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∆-Machine Learning toward CCSD Accuracy for Homohalogenated Borane–Phosphine
Adducts: Screening Low-Energy Structures from DFT and MP2 Libraries

Okan Köksal1, ∗

1Center for Molecular Modeling Ghent University,
Technologiepark-Zwijnaarde 46, BE-9052 Gent, Belgium

(Dated: April 14, 2026)

Accurate formation energies for weak boron–phosphorus Lewis adducts are challenging be-
cause low-order correlation and density-functional methods can mis-rank low-energy motifs on
shallow potential-energy landscapes and are sensitive to basis-set superposition error (BSSE).
Herein, we combine large-scale structure-library sampling with ∆-machine learning (∆-ML) to ap-
proach coupled-cluster accuracy for the homohalogenated adducts F3B−PF3, Cl3B−PCl3, and
Br3B−PBr3. DFT (B3LYP-D3) and MP2 libraries comprising several thousand geometries per
system are generated and used to train CCSD-referenced ∆-ML models that predict ECCSD from
low-level inputs. The resulting models reproduce CCSD energies with low errors and enable effi-
cient screening of the full libraries, after which a compact low-energy subset is refined with targeted
CCSD(T) calculations. Counterpoise-corrected results show that MP2 substantially overbinds, es-
pecially for the chlorinated and brominated adducts. At the highest level, Cl3B−PCl3 is found
to lie at the threshold of binding, whereas Br3B−PBr3 remains clearly bound and F3B−PF3 is
weakly bound. Distance-resolved scans and Morokuma-type energy decomposition analyses ratio-
nalize the distinct binding regimes across F/Cl/Br in terms of the balance between Pauli repulsion,
polarization/exchange, and dispersion. The proposed workflow enables reliable coupled-cluster-level
screening of weak donor–acceptor adducts at greatly reduced cost.

I. INTRODUCTION

Lewis acid–base adducts featuring B–P donor–
acceptor bonds remain central to main-group chemistry,
with relevance spanning classical synthesis and reactive
intermediates to applications in molecular materials and
hydrogen-storage concepts [1–4]. Although the textbook
picture of a phosphine→borane donation into the vacant
boron p orbital is conceptually straightforward, the na-
ture of the B–P interaction can vary continuously from
weak, predominantly electrostatic association to substan-
tially covalent bonding. This variability depends sensi-
tively on fragment electronic structure, substituent ef-
fects, and the deformation required to bring the Lewis
acid into a binding-ready (pyramidalized) geometry [5–
7]. In haloborane adducts, the stability of the B–P con-
tact reflects a delicate interplay between donor→acceptor
charge transfer, the pyramidalization penalty of trigonal-
planar BX3, and halogen-dependent polarization, back-
donation, and dispersion effects [6, 7].

A recurring theme in theoretical work on B–P donor–
acceptor complexes is that computed geometries and for-
mation energies can be strongly method dependent, es-
pecially for shallow potentials where multiple low-lying
minima or near-degenerate motifs may exist [8–19]. This
motivates a PES-focused perspective and benchmarking
against correlated wave-function methods rather than re-
liance on a single optimized structure. A striking illus-
tration of the underlying complexity was highlighted by

∗ Corresponding author.
E-mail address: okan.koksal@Ugent.be

Almas and Pearson [20], who demonstrated that the B–P
bond-stretching potential energy surface (PES) in phos-
phine haloboranes can deviate strongly from a conven-
tional Morse-like form and may exhibit anomalous in-
flection points. In the extreme case of Cl3B−PH3, the
PES even shows two distinct minima [20]. Such find-
ings emphasize that reliable ranking and mechanistic in-
terpretation of weak-to-intermediate adducts require ac-
curate characterization of the local PES landscape in
regions where shallow basins, shoulders, or competing
minima may occur. In this context, high-quality exper-
imental benchmarks for closely related B–P adducts re-
main valuable reference points for assessing computed
structures and trends [21]. Recently, we presented a
systematic ab initio analysis of donor–acceptor bonding
in a broad set of X3B · · ·PY3 and X3B · · ·AsY3 com-
plexes (X = H,F,Cl,Br; Y = CH3,F,Cl,Br), combin-
ing MP2 energies with coupled-cluster benchmarking and
complementary bonding analyses (EDA, RDG, NBO)
[22]. That work established clear trends from predomi-
nantly electrostatic interactions in weakly bound adducts
to strongly bound, more covalent systems, and under-
scored the stabilizing role of halogen back-donation and
charge polarization in BCl3 and BBr3 adducts relative
to BF3 complexes [22]. Importantly, the three symmet-
ric halogenated phosphane–haloborane pairs F3B−PF3,
Cl3B−PCl3, and Br3B−PBr3 were already included in
that dataset and served as representative examples of
weak-to-intermediate B–P triel bonding motifs, and all
three were verified as genuine minima at the MP2/aug-
cc-pVTZ level [23], exhibiting no imaginary frequencies
in harmonic vibrational analyses [22].

In the present contribution, we revisit precisely these
three prototypical systems: F3B−PF3, Cl3B−PCl3, and
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Br3B−PBr3, but with a different emphasis and a stricter
accuracy target. Rather than focusing on bonding de-
composition at a single minimum, we (i) map the local
structural landscape in a statistically meaningful man-
ner, (ii) assess how method choice (DFT vs. MP2) affects
the identification and ranking of low-energy structures on
a potentially shallow, non-Morse-like PES [20], and (iii)
connect these structural ensembles to high-accuracy ref-
erence energetics at the CCSD(T) level [24, 25]. To en-
able this, we generated extensive structure libraries for
each complex and evaluated them at both levels of the-
ory, comprising 5497 (MP2) and 5493 (DFT) geometries
for F3B−PF3, 5557 (MP2) and 5556 (DFT) geometries
for Cl3B−PCl3, and 5714 (MP2) and 5713 (DFT) ge-
ometries for Br3B−PBr3. This dense sampling allows
identification of competing minima and near-degenerate
motifs, quantification of structural variability close to the
global minimum, and a controlled comparison of DFT
and MP2 predictions for weak B–P donor–acceptor con-
tacts. To connect the observed structural diversity with
a physically transparent picture of the B–P interaction,
we further analyze selected B–P separations using energy
decomposition concepts [26–29].

