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Transition Metal Dichalcogenides (TMDCs)

e TMDCs are a class of materials composed of
transition metals (like Mo, W) and chalcogens Holographic
(S, Se, Te). R ) 7 kg e Imaging

e They have a layered structure, similar to 7\ AL o~y I g
graphene, with strong in-plane bonds and weak e 2N
van der Waals forces between layers.

e  They exhibit a range of electronic properties,
from metallic to semiconducting.

e  TMDCs have strong light-matter interactions,
making them ideal for optoelectronic

applications. -:>
e  High flexibility and strength, useful for flexible Nano-imaging
electronics. Structures
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Mo | S S | Num Example Mo | S S | Num Example
vac 1 vac | Se Se 743 %%Q
os0
D efe Ct S vac | vac 19 vac | vac | Se | 1415 :&
%%'#j“
Se 1 W 1

e  Electronic Properties: Can introduce localized states
in the bandgap, affecting conductivity and carrier oo | = || a5 9 | wme 5
mobility.

e  Optical Properties: Influence photoluminescence and we | 5o | 2 %%%i% S I @@,’,&&
absorption spectra, crucial for optoelectronic apes, Cry ¥
applications. %, es00

. . 1 Swou ol W | S 15 3
e Mechanical Properties: Affect the strength and e s ¢ v
flexibility of the material. esee
vac | vac 15 W | Se | Se | 743 @%?&
. . . . 000,
Material Substitutions Vacancies S R I % @ | vae | se | 1a15 r e
MoS, S — Se; Mo - W Mo; S v es Celas:
WSes Se -+ S; W — Mo W; Se ose oy ®s =
e e Mo Vacancy
h-BN B—-CN->C B; N vac | Se 15 @v Os e swany
GaSe Ga — Se; Se —+ S Ga; Se
InSe In — Ga; Se = S In; Se Defect types in low density dataset. The ‘Mo’ and two ‘S’ columns denote the the
BP PN P type of site that is being perturbed either by substituting the listed element, or a

vacancy (vac). ‘Num’ column contains the number of structures with defects of the
type in the dataset. Finally, ‘Example’ column presents a structure with such defect.
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R
2DMD A 2D Material Defect

Base: MoS2; Defects: [Vac S] x 1, [Vac Mo] x 1, [S = Se] x 2

Top view

Dataset

15 A

104

Side view

Base: WSe2; Defects: [Vac Se] x 1, [Se » S] x 2, [W - Mo] x 1

Side view

40

Base: GaSe; Defects: [Ga - In] x 1, [Se —» S] x 1, [VacSe] x 1

e Established the first comprehensive 2D material defect ] eyl
database (2DMD) for machine learning training and . Je¥e¥elotolotots
evaluation. R

e The dataset enable training models for structure property
predictions and various other tasks. P~

e Includes widely used 2D materials: MoS2, WSe2, h-BN,

GaSe, InSe, and BP.

e Two parts: low defect concentration (structured
configurations) and high defect concentration (random
configurations).

e Low defect concentration: 5933 MoS2 structures and 5933 TApView
WSe2 structures in 8x8 supercell. j::ogggggggggggo

e High defect concentration: randomly generated substitution _ .| ©6%e°e°eCe%
and vacancy defects. | 0888282828280

e Dataset contains 14866 structures with 120-192 atoms 0 00%6°6°6%¢

0

each.

