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Introduction of LLM

* Medical LLM

Al for protein structure prediction

« Al for new drug discovery & development
« Al in medical diagnostics & healthcare

« LLM agent hospital
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Large-scale Language Model

Input experience

o = Decipher brain
4 mechanisms to replicate
human intelligence.

Teach computers
knowledge via rules for
symbolic processing.

Learn from data

Through data-driven
approaches, ML methods
emulate human intelligence. Learn From Data

LLM = Learn from data + Inspired by human brain + Input experience

http://www.miradeljan.com Dr. Mieradilijiang Maimaiti 2025/4/1 4



o7l

XTIPCZiBiERRMHAE

What Are Large Language Models?

Large language models (LLMs) are Transformer-based models trained on extensive unlabeled text via self-
supervised or semi-supervised learning, designed to produce natural, context-relevant text in various styles

and formats.

Artides, Blogs, Journals

L

LLM

e B
Large-scale Pre-trained ETETE

LLanguage Model (PLM) ot Feste

https://becominghuman.ai/
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Language Models
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The timeline of existing LLM
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Basic Fact - foundational models is rapidly evolving

A bunch of instruction fine-tuned models keep emerging.

Instruction data Parameter-Efficient
Fine-tuning Fine-funing """
UL 4 | Feb 2023
138/338/658 | _ Stanford @0

Nov 2022

March I

nnnnnnnnnnnnnnnnnnnn

3

GPT-4/GPT-4-LLM BlinkDL/ ®
ChatRWKV N

- = . (] 3 o7 ™ as7 o
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ShareGPT [ Victinaiz8 Model for Academic
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High Quality Multi-Modal  Tool & Plug-in Human Feedback
Instruction data Fine-tuning Learning Reinforcement Learning

(Ding et al., CCL2023)
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The evolutionary of LLM
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(Yang et al., 2023)
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*GPTImproving Language Understanding by Generative Pre-
Training. 2018

*GPT-2Language Models are Unsupervised Multitask Learners. 2018.
*GPT-3"Language Models are Few-Shot Learners". NeurlPS 2020.
*OPT"OPT: Open Pre-trained Transformer Language Models". 2022.
‘PaLM"PalLM: Scaling Language Modeling with Pathways".
Aakanksha Chowdhery et al arXiv 2022.

*‘BLOOM"BLOOM: A 176B-Parameter Open-Access Multilingual
Language Model".2022.

*MT-NLG"Using DeepSpeed and Megatron to Train Megatron-
Turing NLG 530B, A Large-Scale GenerativeLanguage Model". 2021.
*GLaM"GLaM: Efficient Scaling of Language Models with Mixture-
of-Experts". ICML 2022.

‘Gopher"Scaling Language Models: Methods, Analysis & Insights
from Training Gopher", 2021.

«chinchilla "Training Compute-Optimal Large Language Models".
2022.

-LaMDA"LaMDA: Language Models for Dialog Applications".2021.
‘LLaMA"LLaMA: Open and Efficient Foundation Language Models".
2023.

*GPT-4 "GPT-4 Technical Report".2023.
‘BloombergGPTBloombergGPT: A Large Language Model for
Finance, 2023,

*GPT-NeoX-20B: "GPT-NeoX-20B: An Open-Source Autoregressive
Language Model".2022.
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Dataset Distribution of GPT (Generative Pre-Trained Transformer)
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The LLM training (ChatGPT) used 320TB of text data, approximately 300 billion words/characters.

320TB / 5TB = 64 people.
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(Xin Zhao et al., 2023)
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Dataset Preprocessing
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(Xin Zhao et al., 2023)
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The Main Architecture of GPT --- RLHF

Step 1

Collect demonstration data
and train a supervised policy.

A prompt is r
./
sampled from our

Explain reinforcement

http://www.miradeljan.com

prompt dataset. learning to a 6 year old.
A labeler @
demonstrates the
desired output Z
; We gi d
behavior. punizt?rl::r:{se?ctjst:;ch...
SFT
®. { ]

This data is used to LN,
fine-tune GPT-3.5 Y
with supervised Z
learning.

9 BEERE

Step 2

Collect comparison data and
train a reward model.

A prompt and o

./
several model Explain reinforcement

>

outputs are learning to a 6 year old.
sampled.
o I’:’;’r“:ﬂ;ﬁt’:?l Explain rewards...
agent is...
In machine We give treats and
learning... uur‘i;hﬁrzﬁ?ls to
¥
A labeler ranks the
outputs from best
to worst. 0-0-0-0
RM
i : [ g}
This data is used LR
. L ) [ ] (]
to train our B
reward model.
0-0-0-0

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new prompt is W
sampled from Write a story
the dataset. about otters.
The PPO model is .
initialized from the ./)?.7\\.
supervised policy. W

g

Once upon atime...

V

The policy generates
an output.

The reward model .RM.
calculates a reward N
for the output. N
The reward is used *
to update the r

k

policy using PPO.
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The existing open source LLMs

FALCON LLM

NNNNNNNNNN -SOURCE LLMS

H MISTRAL
AI_
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LLM Everywhere --- Conversation, QA, ..., MT, Coding, Reading Paper
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Biomedical LLMs
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Typical Medical LLMs

Google

IBM Watson DeepMiﬂd

IBM Watson Google DeepMind
Health Health

A -

il il
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Microsoft Healthcare
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Tencent Alibaba Group
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SFT with Hybrid Data RL from Mixed Feedback

Hongbo Zhang et al.,. HuatuoGPT, towards Taming Language Model to Be a Doctor. https://arxiv.org/abs/2305.15075. Findings of EMNLP 2023
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Huatuo GPT-II

Chinese & English Corpus ]
(1.1TB Data)

Take both Medical Pre-training Instruction
Ea eI k:) ; % mwvwv (5252K Items)
Nnglisn an 1 1 o
g Boolkes Web Corpus Domain Data Collection 0=
Chinese text for s L =0 J—
. N — Data Unification ﬁ:ﬂ =\
training (via LLM)
Encyclopedia Medical Literature ~—> E:::;:gof‘ _ Hua tUO GPT 2
Training
9:@ o ® @
> e
Medical Question Medical Fine-tuning Instruction

(142K Items) (142K Items)

Junying Chen, Xidong Wang, Anningzhe Gao#, Feng Jiang, Shunian Chen, Hongbo Zhang, Dingjie Song, Wenya Xie, Chuyi Kong, Jianquan Li, Xiang Wan, Haizhou
Li, Benyou Wang#. Huatuogpt-ii, one-stage training for medical adaption of lIms. COLM 2024
https://arxiv.org/abs/2311.09774
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The latest pharmacist exam in 2023 surpasses GPT-4 and 3/O)—5&