More broadly, machine learned representations of
potential-energy surfaces have advanced substantially
over the past decade, with widely used approaches includ-
ing permutationally invariant polynomials, neural net-
works, and Gaussian-process-based models [30–34]. In
the present work, however, we do not attempt a full
global PES fit. Instead, we employ a descriptor-based
∆-learning strategy for local low-energy screening, using
handcrafted geometric/energetic descriptors and cross-
checking the conclusions with rotationally and transla-
tionally invariant SOAP representations (see the Supple-
mentary Information). Related orbital-based machine-
learning strategies have also been developed, most no-
tably molecular-orbital-based machine learning (MOB-
ML), in which post-Hartree–Fock correlation energies
are learned from Hartree–Fock molecular-orbital infor-
mation rather than primarily from geometric descrip-
tors [35, 36]. Such approaches aim at improved trans-
ferability across chemical systems by exploiting compact
orbital-based representations. Extending such strate-
gies to larger molecular systems while retaining high-
level electronic-structure accuracy remains challenging.
For shallow donor–acceptor potential-energy surfaces, re-
liable energetic ranking requires an accurate treatment
of electron correlation. In this context, coupled-cluster
methods provide particularly important reference data,
and CCSD(T) is widely regarded as a benchmark or
”gold-standard” approach for molecular energetics. How-
ever, the steep computational scaling of conventional
CC methods, culminating in the formal O(N7) scaling
of CCSD(T), makes direct application to large struc-
ture libraries impractical [37–39]. Indeed, even for sys-
tems of only moderate size, high-level PES construc-
tion can require very large coupled-cluster datasets, e.g.,
Bowman and co-workers reported a 10-atom formic-acid-

dimer PES based on 13 475 CCSD(T)-F12/triple-ζ en-
ergy points [40].
A practical strategy to overcome this bottleneck is ∆-

machine learning, in which a model is trained to learn
the difference between a low-cost baseline and a higher-
level reference, thereby correcting large low-level datasets
toward coupled-cluster accuracy [41]. In the context
of potential-energy surfaces, this idea is commonly ex-
pressed as a correction to a low-level PES, VLL→CC =
VLL+∆VCC−LL, where the smoother correction term can
often be learned from a comparatively small number of
high-level data points [42]. Such ∆-learning strategies
have been successfully used to accelerate high-level en-
ergetics and PES construction for systems ranging from
small molecules to medium-sized species [43, 44]. Moti-
vated by these developments and by the non-trivial PES
features reported for phosphine haloboranes [20], we em-
ploy a CCSD-trained ∆-learning strategy to screen and
rank low-energy regions of the PES and subsequently re-
fine a targeted subset of ML-selected structures at the
CCSD(T) level, thereby approaching CCSD(T)-quality
energetics without exhaustive CCSD(T) sampling.
The paper is organized as follows. Section II details the

electronic-structure methods, the structure-library gen-
eration protocol, and the ∆-learning workflow used to
approach CCSD accuracy and to guide the subsequent
CCSD(T) refinement of selected low-energy candidates.
Section III compares DFT and MP2 structural ensem-
bles, identifies the dominant low-energy motifs, and an-
alyzes how high-level corrections reshape the energetic
ranking. Finally, Section IV summarizes the principal
conclusions and outlines practical guidance for compu-
tational studies of shallow donor–acceptor PESs in halo-
genated phosphane–haloborane complexes.

II. METHODS

A. Structure-library generation

Starting from each equilibrium geometry, we gener-
ated randomly distorted structures by applying small,
isotropic atomic displacements within a sphere of radius
R centered at the original atomic position. For each
atom, a displacement length r was sampled uniformly
in volume by drawing r′ ∈ [0, 1] and setting:

r = R
3
√
r′. (1)

Two angles ϕ ∈ [0, 2π) and θ ∈ [0, π] were gener-
ated to define the displacement direction in spherical
coordinates. The corresponding Cartesian components
(dx, dy, dz) were added to the original atomic coordi-
nates to yield the perturbed geometry. Because these dis-
placements were applied directly to the Cartesian coor-
dinates of the atoms, not only the intermolecular B · · ·P
separation but also the intrafragment B–X and P–X
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bond lengths and associated angles could vary in the
distorted structures. No subsequent geometry relaxation
was performed for these library geometries and they were
evaluated directly by single-point calculations. In the
present work we employed R = 0.001 Å to generate near-
equilibrium distortions and R = 0.09 Å to sample more
strongly distorted configurations. Consequently, a larger
number of structures was generated at larger R to en-
sure sufficient coverage of the higher-variance regions of
the configuration space. As shown in Fig. 1, randomly
distorted donor–acceptor geometries were generated by
applying small stochastic Cartesian displacements to the
atomic coordinates of the reference structure, where the
displacement direction for each atom was sampled in
spherical coordinates through the angles (θ, ϕ) and the
displacement length was sampled within a sphere of ra-
dius R. The resulting structures therefore sample vari-
ations not only in the intermolecular B · · ·P separation,
but also in the associated intra- and intermolecular ge-
ometric descriptors. Subsequently, we train regression
models to learn the correction ∆E = ECCSD − Elow.
The trained model is then used to predict CCSD-quality
energies for F3B−PF3, Cl3B−PCl3, and Br3B−PBr3
from MP2/DFT inputs across the sampled configura-
tional space.

In this work we focus on the homohalogenated
donor–acceptor adducts F3B−PF3, Cl3B−PCl3, and
Br3B−PBr3 and combine large-scale structure sampling
with correlated reference data and energy-decomposition
analysis. All electronic-structure calculations were per-
formed with GAMESS [45]. Equilibrium geometries were
optimized at the MP2/aug-cc-pVTZ level and, inde-
pendently, at the DFT (B3LYP-D3)/aug-cc-pVTZ level.
The MP2 structure libraries were generated by applying
random spherical displacements to the MP2-optimized
geometries and evaluating MP2 single-point energies for
each sampled structure. The same distorted geometries
were then re-evaluated at the DFT (B3LYP-D3)/aug-cc-
pVTZ level to construct the corresponding DFT energy
libraries. Coupled-cluster reference data were obtained
at the CCSD/aug-cc-pVTZ level for a labeled subset of
structures and used to train ∆-learning models for the
correction ∆E = ECCSD − Elow, where Elow denotes ei-
ther MP2 [46, 47] or DFT (B3LYP-D3) [48, 49]. To as-
sess the impact of perturbative triples in the low-energy
region without exhaustive CCSD(T) sampling, targeted
CCSD(T)/aug-cc-pVTZ single-point calculations were
carried out for a compact ML-selected refinement set
for each complex (including the baseline-optimized min-
imum and the lowest-energy CCSD training-set struc-
ture). Hence, these CCSD(T) calculations are best
viewed as targeted single-point refinements of an ML-
selected low-energy subset, not as an ML-driven search
on a full CCSD(T) potential-energy surface. Unless
noted otherwise, correlated calculations employed the
frozen-core approximation, which reduces computational
cost while retaining the dominant valence correlation
contribution to bonding [50]. Basis-set superposition er-

ror (BSSE) was estimated using the Boys–Bernardi coun-
terpoise (CP) procedure [51].

