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DoctorGLM: Fine-tuning your Chinese Doctor is not a Herculean Task
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Abstract

The recent progress of large language models (LLMs),
including ChatGPT and GPT-4, in comprehending and re-
sponding to human instructions has been remarkable. Nev-
ertheless, these models typically perform better in English
and have not been explicitly trained for the medical do-
main, resulting in suboptimal precision in diagnoses, drug
recommendations, and other medical advice. Addition-
ally, training and deploying a dialogue model is still be-
lieved to be impossible for hospitals, hindering the pro-
motion of LLMs. To tackle these challenges, we have
collected databases of medical dialogues in Chinese with
ChatGPT'’s help and adopted several techniques to train an
easy-deploy LLM. Remarkably, we were able to fine-tune
the ChatGLM-6B on a single A100 80G in 13 hours, which
means having a healthcare-purpose LLM can be very af-
Jordable. DoctorGLM is currently an early-stage engineer-
ing attempt and contain various mistakes. We are shar-
ing it with the broader community to invite feedback and
suggestions to improve its healthcare-focused capabilities:
https://github.com/xionghonglin/DoctorGLM.

1. Introduction

Large Language Models (LLMs) are highly advanced ar-
tificial intelligence systems that have undergone extensive
training on vast amounts of text data. By utilizing deep
learning techniques, these models are able to generate re-
sponses that resemble human-like speech, making them in-
credibly useful in a variety of tasks, such as language trans-
lation, question answering, and text generation. OpenAl’s
GPT series, among other LLMs, has exhibited remarkable
results, and has the potential to revolutionize various indus-
tries, including marketing, education, and customer service.
LLMs are highly sought after for their ability to process and
understand large amounts of data, which makes them well-
suited to solve complex problems.

Despite their remarkable performance in natural lan-
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guage processing, large language models like ChatGPT and
GPT-4 have not been designed specifically for the medical
domain. As aresult, using LLMs for medical purposes may
lead to suboptimal precision in diagnoses, drug recommen-
dations, and other medical advice, potentially causing harm
to patients. Another limitation of large language models
like ChatGPT and GPT-4 is that they are typically trained in
English, which restricts their ability to comprehend and re-
spond to other languages. This can create a barrier for indi-
viduals who do not speak English as their first language and
limit the accessibility of medical advice to a wider audience.
In order to overcome these limitations and better integrate
LLMs into the lives of most ordinary people, it’s crucial to
develop medical-tailored LLMs that can be trained in mul-
tiple languages. This will not only improve the accuracy of
medical advice provided by these models but also make it
more accessible to a wider audience.

In order to improve the precision and accuracy of med-
ical advice provided by language models in the medical
domain, a database of medical dialogues in Chinese has
been compiled. This database contains information from a
large number of patients, including their symptoms, recom-
mended medications, and the necessary medical tests. The
database has been created to provide language models with
extensive medical knowledge and to enable them to gen-
erate more accurate and personalized responses to medical
queries. By incorporating this knowledge, the hope is to im-
prove the ability of language models to diagnose illnesses
and provide better recommendations to patients, ultimately
improving the quality of healthcare.

To optimize our medical language model for both Chi-
nese and English languages and, more importantly, explore
a feasible pipeline of customized medical LLMs, we fine-
tuned it based on ChatGLM, a pre-trained language model
with 6 billion parameters. This model is unique in that it is
bilingual, offering proficiency in both English and Chinese.
Furthermore, the GLM model has a unique scaling property
that allows for INT4 quantization enabling effective infer-
ence on a single RTX 3060 (12G). This scaling property is a
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such as fainting, foaming at the mouth, and limb twitching. As this
condition is caused by abnormal brain lesions, there aren't many
preventive measures that can be taken. Therefore, it is important to be
mindful and take precautions to avoid any head injuries that could
potentially impact the brain.
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physiological changes, older adults may be more
sensitive to caffeine and may be more susceptible to
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Figure 1. Overview of DoctorGLM fine-tuning and inference pipeline.

major breakthrough in the field of healthcare language mod-
eling, as it allows for more efficient and cost-effective com-
putation on affordable GPUs, making it easier for hospitals
to deploy their medical dialogue models based on their in-
house data. Also, we use low-rank adaptation that facilitates
fine-tuning on an A100 80G GPU. This allows for faster in-
ference times, making it easier for researchers and devel-
opers to utilize large-scale language models for a variety of
applications.