Pharmacist Licensure Examination (Pharmacy) Pharmacist Licensure Examination (TCM)
Model Optimal Matched Integrated Multiple | Total | Optimal Matched Integrated Multiple | Total | AVG
Choice Selection Analysis Choice | Score | Choice Selection Analysis Choice | Score
DISC-MedLLM 222 26.8 23.3 0.0 22.6 244 32.3 15.0 0.0 249 | 238
HuatuoGPT 25.6 25.5 23.3 2.6 234 241 26.8 31.6 7.5 249 | 242
ChatGLM2-6B 37.0 36.8 25.0 31.7 35.3 33.1 37.3 35.0 37.3 33.7 | 345
ChatGLM3-6B 39.5 39.1 10.5 0.2 34.6 31.8 38.2 25.0 20.0 329 33.8
Qwen-7B-chat 43.8 46.8 33.3 184 41.9 40.0 43.2 33.3 17.5 388 | 404
Qwen-14B-chat 56.2 58.6 41.7 21.1 52.7 51.3 51.0 27.5 41.7 479 50.3
Biachuan2-7B-Chat 51.2 50.9 30.0 2.6 446 48.1 46.0 35.0 7.5 42.1 434
Biachuan2-13B-Chat | 43.8 52.7 36.7 7.9 442 41.3 46.4 43.3 15.0 41.7 | 430
b—5H 45.0 60.9 36.7 237 49.6 53.8 59.1 38.3 20.0 515 50.6
ChatGPT(API) 45.6 44.1 36.7 13.2 41.2 344 32.3 30.0 15.0 31.2 36.2
GPT-4(APT) 65.1 59.6 46.7 15.8 57.3 40.6 427 33.3 17.5 388 | 481
HuatuoGPT-1I(7B) 41.9 61.0 35.0 15.7 47.7 52.5 514 41.7 15.0 475 | 47.6
HuatuoGPT-1I(13B) 47.5 64.1 45.0 23.7 52.9 48.8 61.8 45.0 17.5 51.6 52.3
HuatuoGPT-1I(34B) 66.3 75.0 48.3 342 65.5 63.6 71.4 50.0 27.5 62.5 64.0

Hongbo Zhang et al., HuatuoGPT, towards Taming Language Model to Be a Doctor. https://arxiv.org/abs/2305.15075
Junying Chen et al., Huatuogpt-ii, one-stage training for medical adaption of lims. https://arxiv.org/abs/2311.09774
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2024 Pharmacist Exam (Complete 960 Questions)

=RE 20245 %5 20245FWE FiHy
c4ai-command-r-vO1 0.300 0.379 0.340
Mixtral-8x7B-Instruct-v0O.7 0.325 0.354 0.340
deepseek-IIm-67B-chat 0.465 0.479 0.472
GPT-4o0-mini 0.469 0.648 0.559
Claude-3-5-sonnet 0.469 0.665 0.567
LLaMA-3.1-70B-Instruct 0.494 0.648 0.571
Yi-34B-Chat 0.654 0.654 0.654
GPT-4o0 0.600 0.752 0.676
HuatuoGPT2-34B 0.669 0.700 0.684
QwenZ2.5-72B-it 0.721 0.817 0.769

e Last year's HuatuoGPT-2 model can still pass this year's exam, maintaining an edge over GPT-4o.
e (Qwen2.5-72B scores higher, with an average accuracy of 76.8%.
e Models like LLaMA-3-70B and Claude perform moderately in Chinese, especially in Traditional Chinese Medicine.
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Clinical doctors' manual assessments surpass GPT-4

HuatuoGPT-II Win Rate Win Tie Fail
HuatuoGPT-1I(7B) vs GPT-4 38 38 24
HuatuoGPT-11(7B) vs ChatGPT 522 33 15
HuatuoGPT-1I(7B) vs Baichuan2-13B-Chat 63 19 18
HuatuoGPT-11(7B) vs HuatuoGPT 81 11 8

Table 6: Results of Expert Assessment on Single-round Medical Response.

HuatuoGPT-II Win Rate Win Tie Fail
HuatuoGPT-II(7B) vs GPT-4 53 17 30
HuatuoGPT-11(7B) vs ChatGPT 56 11 33
HuatuoGPT-11(7B) vs Baichuan2-13B-Chat 63 19 18
HuatuoGPT-11(7B) vs HuatuoGPT 68 6 26

Table 7: Results of Expert Assessment on Multi-round Medical Dialogue.

http://www.miradeljan.com Dr. Mieradilijiang Maimaiti
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The largest medical QA dataset: Huatuo-26M

Dataset Lang Domain Source #Q

MedHop (Welbl et al., 2018) English Medical MEDLINE 2.5K
BiQA (Lamurias et al., 2020) English Medical Online Medical forum 74K
HealthQA (Zhu et al., 2019) English Medical Medical-services website 1.5K
MASH-QA (Zhu et al., 2020} English Medical Medical article website 35K
MedQuAD (Ben Abacha and Demner-Fushman, 2019) English Medical U.S. National Institutes of Health (NIH) 47K
ChiMed (Tian et al., 2019) Chinese Medical Online Medical forum 47K
MedQA (Jin et al., 2020) EN&CH Medical Medical Exam 60K
webMedQA (He et al., 2019) Chinese Medical Medical consultancy websites 63K
ChCR ( Suster and Daelemans, 2018) English Medical Clinical case reports 100K
cMedQA?2 (Zhang et al., 2018) Chinese Medical Online Medical forum 108K
Huatuo-26M Chinese Medical Consultation records, Encyclopedia, KBs 26M
TriviaQA (Joshi et al., 2017) English General Trivia 96K
HotpotQA (Yang et al., 2018) English General Wikipedia 113K
SQuAD (Rajpurkar et al., 2016) English General Wikipedia 158K
DuReader (He et al., 2017) Chinese General Web search 200K
Natural Questions (Kwiatkowski et al., 2019) English General Wikipedia 323K
MS MARCO (Nguyen et al., 2016) English General Web search 1.0M
CNN/Daily Mail (See et al., 2017) English General News 1.3M
PAQ (Lewis et al., 2021) English General Wikipedia 65M

Jianquan Li, Xidong Wang, Xiangbo Wu, Zhiyi Zhang, Xiaolong Xu, Jie Fu, Prayag Tiwari, Xiang Wan, Benyou Wang. Huatuo-26M, a Large-scale Chinese Medical QA Dataset.
https://arxiv.org/abs/2305.01526
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Huatuo GPT-Il --- Demol

KEPAERAPMEERSS EENHLRREE, SEHTHELSMRE. BRANIFARE?

P
W

g RERNSRRERE

KEAAERABMEERSS ETEMNHERERER? LBEE. &k, HERA. BREE
=. C. D, E, XEEHEER—T. A, BEFAFEEERNRBRNMEE R, FAB2S
HRROE, #EERCHER, BIEEERAN, NMZBEASS[EHERE. HERDE, B
ZEMGEAHEX, BRBAKTE. BRI TRHEBRHEERT .

Bik4EA R, “E4ZRB1. B2, B3. B6, BI2EEZEANER, BIHEB12AIMEXRAR LR

. Mg, B1I2ERZANE, BESSEHAMEBERE, MAERIE. HFEITAIB1, B2,

B3. B6, B NEAETIEERE? ]
KEAERBHEERBoSS ETEAHSRmEE, SHHTHEESSA R, EMAIIFEARE. Xif
MSFERAEERBAER, EHTIEENEEZBESEHNERHSHRE. Alt, EEE2HEEX
B6.

Ya D)
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Multi-modal Huatuo GPT: Injecting Multimodal Medical knowledge

"<¥ pubMedVision (1.3 Million Data)
- \ ( Alignment VQA

Rtormat Q: Plcu§c describe this picture. (P'rcdcﬁn‘cd)
A: The image appears to be an axial section computed
tomography (CT) scan of the abdomen, focused on the
[ o ) pancreatic region. In the center of the image, a well-
3 defined, hypodense, unilocular cystic lesion can be seen
Source Bl _< within the head of the pancreas (as indicated by the
— | Caption : "Density of the cystic lesion is 2.4 arrow). The density of the cystic lesion is measured to
Hounsfield Unit (HU)." MLLM be around 2.4 Hounsfield Units (HU), which is
Inline Mention: "Only the head and uncinate (GPT4-V) consistent with a fluid-filled cystic structure. Only the

PubMed Papers segment of the pancreas was visualized and the head and uncinate segment of the pancreas are visible
hypodense unilocular cystic lesion was . . . . .
in this particular image section.