III. RESULTS AND DISCUSSION

A. Geometries and formation energies

Table I compares formation energies for the three com-
plexes at MP2, DFT/B3LYP-D3, CCSD (∆-ML), and
CCSD(T) (subset) levels. In triel-bonded systems, the
X–B–P angle serves as a useful structural measure of
the extent of pyramidalization at the Lewis-acid cen-
ter, where stronger donor–acceptor interactions are com-
monly associated with a larger departure from trigonal-
planar geometry and α values approaching 90◦ for the
boron fragment [53, 54]. Furthermore, for F3B−PF3 we
report a CCSDopt geometry obtained with numerical gra-

dients in GAMESS, yielding Rab = 3.26410 Å and aver-
aged angles ⟨α⟩ = 90.641◦ and ⟨β⟩ = 119.427◦ (cf. Ta-
ble I). Across the halogen series, MP2 predicts a strongly
increasing stabilization (F: −2.05, Cl: −9.30, Br: −16.54
kcal mol−1), whereas CCSD(T) (subset) yields a much
more moderate trend (F: −2.19, Cl: −3.82, Br: −9.25
kcal mol−1, cf. Table I). This indicates that MP2
systematically produces more negative ∆Eform values
than CCSD(T), with the discrepancy growing substan-
tially from F to Br. In contrast, DFT/B3LYP-D3 gives
only slightly negative formation energies for F (−1.57
kcal mol−1) and Br (−3.41 kcal mol−1), but predicts a
positive formation energy for the chlorine adduct (+1.71
kcal mol−1, see Table I). In addition, BSSE corrections
reduce the magnitude of the MP2 stabilization across
the series (F: −2.05 → −1.17, Cl: −9.30 → −5.42, Br:
−16.54 → −11.90 kcal mol−1), which is consistent with
increased BSSE for the heavier, more polarizable com-
plexes (cf. Table I). For DFT/B3LYP-D3, CP correc-
tions are comparatively small for F and Br (F: −1.57 →
−1.31, Br: −3.41 → −2.87 kcal mol−1), but further
increase the positive formation energy for Cl3B−PCl3
(+1.71 → +2.20 kcal mol−1). At the CCSD(∆-ML)
level, the BSSE correction is decisive for the chlo-
rine adduct: the uncorrected formation energy remains
slightly negative (−1.52 kcal mol−1), whereas the CP-
corrected value becomes positive (+1.96 kcal mol−1). At
the CCSD(T) level, the corresponding CP-corrected for-
mation energy is essentially zero (−0.03 kcal mol−1).
Thus, Cl3B−PCl3 emerges as a borderline case whose
energetic classification depends sensitively on the level
of electron correlation, geometry relaxation, and BSSE
correction. This conclusion is sharpened by the ML-
assisted optimization, which enabled access to the rel-
evant higher-level minimum and thereby revealed the
near-threshold character of the chlorinated adduct much
more clearly than would be possible from lower-level
structures alone. By contrast, the brominated adduct
remains clearly bound even after CP correction at both
CCSD and CCSD(T), although the correction substan-
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FIG. 1: ∆-machine-learning workflow for predicting CCSD-quality energies of the donor–acceptor complexes
F3B−PF3, Cl3B−PCl3, and Br3B−PBr3. Randomly distorted geometries are generated by applying stochastic

atomic displacements, where the displacement direction is sampled through the angular coordinates (θ, ϕ) and the
displacement length is sampled within a sphere of radius R. For each distorted structure, geometric descriptors and

the corresponding low-level reference energy Elow are computed, where Elow denotes either EMP2 or EDFT,
depending on the baseline model. Regression models are then trained to learn the correction ∆E = ECCSD − Elow.
The trained model is subsequently used to predict CCSD-quality energies for unseen structures from low-level inputs

alone.

TABLE I: Key structural parameters and formation energies in units of kcal mol−1 for F3B−PF3, Cl3B−PCl3, and
Br3B−PBr3 at representative levels. Rab denotes the B–P separation. The angles α (X–B–P) and β (B–P–Y ) are
averages over the three symmetry-related substituents. CCSD(T) values refer to the ML-guided refined subset
(including the optimized geometry at MP2 level of theory and the lowest-CCSD training-set structure). The

CCSDopt geometry for F3B−PF3 was obtained with numerical gradients in GAMESS. The CP-corrected values are
reported as ∆ECP

form, where available.

Complex Level Rab (Å) ⟨α⟩ (deg) ⟨β⟩ (deg) ∆Eform ∆ECP
form

F3B−PF3

MP2 3.23715 90.733 119.279 –2.05 –1.17
DFT/B3LYP-D3 3.39430 90.394 119.192 –1.57 –1.31
CCSDopt 3.26410 90.641 119.427 –1.91 —a

CCSD (∆-ML) 3.24436 90.718 119.283 –1.88 —a

CCSD(T) (subset) 3.23715 90.733 119.279 –2.19 —a

Cl3B−PCl3

MP2 2.01380 102.880 113.441 –9.30 –5.42
DFT/B3LYP-D3 2.10874 102.351 113.617 +1.71 +2.20
CCSD (∆-ML) 2.01383 102.874 113.450 –1.52 +1.96
CCSD(T) (subset) 2.01381 102.873 113.450 –3.82 –0.03

Br3B−PBr3

MP2 1.99482 103.204 112.998 –16.54 –11.90
DFT/B3LYP-D3 2.07699 103.123 113.015 –3.41 –2.87
CCSD (∆-ML) 1.99514 103.213 113.001 –6.50 –2.31
CCSD(T) (subset) 1.99514 103.213 113.001 –9.25 –4.63

a CP-corrected CCSD and CCSD(T) formation energies could not be obtained for
this complex because the corresponding BSSE-style coupled-cluster treatment did
not permit a reliable determination of the CP-corrected energy.

tially reduces the magnitude of the stabilization. At the
coupled-cluster level, CP-corrected values could not be
obtained for F3B−PF3. The plain supermolecular CCSD
and CCSD(T) single-point calculations for this com-
plex converged successfully and displayed a well-behaved
single-reference diagnostic, whereas the corresponding
BSSE-style coupled-cluster calculations did not converge
and yielded a much larger T1 diagnostic. This indicates
that the fragment-in-full-basis reference underlying the
counterpoise-like decomposition constitutes a substan-
tially more difficult electronic-structure problem than the

