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Problem： Material Design
Massive candidates



Embedding material 
structure or
Design special model 
architecture
Need plenty of 
Specialists

Machine learning is suitable for 
processing data in tabular format
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Why we need Large Language Model (LLM)？
The majority of material data is in 
text
Including journals, paper, lab reports 
and etc.



What is the most possible next token? 
By learning similar texts

Use unsupervised learning to find carrier 
selective material

Apply it on material reports
What is the most potential related material for 
Carrier Selective？
Find the ground-breaking
Eletron transport layer or
hole transport layer material

Synthesis

~ 60K paper , 200 dimension

[1] T. Xie et al. Deep learning accelerated material disocery for Si-based solar cells passivating contact
layers material disocery & synthesis, PVSEC-33, Japan, 2022



Why we need Large Language Model？
Data usually depends on its context

Information such as material manufacture data, 
synthesis steps and etc …
It is too complex for data in table format

[1] T. Xie et al. Large Language model as master keys: Unlock the secrets of material science, Patterns,
Manuscripts under review.



Introduction
Accelerating materials science discoveries through data-
driven and first-principles-based materials design

Compound:
Formula, Name, Abbreviation
Description:
Processing method, Defects, 
Modifications, Morphology
Structure/Phase:
Crystalline structure, Symmetry, Phase

Material information

Material structure

Material properties

Bandgap

Carrier 
mobility

K_VRH

Experiment 
information

Discovering and 
mining materials 
science 
information 
based on 
literature and 
databases.

Material Science 
LLM

Device structure

Device 
performance

…

Understanding the 
regularity of 
material structure 
and properties 
from unstructured 
information.

Calculation: DFT, MD …
Experimentation: XRD, SEM…

[1] T. Xie et al. Large Language model as master keys: Unlock the secrets of material science, Patterns,
Manuscripts under review.



What are the key properties of graphitic carbon nitride (g-
C3N4) that make it an attractive material for optoelectronic 
applications?

Graphitic carbon nitride (g-C3N4) exhibits excellent 
semiconductor properties, high thermal and chemical 
stability, and strong optical absorption in the visible light 
range. Its bandgap can be tuned for specific applications. 
Moreover, it's non-toxic, abundant, and eco-friendly, making 
it ideal for sustainable optoelectronic applications.

Graphitic carbon nitride (g-C3N4) possesses a large 
bandgap, high thermal and chemical stability, and excellent 
photocatalytic properties, making it an attractive material 
for optoelectronic applications such as solar cells, sensors 
and photocatalyst,

What’s the bandgap of Ag2CsSb2I3?

As of my knowledge cutoff in September 2021, there isn't 
specific information available on the bandgap of 
Ag2CsSb2I3. The bandgap of a material is a very specific 
property, ….,I recommend checking the most recent scientific 
literature for updates or conducting an experiment if 
possible.

1.96

v Better scientific answering capabilities 
than GPT-4

v Powerful materials design capabilities
Darwin (7B) > Fine Tuned GPT-3 (175B)
Multi-task training >> Single-task training
One Darwin, All Tasks and Open Source!

v Customized GPT for natural science

LLaMA

+ +

6M Paper
FAIR Material Database…

HOPV15

Case:

0 0.2 0.4 0.6 0.8

GPT-3(175B)

LLaMA(7B)

Darwin(7B)

BRANNLP

Photovoltaic conversion efficiency (%) 
average absolute error



ØPerformance on material prediction task ØPerformance on device design

[1] T. Xie et al. Large Language model as master keys: Unlock the secrets of material science, Patterns,
Manuscripts under review.

Better thanState-of-The-Art model on most tasks

Berkeley- Matbench
(Solid material)

Harvard - HOPV15
(Organic solar cells)

Task Metric SOTA DARWIN

Bandgap
(Regression)

MAE 0.3310 0.2790

Metal 
(Classification)

ROCAUC 0.9209 0.9650

Task Metric SOTA DARWIN

PCE
(Regression)

MAE 0.42 0.38

Automated formulation of perovskite solar cell production



2-3 years for 50+ scientists
DARWIN (1 sec/one paper，Nvidia A5000)

ØInformation extraction on 
paper structure

[1] T. Xie et al. Large Language model as master keys: Unlock the secrets of material science, Patterns,
Manuscripts under review.



Summary

Hi, I’m Darwin.
I could help you with:

Paper, patents, experimental data

Answer scientific 
questions

Data 
transformation

Provide 
literatures

Data 
collection …

Automatic 
simulation

Liberate 
productivity

Find new 
material

Device 
design

Material 
prediction

Material 
design

Synthesis 
methods

…

Text-based work

And more application scenarios…

…

DARWIN AI Center Hub



Thank you!
E-mail: tong.xie@unsw.edu.au


