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ML-Infrared spectra
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How to improve ML-NEA spectra?

Source: https://gaussian.com/vib/
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How to improve ML-NEA spectra?

Source: https://gaussian.com/vib/
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Variants of vibrational simulations

!𝐻Ψ!(𝒒) = (𝑇Ψ!(𝒒) + 𝑉(𝒒)Ψ!(𝒒) = 𝐸"Ψ"(𝒒)

Vibrational Schrödinger equation:
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𝜔#𝑄#'

𝑉 𝑸 =
1
20
#$%

&

𝜔# 𝑄#' +
1
6 0
#,),*$%

&

𝜂#)*𝑄#𝑄)𝑄* +
1
24 0

#,),*$%

&

𝜂#)*+𝑄#𝑄)𝑄*𝑄+ = 𝑉harm + 𝑉′

Easy to solve within harmonic approximation

Real potentials are anharmonic:

Methods like VPT2, VCI, VSCF…

S. Manzhos, M. Ihara, T. Carrington, Machine learning for vibrational spectroscopy. In Quantum 
Chemistry in the Age of Machine Learning, P. O. Dral, Ed. Elsevier: 2022, in press. Paperback 
ISBN: 9780323900492Pav
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ML-VPT2
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Variants of vibrational simulations

S. Manzhos, M. Ihara, T. Carrington, Machine learning for vibrational spectroscopy. In Quantum 
Chemistry in the Age of Machine Learning, P. O. Dral, Ed. Elsevier: 2022, in press. Paperback 
ISBN: 9780323900492

Also possible from molecular dynamics:

𝐼 𝜔 ∝ = 𝑴 𝜏 𝑴 𝑡 + 𝜏 ,𝑒-#./𝑑𝑡

where 𝑴 𝜏 𝑴 𝑡 + 𝜏 , is the autocorrelation function of the 
dipole moment 𝑴 𝑡 = ∑)$%

01 𝑒)𝒓)(𝑡), where 𝒓) and 𝑒) are 
charges of each of Np particles.
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IR from MD: Learn PES and dipole moments

M. Gastegger, J. Behler, P. Marquetand, Chem. Sci. 2017, 8, 6924Pav
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What machine learning potential 

to choose?

M. Pinheiro Jr, F. Ge, N. Ferré, P. O. Dral, M. Barbatti. Chem. Sci. 2021, 12, 14396–14413
P. O. Dral, F. Ge, B.-X. Xue, Y.-F. Hou, M. Pinheiro Jr, J. Huang, M. Barbatti. Top. Curr. Chem. 2021,
379, 27

Max 
Pinheiro Jr

Mario
Barbatti
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Zoo of machine learning potentials

Normal font – implemented 
models in MLatom
Greyed – not implemented in 
MLatom

M. Pinheiro Jr, F. Ge, N. Ferré, P. O. Dral, M. Barbatti. Chem. Sci. 2021, 12, 14396–14413

XACS
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MLatom’s 3rd-party interfaces

DeePMD-kit deepmodeling.com

GAP libatoms.github.io/GAP

sGDML sgdml.org

TorchANI aiqm.github.io/torchani

PhysNet github.com/MMunibas/PhysNet

ASE wiki.fysik.dtu.dk/ase

Hyperopt hyperopt.github.io/hyperopt

Sparrow scine.ethz.ch/download/sparrow

NX newtonx.org

Gaussian gaussian.com

MNDO mndo.kofo.mpg.dePav
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sgdml.org
aiqm.github.io/torchani
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ML algorithms

𝑓 𝐱#; 𝛃 = 𝛽2 + 𝛽%𝑥#% +𝛽'𝑥#' +⋯

Linear regression

Kernel ridge regression (KRR) Neural networks (NN)

Number of parameters is fixed

𝑓 𝐱; 𝛃 = 𝛽2 + 𝛽%𝑍% +𝛽'𝑍' +⋯

𝑍3 = 𝜎 𝛼32 + 𝛼3%𝑥% + 𝛼3'𝑥' +⋯

Number of parameters depends on the 
training set

𝑓 𝐱!; 𝛂 =&
"#$

%!"

𝛼"𝑘 𝐱!, 𝐱"

‘nonparametric model’ ‘parametric model’

Examples: KREG, KRR-CM Examples: ANI-1ccx, AIQM1Pav
lo 
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The KREG model (Kernel ridge
regression [KRR] with RE
descriptor and the Gaussian
kernel function; RE descriptor
stands for Internuclear distances
Relative to Equilibrium) to
complete all the ML tasks.

𝑓 𝐱! =&
"#$

%!"