ordinary supermolecular calculation. For Cl3B−PCl3,
B3LYP-D3 appears to overestimate the destabilization
of the adduct, since it predicts a clearly positive forma-
tion energy, whereas the correlated CCSD and CCSD(T)
results indicate a borderline case with formation ener-
gies close to zero once BSSE effects are taken into ac-
count. CCSD (∆-ML) yields negative uncorrected forma-
tion energies for all systems and thus recovers the same
sign pattern as CCSD(T) before CP correction. Quanti-
tatively, CCSD (∆-ML) is systematically less negative
than CCSD(T), with deviations of ∆E = +0.31 (F),
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+2.30 (Cl), and +2.75 (Br) kcal mol−1. The increas-
ing gap from F to Br suggests that correlation contribu-
tions beyond CCSD become progressively more impor-
tant for the heavier, more polarizable halogen complexes.
For F3B−PF3, the explicitly optimized CCSDopt forma-
tion energy (−1.91 kcal mol−1) is close to the CCSD(∆-
ML) value (−1.88 kcal mol−1) and less negative than
CCSD(T) (subset) (−2.19 kcal mol−1), indicating that
perturbative triples provide additional stabilization even
for the weakly bound fluorinated adduct. Importantly,
the B–P separations predicted by MP2 and CCSD (∆-
ML) are nearly identical for Cl and Br (Cl: 2.01380 vs.
2.01383 Å, Br: 1.99482 vs. 1.99514 Å, cf. Table I), indi-
cating that the large differences in ∆Eform are not pri-
marily driven by the optimized geometry but instead by
the underlying electronic structure treatment. Taken to-
gether, Table I shows that CCSD (∆-ML) substantially
improves upon MP2 and B3LYP-D3 for these adducts,
while the residual shift toward less negative ∆Eform rel-
ative to CCSD(T) highlights the growing role of pertur-
bative triples (and/or higher-order) effects for Cl and
Br. Computational cost and motivation for ML-
guided sampling: All CCSD single-point calculations
were carried out in parallel on 8 CPU cores (Intel Xeon
E5-2683 v4 @ 2.10 GHz). A representative CCSD/aug-
cc-pVTZ single-point evaluation required on the order of
∼10 h wall time for the F3B−PF3 complex, which is the
smallest system considered here (8 atoms, 74 electrons),
with 115 basis-set shells and 450 Cartesian Gaussian ba-
sis functions, corresponding to 377 molecular orbitals (37
occupied) in the CCSD calculation (with 12 frozen-core
orbitals and no frozen virtual orbitals). The heavier
Cl3B−PCl3 and Br3B−PBr3 systems contain 122 and
240 electrons, respectively, and are therefore computa-
tionally more demanding.

In total, approximately 1000 CCSD single-point calcu-
lations were required in this study, comprising the la-
beled subsets used for training and for held-out eval-
uation together with additional low-energy candidates
identified by the ML screening and subsequently veri-
fied at the CCSD level (see Sec. III C), corresponding to
∼ 10.000 h (∼14 months) of serial wall time, or ∼ 80.000
core-hours. These CCSD calculations comprised both the
labeled subset used for ∆-ML training/validation/testing
and an additional set of ML-selected low-energy candi-
dates that were recomputed explicitly at the CCSD level
after screening of the full low-level library. In practice,
these single-point calculations can be executed as large
job arrays on HPC resources (e.g., tens of jobs concur-
rently), substantially reducing the elapsed wall time. In
contrast, a fully relaxed CCSD geometry optimization
of F3B−PF3 using numerical gradients (NUMGRD=.T. in
GAMESS) required nearly three months on 8 CPU cores.
Such an optimization is inherently iterative and far less
amenable to the same degree of batching because suc-
cessive optimization steps depend on the preceding ge-
ometry. This stark difference in cost between CCSD
single-point evaluations and CCSD geometry optimiza-

tions underscores the practical importance of the ML-
guided workflow, which concentrates high-level calcula-
tions on the most informative regions of configuration
space while avoiding prohibitively expensive CCSD opti-
mizations for large structure sets.

B. Structure libraries and CCSD-referenced
low-energy ordering

FIG. 2: Distribution of sampled geometries across
subsets defined by the displacement-radius parameter R
for a) F3B−PF3, b) Cl3B−PCl3, and c) Br3B−PBr3.
Stacked bars denote the number of structures assigned

to the training, test, and validation splits for each
R-subset (energies grouped by the corresponding

R-label files). The legend additionally lists the total
number of entries across splits.

Fig. 2 shows the data for F3B−PF3, Cl3B−PCl3, and
Br3B−PBr3 organized into subsets corresponding to dif-
ferent values of the displacement-radius parameter R,
which controls the magnitude of the random atomic per-
turbations applied during structure generation. Each
subset is further partitioned into training, test, and val-
idation splits. The stacked-bar representation highlights
how the sampling density varies with R for each complex
while preserving a consistent split assignment within each
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R-group. Although CCSD single-point energies at the
equilibrium MP2 geometries are included in the train-
ing/validation/test datasets, they are intentionally omit-
ted from the plotted categories and only contribute to
the reported totals.

FIG. 3: Energy ordering of the sampled structures for
a) F3B−PF3, b) Cl3B−PCl3, and c) Br3B−PBr3. For
each complex, structures are sorted by increasing CCSD

energy, and the corresponding relative energies
∆E = Ei − Emin are shown in eV for CCSD (red, left
axis), MP2 (blue crosses, left axis), and DFT (green
circles, right axis) in the same CCSD-imposed order.
The orange dashed line marks the CCSD single-point
energy evaluated at the MP2-optimized geometry,
referenced to the minimum CCSD energy, while the
black dashed line indicates the lowest CCSD energy

present in the training set.

Figure 3 contrasts the CCSD relative energies with
the associated MP2 and DFT relative energies for the
matched CCSD-labeled subset after sorting all structures
by increasing CCSD energy. To improve interpretabil-
ity, the energies are shown relative to the minimum and

expressed in eV rather than in absolute atomic units.
Plotting MP2 and DFT in the CCSD-imposed order
highlights how well these lower-cost methods preserve
the CCSD energetic ranking within this evaluated sub-
set, and it also exposes the high-energy tail associated
with more strongly distorted configurations. The CCSD
relative energy at the MP2-optimized geometry (orange
dashed line) and the lowest CCSD energy included in the
training set (black dashed line) define reference points for
the equilibrium region sampled by the dataset. Comple-
mentary histogram analyses of the relative-energy distri-
butions and of the corresponding relative-energy differ-
ences for the matched CCSD-labeled subsets are provided
in the Supplementary Information.

C. ∆-ML toward CCSD: descriptors, validation,
and screening

To clarify the input representations used in the dif-
ferent machine-learning workflows, Table II summarizes
the descriptor sets and preprocessing steps for the models
considered in this work. For the descriptor-based work-
flows, the same handcrafted feature set was used across
SVR, GBR, and GPR, so that the difference between
these models lies in the regression algorithm rather than
in the descriptor definition itself. In addition, a SOAP-
based representation combined with PCA and SVR was
evaluated as an alternative structural descriptor in the
Supplementary Information.
The handcrafted descriptor vector comprised selected

