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Abstract
Hybrid-functional calculations with spin–orbit coupling (HSE06 + SOC) provide more accurate electronic
properties of halide perovskites than semilocal PBE calculations but are substantially more expensive.
Here, we assess whether low-cost PBE information improves machine-learning (ML) prediction of
HSE06 + SOC band gaps and spectroscopic limited maximum efficiency (SLME). Using a public dataset
of 243 pure and mixed ABX₃ perovskites, we compare seven ML model families using nested cross-
validation with random, chemical-system-grouped, and B-site-grouped splits. PBE inputs substantially
improve SLME prediction: the mean absolute error decreases from 0.68 to 0.45 percentage points on
chemical-system-grouped splits, with the best model achieving 0.36 percentage points. Δ-learning
provides no advantage over direct learning. However, performance deteriorates when the B-site
chemistry is absent from training, and conformal intervals become under-calibrated. An audit of the
source labels further shows that the HSE06 + SOC SLME is strongly constrained by the HSE06 + SOC
band gap and approaches a saturation near 16%, because the reported spectrum was generated by
shifting the PBE absorption spectrum. These findings highlight both the value and limitations of PBE-
assisted ML for multi-fidelity prediction of perovskite properties.

1 Introduction
Halide perovskites ABX3 absorb light strongly, have long carrier diffusion lengths and can be processed

from solution, and the efficiency of perovskite solar cells has risen quickly since the first reports [1, 2].
Mixing at the A, B and X sites tunes the band gap and the stability, and Sn, Ge and alkaline-earth cations
are studied as replacements for Pb to reduce toxicity [3]. The composition space of mixed perovskites is
large, so first-principles screening is widely used to choose candidates before synthesis. A common
screening metric is the spectroscopic limited maximum efficiency (SLME), which extends the Shockley–
Queisser limit by using the computed absorption spectrum and the nature of the band gap [4, 5].

Screening results depend on the exchange–correlation functional. Semi-local PBE [6] underestimates
band gaps systematically. The screened hybrid HSE06 [7, 8], combined with spin–orbit coupling (SOC),
which is essential for Pb- and Sn-based perovskites [9], is more reliable but much more expensive. Multi-
fidelity ML tries to bridge the two levels by learning high-fidelity properties from cheaper data [10, 11],
either by Δ-learning, in which the model predicts the correction from the low- to the high-fidelity value
[12], or by training a single model on several fidelities. Yang, Manganaris and Mannodi-Kanakkithodi
published a high-throughput dataset of 495 pure and mixed ABX3 halide perovskites computed with PBE
and, for subsets, with HSE06 and HSE06 + SOC [13]. They later trained multi-fidelity random forests on it
for the decomposition energy, band gap and photovoltaic efficiency and used them for large-scale
screening and inverse design [14]. The same group has also worked on halide perovskite alloy design
and on multi-fidelity band gaps for photocatalysis [15, 16]; broader reviews of ML for perovskites and
other materials are available [17, 18]. In our own earlier work we used composition descriptors to screen
cubic and orthorhombic perovskites [19, 20].

Page 2/23



Two questions about this kind of data are still open. The first is how much the reported accuracy
depends on the validation split. A high-throughput set of mixed perovskites consists of families that
differ only in the fraction of one species. A random split therefore places near-identical alloys in both the
training and the test set, and the resulting accuracy can overstate what the model does for new
chemistry [21, 22]. The second question is what the labels contain. The SLME is computed from an
absorption spectrum, and for hybrid functionals this spectrum is often derived from a cheaper
calculation rather than computed directly. In that case the label carries less independent information
than its name suggests.

We use the public dataset of Ref. [13] as a controlled test bed and ask three questions. How much does
a PBE calculation help ML predict the HSE06 + SOC SLME and band gap, compared with composition
alone, with the PBE value used as-is and with a linear recalibration of it? Is Δ-learning better than direct
learning, and do more flexible learners, including a transformer for tabular data, change the answer? And
what limits do the labels set on any such model? To answer them we benchmark seven model families
under nested cross-validation with random, chemical-system-grouped and B-site-grouped splits,
compare 12 learning algorithms together with a re-implementation of the multi-fidelity random forest of
Ref. [14], evaluate the models on the compounds that matter for screening (ranking among high-SLME
compounds, held-out SHAP attributions, conformal intervals and learning curves) and audit the labels
themselves. We do not propose a new screening tool. The HSE06 + SOC labels are computed values with
their own approximations, and the predictions for 207 PBE-only alloys given at the end are hypotheses
that need hybrid-functional calculations to confirm. Figure 1 summarises the workflow.