𝛼"𝑘 𝐱!, 𝐱"

𝐊 + 𝜆𝐈 𝛂 = 𝐲

𝑘 𝐱$, 𝐱$ + 𝜆 ⋯ 𝑘 𝐱$, 𝐱%tr
⋮ ⋱ ⋮

𝑘 𝐱%tr , 𝐱$ ⋯ 𝑘 𝐱%tr , 𝐱%tr + 𝜆

𝛼$
⋮

𝛼%tr
=

𝑦$
⋮

𝑦%tr

𝑘 𝐱!, 𝐱" = exp −
1
2𝜎&&

'

%#

𝑥!,' − 𝑥",'
&

𝑥 = ⋯
𝑅)*

𝑅
⋯

+

RE descriptorthe Gaussian kernel function
(𝜎 is the kernel width)

Analytical solution for the regression coefficients 𝛼 given Ntr training points

Train

ValidateSub-training set tuning hyper-
parameters 

𝜆 is the regularization parameter 
ensuring transferability

The KREG Model

P. O. Dral, A. Owens, S. Yurchenko, W. Thiel, J. Chem. Phys. 2017, 146, 244108
13Pavlo Dral, dr-dral.comPav
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sGDML
sGDML – a symmetrized variant of the gradient-domain machine learning 
(GDML). It uses unnormalized permutationally invariant, Matérn kernel.

S. Chmiela, H. E. Sauceda, K.-R. Müller, A. Tkatchenko. Nat. Commun. 2018, 9, 3887

𝐱4 = ⋯
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𝛼),67
𝜕'𝑘 𝐱, 𝐱)
𝜕𝑀5/𝜕𝑀),67

𝜕'𝑘 𝐱%, 𝐱%
𝜕𝑀%,%%𝜕𝑀%,%%

+ 𝜆 ⋯
𝜕'𝑘 𝐱%, 𝐱0tr

𝜕𝑀%,%%𝜕𝑀0tr,0at8
⋮ ⋱ ⋮

𝜕'𝑘 𝐱0tr , 𝐱%
𝜕𝑀0tr,0at8𝜕𝑀%,%%

⋯
𝜕'𝑘 𝐱0tr , 𝐱0tr

𝜕𝑀0tr,0at8𝜕𝑀0tr,0at8
+ 𝜆

𝛼%,%%
⋮

𝛼0tr,0at8
=

𝜕𝑦%
𝜕𝑀%,%%
⋮
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𝑓 𝐱 = 𝑐𝑜𝑛𝑠𝑡 +0
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Locality in Quantum Chemistry

Figure: P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 

Behler–Parrinello
ANI
PhysNet
SchNet
GAP-SOAP
FCHL
aSLATM
…

M. Pinheiro Jr, F. Ge, 
N. Ferré, P. O. Dral, 
M. Barbatti.
Chem. Sci. 2021, 12, 

14396–14413

Approach: Behler, Parrinello, Phys. Rev. Lett. 2007, 98, 146401Pav
lo 

O. D
ral



Pavlo Dral, dr-dral.com 16

GAP-SOAP

Gaussian approximation potential (GAP)[1] with Smooth
Overlap of Atomic Positions (SOAP)[2] descriptor

𝜌# 𝐫 =^

)

exp −
𝐫 − 𝐫#)

'

2𝜎5/93' 𝑓cut 𝐫#) ,

𝑓cut 𝑟 =

1, 𝑟 ≤ 𝑟cut − 𝑟:,
1
2 cos 𝜋

𝑟 − 𝑟cut + 𝑟:
𝑟:

+ 1 , 𝑟cut − 𝑟: < 𝑟 ≤ 𝑟cut,

0, 𝑟 > 𝑟cut,

the atomic neighborhood density

the cutoff function

[1] A. P. Bartók, M. C. Payne, R. Kondor, G. Csányi, Phys. Rev. Lett. 2010, 104,

136403

[2] A. P. Bartók, R. Kondor, G. Csányi, Phys. Rev. B 2013, 87, 187115Pav
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DPMD and DeepPot-SE

𝑠 𝑟#) ,
𝑥#)
𝑟#)
𝑠 𝑟#) ,

𝑦#)
𝑟#)
𝑠 𝑟#) ,

𝑧#)
𝑟#)
𝑠 𝑟#) ,

𝑠 𝑟#) =

1
𝑟#)
, 𝑟#) < 𝑟;<

1
𝑟#)

1
2 cos 𝜋

𝑟#) − 𝑟;<
𝑟; − 𝑟;<

+
1
2 , 𝑟;< < 𝑟#) < 𝑟;

0, 𝑟#) > 𝑟;

DeePMD-kit[1] implements Deep Potential Molecular Dynamics (DPMD)[2] 
and Deep Potential - Smooth Edition (DeepPot-SE)[3] 

the generalized local environment matrix l𝐑𝐢

[1] H. Wang, L. Zhang, J. Han, W. E. Comput. Phys. Commun. 2018, 228, 178
[2] L. Zhang, J. Han, H. Wang, R. Car, W. E. Phys. Rev. Lett. 2018, 120, 143001
[3] L. F. Zhang, J. Q. Han, H. Wang, W. A. Saidi, R. Car, W. N. E. Adv. Neural. Inf.
Process. Syst. 2018, 31, 4436Pav
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PhysNet

𝐱#2 = 𝐞>!