Cartesian coordinate components, key intermolecular
and intramolecular distances, bond angles, and the cor-
responding low-level reference energy Elow. Moreover,
representative descriptor examples and SOAP hyperpa-
rameters are reported (cf. SI).
The ∆-ML models were implemented within a pipeline

that included support vector regression (SVR), gradient
boosting regression (GBR), and Gaussian process regres-
sion (GPR). Hyperparameters were optimized with Op-
tuna using 5-fold cross-validation on the training set. For
each trial, the model was trained to predict the energy
correction ∆E = ECCSD − Elow on four folds and eval-
uated on the remaining fold, whereas the mean absolute
error (MAE) averaged over the five validation folds was
used as the optimization objective. Among the tested re-
gressors, SVR yielded the most robust balance between
cross-validated MAE and low-energy screening selectiv-
ity, and was therefore adopted for the final workflow. Fig-
ure 4 summarizes the descriptor relationships and their
predictive relevance for the three donor–acceptor com-
plexes. The correlation heatmaps in panels a–c) quantify
linear dependencies among Cartesian coordinate compo-
nents, selected interatomic distances and angles, and the
low-level energy EMP2, together with the CCSD ener-
gies available for the labeled subset. Complementar-
ily, the permutation-importance analysis in panels d–
f), obtained by shuffling individual features in a trained
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TABLE II: Overview of the machine-learning workflows used in this work. The descriptor-based SVR, GBR, and
GPR models employ the same handcrafted input representation, whereas the SOAP-based workflow uses a structural

descriptor followed by PCA and SVR. In all cases, the learned quantity is the correction ∆E = ECCSD − Elow.

Workflow Input representation Preprocessing Role in this work

Descriptor + SVR Handcrafted geometric descriptors + Elow Standardization Final production model
Descriptor + GBR Same as above Standardization Benchmarked alternative
Descriptor + GPR Same as above Standardization Benchmarked alternative
SOAP + SVR SOAP descriptor + Elow Standardization + PCA Robustness check (SI)

FIG. 4: Feature analysis for ∆-ML models of a,d) F3B−PF3 , b,e) Cl3B−PCl3, and c,f) Br3B−PBr3. Panels a–c)
show Pearson correlation matrices computed from the full descriptor set (selected Cartesian components rx,y,z, key

interatomic distances d, bond angles ∠, and the low-level energy), including correlations with EMP2 and the
available ECCSD values. Panels d–f) present the top-ranked permutation importances (mean ± s.d.) for an

SVR-based ∆-learning pipeline trained to predict ∆E = ECCSD − EMP2, highlighting which geometric descriptors
and the inclusion of EMP2 contribute most strongly to the predictive performance for each complex.

SVR ∆-learning model, identifies the variables that most
strongly affect prediction of ∆E = ECCSD − EMP2 (and
thus ECCSD). Notably, EMP2 plays a dominant, non-
redundant role for Br3B−PBr3, in agreement with the
stronger statistical dependence between ∆E and EMP2

in the brominated system, whereas for F3B−PF3 and
Cl3B−PCl3 the correction can be captured largely by ge-
ometric descriptors with only minor added benefit from
including EMP2 explicitly as an input feature. This be-
havior can be understood in light of the energetic hi-
erarchy discussed above: F3B−PF3 is weakly bound
and Cl3B−PCl3 lies near the threshold of binding once

higher-level correlation and BSSE effects are taken into
account, whereas Br3B−PBr3 remains clearly bound.
Accordingly, geometric descriptors are largely sufficient
for the fluorinated and chlorinated systems, while the
low-level energy EMP2 becomes more important for the
more robustly bound brominated adduct. This system
dependence further suggests that orbital-level descrip-
tors, as used in MOB-ML-type frameworks, may provide
an interesting alternative route toward a more uniform
representation across the halogen series [35, 36].

In addition to the correlation and permutation-
importance analyses shown in Fig. 4, we evaluated
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FIG. 5: Parity plots for the held-out (validation and test) CCSD-labeled subsets of a,d) F3B−PF3, b,e)
Cl3B−PCl3, and c,f) Br3B−PBr3, showing calculated CCSD energies as a function of the corresponding ∆-ML

predicted CCSD energies. Top row a–c): models using MP2 as the low-level baseline and bottom row d–f) illustrate
models using DFT as the baseline. Yellow triangles denote predicted CCSD energies for the held-out structures,
while blue symbols indicate the corresponding CCSD reference values. Horizontal dashed lines mark the CCSD
single-point energy at the optimized (MP2 or DFT) equilibrium geometry (green) and the lowest CCSD energy

present in the training set (black). Insets zoom into the near-equilibrium region. Model performance is quantified by
the corresponding R2 and MAE values.

the role of including EMP2 as an input feature in the
∆-learning models. The corresponding permutation-
importance results (with and without EMP2 appended
to the geometric descriptor vector) are reported in the
Supplementary Information. In line with the system-
dependent behavior seen in Fig. 4d–f), removing EMP2

from the input features leads to a pronounced degra-
dation in predictive performance for Br3B−PBr3 (e.g.,
R2 = 0.72 and MAE = 3.09×10−4 Eh for the MP2-based
SVR model without EMP2, see SI), whereas F3B−PF3

and Cl3B−PCl3 remain largely unaffected (e.g., R2 =
0.997 and MAE = 1.71 × 10−4 Eh for F3B−PF3, and
R2 = 0.989 and MAE = 1.05× 10−4 Eh for Cl3B−PCl3,
not shown here). This behavior is in agreement with the
stronger dependence of the correction ∆E = ECCSD −
EMP2 on EMP2 for the brominated complex, as expressed
by the larger magnitude of ρ(∆E,EMP2) compared with
the fluorinated and chlorinated systems. As an additional
robustness check on the descriptor representation, we also
evaluated an alternative machine learning pipeline based
on smooth overlap of atomic positions (SOAP) descrip-

tors generated with the DScribe package [55], followed
by principal component analysis (PCA) and SVR re-
gression. The resulting SOAP+PCA models and their
predictive performance are described in the Supplemen-
tary Information. Importantly, the SOAP-based work-
flow identifies the same number of low-energy candidate
structures for all three complexes as the handcrafted-
descriptor models discussed here, supporting the robust-
ness of the ML-guided screening conclusions with respect
to the descriptor choice.

Figure 5 assesses the accuracy of the ∆-ML models
by comparing predicted and calculated CCSD energies
on the held-out non-training CCSD-labeled subsets. For
F3B−PF3 and Br3B−PBr3, 800 CCSD-labeled struc-
tures were used for training, whereas for Cl3B−PCl3
1027 CCSD-labeled structures were used (cf. Fig. 2).
The remaining labeled structures were kept outside the
training process and partitioned into validation and test
subsets during model development. The parity plots are
shown for the combined held-out subset in order to pro-
vide a compact visual summary of predictive agreement
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beyond the training data. The MP2-based models (cf.
Fig. 5a–c) and DFT-based models (see Fig. 5d–f) are
shown separately to highlight the effect of the baseline
method on the learned correction. The clustering of
points along the parity line demonstrates that CCSD-
quality energies are recovered with small errors, partic-
ularly in the near-equilibrium region highlighted in the
insets. The achieved errors on the held-out non-training
subsets are thus appropriate for low-energy screening and
energetic ranking, but they are not intended to match the
microhartree-level accuracy often required for dynamics-
or spectroscopy-grade global PES applications [31]. The
green and black reference lines mark additional bench-
marks corresponding to the optimized equilibrium ge-
ometry and the lowest-energy structure included in the
training set, respectively. Building on this validated
accuracy, we next apply the CCSD-trained models to
screen the full structure libraries and to define targeted
CCSD(T) refinement sets.