At present, the general public often assumes that large
language models (LLMs) are monopolized by technology
giants due to the substantial computational costs associated
with ChatGPT. However, in this paper, we demonstrate that
a specialized Chinese dialogue language model focused on
the medical domain can be trained for less than 100 USD.
We accomplish this by utilizing parameter-efficient tuning
and quantization techniques, enabling the development of
an LLM-based system that can be customized for specific
tasks. The main contributions of this paper are summarized
below:

e We present the first attempt at training a non-English
healthcare LLM.

* We develop a comprehensive pipeline for training di-
alogue models, applicable across different languages
and adaptable to any specific clinical department. The
source code is made available on GitHub.

* We demonstrate that the costs of training and deploy-
ing a personalized LLM are affordable, thus encour-
aging hospitals to train their own LLMs based on in-
house data with ease.

2. Large Language Models in Healthcare
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Figure 2. The implementation of large-scale translation. A tiny
and high-quality dataset is built through ChatGPT. The collected
dataset serves as a fine-tuning set for a pre-trained language model,
enabling it to perform specialized machine translation.

Recent advances in Transformer architecture [12] and
computing power have enabled the training of large lan-
guage models with billions of parameters, leading to a sig-
nificant improvement in their ability to summarize, trans-
late, predict and generate human-like text [2, 9, 10]. In
pre-ChatGPT era, several healthcare language models have
been developed based on general-purpose model weight



Table 1. Statistics of the used datasets. Chat means multi-round QA. Syn. means whether the data is generated by other language models.

CMD. means Chinese medical dialogue.

Dataset Department Language Q&A Chat Number Syn. Size
Surgical 116K 52MB
Obstetrics and Gynecology 229K 78MB
CMD. Pediatrics CN v X 117K X 47MB
Internal Medicine 307K 102MB
Andriatria 113K 44MB
MedDialog Multiple CN&EN v v 3.4M X 1.5GB
ChatDoctor Multiple EN v X 54K v 2.9MB
HearlthcareMagic Multiple EN v x 200K X 216MB

and training schemes. BioBERT [7] and PubMedBERT [5]
are examples of BERT [3] models trained on PubMed
for biomedical data, while ClinicalBERT [1] was further
trained on the MIMIC dataset and outperformed its prede-
Cessor.

After ChatGPT showed the potential of 100B-scale
model, researches expand healthcare language model to
a much larger scale and give very promising results.
Med-PalLM [10] was developed in late 2022 using cu-
rated biomedical corpora and human feedback, and showed
promising results, including a 67.6% accuracy on the
MedQA exam. ChatGPT, which was not given supplemen-
tary medical training, passed all three parts of the USMLE
and achieved over 50% accuracy across all exams and sur-
passed 60% accuracy in the majority of them [6]. Chat-
CAD [13] combined medical image analysis models with
ChatGPT and offered an interactive computer-aided diag-
nosis. ChatDoctor [14] is a medical chat model fine-tuned
on LLaMA model using clinical QA that is synthesised by
ChatGPT.

3. Approach
3.1. Dataset with ChatGPT’s Help

It is worth noting that there exists a lot of high-quality
datasets released in English. To utilize the available re-
sources, we have translated ChatDoctor [14] dataset to en-
hance the Chinese language proficiency of the DoctorGLM.

The medical-targeted LLM requires professional train-
ing data, which asks high demands for English-Chinese
translation. ChatGPT is capable of professional clinical text
translation, but this would incur an overhead of tens of thou-
sands of dollars for a large-scale dataset, which is unaccept-
able to most researchers. Here, we take a simple and low-
cost approach to large-scale translation by leveraging the
capabilities of ChatGPT.

Translation of the dataset is generally in two steps as
shown in Figure 2. X = {x1,2q,...,2n} is initially se-

lected from the ChatDoctor dataset, where x,, is the raw En-
glish text, and corresponding high-quality translation Y =
{y1,¥2,...,yn} is obtained through ChatGPT APIL Then, a
BART-based pre-trained model [! 1] is fine-tuned solely on
paired X and Y without any additional datasets. In this
way, the language model can distill the expert-level knowl-
edge from ChatGPT and the refined small model can act
as an acceptable alternative to LLMs '. We have translated
ChatDoctor ? to use in our training.