3 revealed at the head of pancreas ( Fig. 3)." -
Instruction-Tuning VQA
(Filtered 914960 Medical Images) Qe e Secenh e
A: The cystic lesion is located within the head of the
pancreas, as evidenced by the image. It appears to be a
@oé) &= OF= ® g O sample well-defined, unilocular cystic structure with a density of’
(o Qe e (o W — > —» approximately 2.4 Hounsfield Units, indicating a fluid-
Reformat | filled lesion. The hypodense nature of the lesion, relative
Dialogue Scenarios to the surrounding pancreatic tissue, is consistent with a
\\cystic pathology within the pancreatic head region.

Input

v

Medical Images and Context

<

Junying Chen et al., HuatuoGPT-Vision, Towards Injecting Medical Visual Knowledge into Multimodal LLMs at Scale. EMNLP 2024 https://arxiv.org/abs/2406.19280
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Outline

* |Introduction of LLM

 Medical LLM

« Al for protein structure prediction
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Protein ---The central dogma of molecular biology

DNA sequence Human genome:
ATGCACTTGAGCAGGGAAGAAA..  Contains around 3 billion base pairs
* Encodes ~20k genes

RNA sequence Proteins are the final product of the genetic
AUGCACUUGAGCAGGGAAGAAA.. Information flow

Modern molecular biology research: how Is

Protein sequence life implemented by our genetic code?
MSTAGKVIKCKAAVLWELKKPF..

http://www.miradeljan.com Dr. Mieradilijiang Maimaiti 2025/4/1 29
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their 3D structure

DNA sequence
ATGCACTTGAGCAGGGAAGAAA..

'

RNA sequence
AUGCACUUGAGCAGGGAAGARAA...

'

Protein sequence
MSTAGKVIKCKAAVLWELKKPF...

http://www.miradeljan.com

mRNA protein

(myoglobin, 1078 bases) {myoglobin, 153 aa)

coding sequen&e (465 bases) 3;' UTR

Cell Biology By The Numbers. lllustration by David Goodsell.

(Zaixiang Zheng et al., 2024)
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their 3D structure

DNA sequence
ATGCACTTGAGCAGGGAAGARAA...

!

RNA sequence
AUGCACUUGAGCAGGGAAGAAA..

¢

Protein sequence
MSTAGKVIKCKAAVLWELKKPEF..

| ,
Protein folding

(Zaixiang Zheng et al., 2024)
http://www.miradeljan.com Dr. Mieradilijiang Maimaiti 2025/4/1 31
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Protein --- data modalities
seguence & structure & function

protein folding (seq = struct)

B A sequence over 20 amino acids (AAS)

B In solvent will fold into a unique 3D spatial structure
with minimal free energy

B Structure determines protein function

conformation
energy landscape

p-pleated
sheet a-helix

1

R

primary sequence/chain secondary structures tertiary structures/ folds

amino acids

n
B-pleated protein-protein

sheet interaction

a-helices

quaternary structures
(2+ chains that interact)

. . (Zaixiang Zheng et al., 2024)
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Sequence of amino acids

Sequence: 20 types of amino acids 8 € {1...20}N

A. Amino Acids with Electrically Charged Side Chains

Arginiee  Hatidise LWk - partin A._m Gautam, w
Q ( w3 i O 0
#, # #, #, #,
(o] y, (o] o
o=( o= o={ o=(
NH NH )N NH, >»..~n
{ /
) \ \
{ - > 72° o=l
N +) -
NH yANH o
HN-
‘{\ NH
NH
B. Amino Acids with Polar Uncharged Side Chains C. Special Cases
Serma Thresnine Apstagine Ght ammine Cysteine Glyone Prehne
') o Q aves () o (D @ G re:
o %o o Ho ’Y'Q o o
o ——-< o i 0= () ;Q’ 0={ o < o
/—NH NH NH, / NH )—NH —NH NH
/ /
\ HO _< N \ NS
OH y & SH
NH o=

http://www.miradeljan.com

A linear sequence of amino acids polymerized in a
chain
An alphabet of twenty possible amino acids

Common backbone but different side chains

Various non-covalent interactions and other forces
drive folding of the chain into a globular 3D
structure*

Peptide Bond Formation
H H
H H 0
N 0 N
/N—{l",—ﬂy_i_ (’H_?_E\
H R @H_ IJ-IJ,; R OH
T>H,0

oo o4 f "o

~

/M— i.l'l —C i'|‘| —C _E\ (Zaixiang Zheng et al., 2024)
H R H g OH
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Designing protein sequence and structure as generative modeling problems

folding

conditional structure generation

/ \ protein 3d structure
s -

amino acid sequence

DIVLTQSPSSLSASLGDTITIT  sequence b
CHASQNINVWLSWYQQK =& esign
PGNIPKLLIYKASNLHTGVPS SR ;
RFSGSGSGTGFTLTISSLQPE €= - -nsmmmmummmmcammmaas >
SeqUEHEE-StI‘UCtUI"E
ngATYYCQQGQSYPLTFGG i

\ -

inverse folding
conditional sequence generation

pdb id: IGT. from https://www.rcsb.org/structure/1IGT (Zaixiang Zheng et al., 2024)
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Discreteness in NLP and Biology

protein

MKLPIYTRF
GVNCSWOQA
Primary . AIPLMN...

Amino acids

Secondary |

Tertiary -

T
Quarternary — D 2?5’;.’!
K/ /99
Prynd

Noelia Ferruz & Birte H&ker. 2022. Controllable protein design with language models. Nature Machine Intelligence

http://www.miradeljan.com

languages

ABCDEFGHIWKLMNO
PQRSTUVWXYZ

Alphabet

Jane
bicycle
ride

Jane rides her bicycle

Jane rides her
bicycle to school,
But always with a
big bright light
and a helmet ...

Goal: learning joint prob. of
sequence of discrete tokens

Your
manuscript is
now!
pubkishable

pﬂ[:x) — pgfﬂ:h srey Ly aeny $ﬂ}

, ' R % exp (Z Pilx:) + Z Yis (i, Ij))
i .

\ 4

Factorization (wrt the structures of
data) needed!

| am happy
when it rains.
When it rains
| am happy

Colouriess
green ideas

sleep furiously.

Amyloid fibril

(Zaixiang Zheng et al., 2024)
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The parameterization basis of everything: Transformer - a scalable & strong
learner for structured data

Why: Stacking pair-wise attention — modeling statistical dependencies inside data
(for protein data: residue-wise structural interaction & co-evolution, etc) — approximates global data dist.