𝑔* 𝑟#) = 𝑓; 𝑟#) ⋅ 𝑒-?" @#$!%-A"
&

PhysNet[1] is using message-passing NN and so called ‘learned’ local 
descriptors

the embedding vector

[1] O. T. Unke, M. Meuwly. PhysNet: A Neural Network for Predicting Energies, Forces, 
Dipole Moments, and Partial Charges. J. Chem. Theory Comput. 2019, 15, 3678

the coordinates are transformed to
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ANI family of potentials

ANI environment vectors (AEVs) consist of radial and
angular atomic terms. Each element has its own subAEV:

𝐺*B =0
)C#

𝑒-D B!%-B'
" &

𝑓; 𝑅#)

𝑓cut 𝑟 =

1, 𝑟 ≤ 𝑟cut − 𝑟:,
1
2
cos 𝜋

𝑟 − 𝑟cut + 𝑟:
𝑟:

+ 1 , 𝑟cut − 𝑟: < 𝑟 ≤ 𝑟cut,

0, 𝑟 > 𝑟cut,

the cutoff function

𝐺1,EF = 2%-G 0
),*C#

1 + cos 𝜃#)* − 𝜃<
E G

𝑒-D
B!%HB!"

' -B'
(

&

𝑓I 𝑅#) 𝑓I 𝑅#* .

X. Gao, F. Ramezanghorbani, O. Isayev, J. S. Smith, A. E. Roitberg. J. Chem. 
Inf. Model. 2020, 60, 3408Pav
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KRR-CM vs KREG

KRR-CM KREG

3.90±0.41 4.45±0.36

Test set RMSEs in kcal/mol for models trained on 100 points of MD17 ethanol

KRR-CM – kernel ridge regression with Gaussian kernel and 
Coulomb matrix descriptor

M. Pinheiro Jr, F. Ge, N. Ferré, P. O. Dral, M. Barbatti. Chem. Sci. 2021. DOI: 10.1039/D1SC03564APav
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KRR-CM vs KREG

KRR-CM KREG

3.90±0.41 4.45±0.36

KRR-CM – kernel ridge regression with Gaussian kernel and 
Coulomb matrix descriptor

M. Pinheiro Jr, F. Ge, N. Ferré, P. O. Dral, M. Barbatti. Chem. Sci. 2021. DOI: 10.1039/D1SC03564A

Train

ValidateSub-training set tuning hyper-
parameters 

What do we mean by ‘100 training points?’ Is validation set included?
Let’s use the term ‘sub-training set’!

Test set RMSEs in kcal/mol for models trained on 100 points of MD17 ethanol
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KRR-CM vs KREG

Number of training points KRR-CM KREG

100 3.90±0.41 4.45±0.36

2500 0.70±0.02 0.52±0.01

Test set RMSEs in kcal/mol

KRR-CM – kernel ridge regression with Gaussian kernel and 
Coulomb matrix descriptor

M. Pinheiro Jr, F. Ge, N. Ferré, P. O. Dral, M. Barbatti. Chem. Sci. 2021, 12, 14396–14413

Train

ValidateSub-training set tuning hyper-
parameters 

What do we mean by ‘100 training points?’ Is validation set included?
Let’s use the term ‘sub-training set’!
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Learning curves (energies-only)

M. Pinheiro Jr, F. Ge, N. Ferré, P. O. Dral, M. Barbatti. Chem. Sci. 2021, 12, 14396–14413
P. O. Dral, F. Ge, B.-X. Xue, Y.-F. Hou, M. Pinheiro Jr, J. Huang, M. Barbatti. Top. Curr. Chem. 2021,
379, 27

𝜀 = 𝜀a +
𝑎
𝑁tr
6

log 𝜀 ≈ log 𝑎 − 𝑏 log𝑁tr
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Timings! Energies+forces

For small training 
sets kernel 
methods (open 
markers) are 
often both more 
accurate and 
faster for training 
and prediction 
than neural 
networks (filled 
markers)

The same hardware!

M. Pinheiro Jr, F. Ge, N. Ferré, P. O. Dral, M. Barbatti. Chem. Sci. 2021, 12, 14396–14413Pav
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Energies+gradients
Ethanol (MD17)

Energies-only
Ethanol (MD17)

M. Pinheiro Jr, F. Ge, N. Ferré, 
P. O. Dral, M. Barbatti. Chem. 
Sci. 2021, 12, 14396–14413Pav
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Machine learning potentials as 

force fields
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Where do we need gradients?

Gradients:
• Geometry optimization
• Molecular dynamics

2
,
2

,

1r
r

A d

A d A

E
t M

¶ ¶
= -

¶ ¶

𝐹 = −
𝜕𝐸
𝜕𝑟
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How to calculate gradients with ML?