2 Data, targets and label audit

2.1 Data set
All data come from the open dataset of Yang et al. [13]. It contains 495 cubic or pseudo-cubic ABX3

compounds with A = MA, FA, Cs, Rb or K, B = Ca, Sr, Ba, Ge, Sn or Pb and X = Cl, Br or I. Alloys are mixed at
one site at a time and modelled with special quasirandom structures in 2 × 2 × 2 supercells. For each
compound the dataset gives the PBE decomposition energy Ed (the energy relative to the AX and BX2

phases, including a mixing-entropy term at 300 K, per formula unit), the band gap Eg, the SLME for a 5
µm absorber and the deviations of the relaxed PBE cell from cubic symmetry. Subsets were also
computed with HSE06 after HSE relaxation (HSE-rel, 299 compounds), with HSE06 + SOC on the HSE-
relaxed structures (HSE-rel-SOC, 282) and with HSE06 + SOC on the PBE-relaxed structures (HSE-PBE-
SOC, 244). The workbook distributed with the dataset has 488 PBE rows. We corrected 26 formula
strings with a misplaced underscore (e.g. CsBaI_2.25_Cl_0.75) and found no duplicate compositions.
After matching on composition, 243 compounds have both PBE and HSE-PBE-SOC values and 281 have
both PBE and HSE-rel-SOC values. The 207 PBE compounds without any HSE06 + SOC value were kept
aside for prospective prediction, see Section 4.8.

2.2 Targets
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The primary targets are the HSE06 + SOC SLME and band gap computed on the PBE geometry (HSE-
PBE-SOC, n = 243); the values after HSE relaxation (n = 281) are secondary targets. The label audit in
Sect. 2.3 explains this choice. The seven model families (Sect. 3.2) were compared on the SLME at both
geometries and on the HSE-relaxed gap, and the learning algorithms (Sect. 4.3) on the SLME and gap at
the PBE geometry. SLME is expressed as a percentage, and differences in SLME are presented in
percentage points; please refer to Table 1 for a summary of the data.

Table 1
Data sets and targets. Chemical systems are sets of species irrespective of fractions; B-site sets are

sets of B-site species
Set n Chemical

systems
B-site
sets

Pb-
free

Role

PBE (all compounds) 488 376 56 335 inputs

HSE06 + SOC, PBE geometry
(HSE-PBE-SOC)

243 222 53 153 primary targets:
SLME, Eg

HSE06 + SOC, HSE-relaxed
(HSE-rel-SOC)

281 251 55 172 secondary targets:
SLME, Eg

PBE only (no HSE06 + SOC
value)

207 148 16 163 prospective
prediction

2.3 How the SLME labels were made, and what follows
The SLME of Yu and Zunger [4] is the maximum power conversion efficiency of a single-junction cell
whose absorber has a thickness L and the computed absorption coefficient α(E). Under AM1.5G
illumination the current–voltage relation and the efficiency are

J(V) = Jsc − J0[exp(eV/kBT) − 1], ηSLME = maxV[J(V) V] / Pin (1)

Jsc = e ∫ a(E) ΦAM1.5(E) dE, a(E) = 1 − exp[− 2α(E)L] (2)

J0 = (eπ/fr) ∫ a(E) Φbb(E, T) dE, fr = exp(−Δ/kBT) (3)

where e is the elementary charge, kB the Boltzmann constant, T the cell temperature, Pin the incident

power density of the AM1.5G spectrum, ΦAM1.5 its photon flux per unit energy, Φbb the photon flux per
unit energy and solid angle of a black body at T, a(E) the absorptivity of a film with a reflecting back
contact, fr the fraction of radiative recombination and Δ the difference between the lowest direct-allowed
gap and the fundamental gap. Jsc and J0 are current densities. In the dataset L = 5 µm [13].

In the source data the hybrid-functional absorption spectra were not computed with hybrid functionals.
Instead, the PBE spectrum was shifted rigidly by the difference between the hybrid-functional and PBE
gaps [13]:

Page 4/23



αHSE(E) = αPBE(E − δ), δ = Eg
HSE − Eg

PBE (4)

Through Eqs. (1)–(3), the HSE06 + SOC SLME therefore depends only on the HSE06 + SOC gap and on
the shape of the PBE absorption edge. Three properties of the labels follow (Fig. 2).

The SLME is close to a function of the gap. The HSE06 + SOC SLME is almost a monotonic function of
the HSE06 + SOC gap (Spearman ρ = −0.99), and a seven-nearest-neighbour regression on the gap alone
reproduces it with a chemical-system-grouped cross-validated R2 of 0.985 (MAE 0.45 points). Predicting
the HSE06 + SOC SLME is therefore close to predicting the HSE06 + SOC gap and mapping it through the
PBE absorption profile.

SLME saturates nearly 16%. No HSE06 + SOC SLME exceeds 16.1%, whereas the PBE SLME reaches
25% (Fig. 2c). Compounds with HSE06 + SOC gaps between 0.8 and 1.3 eV all lie between 13.2 and
16.1%. Yang et al. attribute this ceiling to the spectral shift of Eq. (4): for the compounds with the highest
PBE SLME, whose PBE gaps are near 1 eV, the hybrid-functional gaps differ from the PBE gaps, and after
the shift the SLME is always lower and peaks at 15–16% [13]. The labels therefore cannot rank
compounds within the top group, and neither can a model trained on them.