Cutput
Enfhirias .
Multi-Head Scaled Dot-Product Attention
Linagar
Ad & Morm
Feed Fonwarel -':':"-'at
Adil & Mor - .
= Scaled Dot-Product

Multi-Head Attention

Attantion & r

Linear: |Lincarp |Lir'r|3.ar';|'

Masked

Multi-Head Q K v
e—(J

Qutput
|Embu|3§;in; pﬂ(x} — pﬂ‘[Il peneyalija eeey xn)

1 .
COutputs et E exp (Z 0y (J:r;l - Z L-'If_i' (-’-r- £y ])

(Zaixiang Zheng et al., 2024)

http://www.miradeljan.com Dr. Mieradilijiang Maimaiti 2025/4/1 36



o7l

XTIPCZiBiERRMHAE

Amazing things that generative Al can do

> s

ChatGPT

Teddy bears swimming at the Olympics 400m Butter- A cute corgi lives in a house made out of sushi. A cute sloth holding a small treasure chest. A bright
fly event. golden glow is coming from the chest

Large LMs speak @ DeepMind

Q
, 84

Alphafold|learns protein folding

(Zaixiang Zheng et al., 2024)
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Diffusion(-Like) Modeling for Protein Structure: AlphaFold
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Protein structure prediction: AlphaFold2 & 3

nature

Explore content v Publish with us v

About the journal v

nature » articles » article

Article | Open access | [Published: 22 July 2021)

Highly accurate protein structure prediction for the
human proteome

Kathryn Tunyasuvunakool & jonas Adler, Zachary Wu, Tim Green, Michal Zielinski, Augustin Zidek, Alex

Bridgland, Andrew Cowie, Clemens Meyer, Agata Laydon, Sameer Velankar, Gerard J. Kleywegt, Alex

Bateman, Richard Evans, Alexander Pritzel, Michael Figurnov, Olaf Ronneberger, Russ Bates, Simon A. A.

Kohl, Anna Potapenko, Andrew J. Ballard, Bernardino Romera-Paredes, Stanislav Nikolov, Rishub Jain,

1 Demis Hassabis®™ | + Show authors

Nature 596, 590-596 (2021) ‘ Cite this article

322k Accesses | I720 Citations| | 1421 Altmetric | Metrics

http://www.miradeljan.com

Dr. Mieradilijiang Maimaiti

A

Google DeepMind
nature = -

Explore content ¥ About the journal v  Publish with us v

nature » addenda » article

Addendum | Open access |[Pub||'shed: 27 November 2024]

Addendum: Accurate structure prediction of
biomolecular interactions with{AlphaFold 3

Josh Abramson, Jonas Adler, Jack Dunger, Richard Evans, Tim Green, Alexander Pritzel, Olaf Ronneberger,

Lindsay Willmore, Andrew J. Ballard, Joshua Bambrick, Sebastian W. Bodenstein, David A. Evans, Chia-Chun

Hung, Michael O'Neill, David Reiman, Kathryn Tunyasuvunakool, Zachary Wu, Akvilé Zemqulyte, Eirini

Arvaniti, Charles Beattie, Ottavia Bertolli, Alex Bridgland, Alexey Cherepanov, Miles Congreve, ... John M.

Jumper B+ show authors

Nature 636, E4 (2024) | Cite this article

12k Accesses | 1 Citations | 12 Altmetric | Metrics

O The Original Article was published on 08 May 2024
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Protein structure prediction: AlphaFold2 & 3

Kathryn Tunyasuvunakool, John Jumper, Demis Hassabis,
and colleagues used AlphaFold to determine the structures
of nearly the entire human proteome (98.5% of all human
proteins). AlphaFold provided confident predictions for
58% of amino acid positions, with 35.7% reaching high
confidence, doubling experimental coverage. At the protein
level, 43.8% of proteins had at least three-quarters of their
sequences confidently predicted. The authors believe large-
scale accurate predictions will be a vital tool for addressing
scientific questions and elucidating protein functions.

The authors believe that large-scale, accurate structural
predictions will become a crucial tool, enabling us to address
new scientific questions from a structural perspective. The
predictions from AlphaFold will help further elucidate the
roles of proteins.

AlphaFold?2

http://www.miradeljan.com

Dr. Mieradilijiang Maimaiti

AlphaFold3 is a revolutionary model, excelling in breadth
and accuracy. Unlike previous tools limited to specific
biomolecules (e.g., proteins or RNA), it predicts structures
and interactions for nearly all biological molecules,
showcasing its breadth. Simultaneously, it achieves
significant accuracy improvements: predictions for protein
interactions with other molecules are at least 50% better
than existing methods, doubling accuracy for some critical
Interaction types.

AlphaFold3 has made the AlphaFold Server freely
available to the scientific community, which includes most
of the features of AlphaFold3, allowing scientists to
perform structure predictions. The link to the AlphaFold
Server is as follows:
https://golgi.sandbox.google.com/about.

AlphaFold3

2025/4/1 40
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ICML

International Conference
On Machine Learning

Structure-informed Language Models
Are Protein Designers

[ICML 2023 Oral]

Zaixiang Zheng'*, Yifan Deng?*, Dongyu Xue!, Yi Zhou!, Fei Ye! and Quanquan Gu!'
'ByteDance Research & 2UVV-Madison

hii| ByteDance ({{J) WISCONSIN

UNIVERSITY OF WISCOMSIMN-PMADISON

(Zaixiang Zheng et al., 2024)
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ProteinGPT: LLM 4 protein prediction & structure understanding

Tttt e T T

i . f Y
i I I :
! - ~ * i ! LLAMA 3 !
1 m 1 : b I
! wmWmH=L=T=P=E=fg=K=u Protein H 'E> i Sequence Derode i
S —_— ! — Decode protein- ()
! wrePeE-L-A-W-K=H=T= Sequence EE I:I - Alignment | ; |:> related ext, |
! : ! denoted by I :
1 1 : Afign protein I
: : I seguenoe repr o) |
i ] tewt :
i ! 1
i ! 1
; i i F I
| 3D E ":> | |:> Structare @Y |
| — i —
! Structure z g I ' Alignment Taning !
2 \ y 1
! o '
1 . - 1 1
] t I : |
| NIpharold 2 N ——— =
I e in anki i
! Inguire RCSE.org/ Aot : ! : :lri;::z:lt_ntﬂn aaprstan Rt waiy l.ns;{inbc;nn :
: (W U ST Ml Protein Structure Database i ! j urpoaid to light In the “'“""’J ]
H H I uliresiole? recg ... 1
1 } i I i
e s # LY r
Modality Alignment: Generating the abstract of protein from
Sequence & Structure [5&5) Alignment with Abstract representation of protein's S&5 (tuning)

Figure 1: é ProteinGPT|Modality Fusion|&|Alignment Stagef we freeze the encoder blocks and train

the linear project layer to learn how to align protein structure and protein sequence representations with
text. In the alignment stage, the input to the training is only the projected protein representation. No text
prompts are incorporated in this stage.

Yijia Xiao et al., ProteinGPT: Multimodal LLM for Protein Property Prediction and Structure Understanding, 2408.11363
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ProteinGPT: LLM 4 protein prediction & structure understanding

---------------------------------------------------------------------------------

___________________________________________

h F, Loss function
| HAQ b

Evtracted Answer (A)
a5 groumd irwdh

- 5 i %
L] !
(Question as promps : : :
Cancatenated with proteia repr L ~ !
LLAMA | . : i
M 3 P (’men Properties Dataset i
(I
Eeguence Deced : | :
Alig Weight :> Answer ta the i | 1. RCSE-POE Protein Description Datases i
Represe ii \ — | : question i o t= - {1 How meany entities dies bhis protein ove? !
_I'Il!'l:ltll:l.l:l ) demoted by P : - Al S |
generation from i) 1
Alignment Stage Load welghts from P i
aligmment stage I L {)-A pairs extracted from protein abstract H
checkpoii 1 : - (2 What rode s e protein implicated ied 1
Gettisg the g A The protein 15 implioated fa faducing cell profiferabion ood 1
represenlations of e " : [ same farmes of fmorigenesic :
profein sequence and Structure i I i
SEFEiure E> Alignment Weighy —— Instruction : 1 :
Leaded | Tuning 1 I Thi green Nuceescant ChatGPFT-4o ]
- I (A extraction  profei is @ prosn that A exraceio H
1 : frons Protein  @ehibits green i 1
I Abestract whan aspesed 10 gt in thi 1
: : B 10y WML DR .. |
I 1
N AN i
1 1 :
I i
: r
-

____________________________________________

Load alignment modules' welght

Combine protein reprw/ prompt [Le. (aestion ) repr ezt u Tuning dataset Preparation

Figure 2: % ProteinGPT Instruction|Tuning Stage: |we utilize the QA pairs and property tags in
ProteinQA to tune the LLLM to follow instructions and give concise responses. For instruction alignment,
explicit prompts (Questions on the protein) are included at the beginning of the prompt.