To develop conversational models of high quality on a
limited academic budget, ChatDoctor [14] utilized a strat-
egy where each message from the disease database was en-
tered as an individual prompt into the GPT3.5-turbo model
to generate instruction data automatically. The prompts pro-
vided to the ChatGPT API contained the gold standard of
diseases, symptoms, and drugs, resulting in a dataset that
preserves the conversational fluency of ChatGPT while also
achieving higher diagnostic accuracy than ChatGPT alone.

3.2. Prompt Designer

Large language models have achieved remarkable per-
formance in conversational tasks. However, their outputs
may be unreliable and deceptive. This issue also exists with
ChatGLM, which is utilized in DoctorGLM. To address this
problem and enhance the reliability of DoctorGLM’s out-
puts, we use a prompt designer module that pre-processes
the user’s input.

The prompt designer module extracts relevant keywords
such as the name of the disease or symptoms from the user’s
input. The module then utilizes the name of the most likely
disease as a label and generates a brief description based on
a professional disease knowledge library. This library com-
prises a comprehensive collection of detailed documents
about various diseases. In particular, we have 3231 dis-
ease documents in detail, all of which are sourced from the
Merck Manual of Diagnosis and Therapy.

! Available at: https://huggingface.co/zhaozh/medical_chat-en-zh
2ChatDoctor: Google drive
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The prompt designer’s output includes information about
the disease’s symptoms, diagnosis, treatment options, and
preventive measures. By providing a professionally gener-
ated prompt, the prompt designer expands the expertise and
reliability of DoctorGLM for a particular disease. Addition-
ally, it serves as a reliable source of information for users.

The generated prompt is integrated into the large lan-
guage model, along with the original input, to improve the
accuracy and reliability of DoctorGLM’s responses. By us-
ing this approach, we can enhance the overall performance
of DoctorGLM and provide reliable and trustworthy infor-
mation to users. This system can also be used with other
large language models that have decent in-context learning
ability, e.g., ChatGPT, LLaMA and ChatGLM.

3.3. Training of DoctorGLM

We utilized the ChatGLM-6B model [4, 15] in develop-
ing our DoctorGLM. This open bilingual language model is
based on the General Language Model (GLM) framework
and has 6.2 billion parameters. ChatGLM-6B is optimized
for Chinese QA and dialogue, and its technology is simi-
lar to ChatGPT. The model was trained on approximately
1 trillion tokens of Chinese and English corpus, with ad-
ditional supervised fine-tuning, feedback bootstrap, and re-
inforcement learning using human feedback. Despite hav-
ing only 6.2 billion parameters, ChatGLM-6B generates an-
swers that are aligned with human preference. Furthermore,
we use low-rank adaptation (LoRA) to finetune ChatGLM
with only 7 million trainable parameters.

The fine-tuning process using all Chinese medical dia-
logue dataset was conducted using an A100 GPU for a du-
ration of 8 hours. The hyper-parameters employed in the
training process were as follows: the batch size of 4, a learn-
ing rate of 2e-5 with lion optimizer, a total of 1 epochs, a
maximum sequence length of 512 tokens, a maximum tar-
get length of 100 tokens. with no warmup and weight decay.
The low-rank adaption is applied to ¢, v and rank is set to 8
with alpha set to 16.

4. Main Results
4.1. Compare to General Purpose Models

Here we demonstrate some some QA with DoctorGLM
in Table 2, 3 and 4. We compared to our base model
ChatGLM-6B and ChatGPT (gpt-3.5-turbo). DoctorGLM
here have no additional prompt and filter. This model is
trained based on CMD., with data from five departments.
We also ask a doctor to mark the error and

In general, DoctorGLM tend to be too arbitrary while
general models like ChatGPT are more conservative. For
example, in Q2 (see Table 3), ChatGLM suggested to use
Ribavirin Granules,

4.2. Generation Diversity

Top-p and temperature are techniques used in text gener-
ation models to control the diversity and quality of the gen-
erated output. Top-p (also known as nucleus sampling or
softmax sampling) is a method used to select the most likely
words based on their probabilities in the model’s output dis-
tribution. It works by selecting the smallest set of words
whose cumulative probability exceeds a certain threshold.
This allows for more diverse output than simply selecting
the most probable word at each step. Temperature, on the
other hand, is a scalar parameter that controls the random-
ness of the generated output. A higher temperature value
results in more diverse and creative output, while a lower
value leads to more conservative and predictable output.
The temperature parameter controls the softmax function
used to calculate the probabilities of the next word in the
generated sequence. The results are presented on Table. 6

4.3. How many iteration is good enough?

For LoRA, we don’t know yet. See Table. 7 for more
detail. During our training, we found model collapse after
50K iterations and can not produce any meaningful output.