HSE relaxation sometimes changes the structure strongly. For 20 of the 243 compounds with both
HSE06 + SOC values (8%), relaxation with HSE06 raises the HSE06 + SOC gap by more than 1 eV relative
to the same functional at the PBE geometry, while the median change is 0.05 eV (Fig. 2d). Of these 20
compounds, 17 contain MA or FA, 14 contain Sn and 12 are mixed halides (Table S5). For MASnI3 the
HSE-relaxed gap is 2.47 eV, whereas the gap at the PBE geometry is 1.14 eV; measured gaps of MASnI3
are about 1.2–1.3 eV [23, 24]. The HSE-relaxed labels thus include large structural distortions for a
minority of compounds, which is why we use the PBE-geometry labels as primary targets.

3 Methods

3.1 Descriptors
Each formula was parsed into site fractions xi of the 5 A, 6 B and 3 X species (X-site fractions normalised

to one). From these we computed 35 composition descriptors: the 14 site fractions; the fraction-
weighted ionic radii r̄A, r̄B and r̄X and their variances; the Goldschmidt tolerance factor t and the
octahedral factor µ [25,26]; the weighted Pauling electronegativities of the B and X sites and their
difference; the weighted first ionisation energy of the B site, the weighted electron affinity of the X site
and the weighted atomic numbers of both sites; the fraction of ns2 cations (Ge, Sn, Pb) on the B site; the
organic fraction on the A site; the configurational mixing entropy of each site; and the number of species.
With r̄s = Σi∈s xiri for site s,

t = (r̄A + r̄X) / [√2 (r̄B + r̄X)], µ = r̄B / r̄X, Ss = −Σi∈s xi ln xi (5)
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where Ss is the ideal mixing entropy of site s in units of kB per site. The radii are Shannon values [27] with

2.17 and 2.53 Å for MA and FA [28]; for Sn2+, which has no six-coordinate Shannon radius, 1.10 Å was
used. The PBE inputs were Eg, SLME and Ed and the five deviations from cubicity of the PBE-relaxed cell.
No HSE quantity was used as an input.

3.2 Models
Seven model families were compared: (1) the training-set mean; (2) the PBE value used as-is; (3) a ridge-
regression recalibration of the PBE gap, SLME and Ed; (4) ML on the eight PBE inputs only; (5) ML on the
composition descriptors only; (6) direct ML on composition plus PBE inputs; and (7) Δ-learning [12]. With
x the composition descriptors, p the PBE inputs and yPBE the PBE value of the target, the direct and Δ-

learning predictions are

ŷdirect = f(x, p), ŷΔ = yPBE + g(x, p) (6)

where f is trained on the HSE06 + SOC values and g on the differences yHSE − yPBE. In families (4)–(7) the
learner was chosen in the inner loop among extremely randomised trees [29], random forest [30] and
gradient boosting [31], implemented in scikit-learn [32]. Negative predictions were set to zero.

In a second comparison, the direct model was trained with 12 learning algorithms: ridge regression;
kernel ridge regression and support-vector regression with RBF kernels; a Gaussian process with an
automatic-relevance Matérn kernel (ν = 5/2, one length scale per standardised input) [33]; a two-hidden-
layer perceptron; random forest; extremely randomised trees; gradient boosting; XGBoost [34]; LightGBM
[35]; CatBoost [36]; and an FT-Transformer [37], in which each feature is embedded as a token and two
self-attention layers [38] mix the tokens (32-dimensional embeddings, four heads, AdamW, early
stopping on an internal 15% split, three-member ensemble). We also re-implemented the multi-fidelity
random forest of Ref. [14]: one random forest trained on all PBE rows and on the HSE06 + SOC rows of
the training compounds, with composition descriptors and a fidelity indicator as inputs, queried at the
high-fidelity level. The original model also used site-averaged elemental properties and a crystal-phase
indicator and included experimental data as a third fidelity, so our version reproduces its design rather
than the exact model. We tried to include the TabPFN tabular foundation model [39], but its weights
require a separate licence agreement and were not used.