Huang, P, Al-Maeeni et al. Unveiling the complex structure-property correlation of defects in 2D materials based on
high throughput datasets. npj 2D Mater Appl 7, 6 (2023). https://doi.org/10.1038/s41699-023-00369-1
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Example structures from 2DMD dataset
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https://rolos.com/open/2d-materials-point-defects/

Pair plot of the properties
and defects in the dataset

for P, GaSe, BN, InSe, Mo0S2,

and WSe2
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S
The objective

Tailored defects design in TMDCs is crucial for enhancing their functional
properties in various applications. Precise engineered defects enable

modulating the electronic, optical, and catalytic characteristics of TMDCs,

leading to improved performance in areas such as transistors, sensors,
and energy storage devices.

e [nputs:
o Conditions:
m Energy,
m Homo
m Lumo
m Bandgap
m Formation energy
m Other Physical attributes
e Objective:
o Generate the crystal with the defects satisfying the
properties given
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An example of different defects
configurations
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Llama 3

Large Language Model Meta Al

Pretrained on over 15T tokens

Instruction fine-tuning

Decoder-only transformer

architecture

e Uses a tokenizer with a
vocabulary of 128K tokens that
encodes language efficiently

e Tokenizes all numbers into single
digits

e State-of-the-art performance on

NLP tasks

MMLU
5-shot

GPQA
0-shot

HumanEval
0-shot

GSM-8K
8-shot, CoT

MATH
4-shot, CoT

Meta
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Approach

e (Construct an instruction dataset from the
2DMD crystals descriptions:
o  Defect substitution rules
o Properties
o Instruction for generation:
m Types of defects
m  Restriction
e Use a parameter efficient fine tuning method -
Low Rank Adaptation of Large Language
Models (LoRA).
e Fine tune LLAMA-3 on part of the
Crystallographic Information File (CIF).
e Apply random rotations
e Randomly sample physical properties
e Runinference:
o Instruction + masked coordinates
e Parse the generated coordinates
e Calculate the energies of the generated
structure via a surrogate model

| LAMA-3 FB i Cryshl

dataset:
CI\R, energies

LoRA

Here is a TMDC material (BN), unitcell of size [8, 8, 1].
The defects for this material BN are generated based
on following rules:

{'type'": 'substitution’, 'from': 'N', 'to": 'C'}

{'type': 'substitution’, 'from': 'B, 'to": 'C'}

{'type': 'vacancy', 'element': 'N'}.

The material has the following properties:

- The formation energy per atom is 6.1508.
- The energy per atom is -8.6699.

- The Fermi level is -4.1761.

Generate defects in the crystal structure, of the following types (vacancy,
substitutional).

You are only allowed to change the atom symbol (in the case of vacancy replace it
with VAC)

without changing anything else.

Crystal structure:

<Crystal elements and coords>
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‘/\N;Cfui/k C1CC1N2C=C(C(=0)C3=CC(=C(C=C32)N4CCNCC4)F)C(=0)0
O

Molecular graph ~———9 SMILES string

TRERTNY
c CC0100001+00010+00100+
) c. I I I
w Atomic symbols Node indices Edge labels

e,,001
Crystal —————————— Labeled quotient graph ——————————— SLICES string

Simplified line-input
crystal-encoding system
(SLICES)

aThe molecular graph serves as an intermediary to translate between molecules and SMILES strings. b Likewise, the labeled quotient graph serves as an
intermediary to translate between crystal structures and SLICES strings.

® Based on Q uotient grap hs to handle Fig. 2: Intermediate structures generated during reconstructing the crystal structure
p e ri 0 d | ccC ryst a | S of NdSiRu (mp-5239) from its SLICES string.

. An d E o n’S m et h O d fo r re CO n St ru Ct i 0 n t h e From: Aninvertible, invariant crystal ion for it design of solid-state materials using, .-

@ NdSiRu @ Rescaled 9

structures: Euclidian embeddings of periodic (mp-5239) structure 89@ '@
nets: definition of a topologically induced © A g wen @

complete set of geometric descriptors for crystal ) méé‘ég O
structures - PubMed (nih.gov) oe0

. 20.45b0.45¢0.82

24.22b4.22¢6.94 :
’ 24.50b4.50c7.54

NdNASiSiRURU03-0003-+003000030+005-0005000 ® ZL*-optimized O —
04000040+00200-02000120-01200012+-012+00 structure
1400+14+0+150-+1500+130001300+25-0+2500+
2400+240++3400034+00350-03500045--045-00
450-045000

ive deep learning

(&)

