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Materials science is data limited

Several key material properties that govern performance
In applications have limited data

« ‘Small’ datasets (< 10* datapoints)
* lonic mobilities, defect formation energies, adsorption energies,...

« Limits application of deep learning (DL) frameworks
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Materials science is data limited

Several key material properties that govern performance
In applications have limited data

 ‘Small’ datasets (< 104 datapoints)
* lonic mobilities, defect formation energies, adsorption energies,...

* Limits application of deep learning (DL) frameworks

Transfer learning: efficiently use DL frameworks on small datasets
* Pre-train (PT) on 'large’ dataset, fine-tune (FT) on ‘small’ dataset

Pre-trained CNN

Do et al., Korean J. Radiol. 2020




Materials science is data limited

Several key material properties that govern performance
In applications have limited data
 ‘Small’ datasets (< 104 datapoints)
* lonic mobilities, defect formation energies, adsorption energies,...
* Limits application of deep learning (DL) frameworks

Transfer learning: efficiently use DL frameworks on small datasets
* Pre-train (PT) on 'large’ dataset, fine-tune (FT) on ‘small’ dataset

How useful is transfer learning in materials science?
« Optimal ways to use?
« Ways to generate ‘generalized’ models?



Handles to consider

Dataset(s)
* What, how, how many?

Architecture
« Graph neural network

i | Strategy

) . * FT techniques in pair-wise PT/FT models
« Multi-property PT (MPT) models

(Learning) Hyperparameters AN

» Data sampling WL

* Leaming rate N

» Number of datapoints during PT, FT o B


https://en.wikipedia.org/

Handles to consider

Dataset(s)
* What, how, how many?

Architecture ‘
« Graph neural network ' A

Let's take a detailed look at the handles

(Learning) Hyperparameters AR
» Data sampling DI LN)
« Learning rate wEEE T B

« Number of datapoints during PT, FT


https://en.wikipedia.org/

7/ datasets (Matminer)

>( 10% : Test ]—

~
EE% Dataset
J —>(90% : Train ]—

Standardize(S) and Normalize(N)
using training dataset statistics

L 4
' ( SEN Train ) ( S&N Test )
o1 L Lol
Piezoelectric modulus PZ 941 —
Dielectric constant DC 1,056 Computational
Highest frequency of optical PH 1 265 I
phonon peak ’
Experimental band gap EBG 4,604 — Experimental
Average shear modulus GV 10,987 ]
Band gap BG 106,113 Computational
Formation energy FE 132,752 —

1. Ward et al., Comput. Mater. Sci. 152, 60—69 (2018).




7 datasets (Matminer)

1

T I

)( 10% : Test ] Standardize(S) and Normalize(N)]1

Ea‘ Dataset using training dataset statistics :
|

|

—>(90% : Train )— V | L ¥

;o: l# *&l

ormal
] [Be EBG |
1. Ward et al,, Comput Mater. Sci. 152, 60-69 (2018). Log-normal

Standardized and normalized values




Atomistic line graph neural network (ALIGNN)

3. Angle embeddings (Z)

1. Atom embeddings (X)

2. Edge embeddings (Y)

7. Linear MLP

6. Pooling

5. E-GGC on Bond graph

(| N\ (i N\ (o )
[] [] []
[ ] [
] L] ]
\. [92] [25@ K. [80] [64] [25@ k [40] [64] [256]J
( \ BOND GRAPH LINE GRAPH h
Target
AVERAGE
. 256}

ALIGNN: Takes atoms, bonds, and bond angles into account

4. E-GGC on bond and line graph

Bond graphs: atoms are nodes, bonds are edges; 2-body layers

Line graphs: bonds-nodes, bond angles-edges; 3-body layers

Communication: edge-gated graph convolution (E-GGC)

1. Choudhary and DeCost, npj Comput. Mater. 7, 185 (2021).

2. Omee et al., arXiv 2401.08032 (2024). 9



FT strategies [ ] | )