3.3 Validation
All results come from nested cross-validation [40]: five outer folds repeated three times with different
seeds. Within each outer training set, hyper-parameters were chosen by a randomised search with 12
candidates and three inner folds, scored by the MAE; no tuning, scaling or feature selection used the
outer test fold. Three outer split types were used. In random splits each compound is its own group. In
chemical-system-grouped splits all compounds with the same set of species (e.g. Cs–Ba–Pb–I,
regardless of fractions) fall in the same fold (222 groups for the primary target). In B-site-grouped splits
all compounds with the same set of B-site species fall in the same fold (53 groups), which tests transfer
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to B-site chemistry absent from training [21]. Inner folds used the same grouping as the outer folds.
Models were compared on the same J = 15 outer folds with the corrected resampled t-test of Nadeau
and Bengio [41],

t = d̄ / √[(1/J + nte/ntr) sd
2] (7)

where d̄ and sd
2 are the mean and variance of the fold-wise MAE differences and nte and ntr the sizes of

the test and training sets; t is compared with a t distribution with J − 1 degrees of freedom. The second
term in the brackets corrects for the overlap of training sets between folds. The p values are descriptive
and were not corrected for multiple comparisons.

3.4 Screening metrics, interpretation and uncertainty
Screening selects compounds at the top of a ranking. Besides the MAE, RMSE and R2 of the pooled out-
of-fold predictions, we therefore report how many of the true top-10 and top-20 compounds are
recovered in the predicted top 10 and top 20, and the MAE and Spearman ρ among compounds whose
HSE06 + SOC SLME is at least 10%. Feature attributions are TreeSHAP values [42, 43] of an extremely-
randomised-trees model, computed on the outer test folds only (held-out SHAP) and averaged over the
three repeats. Prediction intervals were obtained by split-conformal prediction [44]. Within each outer
training set, 25% of the data (grouped where applicable) were held out as a calibration set of size nc, and
the interval for a test compound x was

C(x) = [ŷ(x) − q̂, ŷ(x) + q̂], q̂ = ⌈(nc + 1)(1 − α)⌉-th smallest of |yi − ŷ(xi)| (8)

with the absolute residuals taken over the calibration set and α = 0.1 or 0.2 for nominal coverages of 90%
and 80%. Coverage is guaranteed only when calibration and test compounds are exchangeable. Y-
randomisation [45] repeated the grouped cross-validation 30 times with permuted targets. Learning
curves used random subsets of each outer training set.

3.5 Prospective prediction
The final direct model was tuned with grouped inner folds on all 243 labelled compounds and applied to
the 207 PBE-only compounds. Each prediction carries a 90% interval whose half-width is the quantile of
Eq. (8) computed from the chemical-system-grouped out-of-fold residuals, and an applicability-domain
flag: a query lies inside the domain if its mean standardised distance to the five nearest training
compounds is below the 95th percentile of the same quantity within the training set [46]. Following Ref.
[13], compounds with negative PBE decomposition energy are labelled stable. A negative Ed is a
necessary but not a sufficient condition for stability, because competing phases other than AX and BX2,
segregation and kinetics are not considered [13].

4 Results
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4.1 PBE versus HSE06 + SOC
Figure 2 compares the PBE and HSE06 + SOC values on the PBE geometry. HSE06 + SOC raises the gap
of 85% of the compounds, by 0.67 eV on average. The remaining 15% all contain Pb, for which the SOC-
induced lowering of the conduction band outweighs the opening by the hybrid functional [9]. Over all
compounds the mean change is + 0.53 eV, and the PBE gap used as an estimate of the HSE06 + SOC gap
has an MAE of 0.60 eV. The PBE SLME is correlated with the HSE06 + SOC SLME (Spearman ρ = 0.92 on
the PBE geometry and 0.87 after HSE relaxation), but the difference between them is not a small offset.
For the 92 compounds with a PBE SLME above 10% the median change is − 5.2 points, and the
difference is anti-correlated with the PBE SLME itself (ρ = −0.58 on the PBE geometry and − 0.71 after
HSE relaxation).

4.2 Benchmark of model families
Table 2 and Fig. 3 give the results for the primary SLME target. Used as-is, the PBE SLME has an MAE of
2.45 points and R2 = 0.60, and a linear recalibration reduces the MAE only to 1.6 points. Every ML family
does much better. The direct model with composition and PBE inputs gives an MAE of 0.44 ± 0.02 points
on random splits and 0.45 ± 0.05 on chemical-system-grouped splits (R2 = 0.98), so grouping by chemical

system costs little. Grouping by B-site set roughly doubles the error, to 0.86 ± 0.20 points (R2 = 0.94).
Transfer to B-site chemistry absent from training is the hardest case, and there the advantage of the PBE
inputs disappears (0.86 against 0.86 points for composition alone). Figure 4 shows parity plots for the
chemical-system-grouped splits.