As first-order derivatives, e.g. in case of KRR:

𝜕𝑓 𝐱#
𝜕𝑥#,J

=0
)$%

0tr
𝛼)
𝜕𝑘 𝐱# , 𝐱)
𝜕𝑥#,J

𝜕'𝑘 𝐱# , 𝐱)
𝜕𝑀#,5/𝜕𝑀),67

= 0
J$%

0)

0
@$%

0) 𝜕'𝑘 𝐱# , 𝐱)
𝜕𝑥#,J𝜕𝑥),@

𝜕𝑥#,J
𝜕𝑀#,5/

𝜕𝑥),@
𝜕𝑀),67

𝜕𝑘 𝑥 𝐌# , 𝐱)
𝜕𝑀#,5/

= 0
J$%

0) 𝜕𝑘 𝐱# , 𝐱)
𝜕𝑥#,J

𝜕𝑥#,J
𝜕𝑀#,5/

P. O. Dral, F. Ge, B.-X. Xue, Y.-F. Hou, M. Pinheiro Jr, J. Huang, M. Barbatti. 
Top. Curr. Chem. 2021, 379, 27Pav
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How KREG calculates gradients?

In case of KREG:
𝜕𝑘 𝑥 𝐌# , 𝐱)

𝜕𝑀#,5/
= 0

J$%

0) 𝜕𝑘 𝐱# , 𝐱)
𝜕𝑥#,J

𝜕𝑥#,J
𝜕𝑀#,5/

𝜕𝑘 𝐱# , 𝐱)
𝜕𝑥#,J

= −
1
2𝜎' 2 𝑥#,J − 𝑥),J exp −

1
2𝜎'0

<

0*

𝑥#,< − 𝑥),<
'

𝑘 𝐱# , 𝐱) = exp −
1
2𝜎'0

<

0*

𝑥#,< − 𝑥),<
'

𝜕𝑥J 𝑀5/

𝜕𝑀5/
= 𝑥J

1
𝑟5,6C5' 𝑀6/ −𝑀5/

𝐱4 = ⋯
𝑟5,6C5ref

𝑟5,6C5
⋯ 𝑟5,6 = ∑<$%8 𝑀5< −𝑀6<

'

P. O. Dral, F. Ge, B.-X. Xue, Y.-F. Hou, M. Pinheiro Jr, J. Huang, M. Barbatti. 
Top. Curr. Chem. 2021, 379, 27Pav
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How to learn gradients with ML?

Gradients also provide valuable
additional information for training
ML models.
For N molecules, there are
N energies, but 3Nat × N gradients!

𝑓 𝐱#; 𝛃 = 𝛽2 + 𝛽%𝑥#% +𝛽'𝑥#' +⋯

𝜕𝑓 𝐱#; 𝛃
𝜕𝑥#,J

=
𝜕 𝛽2 + 𝛽%𝑥#% + 𝛽'𝑥#' +⋯

𝜕𝑥#,J
𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐿𝑜𝑠𝑠 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 = 𝑒𝑟𝑟𝑜𝑟 𝑓𝑜𝑟 𝑒𝑛𝑒𝑟𝑔𝑖𝑒𝑠 + 𝑒𝑟𝑟𝑜𝑟 𝑓𝑜𝑟 𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡𝑠

Popular approach especially for NN MLPs:

𝐿 = 𝐿K5+ + 𝑤LMNO>𝐿LMNO> 𝐿 = 𝐿K5+𝐿LMNO>Pav
lo 

O. D
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sGDML
sGDML – a symmetrized variant of the gradient-domain machine learning 
(GDML). It uses unnormalized permutationally invariant, Matérn kernel.

S. Chmiela, H. E. Sauceda, K.-R. Müller, A. Tkatchenko. Towards exact molecular dynamics 
simulations with machine-learned force fields. Nat. Commun. 2018, 9, 3887

𝐱4 = ⋯
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𝜕'𝑘 𝐱%, 𝐱%
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+ 𝜆 ⋯
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⋮ ⋱ ⋮
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⋮
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=

𝜕𝑦%
𝜕𝑀%,%%
⋮

𝜕𝑦0tr
𝜕𝑀0tr,0at8

𝑓 𝐱 = 𝑐𝑜𝑛𝑠𝑡 +0
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0
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0
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Benchmark on MD17

M. Pinheiro Jr, F. Ge, N. Ferré, P. O. Dral, M. Barbatti. Chem. Sci. 2021, 12, 14396–14413
MD17: S. Chmiela, H. E. Sauceda, K.-R. Müller, A. Tkatchenko. Nat. Commun. 2018, 9, 
3887; S. Chmiela, A. Tkatchenko, H. E. Sauceda, I. Poltavsky, K. T. Schütt, K.-R. Müller. 
Sci. Adv. 2017, 3, e1603015.