FT 1: Unfreeze all layers
1. Atom embeddings 2. Bond embeddings 3. Angle embeddings 4. ALIGNN 5. Bond graph 7. Linear MLP H
ighest

degree of
freedom

BOND and LINE GRAPH BOND GRAPH 6. Pooling
M _—_—
AVERAGE |
POOLING
[TTT11

7. Linear MLP with new prediction head

FT 2: Add new predition head

Additional
flexibility at [EmbeddingsH ALIGNN HBond Graph Pooling |-
head
________________________________________________________________ |
FT 3: Unfreeze selective layers (only last layer) 7. FT on Linear MLP layer Classic:
Target |OWGSt
[Embeddings H ALIGNN ]—)[Bond Graph ]—)[ Pooling ]—> deg ree of
freedom
|

2-body and 3-
body layers:
central to
ALIGNN

FT 4: Unfreeze selective layers (2 or 3 body interactions)
4. FT on bond graph 5. FT on bond graph

2 Body interations 2 Body interations
ALIGNN Line Graph i
Embeddlngs C@Q (3 body interations) C@@ Pooling |—- Linear MLP

~




Hyperparameters

Sampling: random sampling is best Learning rate: higher is better
' 1F
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PT-FT: Pre-train dataset/Fine-tune dataset H|gher |earning rate: more re-training of

parameters
BG: Band gap

FE: Formation energy 10-3 optimal; validation losses high at 10-2
DC: Dielectric constant

PH: Phonons




Hyperparameters

Sampling: random sampling is best Learning rate: higher is better
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Let’s look at pair-wise model performances in more detail
* Influence of PT/FT dataset size

« FT strategy
* 7X6 pair-wise models




Scratch models Pair-wise PT-FT models
Dataset name; Dataset size PT-FT dataset name; FT Dataset size I1-0
0.8

Test scores (5 trials)

MAE  PT-FT models are consistently better than scratch models e

 More FT data: better models (both scratch and PT-FT) 04

R2

- Efficiency of PT-FT learning better than scratch (lower dataset sizes) I"'2
0.0

BG: Band gap; FE: Formation energy; DC: Dielectric constant; MAE: Mean absolute error



More PT data: non-monotonic
Improvement

FE Dataset size
|3 1K

N
o

[ 5K
= 10K

_ I Better than scratch
’:’_I m ‘ { i ' Scratch
GV PH BG DC EBG

FT dataset name

[
w
T

Percentage change
=
o

%]

o

Formation energy as PT
* Increasing dataset size: non-monotonicity

« Best models at 100K

« Always better than scratch

BG: Band gap; FE: Formation energy; DC: Dielectric constant; GV: Shear modulus; PH: Phonons; EBG: Experimental bandgap 14



More PT data: non-monotonic
Improvement

FE Dataset size BG Dataset size ( i
20f [=3 1k 20r =3 1k
[ 5K [ 5K
= 10K 0 10K -

F |E= 50K
B 100K =

=
w
=
w

Percentage change
)
Percentage change
[
o

w
w

[ ]

o

L |EE 50K
B 100K
GV PH BG DC EBG

FT dataset name

B

FE N\_DC EBG

Formation energy as PT Band gap as PT

 Increasing dataset size: non-monotonicity| ° Non-monotonicity

« Best models at 100K « Best models at 50K for non-
correlated; 100K for correlated

« Always better than scratch
» (Almost) always better than scratch

BG: Band gap; FE: Formation energy; DC: Dielectric constant; GV: Shear modulus; PH: Phonons; EBG: Experimental bandgap 15



More PT data: non-monotonic
Improvement

FE Dataset size BG Dataset size ( \
20f [=3 1k 20r =3 1k
3 5K 3 5K
=31 10K =3 10K —
15r 15+ |EEE 50K
B 100K

Percentage change
=
o

Percentage change
o
w

%]

oﬁwﬁﬂ

FT dataset name

L1/ T e {

FE \_DC G /

EBG

Larger PT data: generally better despite non-monotonic improvement

If FT property is correlated, more PT data helps

BG: Band gap; FE: Formation energy; DC: Dielectric constant; GV: Shear modulus; PH: Phonons; EBG: Experimental bandgap 16