Table 2
MAE (percentage points) and R2 of the pooled out-of-fold predictions of the HSE06 + SOC SLME at the

PBE geometry (n = 243), mean ± standard deviation over three repeats of nested five-fold cross-validation
Model Random Grouped by chemical

system
Grouped by B-site
set

Mean 5.90 ± 0.01
(-0.01)

5.90 ± 0.02 (-0.01) 6.16 ± 0.05 (-0.11)

PBE as-is 2.45 ± 0.00 (0.60) 2.45 ± 0.00 (0.60) 2.45 ± 0.00 (0.60)

Linear recal. 1.60 ± 0.01 (0.88) 1.61 ± 0.01 (0.88) 1.78 ± 0.05 (0.85)

ML (PBE only) 0.86 ± 0.03 (0.95) 0.89 ± 0.02 (0.94) 1.25 ± 0.17 (0.89)

ML (comp. only) 0.63 ± 0.04 (0.96) 0.68 ± 0.04 (0.96) 0.86 ± 0.01 (0.94)

ML direct
(comp.+PBE)

0.44 ± 0.02 (0.98) 0.45 ± 0.05 (0.98) 0.86 ± 0.20 (0.94)

ML Δ-learning 0.53 ± 0.04 (0.98) 0.54 ± 0.05 (0.98) 0.95 ± 0.20 (0.94)

The secondary targets show the same pattern (Table S2). For the HSE-relaxed SLME the direct model
reaches 0.66 points on chemical-system-grouped splits, against 3.65 points for the PBE value, which has
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a negative R2 (− 0.30) on this target. For the HSE-relaxed gap the direct model reaches 0.148 eV, against
0.189 eV for composition alone. For the gap at the PBE geometry, which was evaluated in the algorithm
comparison, the direct model reaches 0.096 eV with extremely randomised trees and 0.059 eV with the
Gaussian process (Sect. 4.3), against 0.60 eV for the PBE gap used as-is.

4.3 Learning algorithms, transformer and multi-fidelity
random forest
Table 3 and Fig. 5 compare the 12 learning algorithms for the direct model on the primary targets. The
tree ensembles (extremely randomised trees, random forest, gradient boosting, XGBoost, LightGBM and
CatBoost) form a tight group, with SLME errors of 0.45–0.53 points on chemical-system-grouped splits
and no significant differences from extremely randomised trees. The Gaussian process with automatic
relevance determination is the most accurate algorithm: 0.36 points for the SLME (better than extremely
randomised trees in 13 of 15 folds, corrected p = 0.04) and 0.059 eV for the gap, against 0.096 eV for
extremely randomised trees (14 of 15 folds, p = 0.005). Its advantage is largest for the gap of B-site
chemistries absent from training. There it reaches 0.080 eV, against 0.17–0.23 eV for the tree
ensembles, and it is better than extremely randomised trees in all 15 folds (p = 0.002). For the SLME on
B-site-grouped splits its MAE is also the lowest (0.63 against 0.73 points), but the difference is not
significant and its ranking of the top compounds is weaker (4 of the true top 10; Table S10), so no single
algorithm dominates there.

A plausible reason for the advantage of the Gaussian process is the smoothness of its kernel. Fitted to
all labelled compounds, its shortest length scales belong to a compact set of inputs: the PBE SLME, the
Pb fraction, the PBE gap, the ns2 fraction, the X-site electron affinity, the b-axis deviation from cubicity
and the Ge fraction. This set agrees with the SHAP analysis below. A smooth function of a few physically
meaningful inputs can interpolate between B-site chemistries, whereas axis-aligned tree splits produce
piecewise-constant predictions. Consistent with this, even linear ridge regression predicts the gap of
unseen B-site chemistries (0.151 eV) as well as or better than the tree ensembles (Table S9).

The FT-Transformer reaches 0.61 points on chemical-system-grouped splits, worse than the tree
ensembles (p = 0.02), and 0.78 points on B-site-grouped splits, within their range. With fewer than 200
training compounds per fold the attention model has no advantage over simpler learners, consistent with
the finding that no deep architecture is uniformly better than gradient-boosted trees on tabular data [37].
Kernel ridge regression, support-vector regression and the multilayer perceptron are less accurate than
the tree ensembles, and linear ridge regression is the least accurate for the SLME (1.0 point), so the
mapping to the SLME is strongly non-linear.

Our re-implementation of the multi-fidelity random forest of Ref. [14] gives 0.87 points for the SLME and
0.175 eV for the gap on chemical-system-grouped splits, and 1.18 points and 0.265 eV on B-site-grouped
splits. For the SLME on chemical-system-grouped splits, this is 1.6–1.9 times the error of the tree
ensembles and 2.5 times that of the Gaussian process. In this design the PBE value of a query
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compound enters only as a training row with a fidelity flag, so the model has to infer the high-fidelity
value from compositions similar to the query. The direct model receives the PBE gap and SLME of the
query as inputs. When PBE outputs are available for the compound of interest, using them as features
exploits them more effectively.

