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o From the isolated-molecule DFT, HAIEFF models also determine:

o HAIEFF models employ isolated-molecule DFT to derive:
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o HAIEFF models employ an empirical pair potential to describe:

Key Issues:

a. Conventional potentials are fitted to unreliable 
experimental data

b. Study of the pair potential form is limited → 
suboptimal performance

o Successful CSP employs a multistage workflow to 

balance the need for:

• Search breadth → Exhaustive search of solid form landscape

• Model accuracy → Resolve < kJ/mol energy differences

o Hybrid ab initio/empirical force-field (HAIEFF) models are 

widely used to describe 𝑈latt early in the workflow

𝑈latt = Δ𝑈intra + 𝑈elec + 𝑈rd
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1. Background

o Understanding polymorphic risk is important to many 

crystalline products[1]

• Crystal structure affects physico-chemical properties of the solid

o CSP aims to predict relative thermodynamic stability of 

polymorphs from only molecular identity[2] 

• Approximate free energy by static, lattice energy at 0 K and 0 Pa

Δ𝐺 𝑇, 𝑃 ≈ 𝑈latt(𝑇 = 0, 𝑃 = 0)

o Relative 𝑈latt between polymorphs ≤ 4 kJ/mol[3]

• Accurate models of 𝑈latt are needed for reliable CSP
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2. Crystal Structure Prediction[4]
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Typical CSP Workflow

●
●
●

Global Search
Atomic-charge HAIEFF

Refinement I
Multipole HAIEFF

Refinement II

Final Ranking by Periodic-DFT

This work: methodological developments in the intramolecular, 

electrostatic, and empirical HAIEFF terms

3. Improved Parametrization of Empirical Term 4. Explicit Induction Models for HAIEFF

6. Conclusions & Outlook5. ML-Accelerated Intramolecular Models

Van der Waals-type 
interactions

Fig 1: Number of structures with the pair of atomic environments in the CE-755.

755 Molecular 
crystals

Relaxed crystal 
geometries

Optimized 
crystal energies&

~42% Hydrogen bonding 
(HB)

604 used for 
training

151 to test 
transferability&

Chemically-diverse, reliable data 

for parameter fitting

Optimized by periodic, dispersion-
corrected DFT (DFT-D)

Fig 2: Training set errors in HB cohesive energies without (left) and with PCM (right).

Various modifications to the potential were systematically 
tested:

Conventional 
Buckingham potential 

per Refs [8-10]

Introduce damping 
function and HO/HN 

atom types

Mie 
potential

o Buckingham potentials: strong trade-off 
between energy and geometry accuracy

o Separation of HO and HN justified from 
observed HB lengths

o Mie potential avoids unphysical behavior 
inherent to Buckingham potentials

New potentials more accurately 
describe crystal energy & geometry

Transferability was verified using 
test set[7]

Key Issues:

a. Isolated-molecule DFT calculations inherently 
neglect the effects of polarization in crystals

b. Explicit models for induction are underdeveloped 
in HAIEFF frameworks

Used in pairwise 
Coulomb Sum to 

evaluate electrostatic 
contributionsAtomic-

charges/multipoles

Residual 
intermolecular 

interactions
+

Model errors

HAIEFF Current Practice

PCM

• DFT in polarizable 
implicit solvent

FFind

• DFT in vacuo

Atomic environments based on:
• Element
• Coordination number
• Valency
• Bonded-neighbor
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Error Metrics FFind PCM SCERP

T
ra

in
in

g Avg. RMSD15
 (Å) 0.185 0.185 0.185

Avg. 𝑑𝑈inter  (kJ/mol) 4.090 3.476 3.618

Std. Dev. in 𝑑𝑈inter (kJ/mol) 5.574 4.778 5.085

T
e

s
t

Avg. RMSD15
 (Å) 0.199 0.202 0.189

Avg. 𝑑𝑈inter  (kJ/mol) 4.561 3.665 3.933

Std. Dev. in 𝑑𝑈inter (kJ/mol) 6.496 5.143 5.404

Complementary pair potentials are fitted for all models 
using method in (3):

• DFT in point-charge field

• Charges at periodic images and iterated 
to self-consistency

Self-Consistent Electronic Response 
to Point-charge (SCERP)[7,11,12]

PCM & SCERP significantly outperform FFind → Embedding 

polarization during DFT improves model accuracy 
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The FFind, PCM, and SCERP models are benchmarked against accurate periodic DFT-D[7]:

Rigid CSP: Diamino-Pyrimidinone Monohydrate

Fig 3: Relative 𝑈latt

& rank from the 
global minimum.

Flexible CSP: Neat Urea

Fig 4: Relative 𝑈latt

& rank from the 
global minimum.

FFind predicts several forms 
very poorly 

e.g., SEYDIJ, SEYDIJ01, and 
UREAXX25

Embedding induction in 𝑼𝐞𝐥𝐞𝐜 
improves results

But PCM is non-specific → 
over-stabilize UREAXX26

SCERP reaps similar benefits 
as PCM

Packing-specific polarization 
→ ‘fixes’ UREAXX26

Key Issues:

a. Cost and frequency of DFT calculations scale 
poorly with molecule size

b. This precludes investigating large, industrially-
relevant molecules

Used to build
surrogate models 

(LAMs)[13,14], enabling 
efficient flexible CSP 

Conformational 
energies (Δ𝑈intra)

Proposed Solution

Fig 6: Benzoic acid global search landscape generated with PBE0 LAM 
model (left), and re-minimized using MACE-OFF23 LAM model (right)

Fig 5: Torsion scan of benzoic acid at different ab initio levels of theories 
and using MACE-OFF23.

Machine-learned interatomic potentials (MLIP) may 
offer ab initio accuracy at lower cost[15,16]

Can LAMs be constructed with MLIP-derived 
conformations and energies instead?

MACE-OFF23(L)[17,18] applied to benzoic acid LAM 
generation as a proof-of-concept

Good off-the-shelf 
performance

Speed up by up to 1 
order of magnitude

Viability of MLIP substituting ab initio calculations 
needs further investigation:

Test on more-
complex molecules

Study benefits of 
MLIP fine-tuning

Concurrent development of the HAIEFF components are being 

explored to improve model accuracy & efficiency

HAIEFF empirical parametrization has been made more effective

Molecule-specific parametrization may improve accuracy further

Explicit polarization has been integrated into the HAIEFF model

Long-range induction is described poorly & needs further study 

MLIPs show promise to accelerate flexible CSP

Testing on more-complex & larger systems is necessary
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