Using the MP2 baseline, this screening step se-
lected 111/156/122 low-energy structures for F3B−PF3,
Cl3B−PCl3, and Br3B−PBr3, respectively, with compa-
rable candidate counts obtained from the DFT-baseline
models. The screening workflow involves several nested
subsets. First, only a labeled subset of the full several-
thousand-structure DFT/MP2 libraries was evaluated at
the CCSD level for training, validation, and testing of the
∆-ML model. The trained model was then applied to the
remaining structures in the low-level libraries to predict
CCSD-quality energies and identify a low-energy basin.
Candidate structures falling within an MAE-based en-
ergy window around the predicted low-energy minimum
were subsequently recomputed explicitly at the CCSD
level to verify the ML-guided screening, with the MAE
obtained on the held-out non-training subset serving as a
practical tolerance for candidate selection. Finally, a still
smaller subset of the most relevant low-energy candidates
was refined further by single-point CCSD(T) calcula-
tions. To assess the impact of perturbative triples on the
energetic ordering in the low-energy region, we then car-
ried out targeted CCSD(T) single-point calculations for
a refined subset that includes (i) the baseline-optimized
equilibrium structure and (ii) the lowest-energy CCSD
structure present in the training data, together with ad-
ditional ML-selected candidates. This yields CCSD(T)
refinement sets of 113/158/124 structures for F3B−PF3,
Cl3B−PCl3, and Br3B−PBr3 (MP2 baseline), enabling
a focused validation of CCSD-level screening against
CCSD(T) energetics without exhaustive CCSD(T) sam-
pling. Accordingly, the present workflow is intended to
identify and refine the relevant low-energy basin rather
than to guarantee direct recovery of the exact CCSD(T)
minimum from the learned model alone.

The predictive quality of the trained models as a func-
tion of training-set size is illustrated in the learning
curves shown in Fig. 6. Panel a) reports the mean
absolute error of the predicted CCSD energies, while
panel b) shows the corresponding R2 values for the SVR

FIG. 6: Learning curves for the SVR ∆-ML models
trained to reproduce CCSD energies using MP2 as the

baseline method for F3B−PF3, Cl3B−PCl3, and
Br3B−PBr3. a) Mean absolute error (MAE-E) of the

predicted CCSD energies as a function of the number of
training structures. b) Corresponding coefficient of

determination (R2) values obtained on the evaluation
sets. The dashed horizontal line marks the ideal limit

R2 = 1.

∆-ML models trained on increasing numbers of struc-
tures. Across all three donor–acceptor complexes, the
MAE decreases rapidly with increasing training-set size
and reaches values on the order of 10−4 a.u., indicating
that only a few hundred CCSD reference points are suf-
ficient to achieve near chemical accuracy relative to the
underlying CCSD reference energies. As the training set
grows, the R2 values approach unity, demonstrating that
the models capture the overall energetic trends of the
sampled configuration space with high fidelity. Among
the three systems, F3B−PF3 exhibits the fastest conver-
gence, reaching R2 = 0.999 already at 800 training struc-
tures. The Cl3B−PCl3 complex shows similarly strong
predictive performance and achieves R2 = 0.997 when
trained on 1027 structures. For the heavier Br3B−PBr3
system the convergence is somewhat slower, which can
be attributed to its increased configurational flexibility
and broader energy distribution of the sampled struc-
tures. Nevertheless, even in this case the model reaches
R2 = 0.898 with 800 training structures. These learning
curves demonstrate that the ∆-ML framework efficiently
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transfers CCSD accuracy across the configurational land-
scape and rationalize the high predictive quality observed
in the parity plots displayed in Fig. 5.

D. Energy decomposition analysis

Although the relaxed B–P scans and the associated
energy-decomposition analysis are not part of the ∆-ML
training workflow, they provide a complementary physi-
cal interpretation of the low-energy PES region targeted
by the ML-guided screening. In particular, this analysis
serves two purposes in the present study. First, it allows
us to assess whether the homohalogenated systems con-
sidered here display unusual bond-stretching behavior of
the type previously reported for related phosphine halob-
oranes by Almas and Pearson [20]. Second, it helps ratio-
nalize the system-dependent energetic trends and bond-
ing regimes underlying the different screening outcomes
for F3B−PF3, Cl3B−PCl3, and Br3B−PBr3.
Energy decomposition analysis (EDA) was used to ob-

tain a physically transparent partitioning of the inter-
action along selected B–P separations. In the spirit of
classical partitioning schemes such as the Morokuma ap-
proach [26] and the related DFT-based framework of
Ziegler and Rauk [27], the binding between two fragments
is separated into deformation and interaction contribu-
tions and the latter is further resolved into physically
interpretable terms [28]. Here we employ the EDA im-
plementation by Su et al. [29] in GAMESS [45], which
decomposes the interaction energy as:

∆Eint = ∆Eele+∆Eex+∆Erep+∆Epol+∆Edisp. (2)

Such decompositions have proven particularly infor-
mative for trihaloboranes, where the stability of Lewis
adducts reflects a competition between donor→acceptor
charge transfer, fragment deformation (pyramidal-
ization), and halogen-dependent polarization/back-
donation effects [52]. Accordingly, distance-resolved PES
scans and EDA evaluations at selected B–P separations
are used here to provide a chemically transparent inter-
pretation of the bonding regimes and local PES features
relevant to the screened low-energy region.

The Morokuma energy decomposition analysis (EDA)
affords a chemically transparent interpretation of the
donor–acceptor interaction by separating the total
interaction energy into electrostatic (∆E(ele)), ex-
change (∆E(ex)), Pauli repulsion (∆E(rep)), polarization
(∆E(pol)), and dispersion (∆E(disp)) contributions (cf.
Table III). For all three complexes, the strongly com-
pressed region (r ≈ 1.5 Å) is dominated by a steep
repulsive wall, as reflected by the very large positive
∆E(rep) values (+718, +849, and +868 kcal mol−1 for
F3B−PF3, Cl3B−PCl3, and Br3B−PBr3, respectively).
This term originates from Pauli exclusion between like-
spin electrons when fragment densities overlap strongly.

Although ∆E(ele), ∆E(ex), and ∆E(pol) are highly stabi-
lizing at such short separations, their sum cannot com-
pensate the extreme Pauli repulsion, yielding net repul-
sive interaction energies at r = 1.5 Å in each system.

