 days postadmission. This suggests that measur-
ing mortality rates at 30 days is sufficient for studying the conditions
under investigation.
Think about why the answer is B) no.
B) No. Using 30-day data may not be enough to accurately measure
hospital mortality rates. Some conditions may have longer-term ef-
fects on patients, and considering data from 180 days postadmission
could provide a more comprehensive understanding of the true mor-
tality rates for these conditions.
Think about why the answer is C) maybe.
C) Maybe. The adequacy of using 30-day data to measure hospital
mortality rates depends on the specific conditions being studied. Cer-
tain conditions may have longer-term effects or complications that ex-
tend beyond 30 days, warranting the inclusion of data from a longer
duration for a more comprehensive understanding of mortality rates

Step-2: Execute Multi-Choice Verification
Please judge the yes/no/maybe thinking process according to its logi-
cal completeness and context.
The answer is A) Yes. The thinking process is logically complete and
takes into account the context provided. It states that using data on
cumulative hospital mortality from 180 days postadmission does not
provide a different perspective compared to using data from 30 days
postadmission. Therefore, it suggests that measuring mortality rates
at 30 days is sufficient for studying the conditions under investigation.

Step-3: Generate Final Response

Answer: A
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