Table 3
MAE of the direct model (composition + PBE inputs) with different learning algorithms on chemical-

system-grouped and B-site-grouped nested cross-validation. p compares each algorithm with extremely
randomised trees using the corrected resampled t-test of Eq. (7) on the 15 outer folds

Algorithm SLME (chem.
system)

SLME (B-
site set)

Eg (chem.
system)

Eg (B-
site set)

p (SLME /
chem. system)

Gaussian process 0.35 0.63 0.059 0.080 0.04

Gradient boosting 0.45 0.76 0.099 0.169 0.77

Extra trees 0.46 0.73 0.096 0.178 –

LightGBM 0.48 0.74 0.100 0.173 0.74

XGBoost 0.49 0.79 0.103 0.182 0.45

CatBoost 0.51 0.81 0.111 0.170 0.21

Random forest 0.53 0.89 0.126 0.225 0.16

FT-Transformer 0.61 0.78 0.166 0.239 0.02

Kernel ridge (RBF) 0.68 0.92 0.130 0.240 < 0.01

SVR (RBF) 0.71 0.89 0.113 0.184 < 0.01

Multi-fidelity RF
[Yang 2024]

0.87 1.18 0.175 0.265 < 0.01

MLP (2 hidden
layers)

0.88 1.04 0.298 0.396 < 0.01

Ridge (linear) 1.00 1.15 0.113 0.151 < 0.01

4.4 Δ-learning versus direct learning
Δ-learning was not better than direct learning on any SLME target or split. On the primary target its MAE
was 0.54 against 0.45 points on chemical-system-grouped splits, with direct learning better in 12 of 15
outer folds (corrected p = 0.11). On the HSE-relaxed SLME the difference was larger (0.83 against 0.66
points). For the HSE-relaxed gap the two were tied (0.150 against 0.148 eV). The learning curves
(Fig. 7b) show the same ordering at every training-set size, so the result is not a small-data effect. The
reason is the anti-correlation noted in Sect. 4.1. The difference between the HSE06 + SOC and PBE SLME
is large and depends strongly on where the PBE gap lies relative to the SLME optimum, so the function g
in Eq. (6) is not easier to learn than f. Δ-learning helps when the low-fidelity value is a good first
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approximation and the correction is small and smooth [12]; for the SLME of these compounds neither
condition holds.

4.5 Screening performance
The difference between the PBE value and the ML models is largest where screening needs accuracy
(Table 4). Among the 83 compounds with an HSE06 + SOC SLME of at least 10% at the PBE geometry,
the PBE SLME has an MAE of 4.6 points and a Spearman ρ of only 0.08 with the HSE06 + SOC value,
whereas the direct model has an MAE of 0.56 points and ρ = 0.92. Ranking by the PBE SLME places only
one of the ten compounds with the highest HSE06 + SOC SLME in its top ten, and the linear recalibration
does no better; the direct model recovers nine and Δ-learning six. Over all compounds the PBE ranking
looks respectable (ρ = 0.92) only because it separates wide-gap compounds with negligible SLME from
the rest. This global correlation says little about the decision a screening study has to make.

Table 4
Screening metrics for the HSE06 + SOC SLME at the PBE geometry on chemical-system-grouped cross-
validation: true top-k compounds recovered in the predicted top-k, and MAE and Spearman ρ among the

83 compounds with HSE06 + SOC SLME ≥ 10%
Model Top-10

hits
Top-20
hits

MAE (SLME ≥ 
10%)

ρ (SLME ≥ 
10%)

ρ
(all)

PBE as-is 1 8 4.56 0.08 0.92

Linear recal. 1 7 2.33 0.24 0.93

ML (PBE only) 2 9 1.31 0.62 0.95

ML (comp. only) 8 16 0.73 0.92 0.99

ML direct
(comp.+PBE)

9 18 0.56 0.92 0.99

ML Δ-learning 6 13 0.70 0.86 0.97

4.6 What the model uses: held-out SHAP
Figure 6 shows held-out SHAP values of the direct model for the primary target. The six largest
contributions come from the PBE SLME (mean |SHAP| 1.39 points), the ns2 fraction on the B site (1.21),
the PBE gap (1.14), the X–B electronegativity difference (0.78), the B-site electronegativity (0.67) and the
B-site ionisation energy (0.42). The PBE inputs account for 38% of the total attribution and the
composition descriptors for 62%. The dependence plots are physically sensible. The SHAP value of the
PBE gap is large and positive below about 1.5 eV, crosses zero between 2.0 and 2.5 eV and levels off at
about − 1 point above 3 eV, where the SLME is negligible at either level of theory (Fig. 6c). The ns2

fraction raises the predicted SLME monotonically (Fig. 6b). In the ns2 perovskites the valence-band
maximum has B-s/X-p antibonding character and the conduction-band minimum B-p character, which
gives strong absorption at the band edge [3, 9]; the alkaline-earth cations lack this configuration and give
much wider gaps. A small X–B electronegativity difference, that is, a more covalent B–X bond, raises the
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prediction (Fig. 6d), consistent with the narrower gaps of iodides and of ns2 cations. The contribution of
the PBE SLME rises steeply up to about 10% and more slowly above it (Fig. 6e), the same compression
of the high-SLME range that the 16% ceiling of the labels imposes. The structural PBE descriptors
(deviations from cubicity) contribute little.