Energies-
only

Energies 
+ forces
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Choosing the ‘Right’ ML Potential

M. Pinheiro Jr, F. Ge, N. Ferré, P. O. Dral, M. Barbatti. Chem. Sci. 2021, 12, 14396–14413Pav
lo 
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Platform for Benchmarking

It is an open project as the development of ML potentials is not a static field.
You are welcome to use the same protocols to update our benchmark results
http://mlatom.com/mlpbenchmark1/

The minimum input for MLatom – can be used as a platform for testing ML 
potentials:

learningCurve
XYZfile=ethanol.xyz
Yfile=ethanol_energies.dat
lcNtrains=100,200,300,400,500
lcNrepeats=30,30,30,30,10
MLmodelType=[your model] MLatom.com

M. Pinheiro Jr, F. Ge, N. Ferré, P. O. Dral, M. Barbatti. Chem. Sci. 2021, 12, 14396–14413

Fuchun Ge
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Good ML method for quantum dynamics? 

L. E. H. Rodrıguez, A. Ullah, K. J. R. Espinosa, P. O. Dral, A. A. Kananenka. A comparative study of 
different machine learning methods for dissipative quantum dynamics. 2022, submitted.
arXiv: https://arxiv.org/abs/2207.02417.Pav

lo 
O. D

ral
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Machine learning

P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 
Accuracy

Ti
m

in
g

Molecular
Mechanics

Semi-
empirical

DFT

Machine Learning

ML-SQC

ML-DFT

Ab initio ML-
ab initio

ML-SQC

ML-DFT

ML-
ab initio

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388 

AIQM1

ANI-1ccx

General-
purpose:
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Active learning for chemical space

J. S. Smith, O. Isayev, A. E. Roitberg, Chem. Sci. 2017, 8, 3192Pav
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Machine learning

P. O. Dral, J. Phys. Chem. Lett. 2020, 11, 2336 
Accuracy

Ti
m

in
g

Molecular
Mechanics

Semi-
empirical

DFT

Machine Learning

ML-SQC

ML-DFT

Ab initio ML-
ab initio

ML-SQC

ML-DFT

ML-
ab initio

P. O. Dral, M. Barbatti, Nat. Rev. Chem. 2021, 5, 388 

AIQM1

ANI-1ccx

General-
purpose:

ANI-1ccx: J. S. Smith, B. T. Nebgen, R. Zubatyuk, N. Lubbers, 
C. Devereux, K. Barros, S. Tretiak, O. Isayev, A. E. Roitberg. 
Nat. Commun. 2019, 10, 2903
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Accuracy vs transferability vs cost

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral. Artificial Intelligence-Enhanced Quantum 
Chemical Method with Broad Applicability. Nat. Commun. 2021, 12, 7022.

C60

CCSD(T)*/CBS SP: 69 h     /15 CPUs
DFT opt:                 30 min /32 CPUs
AIQM1 opt:           14 sec  /   1 CPU 

Artificial Intelligence-
Enhanced Quantum 
Chemical Method 1
AIQM1

Pav
lo 
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Artificial Intelligence-Enhanced 

Quantum Chemical Method 1

AIQM1

accurate and highly transferable 

ML+QC approach

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral. Artificial Intelligence-Enhanced Quantum 
Chemical Method with Broad Applicability. Nat. Commun. 2021, 12, 7022.

Code available at: http://mlatom.com/aiqm1/
(online calculations on a cloud)

Peikun Zheng

Roman Zubatyuk

Olexandr
Isayev

Wei Wu
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AIQM1: Semiempirical QM + NN + D4

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
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Orthogonalization- and 

Dispersion-Corrected 

Methods 2 & 3

(ODM2 & ODM3

ODMx)

P. O. Dral, X. Wu, W. Thiel, J. Chem. Theory Comput. 2019, 15, 1743Pav
lo 
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ODMx Methods

• Include orthogonalization effects

• Include penetration integrals

• Include core-valence interactions

• Include dispersion corrections as their integral part

• Parametrized on a balanced set of ground-state, excited-state and 
noncovalent properties

• Calculate heats of formation in ab initio manner with explicit ZPVE 
and thermal enthalpic corrections

State-of-the-art ODMx methods solve many inconsistencies 
of NDDO-based semiempirical QM methods

P. O. Dral, X. Wu, W. Thiel, J. Chem. Theory Comput. 2019, 15, 1743Pav
lo 
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ODMx Methods

ODMx methods are the most consistent and robust 
SQC methods to date

P. O. Dral, X. Wu, W. Thiel, J. Chem. Theory Comput. 2019, 15, 1743Pav
lo 
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Excited States

Errors in vertical excitation energies

Benchmarking on Thiel’s 2008 set:

Method Mean absolute error, eV
TD B3LYP/TZVP[1] 0.33
AM1/MRCI[2] 1.23
INDO/S[2] 0.56
OM2/MRCI[1] 0.47
OM3/MRCI[1] 0.42
ODM2/MRCI[3] 0.35
ODM3/MRCI[3] 0.33

[1] D. Tuna, Y. Lu, A. Koslowski, W. Thiel, J. Chem. Theory Comput. 2016, 12, 4400
[2] M. R. Silva-Junior, W. Thiel,  J. Chem. Theory Comput. 2010, 6, 1546
[3] P. O. Dral, X. Wu, W. Thiel, J. Chem. Theory Comput. 2019, 15, 1743Pav
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Training