FT strategy: unfreezing all is best

FT strategy
2
f:;:?;;f,en B Sf: b > Unfreezing last layer: minimal degree of freedom
New pred. head ‘
3 body layer T 08
2 body layer
0.6
04
02
Models need significant retraining
ﬁ’ %
{(Q,’ IS Creating foundational models: difficult in
T R pair-wise
OO 90 B 2-body and 3-body layers are large
‘<9® Q,C% contributors to ALIGNN

Unfreezing all layers: maximal degree of freedom

BG: Band gap; FE: Formation energy; DC: Dielectric constant



/X6 combinations of pair-wise models

PH FE BG PZ DC EBG Pair-wise models:

GV
o 0.096 0.043 0.057 0.142 0.056 : ; better than scratch
800 « Average increase in
- 0.904 0.913 -0.039 : : 1.0 R2: 25%

0.2

008

=BG ! 0.090  0.032  0.049fa ¥ 0.049 Qvl\e/lr;lg:e Sgozrease
0.940  0.934 jo.012 :
0.090  0.032  0.048 0. oso : 0.8 Best models: GV,
DC 0.940 0.936 [ALIIN 0.001 : PH, FE (R? > 0.75)
PZ & < 048 ' 0.6 Average models:
0.947 0.938 7 0.436 BG. DC. EBG
0.090  0.030( o. 040 .049 - 0.093
0.768 0.946 0.936 o 007 0.697 0.452 04 Specific PT
0.08 0.031 0.049 0.019 0.092 property: little
FE|o.77a ‘ 0.946 0.609 o 677 0.459 influence on FT
l 0.047

0.049 . 0.020f 0.093
PH
0.774 0.611 [ }*I0.661
| 0.031  0.048 0.049 . 0.019f 0.091
GV 0.0
0.947  0.936 [N 0.009 [Ny

[GV800 PH800 FE800 BG800 PZ800 DC800 EBG800 | FT dataset+size
PT dataset (941)

No symmetry

Test scores

MAE

GV: Shear modulus; PH: Phonons: FE: Formation energy; BG: Band gap
PZ: Piezoelectric modulus; DC: Dielectric constant; EBG: Experimental band gap




7X6 combinations of pair-wise models

PH FE PZ DC EBG Pair-wise models:

GV
o 0.096 0.043 0.057 0.142 0.056 i ; better than scratch
800 * Average increase in
: 0.904 0.913 -0.039 1.0 R2: 959,
» Average decrease
= 0.090  0.032 o.049 0.049 . 0.020 i MAE: 16%
0.940  0.934 o 012 0.680
0.090  0.032 0.048 0. oso 0.092
DC 0.768 X U X1 0.598 QX ] o 449

08 Best models: GV,
‘ n_nn 0_02 n_nan‘ -‘ 0010‘ n_nazx

PH, FE (R2 > 0.75)

What about MPT (or more generalizable) models?

0.08¢ 0.031 0.04¢ 0.019 0.092
FE 0.774 0.946 0.609 0.014 0.677 & I
0.08 i 0.047 0.049 0.020 0.093
PH 0.774 .938 0.611 0.012 0.661

property: little
influence on FT

No symmetry

At capped dataset size, specific PT property is a weak handle; Normal distribution is better

Pair-wise transfer learning has significant utility



MPT: (Beta) Generalized models

Inspiration from literature: multi-task crystal graph convolutional neural network

E ' 7\ j N ) ;r‘:\\:\:: --------- FC‘] _) P1
ST AL = : Xp| T
|\ _,_\ . \ / o L FGo > P2
\1 ‘ Build Graph > Z \ CGCNN : :

S ) D) xn‘,:f::_'_, _______ I FCh, }—>Pn
Crystal Structure Crystal Graph Crystal Embedding Task Dependent Layers
» Build cumulative dataset: 132,270 points

 Remove overlaps
« Add task-dependent prediction heads with a one-hot encoded vector
* Presence/absence of property
N
: : 1 . o
 Modify loss function L= sz’é — yi|&t
i=1

PT on all (but one) property, FT on one property
1. Sanyal et al., arXiv 1811.05660 (2018)