4.4, P-tuning vs. LoRA

We also tested the P-tuning [8], which is a method for
fine-tuning large language models that involves optimizing
only continuous prompts, significantly reducing storage and
memory usage per task. It performs comparably to fine-
tuning with only 0.1%-3% of the fine-tuning parameters .
We compare LoRA and P-Tuning V2 for our model and the
results are shown in Table. 5.

5. Cost

Training a LLM from scratch with web-scale data can be
a costly endeavor, but fine-tuning can be a more econom-
ical approach. DoctorGLM’s training process can handle
approximately 80,000 single question and answer pairs per
hour per GPU. Assuming that three epochs are necessary,
and the cloud computing server of an A100 GPU is approx-
imately 5 USD per hour, the total training time required
is 3.75 hours, which translates to a cost of approximately
18.75 USD for fine-tuning a DoctorGLM on 100,000 QA
pairs.

On the other hand, the inference process for DoctorGLM
requires only about 13 GB of GPU memory and can be per-
formed on a consumer-level GPU such as an RTX 3090.
This results in a total cost (inference PC) of approximately
1500 USD.

It’s worth noting that these costs may vary depending
on the current price of GPUs and your location, but they
remain relatively affordable for many research institution
and hospitals.
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Table 2. Doctor’s comments are marked in blue. Factual errors are marked in red. Improper diagnosis are marked in green.

6. Technical Limitations web API. This delay is partly due to the chatbot’s typ-

. . . ing indicator.
This work is in a very early stage and contains nu-

merous mistakes, making it unsuitable for any commer- 3. We are currently facing difficulties in quantizing this
cial or clinical use. One of the reasons we have published model. While ChatGLM runs satisfactorily on INT-4
our work is to invite the broader community to help im- (using about 6G), the trained LoRA of DoctorGLM ap-
prove this healthcare-focused language model, with the aim pears to have some issues. As a result, we are currently
of making it more accessible, affordable, and convenient for unable to deploy our model on more affordable GPUs,
a larger audience. Below are some critical technical issues such as the RTX 3060 and RTX 2080.

we encountered during this project: 4. We have noticed that the model’s performance declines

with prolonged training, but we currently lack a strat-
egy for determining when to stop training. It appears
that cross-entropy is an overly rigid constraint when
fine-tuning LLMs.

1. DoctorGLM experiences a loss in capability during lo-
gistic training, and it occasionally repeats itself (see
Table 2 A4 (DoctorGLM)). We suspect that fine-tuning
typically incurs a higher alignment cost compared to

reinforcement learning with human feedback (RLHF). References
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Table 4. Doctor’s comments are marked in blue. Factual errors are marked in red. Improper diagnosis are marked in green.
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Table 5. Comparison of two finetuning method: lora and ptuningv2.

3(1):1-23,2021. 3 a pre-trained biomedical language representation model for
[6] Tiffany H Kung, Morgan Cheatham, Arielle Medinilla, Chat- biomedical text mining. Bioinformatics, 36(4):1234-1240,
GPT, Czarina Sillos, Lorie De Leon, Camille Elepano, Marie 2020. 3
Madriaga, Rimel Aggabao, Giezel Diaz-Candido, et al. Per- [8] Xiao Liu, Kaixuan Ji, Yicheng Fu, Zhengxiao Du, Zhilin
formance of chatgpt on usmle: Potential for ai-assisted med- Yang, and Jie Tang. P-tuning v2: Prompt tuning can be com-
ical education using large language models. medRxiv, pages parable to fine-tuning universally across scales and tasks.
2022-12,2022. 3 arXiv preprint arXiv:2110.07602, 2021. 4
[7] Jinhyuk Lee, Wonjin Yoon, Sungdong Kim, Donghyeon [9] Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee,

Kim, Sunkyu Kim, Chan Ho So, and Jaewoo Kang. Biobert: Sharan Narang, Michael Matena, Yanqi Zhou, Wei Li, and