Yijia Xiao et al., ProteinGPT: Multimodal LLM for Protein Property Prediction and Structure Understanding, 2408.11363
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ProteinGPT: LLM 4 protein prediction & structure understanding

Protein Text LLM (Vanilla), Modality Alignment, and ProteinGPT Comparison

ROUGE-1 ROUGE-L ROUGE-LSum

o4 od 04
L] U U
Z o3 2aos L E]
] & &
E E E
o2 o2 o2
& & &

o1 o1 o1

oo oo oo

Wicuna Lama-2 Uama-3 Mistral Vicuna Uama-2 Uama-3 Mistral Wicuna Uama-2 Uama-3 Mistral
Model Model Model
BERT_Score PubMedBert GPT-40_Score
08
0B o7
07T

074 06 DB
2 % g 051
= 05 5 %57 -3

4

M = 3
't b= 't o3
£ 031 £ 44 2

a2 02 024

01 014 014

- oo- -

Wicuna Lama-2 Uama-3 Mistral Vicuna Uama-2 Uama-3 Mistral Wicuna Uama-2 Uama-3 Mistral
Model Model Model

70 VManilla B8 Modality Alignment B ProteinGPT

Figure 5: Performance improves progressively from the vanilla LLM model with protein as text to the
modality-aligned version, and finally to the instruction-tuned variants of ProteinGPT. Each stage of
ProteinGPT s| training results in [substantial enhancementy in both lexical and semantic performance,
showcasing the efficiency of our framework.

http://www.miradeljan.com Dr. Mieradilijiang Maimaiti

Yijia Xiao et al., 2024
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ICML

Infernational Conference
On Machine Learning

Diffusion Language Models
Are Versatile Protein Learners

[ICML 2024]
Xinyou Wang*© ", Zaixiang Zheng*", Fei Ye"”, Dongyu Xue"’, Shujian Huang®, and Quanquan Gu"

UByteDance Research & “Nanjing University

hiil ByteDance

NANJING UNIVERSITY

http://www.miradeljan.com Dr. Mieradilijiang Maimaiti 2025/4/1 45



/] -

XTIPC ZiBiERBRMHRE

Outline

* Introduction of LLM

* Medical LLM
Al for protein structure prediction

« Al for new drug discovery & development
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Drug discovery and development

Al has the potential to revolutionize the drug
discovery process, offering improved efficiency
and accuracy, accelerated drug development,
and the capacity for the development of more

effective and personalized treatments (Figure 1).

However, the successful application of Al in
drug discovery is dependent on the availability
of high-quality data, the addressing of ethical
concerns, and the recognition of the limitations
of Al-based approaches.

Drug design

Literature revision & analysis
Identify drug targets

Predict new bioactive compounds

|

Pharmacological screening
Predict drug efficacy and toxicity
Identify drug-drug interactions

l

Clinical trials

Analyze linical trial data
Identify patient subgroups
Predict treatment response
Optimize trial designs

I

Knowledge communication & transfer
Explore the market

Write scientific reports and publications | -

http://www.miradeljan.com Dr. Mieradilijiang Maimaiti

(Alexandre Blanco-Gonzdez et al., 2023)
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Al, ML, DL algorithms

Artificial
Intelligence

intelligence

E Classification

achine
learning
Supervised
Ciassification | Regression Naive Bayes
Nearest neighbor
e Support vector Unsupervised NLP kernels
Clustering SVMs
machine ——— Decisiontrees

Ensemble methods

Recurrent neural Neural networks

network

Artificial o Instance-
Feed/forward eural Decision free based k-Nearest
network neu algorithm as:e neighbor
network algorithm

EA Regression BA clustering

v Linear or polynomial O v K-means
Botzmann v SVMs o9 v Hierarchical
network - v Decisiontrees 0O ¥ Markov Model
Classification v"  Ensemble methods " ¢ v Gaussian mixture
Random forest and regression Self-organizing v Neural networks OO v Neural networks
i tree map
Convolutional -
neural network
Debleena Paul et al., 2021 Ashfag Ur Rehman et al., 2024
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Al applications

Subject enrolment/selection } [ Market positioning

Patient dropout Clinical trial design Pharmaceutical - .
Monitorin nflrFi) : and monitoring product Market prediction and analysis
onferng 2 management Product costing
Target protein structure prediction
\ Drug design
q [ Drug discovery | -

Understand critical process parameters Drug™ protein interaction

De novo drug design

Guide future production cycle o
QA and QC ] *— Appllcitllnns of

Regulation of in-line quality

Ensure QA with aid of ELN and
other techniques

Bioactivity prediction

Toxicity prediction

Physicochemical property prediction

Automated manufacturing \ : Aid in deciding suitable excipients
. . }[ Pharmaceutical Pharmaceutical

Personalized manufacturing manufacturing product Monitoring and modifying development process

Correlating manufacturing development . — .
errors to set parameters Ensuring in-process specification compliance

Debleena Paul et al., 2021
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Al applications for drug discovery

v |Predicting 3D structure of target protein |
v Predicting drug—protein interactions

v Al in determining drug activity

v" Al in de novo drug design

Al in drug design

v" Designing biospecific drug molecules
v" Designing multitarget drug molecules

Alin
lypharm |
Poypharmaco ogy v" Al in prediction of reaction yield
) } ) v Al in prediction of retrosynthesis pathways
Al in drug Al'in chemical v' Developing insights into reaction mechanisms
discovery synthesis v Al in designing synthetic route
Al in drug

v ldentification of therapeutic target

v | Prediction of new therapeutic use |

Al in drug screening v Prediction of toxicity

v | Prediction of bioactivity
v Prediction of physicochemical property
v | Identification and classification of target cells|

repurposing

Debleena Paul et al., 2021
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Small Molecule Drug Design: DecompDiff

po(Mr|Op) po(Mo| M, P,Op)

*  ArmPriorCenters © @@ s Ligand Atom - Protein-Ligand Graph Message Passing smsfp ~ Additional Guidance
¥ Scaffold Prior Center @ Protein Atom ~——  Ligand Graph Message Passing =~ —— < Chemical Bond

Figure 2. Overview of the sampling process of DecompDiff. (a) The initial atoms are sampled from informative decomposed priors. (b)
An equivariant network on heterogeneous graphs denoises atom coordinates, atom types and bond types simultaneously. (¢) The validity
guidance alleviates the protein-ligand clash problem and encourages arms and scaffold to connect.