Upon increasing the B · · ·P separation toward chemi-
cally relevant distances, ∆E(rep) decreases rapidly and
the balance between attractive and repulsive contri-
butions becomes favorable. In the F3B−PF3 com-
plex, the minimum occurs at a relatively long sepa-
ration (req = 3.23715 Å), where the interaction is

weak (∆E(int) ≈ −1.29 kcalmol−1). At this distance,
the orbital-interaction signatures are modest, with only
small exchange and polarization contributions (∆E(ex) ≈
−6.00 and ∆E(pol) ≈ −1.21 kcal mol−1), which points to
limited donor–acceptor mixing at the minimum. Within
the conceptual framework employed in our earlier work,
such small ∆E(pol) values are characteristic of binding
dominated by long-range electrostatics and dispersion,
with comparatively weak covalent/dative contributions.
Consequently, the F3B−PF3 adduct reaches its most fa-
vorable interaction energy in a regime where Pauli repul-
sion is strongly reduced (∆E(rep) = +10.98 kcal mol−1)
and strong short-range orbital effects remain suppressed.

In contrast, the chlorinated and brominated sys-
tems exhibit a qualitatively different energetic signa-
ture: their minima occur at short separations (req ≈
2.0 Å), i.e., in a region of substantial density over-
lap. For Cl3B−PCl3, the equilibrium interaction energy
is strongly stabilizing (∆E(int) ≈ −27.50 kcal mol−1)
and is accompanied by large exchange and polar-
ization terms (∆E(ex) ≈ −156.48 and ∆E(pol) ≈
−91.44 kcal mol−1). For Br3B−PBr3, the stabiliza-
tion is even greater (∆E(int) ≈ −31.85 kcal mol−1)
with correspondingly stronger exchange and polariza-
tion contributions (∆E(ex) ≈ −173.69 and ∆E(pol) ≈
−102.98 kcal mol−1). Following the interpretation used
in our previous study, pronounced negative ∆E(pol)

values indicate substantial reshaping of fragment or-
bitals upon complex formation, which is characteris-
tic of charge transfer and donor–acceptor orbital mix-
ing, while strongly negative ∆E(ex) values reflect sig-
nificant overlap-driven stabilization in the bonded re-
gion. Together, these features point to a markedly in-
creased covalent/dative component for the BCl3 and
BBr3 adducts relative to BF3. A key observation is that
the short equilibrium distances in the Cl and Br cases
are achieved despite very large Pauli repulsion at the
minima: ∆E(rep) = +317.37 kcal mol−1 for Cl3B−PCl3
and ∆E(rep) = +349.74 kcal mol−1 for Br3B−PBr3 as
listed in Table III. Rather than indicating an anoma-
lous result, these values provide a diagnostic fingerprint
of a short-range donor–acceptor bond: the system pays
a substantial Pauli penalty in order to access geome-
tries where the stabilizing orbital-interaction contribu-
tions (exchange and polarization) are even larger in mag-
nitude. In other words, the net attraction at req for the
Cl/Br adducts arises from a compensation mechanism
in which strong overlap-driven stabilization outweighs
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TABLE III: Results of the the energy decomposition components (kcal mol−1) at MP2/aug-cc-pVTZ level of theory
for the relaxed scans.

Complex r (Å) ∆E(ele) ∆E(ex) ∆E(rep) ∆E(pol) ∆E(disp) ∆E(int)

(1) F3B−PF3 1.5 –160.37 –304.73 718.30 –191.15 –8.87 53.18
2.0 –68.12 –113.84 241.86 –67.46 –4.55 –12.10
2.5 –21.60 –39.34 77.87 –13.97 –3.94 –0.98
3.0 –6.25 –11.54 21.60 –2.53 –2.30 –1.03
3.5 –1.74 –2.79 5.00 –0.57 –1.12 –1.21
req –3.41 –6.00 10.98 –1.21 –1.65 –1.29

(2) Cl3B−PCl3 1.5 –183.43 –375.04 848.83 –231.41 –25.00 33.96
2.0 –82.30 –160.46 326.24 –94.32 –16.99 –27.83
2.5 –27.83 –63.62 120.06 –22.70 –13.15 –7.23
3.0 –8.86 –23.65 41.94 –4.14 –8.25 –2.96
3.5 –2.52 –7.22 12.13 –0.83 –4.51 –2.96
req –80.07 –156.48 317.37 –91.44 –16.89 –27.50

(3) Br3B−PBr3 1.5 –179.12 –386.07 868.29 –245.00 –30.12 27.98
2.0 –82.34 –172.14 346.29 –101.83 –21.72 –31.74
2.5 –29.18 –71.32 132.97 –26.37 –17.24 –11.15
3.0 –9.82 –28.24 49.53 –5.23 –11.20 –4.96
3.5 –2.89 –9.23 15.32 –1.11 –6.40 –4.30
req –83.16 –173.69 349.74 –102.98 –21.77 –31.85

strong Pauli repulsion. In contrast, F3B−PF3 avoids
this overlap-dominated regime by adopting a larger equi-
librium separation, simultaneously reducing ∆E(rep) and
suppressing the magnitude of exchange and polariza-
tion stabilization. The dispersion contribution intro-
duces an additional systematic stabilization across the
halogen series. At equilibrium, ∆E(disp) increases in
magnitude from BF3 (≈ −1.65 kcal mol−1) to BCl3
(≈ −16.89 kcal mol−1) and remains large for BBr3 (≈
−21.77 kcal mol−1). This trend follows the increasing
polarizability of the heavier halogenated fragments and
helps explain the more negative ∆E(int) values for the
chlorinated and brominated systems. While dispersion
alone does not enforce the short equilibrium distances,
it contributes substantially to the overall stabilization in
the Cl/Br cases and amplifies the net effect of electro-
statics and orbital interactions.

Finally, the distance dependence of the EDA com-
ponents provides a unified bonding picture for the
three adducts. At larger separations (e.g., r = 3.0–
3.5 Å), exchange and polarization contributions di-
minish markedly, as orbital overlap decreases and the
interaction becomes increasingly dominated by elec-
trostatics and dispersion. The crucial distinction is
that the F3B−PF3 complex reaches its minimum in
this weak-interaction regime, whereas Cl3B−PCl3 and
Br3B−PBr3 attain their minima at shorter distances
where the interaction energy is governed by a balance be-
tween very large Pauli repulsion and even larger overlap-
and polarization-driven stabilization. Consequently, the
Morokuma EDA suggests that F3B−PF3 is best de-
scribed as a weak donor–acceptor complex with largely
electrostatic/dispersion character, whereas the chlori-
nated and brominated analogues exhibit substantially

stronger donor–acceptor bonding with pronounced cova-
lent contributions, as evidenced by their short equilib-
rium B–P separations and more negative ∆E(int) values.
Figure 7 depicts the relaxed B–P bond-stretching

scans for the three homohalogenated trihaloborane–
trihalophosphine complexes. For each system, the con-
strained scan was performed along the B–P distance r
using relaxed geometries at each fixed separation, and
the resulting energies were decomposed into the total en-
ergy Etotal, the fragment energies Eacid (BX3) and Ebase