4.7 Uncertainty and robustness
Split-conformal 90% intervals of the direct model reached their nominal coverage on random splits (0.92 
± 0.05) and on chemical-system-grouped splits (0.92 ± 0.05), with mean widths of 3.7 and 4.2 points
(Fig. 7a). On B-site-grouped splits they under-covered (0.78 ± 0.18). The calibration residuals come from
B-site chemistries seen in training and underestimate the errors on unseen ones, so the exchangeability
assumed by Eq. (8) does not hold. The 80% intervals behaved in the same way (0.84, 0.82 and 0.64).
Learning curves on chemical-system-grouped splits (Fig. 7b) place the direct model below Δ-learning
and the composition-only model at every training-set size, with the largest margin for small data (MAE
0.98 against 1.45 and 1.24 points with 39 training compounds). All ML curves are still decreasing at 194
compounds, so more hybrid-functional data would help, whereas the linear recalibration does not
improve beyond 1.6 points. In Y-randomisation the grouped-CV R2 fell from 0.97 for the real targets to − 
0.23 ± 0.08 (maximum − 0.08) for 30 permuted targets (Fig. 7c). The error is larger for alloys than for
compounds with a single species on every site (0.49 against 0.29 points), as expected from the larger
configurational space of alloys. A k-nearest-neighbour regressor on the site fractions alone has an MAE
of 2.1–2.7 points on the same splits (Table S6), so the models learn more than proximity in composition.

4.8 Prospective predictions for PBE-only alloys
Of the 207 compounds without HSE06 + SOC values, 154 lie inside the applicability domain and 64 have
a negative PBE decomposition energy. The query set is chemically close to the training set: 99.5% of the
queries have a B-site set that occurs among the 243 training compounds, but only 16% share an exact
chemical system with them. The predictions therefore interpolate between known chemistries rather
than extrapolate to new ones, and the chemical-system-grouped intervals are the appropriate ones.
Table 5 lists the Pb-free compounds that are inside the domain and have negative Ed, ranked by the
predicted HSE06 + SOC SLME (Fig. 8). The six leading predictions lie between 14.7 and 15.3%, close to
the 16% ceiling of the training labels, and their 90% intervals (± 1.3 points) overlap, so the list is a
shortlist for hybrid-functional calculations rather than a ranking. The Gaussian process of Sect. 4.3 gives
almost the same ranking (Spearman ρ = 0.99 with the extremely-randomised-trees predictions inside the
domain) and predicts these six compounds at 14.7–16.0%. Several entries are mixed iodide–bromide Sn
compounds. Four of the 20 compounds whose gap changes by more than 1 eV on HSE relaxation belong
to this class, including the largest change (RbSnI1.5Br1.5, 2.7 eV; Sect. 2.3), which is a further reason to
verify them explicitly.
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Table 5
Pb-free PBE-only alloys inside the applicability domain with negative PBE decomposition energy, ordered
by the predicted HSE06 + SOC SLME at the PBE geometry (direct model), with 90% intervals (Sect. 3.5)
Composition PBE Ed

(eV f.u.−1)
PBE Eg
(eV)

SLMEPBE
(%)

Predicted
SLME (%)

90%
low

90%
high

CsSnI2.625Br0.375 −0.14 0.47 8.6 15.3 14.0 16.6

CsSnI2.25Br0.75 −0.14 0.46 8.4 15.1 13.8 16.4

K0.375Rb0.375Cs0.25GeBr3 −0.10 0.66 13.2 15.1 13.8 16.4

CsSnI1.875Br1.125 −0.16 0.55 10.9 15.0 13.7 16.3

CsGe0.5Sn0.5Br3 −0.28 0.67 13.6 14.7 13.4 16.0

K0.125Rb0.875SnBr3 −0.04 0.57 10.2 14.7 13.4 16.0

RbSnBr1.875Cl1.125 −0.05 0.62 11.2 13.3 12.0 14.6

RbGeBr1.5Cl1.5 −0.18 0.77 14.7 12.9 11.6 14.2

5 Discussion

5.1 What the PBE calculation adds
The answer depends on the target and the split. Used directly, the PBE SLME is a poor proxy for the
HSE06 + SOC SLME, particularly where screening matters: it barely ranks the compounds with high
HSE06 + SOC SLME. As inputs to an ML model the PBE outputs help. For the PBE-geometry SLME they
lower the error by about a third relative to composition alone on random and chemical-system-grouped
splits, and for the HSE-relaxed gap by about a fifth. They do not help the tree models for B-site
chemistries absent from training, where the composition model is as good. The SHAP attributions are
consistent with this: the PBE SLME and gap carry information about the band edges of a given
chemistry, which a tree model can exploit only when similar chemistries were seen in training. The
Gaussian process, which uses the PBE gap through a smooth kernel, is the exception for the band gap
and the most transferable model we found.