Diffusion Models with Decomposed Priors for Structure-Based Drug Design. In ICML 2023
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Example of Al tools used in drug discovery

¢ DeepNeuralNet-QSAR

DEB-TKTD EP, Predictor

deepchem

Hit Dexter

DeltaVina .. ‘ ‘
. ORGANIC <.~ neural-fingerprint
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Al for drug discovery

http://www.miradeljan.com

Data Applica t:on
©) @ (@) (&) ;
Clinical Sequencing '@ @)

/ )
’a“ :l 2
=

© 2 Dru g Disease

(g

= diagnosis
N Discovery
Expenmental text o
o
-
R - | Computational
Molecular structure screening
@ LA R LB A J : @ LR R A B J

Artificial
intelligence

Training set

Molecular features

Algorithm

Testing set

Dr. Mieradilijiang Maimaiti

Ashfag Ur Rehman et al., 2024
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Outline

* Introduction of LLM

e Medical LLM
Al for protein structure prediction
« Al for new drug discovery & development

« Al in medical diagnostics & healthcare
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Can Al Make Medicine More Human? HARVARD medicine

THE MAGAZIME OF HARVARD MEDICAL SCHOO!

Can Al Make Medicine

"Al has the potential to make
More Human? P

medicine more human by freeing
up clinicians to focus on the
personal, empathetic aspects of
care."

The history of tools used to support clinical
decision-making offers clues to the future
of medicine in the age of generative Al

Autumn 2024

@ by Adam Rodman @) 15 minread 2 Feature

"By handling routine tasks and data
analysis, Al can allow doctors to
spend more time with patients,
fostering deeper connections and
better outcomes."

In The Doctor fan 1891 painting by Luke Fildes, a physician

attends to a sick child.
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Outcomes: revolutionizing healthcare --- clinical practice

http://www.miradeljan.com

Al-Powered
Practice

Insulin Activity Chart

Analyzes both historical and current data

bl

Survival

P e
1 It requires:

1 1- Quality data
| 2- Technological infrastructure
: 3- Human supervision

Beneficial outcomes

|dentifying patients at
Improve patient risk and target
outcomes interventions to
prevent or treat them
Pl:gg;”:g;g Reduce healthcare
P costs
readmissions

Dr. Mieradilijiang Maimaiti

1007

: Revolutionizing Clinical

Low risk

204 High risk

Time

Shuroug A. Alowais et al., 2023
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Pros & Cons

Disadvantages Advantages

Efﬁciency. accuracy,
Precision

Decreasegj workloaq,
Loss of jobs Increase patient face time,

Increase time on critical
cases

Lack of human touch-
eémpaty, emotiona| Saves gjnoitr;%; Better
intelligence. A g

Amisha et al., 20219
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Applications of artificial intelligence in health care

e

® Drug development ® Health montoring ® Managing medical data
® Disease diagnostics ® Digital consultation ®m Personalized treatment
® Analysis of health plans |® Surgical treatment ® Medical teratment Amisha et al., 20219
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L2

LS 3

— £ x
= A %
’l L | | ~ 2
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J
2 dsf

.’q'&"u on Y "9

Commonly used applications

* Application 1: High-resolution image understanding
« Application 2: Video understanding

« Application 3: Pathological image understanding / 3D
medical image understanding

 Application 4: Multi-modal Agent for social simulation
 Application 5: Agent with longer multi-modal memory
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Towards a Medical World Simulator Sora Medical Clinic

Soar Beyond

» 0:00/0:08

/0:08

» 0:00

Operation Medical Medical Scenario
Popularization
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Chain of diagnosis

F=
[ My teeth have been really hurting lately, and I can’t handle cold or acidic fom:k.%—"

A User Generate CoD Training data

H ™y Hpatient
@ @ 1. Symptom Abstracten® ~ eeen ST '/-F'Eltient Case 1 ™
Analvzing patient symptoms:
R CoD “Toothache", "Tooth Sentitivity™ Age/Gender: Adolescent, Male
esponse : .
- - |- 2. Candidate Disease Recall @, a ~Explicit Symptoms (Sexp):
! Based on the information provided, the likely diagnoses include: : Toothache, Tooth Sensitivity
' *  "Tooth decay”. typically characterized by intolerance to cold, heat, scid, and sweet ... : P
! + "Pulpitis", typically characterized by pain that worsens with heat and cases with cold .| | | Implicit Symptoms (Siup):
! + "Dentin hypersensitivity”, typically characterized by mechanical stimuli _.. . Bad breath, Loose Teeth, Worse Pain at N'Eht
e ' D dy): Tooth Dec :
Gt E{mwlcdkc @ 3. Diagnostic R&asonlngﬁ . E (% |sem{ t): Too ay it
i Diagnostic reasoning: ' H
- The patient's toothache and sensitivity are likely linked to dental health issues. First, tooth
- . decay, a common issue causing tooth pain, especially when consuming sweets or
Di ! temperature-sensitive foods. Pulpitis often results from untreated tooth decay, leading to
Dal?:'t?::e : bacterial infection in the dental pulp, charactenized by constant severe pain .. i el r =] === I I I & -n-
i Passes ] LLH
i @ 4. Confidence Assessment |_|. Verity Diagnostic Reasoning T and
Diagnostic confidence: : Confidence Distribution £ '
et me":"{.gt {"Tooth decay™: 0.4, "Pulpitis™: 0.3, "Dentin hypersensitivity: 0.3} < e T iaiuiriaieblety ‘
! _ ommm
{ | @ 5. Decision Making [5
: if Cmax > T: 1
1= 4= = == Diagnosis:
You may have tooth decay. For incipient decay, we can treat it with medication, while I II I i
moderate and deep decay require amalgam filling. If the condition is severe ... I I v
else Cppy S5 T: H(G|3|] H{G|ﬂ2}HC|33} <--- 5
Inadequate for diagnosis. Ask for symptoms: A (8]
Have you noticed bad breath recently? R il il 8 = a.rgrg"a.x {HHC}] — H({C} | 5))
aE
3 End generating and start the next conversation.
.

Figure 2: Left: Example of a CoD response. Right: Construction of CoD training data.

Junying Chen, Chi Gui, Anningzhe Gao, Ke Ji, Xidong Wang, Xiang Wan, Benyou Wang. CoD, Towards an Interpretable Medical Agent using Chain of Diagnosis.
https://arxiv.org/abs/2407.13301
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Hauto GPT2 --- demo2

FEF LK F R
& The Chinese University of Hong Kong, Shenzhen

9:11 o 310t el il G2
< e )
=25 = MRS XE= DRSS INETF ia

s A XS BT AR
i BIRESYERG, SUTS
L. BW. RE=ATEE.

LE{EAIFTREY RN

ElEGPTE A MK 12K &
B4R, ST AEER
BASERSEE BES
LEG (BA58. BRE
s S . REAH) RSB
§RHFE, EMFTES, #137&:@ BiF“™m”, 2473‘A;k1 &——E-L>k§i38ﬁy
f%f%%ﬁ@ﬁ?—ﬂ%ﬁ% i.,‘flmﬂiﬂlllﬁl’z‘i! XA - %i?;’&ﬁ% )_—"Z:\—ij\j__\-gs.z% .

17! IFEBER? XEEERNIRERA
WS 58T T =608 Bl arEy
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Hauto GPT2 --- demo2
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Outline

* Introduction of LLM

* Medical LLM

Al for protein structure prediction

« Al for new drug discovery & development
« Al in medical diagnostics & healthcare

« LLM agent hospital

http://www.miradeljan.com Dr. Mieradilijiang Maimaiti 2025/4/1 66



LLM Agent Hospital

http://www.miradeljan.com Dr. Mieradilijiang Maimaiti 2025/4/1 67



o7l

XTIPC ZiBiERRMMAE

Institute for Al Indusiry Research, Tsinghua University

------

Agent Hospltal ,@; NI 1747 werims

[OD] (Patient): My blood test

s [KM] (Patient): Hello Katherine Li,
| have symptoms of dry throat, information is:{'ALT (Alanine
:.:de throat, cough, mild fever, Aminotransferase)’: ‘22 IU/L
runny nose.