(PX3) evaluated at the complex geometry, and the inter-
action energy:

Eint(r) = Etotal(r)−
(
Eacid(r) + Ebase(r)

)
. (3)

All curves are shown as shifted energies, E(r)−E(req),
in units of kcal mol−1, to facilitate a direct compari-
son of the local PES shapes across the three adducts.
A key qualitative outcome of Fig. 7 is that none of
the three systems exhibits the bimodal (two-minima)
dissociation profile reported by Almas and Pearson for
Cl3B−PH3 [20]. Instead, each complex shows a single-
well dissociation curve: following the equilibrium re-
gion, Etotal(r) − Etotal(req) increases smoothly toward
the separated-fragment limit without developing a sec-
ond outer minimum. In all three panels, the decompo-
sition reveals the same underlying balance of physical
effects. At very short separations, the steep repulsive
wall in Etotal arises from (i) substantial fragment defor-
mation, most prominently in the Lewis acid term Eacid

(pyramidalization/distortion of BX3), together with (ii)
strongly repulsive Eint (Pauli/steric repulsion at overly
compressed contacts). Upon increasing r, the defor-
mation penalty decreases rapidly, while Eint transitions
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FIG. 7: Relaxed B–P bond-stretching scans with a
decomposition of the total energy into fragment and
interaction contributions for the homohalogenated

trihaloborane–trihalophosphine complexes a)
F3B−PF3, b) Cl3B−PCl3, and c) Br3B−PBr3. The

shifted energies E(r)− E(req) (kcal mol−1) are plotted

as a function of the constrained B–P distance r (Å): the
total energy Etotal, the fragment energies Eacid and

Ebase are evaluated at the complex geometry, and the
interaction energy Eint = Etotal − (Eacid + Ebase). The
inset structures illustrate representative geometries
along the scan: the colored frames indicate which

quantity is being highlighted, namely the full complex
(Etotal, blue), the isolated base fragment at the complex

geometry (Ebase, orange), and the isolated acid
fragment at the complex geometry (Eacid, green).

from repulsive to attractive (negative), producing a sin-
gle global minimum where the stabilization gained from
interaction is no longer worth additional deformation of
the fragments. Beyond the minimum, Eint weakens and
the total energy rises monotonically, indicating that any
long-range outer-well stabilization is insufficient to gen-
erate a second minimum for these homohalogenated pairs
within the present scan protocol and level of theory.
The three systems share this common topology but

differ in magnitude and range of stabilization. The fluo-
rinated adduct F3B−PF3 (see Fig. 7a) displays the weak-
est long-range binding signature (a comparatively small
energetic rise above the minimum by r = 5 Å), in accor-
dance with a shallow donor–acceptor association at rela-
tively long equilibrium distance. In contrast, the chloro-
and bromo-substituted systems (cf. Fig. 7b, c) show
markedly stronger short-range stabilization (more nega-
tive Eint near the minimum) accompanied by a larger de-
formation cost at compressed distances, consistent with
a more pronounced competition between orbital/charge-
transfer stabilization and BX3 pyramidalization in the
vicinity of the minimum. Guided by these decompo-
sitions and in analogy to the distance-resolved analy-
ses in Ref. [20], the subsequent energy-decomposition
analysis (EDA) calculations are performed at a small
set of representative separations sampling distinct PES
regimes: a compressed geometry (r ≈ req − 0.6 Å),
the equilibrium geometry (r = req), and one to two

post-minimum separations (r ≈ req + 0.6 Å and r ≈
req +1.2 Å), using the fully relaxed constrained-scan ge-
ometries at each chosen r. This selection cleanly sepa-
rates the repulsive/distortion-dominated region from the
near-equilibrium bonding regime and the long-range tail,
enabling a physically transparent interpretation of which
EDA terms govern the shape of the local PES in each
complex.

IV. SUMMARY

This study introduces a CCSD-referenced ∆-machine
learning framework for coupled-cluster-quality screening
of low-energy structures in homohalogenated borane–
phosphine adducts, with F3B−PF3, Cl3B−PCl3, and
Br3B−PBr3 as representative cases. Large geometry li-
braries generated at MP2 and DFT (B3LYP-D3) levels
were used to train regression models for the correction
∆E = ECCSD − Elow, enabling CCSD-quality energies
across thousands of structures at greatly reduced cost.
Analysis of the held-out non-training subsets demon-
strates that the resulting ∆-ML models reproduce CCSD
energies with low errors and preserve the energetic or-
dering in the near-equilibrium region, offering a practi-
cal route for ranking low-energy structures on shallow
potential-energy landscapes. Using the CCSD-trained
predictors, we screened the complete MP2/DFT libraries
and identified compact low-energy candidate sets for fur-
ther refinement.
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Targeted CCSD(T) calculations on the ML-selected
subsets show that MP2 substantially overbinds for the
chlorinated and brominated adducts, whereas B3LYP-
D3 can even predict the wrong sign of the formation
energy for Cl3B−PCl3 by placing this borderline sys-
tem too far on the unfavorable side. In contrast, the
CCSD (∆-ML) screening recovers the correct uncor-
rected stability sign for all three adducts and yields
formation energies that track the CCSD(T) reference
trends substantially better than the underlying low-
level methods. Inclusion of BSSE corrections further
sharpens the picture, with Cl3B−PCl3 emerging as a
near-threshold adduct and Br3B−PBr3 remaining clearly
bound, whereas for F3B−PF3 the supermolecular CCSD
and CCSD(T) calculations support weak binding, but
CP-corrected coupled-cluster values could not be estab-
lished because the corresponding BSSE treatment proved
numerically unstable.

Distance-resolved relaxed scans and Morokuma-type
EDA together establish a coherent physical interpreta-
tion of the different binding regimes. F3B−PF3 stabi-
lizes at a longer B · · ·P separation in a weak-interaction
regime with comparatively small polarization/orbital
contributions, whereas the chlorinated and brominated
adducts adopt shorter equilibrium distances where large
Pauli repulsion is overcompensated by strong exchange

and polarization, with dispersion increasing systemati-
cally from F to Cl to Br. None of the three homohalo-
genated systems exhibits a second, outer minimum in the
relaxed B–P stretching profile under the present scan pro-
tocol.
Overall, the proposed ∆-ML strategy bridges the gap

between large-scale structure sampling and correlated
wave-function accuracy by enabling CCSD-level screen-
ing and selective CCSD(T) validation in the low-energy
region. The results also show that for shallow donor–
acceptor complexes, BSSE correction, higher-level geom-
etry refinement, and selective high-level validation are
all essential for a reliable energetic classification. This
workflow is expected to be transferable to other weak
donor–acceptor complexes for which correlated reference
data are required but exhaustive high-level exploration
is computationally prohibitive.
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