24.18b4.18¢ 132

@ IAP-refined
structure

SLICES string 24.50 b 4.50 ¢ 7.54 24.26b4.26c6.92

An invertible, invariant crystal representation for inverse desian of solid-state
materials using generative deep learning | Nature Communications
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https://pubmed.ncbi.nlm.nih.gov/21173475/
https://pubmed.ncbi.nlm.nih.gov/21173475/
https://pubmed.ncbi.nlm.nih.gov/21173475/
https://pubmed.ncbi.nlm.nih.gov/21173475/
https://www.nature.com/articles/s41467-023-42870-7
https://www.nature.com/articles/s41467-023-42870-7

Decision Trees + SLICES

e (Catboost has been used an
excellent implementation of
gradient boosted decision
trees.

e Property predictions are done
using Catboost to predict the
energies from the SLICES
crystal line strings.
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https://catboost.ai/

I te S u ItS Processed prombts: gﬁ%i_i 3577/3717 [1:19:45<00:30,

4.62it/s, est. speed input: 152.65

Processed prompts: 96%| NN | 3578/3717 [1:19:45<00:31, 4.41it/s, est. speed input: 152.68

Processed prompts: 96%| NN | 3581/3717 [1:19:47<00:49, 2.75it/s, est. speed input: 152.74

Processed prompts: 96%| NN | 3582/3717 [1:19:48<00:55, 2.42it/s, est. speed input: 152.76

Processed prompts: 96%| MMM | 3583/3717 [1:20:13<08:16, 3.70s/it, est. speed input: 152.00

Processed prompts: 96%| MMM | 3584/3717 [1:20:23<10:17, 4.64s/it, est. speed input: 151.74

. . Processed prompts: 96%| MM | 3585/3717 [1:20:26<09:32, 4.34s/it, est. speed input: 151.68

[ ] |nference/generat|0n IS around Processed prompts: 96% | MMM | 3586/3717 [1:20:30<09:29, 4.34s/it, est. speed input: 151.59
Processed prompts: 97%| NN | 3587/3717 [1:20:52<17:52, 8.25s/it, est. speed input: 150.97

~4_2 crystals per Second Processed prompts: 97%| MM | 3588/3717 [1:21:21<29:02, 13.50s/it, est. speed input: 150.10
Processed prompts: 97¢%| NN | 3589/3717 [1:21:22<22:02, 10.33s/it, est. speed input: 150.10

Processed prompts: 97%| NN | 3592/3717 [1:21:24<10:36, 10s/it, est. speed input: 150.19

® 94% Of the generated StrUCtu res Processed prompts: 97% | NN | 3597/3717 [1:21:25<04:42, 36s/it, est. speed input: 150.37
. . . Processed prompts: 97% | NN | 3598/3717 [1:21:25<04:07, 08s/it, est. speed input: 150.40

are Valld clf flles Processed prompts: 97%| NN | 3604/3717 [1:21:26<02:00, 06s/it, est. speed input: 150.62