7-40)'...
[KL] (Nurse): According to your (749}

symptoms, | recommend you to
g0 to the Internal Medicine
Consultation Room.

[JS] (Doctor): Based on the
examination results and
symptoms you have
presented, it seems likely that
you are experiencing a mild
case of COVID-18.

Fig. 1. An overview of |Agent Hospital] It is a simulacrum of hospital in which|patients,|nurses| and
| doctors|are[autonomous agents]powered by|large language models|Agent Hospital simulates the whole

tclosed cycle of treatmg»a patlent S |||ness disease onset, triage, registration, consultation, medlcal

examination, diagnosis, medicine dls[gensaryz convalescence, and post-hospital follow-up VISIS An

interesting finding is that the/doctor agents|can keep improving treatment performance over time
lwithout manually labeled data,|both in simulation and real-world evaluations. JUNKAI LI et al., 2024
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Agent Hospital (&) A 11747 serusan

Institute for Al Indusiry Research, Tsinghua University

L A& 2 &2 pentistry 44 Ophthalmology 4 [ Dermatology " Internal Medicine )
Consultation |~ | Consultation Consultatign I Consultation |
Room =

. gig=-
I} o —— ]
| mus= || mat=—
| ==
=l Bkl d 5
Nt s X |

i
A

iz 4 W

i Consultation [ = : - \
| eiiniiintiee  ROOM el == v t:
"’e

_ ey - =
i Obstetricsand | | J ——

B Gynecology A @l Wil y _ e R s 4
g”ﬁ Consultation Room R e i el et I
enr

..-——E_-u—_m. ‘fofo’ﬁ
e JdME L. T &
|| ;o Treatment % B = ||]

i =N Bicchemear

. Testing Room
Fig. 2. The distribution of various areas within Agent Hospital. JUNKAI LI et al., 2024
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Agent Hospital

http://www.miradeljan.com

Disease Onset

EAIR 174

BeaEr b
Institute for Al Indusiry Research, Tsinghua University
Triage Registration Consultation
KM:
L
8 =
AD:

Convalescence

Medicine Dispensary

Fig. 4. Resident agent

conducts an initial evaluation of Mr. Morgan’s symptoms and refers him to the dermatology department.

Kenneth Morgan

falls ill and visits the Agent HospitalJTriage nurse Katherine Li

Mr. Morgan then registers at the hospital’s counter and is subsequently arranged for a consultation with
dermatologist Robert Thompson. After undergoing the prescribed medical examination, Mr. Morgan
receives a diagnosis and medication. He returns home to rest and monitor the improvement of his

condition.

Dr. Mieradilijiang Maimaiti

JUNKAI LI et al., 2024
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Agent Hospital

& N || . ;‘ﬁ
% O &k <ir wia
¥ 4% meeElmRR
k Institute for Al Industry Research, Tsinghua University

Medical _Recnrds Medical < Yes
yd Retrieval Record
/"' Library
Patient v Medical Agents G ted
. enerated | . _— T _
Query /™ [P rompting =Ask= (doctors) || '1 Answer 1
F . i
No
4| EXperience . Validated Golden
Retrieval Exp;e;uence Experience | | Reflection jg-------- Answer
5@
Yes Re-answer No Abort

Correct ?

Fig. 5. The overview of the MedAgent-Zero method. This diagram illustrates the method by which

doctors achieve self-evolution:

1) Accumulating examples and summarizing experience; 2) Adding

correct responses directly to the example library; 3) Summarizing experience from incorrect responses
and retesting them; 4) Incorporating successful experience into the experience library after further
abstraction; 5) Utilizing both libraries to retrieve the most similar content for reasoning during the

inference process.

http://www.miradeljan.com

Dr. Mieradilijiang Maimaiti

JUNKAI LI et al., 2024

2025/4/1 71


https://arxiv.org/pdf/2405.02957v1

o7l

XTIPC ZiBiERRMMAE

Agent Hospital

NEZE R T T

Institute for Al Indusiry Research, Tsinghua University

B GFT-35 .08

gg ;ﬁ % ﬁﬁ' i%ﬁ .j.aﬂﬁﬁ ﬁ i:“' HehEs CoT MedAgents MedPrompt  MedAgent-Zero
I =Py AEREEMed QAT S TR

JUNKAI LI et al., 2024
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News

AIREH | AIRFTEEMER, EMAIEEBRFKHN

B |§’i¥ﬁﬂﬂ1’ﬁ_l: 2024-05-24|

B FEEFUASERE (AIR) SEEAFITEIRFSEAZSIEE2 T EBERAgent Hospital, 2 7 EFEEERHEI A EMedAgent-Zero, B
WEEHERF-EAETEA LIRTEE, [[EFEEE NGiEHEree], FHERSEFEIEESEIAE. Agent HospitalhRraRIBA, IPTHIELSS
BAERNAGREEEEEnE, NAeR. o2, &5, \i2, RE. 2. 8. EENEL FEa-Eh-RE AnGEERTEL. Agent HospitalET
AEESEMEANESIRANERESEEIEHTELL. EHlELTAgent Hospital i TS (AIEEEFVE) S50 (ASESE A A T
BREE) | FERMRETNZTERRREER. WENERGEERI, EE IS L ERESERET. E2riihsElRAE (ANEEEEE 2
) . EHEEEEEMedQASIREFRIEER T HESMAISRITRAZE, AH93.06%0ERE, ZtHARS AZBERERSAIRNTRE., iTE
FeETDrdEime i RENES . FarXiv LAHESAEASA T St KNEFH KA iz hte.

AIRJF{E | Agent HospitalBH#tAIEZE &AM
swF:  sangia{2004-11-18)
2024558, EELEAEEESUASE (AIR) ESETFEINSMAYNEX "Agent Hospital: A Simulacrum of Hospital with Evolvable Medical Agents”

(LEENES: ARBEFASRSD AT ARNTEEISE) EERNMERA TESTRSI T ZH0SERITS, I6T02HM "Agent Hospital”  (H7E/: B8
ER) Rk weERE || Eeasr] 7] sesnEk |
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MMedAgent Learning to Use Medical Tools with Multi-modal Agent

(%‘j
@ ) Instruction @) Tool Use
STANFORD - ” o

(To
User MMedAgent Experts
{) Response &) Tool Output

Figure 1: The four-step MMedAgent pipeline.