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
lo 
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Multi-fidelity data: Δ-learning

H2 dissociation curve

Figure: Pavlo O. Dral, Tetiana Zubatiuk, Bao-Xin Xue, Learning from multiple quantum chemical methods: Δ-
learning, transfer learning, co-kriging, and beyond. In Quantum Chemistry in the Age of Machine 
Learning, Pavlo O. Dral, Ed. Elsevier: 2022, in press. Paperback ISBN: 9780323900492

UHF – low level
FCI – high level

R. Ramakrishnan, P. O. Dral, M. Rupp, O. A. von Lilienfeld, 
J. Chem. Theory Comput. 2015, 11, 2087
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Multi-fidelity data: Transfer learning

Pavlo Dral, dr-dral.com

Figures: Pavlo O. Dral, Tetiana Zubatiuk, Bao-Xin Xue, Learning from multiple quantum chemical methods: Δ-
learning, transfer learning, co-kriging, and beyond. In Quantum Chemistry in the Age of Machine 
Learning, Pavlo O. Dral, Ed. Elsevier: 2022, in press. Paperback ISBN: 9780323900492Pav

lo 
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Accuracy vs transferability vs cost

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
lo 
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Accuracy vs transferability vs cost

Ground state properties (heats of formation, reaction enthalpies, and ZPVE-
exclusive reaction energies)

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
lo 
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Ground-state
geometries

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
lo 
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AIQM1 is better than DFT
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Ground-state geometries

cyclo[18]carbon C18

cumulenic (incorrect) polyynic (correct)

1.220 (AIQM1)
1.215 (UCCSD/
           def-TZVP)

1.364 (AIQM1)
1.371 (UCCSD/
           def-TZVP)

1.285
(B3LYP/6-31G*)

1.192

1.205

1.201

1.217

1.218

1.218

AIQM1

X-ray

a

b

c

1b

1b

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
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… and better than X-ray!
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Ground-state geometries

1.192

1.205

1.201

1.217

1.218

1.218

AIQM1

X-ray

1b

1b

b

c

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
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AIQM1 is transferable
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Accuracy vs transferability vs cost

Charged species

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
lo 
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Noncovalent interactions

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
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Excited states

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
lo 
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Excited states

TDDFT: B3LYP/TZVP

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
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Code and tutorials are available at: http://mlatom.com/aiqm1/

Peikun Zheng
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Uncertainty quantification

P. Zheng, W. Yang, W. Wu, O. Isayev, P. O. Dral, J. Phys. Chem. Lett. 2022, 13, 3479Pav
lo 
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Heats of Formation: 
Outliers from Uncertainty Quantification

P. Zheng, W. Yang, W. Wu, O. Isayev, P. O. Dral, J. Phys. Chem. Lett. 2022, 13, 3479Pav
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Revising Experimental Heats of Formation

P. Zheng, W. Yang, W. Wu, O. Isayev, P. O. Dral, J. Phys. Chem. Lett. 2022, 13, 3479Pav
lo 
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Infrared spectra with AIQM1

Pavlo Dral, dr-dral.com 65

By Yifan Hou, unpublished

IR intensities: 
𝑃 𝜔 ∝ $ 𝝁̇ 𝜏 𝝁̇ 𝑡 + 𝜏 �𝑒����d𝑡

Phys. Chem. Chem. Phys. 2013, 15, 6608

𝑃 𝜔 ∝ 𝜔 tanh
ℏ𝜔
2𝑘�𝑇

$ 𝝁 𝜏 𝝁 𝑡 + 𝜏 �𝑒����d𝑡

Phys. Chem. Chem. Phys. 2016, 28325

Long molecular dynamic trajectory is needed!Pav
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Pros and cons of AIQM1

ü Very good for ground-state, neutral species

If you can use AIQM1, do not use B3LYP/6-31G*!

ü Provides uncertainty estimates

× Still only limited to H, C, N, and O elements

• Can be improved for noncovalent, charged, and excited-state 
properties

P. Zheng, R. Zubatyuk, W. Wu, O. Isayev, P. O. Dral, Nat. Commun. 2021, 12, 7022Pav
lo 
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Example of highly accurate, 

global, hole-free potential energy 

surface for rovibrational spectra 

with spectroscopic accuracy
Spectroscopic accuracy: error less than
1 cm−1 ≈ 0.003 kcal/mol ≈ 0.01 kJ/mol ≈ 0.0001 eV ≈ 0.000005 HartreePav

lo 
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Potential Energy Surface of CH3Cl
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CH3Cl

Owens, Yurchenko, Yachmenev, Tennyson, Thiel, J. Chem. Phys. 2015, 142, 244306
TROVE: Yurchenko, Thiel, Jensen, J. Mol. Spectrosc. 2007, 245, 126