Processed prompts: 97% | | 3607/3717 [1:21:27<01:36,
Processed prompts: 97%| NN | 3623/3717 [1:21:28<00:30,
Processed prompts: 98% | | 3631/3717 [1:21:29<00:22,
Processed prompts: 98%| NN | 3639/3717 [1:21:30<00:16,
Processed prompts: 98% || | 3648/3717 [1:21:32<00:13,
Processed prompts: 98%| NN | 3649/3717 [1:21:32<00:13,
Processed prompts: 98% || | 3651/3717 [1:21:33<00:15,
Processed prompts: 98% | NN | 3652/3717 [1:22:01<02:44,
Processed prompts: 98% | | 3653/3717 [1:22:09<03:20,
Processed prompts: 98% | | 3655/3717 [1:22:10<02:35,
Processed prompts: 98%| NN | 3657/3717 [1:22:11<01:57,
Processed prompts: 98% | | 3658/3717 [1:22:11<01:39,
Processed prompts: 98% | | 3659/3717 [1:22:11<01:26,
Processed prompts: 98% || | 3660/3717 [1:22:12<01:10,
Processed prompts: 99% | NN | 3667/3717 [1:22:12<00:24,
Processed prompts: 99%| NN | 3669/3717 [1:22:13<00:22,
Processed prompts: 99% | NEMENNNNNN | 3677/3717 [1:22:14<00:10,
Processed prompts: 99% | NN | 3684/3717 [1:22:14<00:05,
Processed prompts: 99% | ENEENNNNN | 3685/3717 [1:22:14<00:05,
Processed prompts: 99% || 3687/3717 [1:22:15<00:05,
Processed prompts: 99% || 3688/3717 [1:22:15<00:05,
Processed prompts: 99% | NN | 3692/3717 [1:22:16<00:04,
Processed prompts: 100% | NN | 3699/3717 [1:22:17<00:02,
Processed prompts: 100% | NN | 3701/3717 [1:22:18<00:04,
Processed prompts: 100% || 3702/3717 [1:22:19<00:04,
Processed prompts: 100% || 3704/3717 [1:22:19<00:03,
Processed prompts: 100% || 3706/3717 [1:22:20<00:02,
Processed prompts: 100% | NN | 3710/3717 [1:22:20<00:01,
Processed prompts: 100% | NN | 3715/3717 [1:22:21<00:00,
Processed prompts: 100% | NN | 3716/3717 [1:22:21<00:00,
Processed prompts: 100% | NN 3717/3717 [1:22:21<00:00,

14it/s, est. speed input: 150.71
06it/s, est. speed input: 151.37
83it/s, est. speed input: 151.6
64it/s, est. speed input: 152.00
00it/s, est. speed input: 152.34
91it/s, est. speed input: 152.37
27it/s, est. speed input: 152.43
53s/it, est. speed input: 151.60
14s/it, est. speed input: 151.39
50s/it, est. speed input: 151.45
95s/it, est. speed input: 151.51
69s/it, est. speed input: 151.55
49s/it, est. speed input: 151.57
24s/it, est. speed input: 151.61
08it/s, est. speed input: 151.88
18it/s, est. speed input: 151.94
93it/s, est. speed input: 152.25
57it/s, est. speed input: 152.5
55it/s, est. speed input: 152.57
37it/s, est. speed input: 152.63
40it/s, est. speed input: 152.67
89it/s, est. speed input: 152.82
21it/s, est. speed input: 153.09
77it/s, est. speed input: 153.1.
44it/s, est. speed input: 153.1!
57it/s, est. speed input: 153.2
69it/s, est. speed input: 153.28
84it/s, est. speed input: 153.44
94it/s, est. speed input: 153.6:
03it/s, est. speed input: 153.68
33s/it, est. speed input: 153.72

©

w

NN
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2

Conditional on formation energy, bandgap, homo, lumo generation samples
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Results

e Plot showing 6000 generated
MoS2 crystals containing
different defect concentrations
evaluated with surrogate model.

e  Structures with high MSE from
the target property have reduced
opacity and size.

e R?and RMSE are calculated for
the 25% lowest MSE values of
the generated structures

) > i il (i) ?<Quas) (Yi — i)?
Rysn =1 — — 2
Zie{i‘(yi—ﬁi)ZSQozs} (yl - y25th)
RMSE ! (s — 557
25th — . A2 1 Yi
] (i = 8:)° = QoasH iey “m<0uan)
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calculated homo_lumo_gap

calculated lumo
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R? (25th) = 0.98, RMSE (25th) = 0.05
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R2 (25th) = 0.82, RMSE (25th) = 0.06
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Conclusion