MPT: better on-average than PT-FT

40r |E=N MP-R? scores 1 ; .
B PT(best-size)-R? scores thzt:\er

qéw scratch
= 20
Ve
5 7
Q
% 0 IZZI & é Q. Scratch
: 7
) 7
o
)
('8

_20-

—40r | | | | |

GV800 PH800 FES800 BG800 DC800 EBGBUq FT dataset + size

MPT better than PT(best-size) in 3/6 on R2

GV: Shear modulus; PH: Phonons; FE: Formation energy; BG: Band gap; DC: Dielectric constant; EBG: Experimental band gap 21



MPT: better on-average than PT-FT

40r |E=N MP-R? scores Z 1 2
B PT(best-size)-R? scores % Better R
7 than
8’ % scratch
< 20f %
el
5 7
Q / 7
§ 0 sz &, - Z % / Scratch
| € 7
9 é 7 Better
—-20+ % /) MAE than
/ scratch
%
_40f e | | '

FT dataset + size

MPT better than PT(best-size) in 3/6 on R2
in 4/6 on MAE

GV: Shear modulus; PH: Phonons; FE: Formation energy; BG: Band gap; DC: Dielectric constant; EBG: Experimental band gap 22



MPT: better on-average than PT-FT

40r |E=X MP-R? scores z | )
I PT(best-size)-R? scores Z tBhZ[:]er R
83 % scratch
c 20t 7
g 7
: 7
g " ZZ!Q &/ . // 4 / Scratch
: 7N 7
o 7 o
§f % % Better
—20°F % ’ MAE than
% scratch
Z ,,
—40+
FT dataset + size
MPT better than PT(best-size) in 3/6 on R2 Negative transfer in FE with MPT
in 4/6 on MAE * Due to exclusion of large number of datapoints

GV: Shear modulus; PH: Phonons; FE: Formation energy; BG: Band gap; DC: Dielectric constant; EBG: Experimental band gap 23



MPT: better on out-of-domain than
PT-FT

Band gap of 2D materials (1,103 datapoints) from JARVIS-DFT

Model Test R2 Test MAE
Scratch 0.635 0.148
MPT (all seven datasets) 0.671 0.125
FE(100K) 0.670 0.127
BG(50K) 0.617 0.138
PH(1256) 0.628 0.145
GV(10,987) 0.626 0.143
EBG(2,481) 0.619 0.143

On average, MPT is 6% and 10% better on R2 and MAE than PT-FT
Closest performer to MPT is FE: largest dataset within MPT
MPT models: may generalize quite well with more properties

FE: Formation energy; BG: Band gap; GV: Shear modulus; ]



Hands-on session?
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Predict phonon modes using
scratch and fine-tuned models

Not Standardized and Normalized

300 +

250

200 A

Frequency
[
w
o

100 -+

50 A

-

0

500 1000 1500 2000 2500 3000
Highest optical mode phonon frequency

3500

Standardized and Normalized

300 +

250 A

200 A

150 A

Frequency

100 A

50 -

—

Highest optical mode phonon frequency

-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00
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Summary

CHECK ITOUT—T MADE A
FULLY AUTOMATED DATA
PIPELINE THAT COLLECTS
AND PROCESSES ALL THE
INFORMATION \JE NEED.

i

15 IT A GIANT HOUSE OF CARDS
BUILT FROM RANDOM SCRIPTS
THAT WILL ALL COMPLETELY

COLLAPSE THE MOMENT ANY
INPUT DOES ANYTHING WEIRD?

L7

IT... MIGHT NOT GE.

( T GUESS THAT'S SOMETH-

« Materials science is limited by data availability on key properties
» Transfer learning as a path to build robust models

« Optimal PT-FT strategies
« Larger PT/FT dataset generally helps
« Specific PT property: weak handle
« More degrees of freedom in model: better

 MPT: a path to generalized models
« On-average better than scratch and best PT-FT

* Generalizes well out-of-distribution

saigautamg@iisc.ac.in; hitps://sai-mat-group.github.io; https://github.com/sai-mat-group
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