Binxu Li et al., 2024
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MMedAgent /@

¢ 2 Is there a tumor in this brain scan? If so, detect and describe it.
User
(XQi Iq) age e . . . . L
thoughts: Utilizing a medical detection tool will will accurately locate the tumor E},
within the MRI brain image, ensuring precise identification of the affected region.
actions: [{*API_name”: “grounding dino”, “API_params”: {“prompt™: [“tumor.”]}}]
STANFORD value: 1 will use grounding dino to help detect the tumor. MMedAgent
(X tool)
Choosing grounding dino, executing... & Expert
2
("o Grounding dino output: {‘boxes’: [[0.32 0.24 0.76 0.55]], ‘logits’: [0.98], ‘phrases’: [‘tumor’]}.
User Answer my first question: Is there a tumor in this brain scan? Detect and describe it.
(X result)

thoughts: Thanks to the output of grounding dino. I can answer the

question better.

actions: []

value: The tumor in the MRI brain image is located with bounding box

coordinates [0.32 0.24 0.76 0.55]. This indicates that the tumor is

situated in the central region of the brain, extending from the upper

middle to the lower middle area, and towards the right. This information
\is crucial for further medical evaluation and treatment planning. /

Q

MMedAgent
(X answer)

Figure 2: An example of the training data for MMedAgent that learns to use the tool of Grounding DINO for object

detection and answer the user’s question. : :
Binxu Li et al., 2024
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MMedAgent
Grounding Cls. MRG RAG Overall Abs.
Cell Organ Disease

STANFORD Flamingo-Med (Moor et al., 2023b) 13.11 15.87 15.33 23.56 16.59 - 14.68 1.16
RadFM (Wu et al., 2023) - . - 25.00 68.13 : 45.38 3.59

LLaVA-Med (Li et al., 2023) 51.78 65.48 68.58 5346 70.10 30.44 60.68 4.80

Yi-VL-34B (Al et al., 2024) 63.23 79.40 68.32 76.02 7295 14.67 64.08 5.07

LLaVA-Med (Tool in Test) 45.32 52777 6791 5753 7434 6755 6531 5.17

Qwen-VL-Chat (Bai et al.,, 2023)  61.34 6590 62.38 8840 7341 78.80 76.21 6.03

LLaVA-34B (Liu et al., 2023a) 76.75 84.85 80.75 96.04 30.27 91.64 86.52 6.84

MMedAgent (ours) 97.50 102.29 125.89 81.11 121.49 85.55 109.48 8.66

Table 2: Performance comparison between MMedAgent and other baselines. Cls. stands for [classification| We
report the relative scores for all tasks and the absolute (abs.) scores for overall performance in the last column. *-”
indicates the tasks that the corresponding model is not applicable to. LLaVA-Med refers to the 60K-IM version with
only the|initial query X, and image I, as input} while LLaVA-Med (Tool in Test) takes X, I, and also the internal

output from tools Xieqy as input.

Binxu Li et al., 2024
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Task

Classification

Grounding
(Disease)

Grounding
(Cell)

Grounding
(Organ)

http://www.miradeljan.com

=
e User Input

What imaging modality
is shown in this picture?

Is there a tumor in this
brain scan? Detect and
describe it.

L
Count and label all the pon !
cells in this histology 'Q. oo .
image. ; w ‘

Can you identify the
kidney, liver, and
stomach in this
abdominal CT image
and decribe them?

@ LLaVa-Med Output

The image shows a microscopic histological
analysis of the defect site treated with different
treatments. The specific imaging modality is not
IEEEEEH. but it is likely that the image was
taken using a microscope to visualize the tissue
samples.

The MRI image shows the presence of a tumor in
the brain. The tumor appears to have a
heterogencous signal, meaning that it has areas
with different intensities. It is important to note
that

(S, <uch o o

radiologist or ...

BB However, I can help you interpret
the histology image by discussing the different
cell types and structures that you may
encounter. In general, histology images show
tissue samples stained with specific dyes to

highlight ...

Sure, in the 2D abdominal CT image, the
kidneys are likely to appear as two large,
bean-shaped structures with renal arteries and
veins branching off from the aorta. The aorta

is. To accurately segment these structures in

Dr. Mieradilijiang Maimaiti

Q‘ MMedAgent Output

The image is an example of a immunohistochemistry
histopathology image.

The tumor in the MRI brain image is located
with bounding box coordinates [0.32 0.24 0.76
0.55]. This indicates that the tumor is situated in
the central region of the brain, extending from
the upper middle to the lower middle area, and
towards the right. This information is crucial for
further medical evaluation and treatment
planning.

Based on the detection results, the image

contains a total of 15 cells. ° -
The bounding boxes for each cell are provided F= e
below, indicating their locations within the | .
image: i : 30 i

1. Cell 1:[0.15, 0. , 0.25, 0.14]

15. Cell 15: [0.97, 0.53, 1., 0.66]

Based on the detection results, here's a
summary of the organ locations within the
image:

1. The first kidney is located at the right
middle part of the image, with bounding box
coordinates [0.3,0.54,04,0.62].

4. The liver is on the middle left in the image,
with bounding box coordinates [0.43, 0.39,

| 0.63,0.47], it is larger than kidney in this

slice.

Binxu Li et al., 2024
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N

Grounding
(Organ)

Segmentation

Can you identify the
kidney, liver, and
stomach in this
abdominal CT image
and decribe them?

Is it possible to use
bounding boxes [0.2,
0.28, 0.6, 0.55] to
segment the Liver in
this medical image?

http://www.miradeljan.com

Sure, in the 2D abdominal CT image, the
kidneys are likely to appear as two large,
bean-shaped structures with renal arteries and
veins branching off from the aorta. The aorta

'ch, it is possible to use bounding boxes to

segment the Liver in this medical image.,

ISESSENNENNER 5y providing the
coordinates of the top-left and bottom-right
corners of the bounding hox, it is possible to
. train the AT system ...

Dr. Mieradilijiang Maimaiti

Based on the detection results, here's a
summary of the organ locations within the
image:

1. The first kidney is located at the right
middle part of the image, with bounding box
coordinates [0.3,0.54,0.4,0.62].

4. The liver is on the middle left in the image,
with bounding box coordinates [0.43,0.39,
0.63,0.47], it is larger than kidney in this

"._slice.

The segmentation result is displayed below
to assist with your medical evaluation:

Binxu Li et al., 2024
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% © MMedAgent: Learning to Use Medical Tools with Multi-modal Agent

MMedAgent_llava_V1 ~

Current avallable tools:

Can you locate and segment the kidneys, spleen, and liver in this 2D abdominal CT image?

VQA, Grounding, Segmentation, Classification, Medical Repant Generation, Retrieval Augmented Geaeration

Based on the bounding box coordinates and detection model output, here’s a summary:
1. The first kidney is located towards the left middle of the image, with bounding box coordinates [0.31, 0.52, 0.41, 0.66].
2. The second kidney is on the right middle part of the image, with bounding box coordinates [0.57, 0.54, 0.69, 0.64].

3 ' 3. The spleen is positioned towards the right middle of the image, with bounding box coordinates [0.66, 0.42, 0.73, 0.6).

N

4. The liver is located towards the left upper part of the image with bounding box coordinates [0.26, 0.41, 0.36, 0.63].

Start o<W

Based on the detection and segmentation model, the image segmentation result is as follows:

Reference Image <

Parameters <

Can you locate and segment the kidneys, spleen, and liver in this 2D abdominal CT image? Submit

OpenAl AP Key

Show Progress

Binxu Li et al., 2024
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Sources/Channels for Obtaining Relevant Materials/Resources

coursera CESTVA

| Artificial Intelligence in Medicine o > e gﬂ%ﬁj\
Supports open access

R

@ Deeplearning.Al / \
AFETZHIA TSR

FiEER fE IREE B3R
Alin Medicine | NEJM 281 (Ji#B=E¥2%) (New England Journal of Medicine, NEJM) ¥ ﬁlﬂ {ir340: Pranav Rajpurkar 534h 3 4
K—EXTALER (A) EEZURNANTS, |NEM 2EBEENEFHTZ—) M Alin

Jan 10 shhES

77,026 ABEH s~
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