Fine tuning pretrained LLMs are very promising for dealing with crystals structures
Achieve high quality generation (being valid CIF), only ~6% of the generated crystals are
invalid
Generation/inference (can be fast ~1800 toks/s if optimized properly with:

o Efficient management of attention key and value memory with PagedAttention

o  Continuous batching of incoming requests

o  Fast model execution with CUDA/HIP graph and

o  Optimized CUDA kernels
The LLMs learn the physical biases making it useful in generating proposals for Bayesian
optimization settings or High throughput screening pipelines.
The surrogate model has a low fidelity prompting a better model to be used with ab initio
simulation
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-
Questions

e Why using LoRA instead of full finetune?

e How LLMs can understand or learn such a fundamental physical
thing?

e Why didn't you train on SLICES instead of CIF?

e Why llama?

e Your turn!

GitHub
@abdalazizrashid
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Backup
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Training Summary Metrics

Training Metrics: 004

Loss: 0.0271
Runtime: ~20 hours@(128 CPU, 8 NVIDIA A100-SXM4-80GB)
Epochs: 10

Gradient Norm: 0.07@epoch 10

Learning Rate: 0.0001@epoch 0 — 5.15261339e-12@epoch 10
No quantization

0 O O O O O
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Model & Method |# Trainable

Parameters| MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B Avg.
RoBypase (FT)* 125.0M| 87.6 94.8 90.2 63.6 928 919 78.7 912 864
ROByase (BitFit)* 0.1IM| 84.7 93.7 92.7 62.0 91.8 84.0 81.5 90.8 852
RoBpase (Adpt®)* 0.3M|87.1+0 94.2+; 885411 60.8+4 93.1+1 90.240 71.5427 89.74+3 84.4
RoBpase (Adpt”)* 0OM|87.3+1 94.7+3 88441 62.649 93.0+2 90.6+0 759422 903+ 854
RoBpase (LORA) 0.3M|(87.5+3 95.1+2 89.74+7 634412 93343 90.8+;1 86.6.7 91.5., 87.2
RoBiarge (FT)* 355.0M| 90.2 96.4 90.9 68.0 947  92.2 86.6 924 889
RoBiarge (LORA) 0.8M[90.6, 9625 9091, 68.2119 9493 91.61; 874175 92.6., 89.0
ROBiarge (Adpt®)t 3.0M[90.2+3 96.1+3 90.2+7 68.3110 94.815 91.9.; 83.8129 92.1L7 88.4
ROBiarge (Adpt®)t 0.8M[90.5+3 96.6, 89.7+1, 67.8425 94813 91.7+, 80.1429 9194 87.9
ROBiarge (Adpt™)t 6.0M (89915 96243 88.7429 66.54+44 94.745 92141 834411 91.0417 87.8
RoBiarge (Adpt™)t 0.8M[90.3+3 96.3+5 87.7+17 663120 94. 712 91.541 72.9429 91515 86.4
RoBiarge (LORA)T 0.8M[90.6+> 96.2+5 90210 68.2+10 94.843 91.64, 85.24+1;1 92.3.5 88.6
DeBxx. (FT)* 1500.0M| 91.8 97.2 92.0 72.0 960 92.7 93.9 929 91.1
DeBxxi. (LoRA) 4.7M 1919+, 96945 92.6+6 72.4+11 96.0+1 929+ 94914 93.0L, 913

Table 2: ROBERTay,s., ROBERTay,., and DeBERTaxx; with different adaptation methods on the
GLUE benchmark. We report the overall (matched and mismatched) accuracy for MNLI, Matthew’s
correlation for CoLA, Pearson correlation for STS-B, and accuracy for other tasks. Higher is better
for all metrics. * indicates numbers published in prior works. 1 indicates runs configured in a setup
similar to Houlsby et al. (2019) for a fair comparison.

https://arxiv.org/pdf/2106.09685
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Llama-2 vs Llama-3
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— 8b-llama-3 = 7b-llama-2 0
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