• Biomarker produced from a secondary metabolic 
process: useful for extraterrestrial life search

• Highly accurate and comprehensive line list of 
the rotation-vibration spectrum is needed

• TROVE (Theoretical ROVibrational Energies) fits 
analytic representation of PES, which is used in 
variational approach to solving nuclear motion 
problem
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Ab Initio PES of CH335Cl

Owens, Yurchenko, Yachmenev, Tennyson, Thiel, J. Chem. Phys. 2015, 142, 244306

• 44820 grid points (CBS-35HL)
• Energies up to hc · 50000 cm−1 (140 kcal/mol)
• CCSD(T,FC)-F12b/CBS (extrapolated from cc-

pVTZ-F12 and cc-pVQZ-F12)
• Core-valence electron correlation corrections at 

CCSD(T)-F12b/cc-pCVQZ-F12
• Higher-order electron correlation corrections 

from CCSDT/aug-cc-pVTZ(+d for Cl), and 
CCSDT(Q)/aug-cc-pVDZ(+d for Cl)

• Scalar relativistic effects using the MVD1 
approach at 
CCSD(T)/aug-cc-pCVTZ(+d for Cl)

• The diagonal Born-Oppenheimer 
correction at 
CCSD/aug-cc-pCVTZ(+d for Cl)Pav

lo 
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Simulated Absorption Line List

Owens, Yurchenko, Yachmenev, Tennyson, Thiel, J. Chem. Phys. 2015, 142, 244306

Fundamental term values are reproduced with
RMSE of 0.75 cm−1
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Ab Initio PES of CH335Cl

Owens, Yurchenko, Yachmenev, Tennyson, Thiel, J. Chem. Phys. 2015, 142, 244306

• Equilibrium structure calculations: 26.7 hours on 
a single core of an Intel Xeon E5-2690 v2 3.0 
GHz processor

• Distorted structures can take much longer
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Motivation

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108Pav
lo 
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Kernel Ridge Regression

( ) ( )å
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=
trainN
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1

ML ,MMM a

( ) KααT
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i

ref
i
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i

train

YY l
a

+-å 2min

( ) refYIKα 1-+= l
Hastie, Tibshirani, Friedman, The Elements of Statistical Learning: Data Mining, 
Inference, and Prediction. 2nd ed.; Springer-Verlag, 2009
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RE descriptor for CH3Cl

[1] Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108
[2] Bartók, Csányi, Int. J. Quantum Chem. 2015, 115, 1051

• All 10 atom pairs
• Hydrogens are sorted by 

their nuclear repulsion for 
structure-based sampling

• Normalized permutational
invariant kernel [2] is 
used for ML calculations 
(decreases errors 2–3 
times compared to 
sorting)
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Low-energy region

• Low-energy structures (<10,000 cm−1) are 

most important:

What is the error measure to take it into 

account?

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108Pav
lo 
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Weighted root-mean-square error

[1] Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108
[2] Partridge, Schwenke, J. Chem. Phys. 1997, 106, 4618
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Self-correcting ML
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Self-correcting ML

( ) ( )å
=

=
trainN

i
iaia MMKY

1

ML ,M a

( ) ( )å
=

=
trainN

i
iaia MMKE

1

1layer 1layer ,M a trained on refE

trained on( ) ( )å
=

=D
trainN

i
iaia MMKE

1

2layer 1layer  ML, ,M a
1layer ref1layer ref, EEE -=D

( ) ( ) ( )aaa EEE MMM 1layer  ML,1layer 2layer D+=

and so on…
Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108Pav
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Self-correcting ML

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108

Layer 1 Layer 2 Layer 3 Layer 4

14.73 ± 12.63 8.76 ± 1.67 8.73 ± 1.67 8.73 ± 1.67

wRMSEs in cm−1 for the ‘hold-out’ prediction set for ML models 

trained on the training set with 10% points randomly sampled from 

the entire grid of 44819 points
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Structure-based sampling

• ML is good for interpolation

• ML can fail spectacularly for extrapolation

• How can we make sure that ML interpolates 

rather than extrapolates?

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108Pav
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Structure-based sampling
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Kernel Ridge Regression
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2-norm is the Euclidean distance between molecular descriptors
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Structure-based sampling

1

2

3

eq 4

5

6

No preliminary energy calculations are needed!

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108
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Low-energy region
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Low-energy region

• Low-energy structures (<10,000 cm−1) are 

most important:

How to teach ML to favor low-energy region?