Top-p=0.6

Top-p=0.7

Top-p=0.8

T=| aPERERNBRTRERE, @ | Ry, RPBHEZAERKE | aPEERMEREILERE R
090 | B BH, JFBREE, K Tl | R, BWNHERAYIRT, W | (FEREE 2 —HFEE A fE_ AR
LIEREBIRAAT LIS § PIZATE | FEEKS, FNEELEK, | SRS RES BRI E L RZE
HIFK, Z@aEK, TLIZS | RBHER, BRAXHUMEY | HEBRE, SHEREEREE
PRBEORK, DehmBOR | AN FARAGYMMIES | #HEEE LK, LFH, TNE, %
W, WA BaBA%E, R | %, RNTTLUNEEBERMNESSF | B, MEIRAE, WU ME SRS
B E38.5°C, A LAMZ A% 35IR | 297677, WIEHABEORK, 1B | oWl L kRS 75 Ao
o EREBMT38.5°CHIE, ol | FRE, WRELREEIIISE, | MAERH, ZUGEK, ZKRELD
DIZ RGN AIE 2R BRI, £ | s LN FHBRA UM%, @ | BEREIIRIEIT(B)
K, WZSIRAMEY, BEBOR | I39F, ATLUERREZY, WA
MEY, FEKRE, EEIE, | EF%E, Bid40E, ZEFKR
waPRHEE®F JT(C)
T=| AHRMREREILETEIWER, | AERMREREDNILEEILNE | ’F, sPERMNREREFZ,
0.95| HANE RIS, K22 | iz —, ILZERRDEMZE | LR - MESHEERYE, i
RMAER, KH, £ 0&E, | A8, FHEAHEMERE, B | PEHTR2EREME £4F,
RZW, ZWEZINE, KRG | B, HHEEREREESIR, | TLL, O HREERE, BT —
R, RIBREWZW, WG | DUE A TR BRI R | EAREREE, AR . &
B, BR, BPL, BRE, § | A28 0E, %W, KFE, =7 | iR aX[ERE, #TF
W, kI, @8 R&E, Kb, | ZWRITEWN: 1. JWEWRT: B | TSR aPAKET, &FE
ZW, ZWEZmE, B, | BBEEARE, mEARET T | EARERLBETIEEGE,
BRPL, MEWR, BWmE, £ | £, WaERERE ST | 2EHEWE, B e, DR
B, REBIERE, REEEGW, | £RBIT2. ofER)T: AN | BEREERL TP (#iE,
ZWSZINE, AR, BPL, | WREE, AS5BRAGMMIES | £k i PBEKA)
WELESE, BWEURE, AR, ZBE | &3 RENATT: 2k
KRR, RIGEIEZW, ZWEZH | fTASRERT, RIS,
E, BIK, BPL, WGIR, | RA%4. 2507 waEmik
BWHRE, Ak, AREEAR, & | BEE™E, JHIERIET,
BRIE ZW, WS O E, B | W EAEMOT R R, IR
B, RBP4, WEMR, BME, | ®R, 4 RS PHE: &Y
R, RRERR, RFEE% | KE, 200K, BRREERE
WK, RS PO E (F) MRk RTARAL, fTHES
RIS, WEETE, RS
JEHES RS, anoRE R, e
E(A)
T=| RiF, BIERRBOR, ZERER | B, BaPHBRE2ERE | B, 2HRWEEER, —fREN
0.99 | Bhi&%K, AILCARZ SPTEFAR, /N | EER, BHREMERZILESN | Lo iERIT, RAEMRIEBHIR

JUE B EARUBURL, % W8 mK,
ERIDE, BRSEME X
W BUWARFRIER D4,
BN, ZHK, EEFER
b, LERETRIAT(A)

JE G MR P B DL A R AR TR
gu o BB R R IR AN
g, NREELEERZ — B
EEWBTIALESA, WRBEAE
B, NMHAPREAYmaPE

P OAEHBRRAME  AE
e, WIMARBRKRAIAN, JLER
R EREMRK, &
BIPEERLTTHE, HEE
JRIRAE P A, TENE T
PREFER SR, HEaP &
51 & HAbH L IEB)

PLRZYNIRIT, R L&
38R, MIF LIFHBREA, &
Befa T L% R vk S B, B
IEERHR L, FREZEAT
K, WERE] UM — R B
ORISR RAEANTHER, Bt 2=
WRIRTT . AR B AR
ek

Table 6. The impact of different hyperparameter settings on the generated results, where T refers to temperature. Temperature and top-p
are used to control the diversity and fluency of the generated text. We ask doctor to give a score (ABCF, from good to bad).
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Table 7. LoRA, Generated response with different training iteration number.
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