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108Pav
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Structure-based sampling

1

2

3

eq 4

5

6

Take the first point to the training set, which is 
near equilibrium

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108
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Targeted Optimization of Hyperparameters

( ) ( )å
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trainN
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i
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YY l
a
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σ and λ are optimized by training ML model on 80% of the 
training set and minimizing error for the <10,000 cm−1 reference 
points in the remaining 20%

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108

Gaussian kernel

Pav
lo 

O. D
ral



Pavlo O. Dral 89

Slicing

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108Pav
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Sampling 10% from 44819 Points

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108Pav
lo 
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Effect of slices

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108

Training set size Unsliced 3 slices

50% 0.37 0.62

25% 1.60 2.58

10% 4.83 3.63

wRMSEs in cm−1 for the ‘out-of-sample’ prediction sets for ML models 

trained on a fraction of 44819 grid points
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Slicing

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108Pav
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ML model performance
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Learning curve

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108Pav
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ML models

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108

Four-layer ML models, training sets obtained by:

1. 50%-ML – structure-based sampling of 50% of grid points

2. r50%-ML – random sampling of 50% of grid points

3. 25%-ML – structure-based sampling of 25% of grid points

4. 10%-ML – structure-based sampling of 10% of grid points

5. s10%-ML – structure-based sampling of 10% of grid points from 

sliced data
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ML model performance

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108

Model wRMSE RMSE Largest outlier

50%-ML 0.37 6 476
r50%-ML 4.14 167 6919
25%-ML 1.60 16 1060
10%-ML 4.83 40 2859
s10%-ML 3.63 62 2190

Errors in cm−1 for the ‘hold-out’ prediction sets
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ML model performance

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108

wRMSE,
cm−1

RMSE, 
cm−1

0.37 6.23
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Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108

Random
sampling

ML model performance
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Vibrational levels
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Accuracy of vibrational spectra 

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108

No of
levels

Energy,
cm−1

RMSE,
cm−1

166 5,000 0.02
3,606 10,000 0.04

No of
levels

Energy,
cm−1

RMSE,
cm−1

166 5,000 0.10
3,606 10,000 0.18Pav

lo 
O. D

ral
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Accuracy of vibrational spectra 

Dral, Owens, Yurchenko, Thiel, J. Chem. Phys. 2017, 146, 244108

No of
levels

Energy,
cm−1

RMSE,
cm−1

166 5,000 0.02
3,606 10,000 0.04

No of
levels

Energy,
cm−1

RMSE,
cm−1

166 5,000 0.14
3,606 10,000 0.28Pav

lo 
O. D

ral
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Hierarchical ML (hML)
Combining Δ-ML with sampling

Pavlo Dral, dr-dral.com

P. O. Dral, A. Owens, A. Dral, G. Csányi, J. Chem. Phys. 2020, 152, 204110

Automatic procedure
to find optimal
training points for each
delta-model
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Automatic procedure
to find optimal
training points for each
delta-model

Figure: Pavlo O. Dral, Tetiana Zubatiuk, Bao-Xin Xue, Learning from multiple quantum chemical methods: Δ-
learning, transfer learning, co-kriging, and beyond. In Quantum Chemistry in the Age of Machine 
Learning, Pavlo O. Dral, Ed. Elsevier: 2022, in press. Paperback ISBN: 9780323900492

Hierarchical ML (hML)
Combining Δ-ML with sampling

hML for H2
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P. O. Dral, A. Owens, A. Dral, G. Csányi, J. Chem. Phys. 2020, 152, 204110

Δ-ML models:
saved 99% of CPU-time
Weighted RMSE:
1.12 cm−1 = 0.003 kcal/mol

Pure ML-model trained on 
saved 90% of CPU-time
Weighted RMSE:
3.49 cm−1 = 0.01 kcal/mol

Hierarchical ML (hML)
Combining Δ-ML with sampling
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Accuracy of vibrational spectra 

Pavlo Dral, dr-dral.com

P. O. Dral, A. Owens, A. Dral, G. Csányi, J. Chem. Phys. 2020, 152, 204110Pav
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VIB5 database
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L. Zhang, S. Zhang, A. Owens, S. N. Yurchenko, P. O. Dral. Sci. Data 2022, 9, 84

Global, hole-free, highly accurate!
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XACS
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Flowchart

P. O. Dral, F. Ge, B.-X. Xue, Y.-F. 
Hou, 
M. Pinheiro Jr, J. Huang, M. 
Barbatti, 2021, 379, 27

Pav
lo 

O. D
ral



Pavlo Dral, dr-dral.com 109

3rd-party interfaces

DeePMD-kit deepmodeling.com

GAP libatoms.github.io/GAP

sGDML sgdml.org

TorchANI aiqm.github.io/torchani

PhysNet github.com/MMunibas/PhysNet

ASE wiki.fysik.dtu.dk/ase

Hyperopt hyperopt.github.io/hyperopt

Sparrow scine.ethz.ch/download/sparrow

NX newtonx.org

Gaussian gaussian.com

MNDO mndo.kofo.mpg.dePav
lo 

O. D
ral

deepmodeling.com
libatoms.github.io/GAP
sgdml.org
aiqm.github.io/torchani
github.com/MMunibas/PhysNet
wiki.fysik.dtu.dk/ase
hyperopt.github.io/hyperopt
scine.ethz.ch/download/sparrow
http://newtonx.org/
http://gaussian.com/
mndo.kofo.mpg.de
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