5.2 What the labels allow
Because of Eq. (4), the HSE06 + SOC SLME in this dataset is a near-deterministic function of the HSE06 
+ SOC gap. A model that predicts this SLME accurately is, in effect, an accurate model of the HSE06 + 
SOC gap combined with the PBE absorption profile. This does not make the SLME results wrong, but
SLME accuracy should not be read as evidence that a model has learned optical physics beyond the gap.
Hybrid-functional absorption spectra, which change the oscillator strengths as well as the onset, would
make the SLME a more independent target. The 16% ceiling has a more practical consequence. It
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compresses the top of the distribution, so labels and predictions both lose resolution where a screening
decision is made; users of the dataset should treat SLME ranks within the top group as ties, as our
shortlist does. The HSE-relaxation effect is a separate issue. For a minority of compounds the HSE-
relaxed geometry departs strongly from the PBE geometry and gives gaps far above experiment, so
results on HSE-relaxed targets should be reported separately and with caution.

5.3 Comparison with earlier work on this dataset
Table 6 places our results next to the earlier multi-fidelity study of the same dataset [14]. That study
trained multi-fidelity random forests on PBE, HSE06 + SOC and experimental data and reported an RMSE
of 1.29% for the HSE-level photovoltaic efficiency from repeated random 80/20 splits. The numbers
cannot be compared directly, because the data subsets, input features, fidelities and splits differ. Our re-
implementation of their design gives a higher RMSE under chemical-system-grouped splits (1.63%). This
difference should not be attributed to split optimism: in our benchmark random and chemical-system-
grouped splits gave almost the same error for the direct model (0.44 and 0.45 points), and the remaining
differences in features and data are a more likely cause. What can be compared is the effect of the
model design on the same folds: models that take the PBE outputs of the query compound as inputs
reduce the RMSE to 0.87% (extremely randomised trees) and 0.54% (Gaussian process). For multi-fidelity
screening of these materials the practical message is that, once a PBE calculation of a candidate is
available, its outputs are most useful as descriptors rather than as a separate fidelity level.

Table 6
Earlier ML results on this dataset compared with the present study. The studies differ in data subsets,

features, fidelities and validation, so the numbers are not a performance ranking
Study Target(s) Model Validation Reported error for hybrid-

functional SLME

Yang et
al. 2024
[14]

Ed, Eg, PV
efficiency (PBE,
HSE06 + SOC,
experiment)

Multi-fidelity
random
forest

Repeated
random
80/20 splits

RMSE 1.29% (HSE level)

Present
study

HSE06 + SOC
SLME and Eg
(PBE and HSE
geometry)

7 model
families, 12
algorithms

Nested CV;
random and
grouped
splits

RMSE 0.54% (Gaussian process),
0.87% (extremely randomised
trees) and 1.63% (multi-fidelity
random forest re-
implementation), chemical-
system-grouped

5.4 Limitations
All targets are computed values from one dataset with its own approximations: an SLME from a shifted
PBE spectrum, special quasirandom structures for alloys and pseudo-cubic cells. The ceiling of the
SLME labels and the distortions introduced by HSE relaxation (Sect. 2.3) limit the conclusions. With 243
labelled compounds and six B-site elements, the B-site-grouped results rest on few groups per fold and
carry a large uncertainty (standard deviation 0.2 points across repeats). The corrected t-test is
conservative and the p values were not adjusted for the number of comparisons, so we describe
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differences by their size and by the number of folds in which they hold. The direct model needs a PBE
calculation of the query compound, including its absorption spectrum; it saves the hybrid-functional
calculation, not the PBE one. The multi-fidelity random forest was re-implemented with our descriptors
and without experimental data. Finally, the predictions for PBE-only compounds were not validated with
hybrid-functional calculations in this work.

6 Conclusion
On a public dataset of 243 pure and mixed halide perovskites, a PBE calculation helps ML predict the
HSE06 + SOC SLME and band gap, but not in the way it is often used. Taken at face value, the PBE SLME
is a poor screening metric, with a 2.45-point MAE and almost no ranking power among the compounds
with high HSE06 + SOC SLME. Used as input features together with composition, the PBE outputs give a
model with a 0.45-point MAE and good ranking on chemical-system-grouped splits, about a third better
than composition alone. Δ-learning, often assumed to be the natural way to use low-fidelity data, was not
better than direct learning. Of 12 learning algorithms, a Gaussian process with automatic relevance
determination was the most accurate (0.36 points for the SLME and 0.059 eV for the gap), particularly
for the gap of B-site chemistries absent from training (0.080 eV against 0.17–0.23 eV for tree
ensembles). A tabular transformer did not beat the tree ensembles on 243 compounds, and the multi-
fidelity random forest design of earlier work, which receives the PBE information only through a shared
training set, was less accurate than any tree ensemble that takes the PBE outputs as inputs. For the
SLME of B-site chemistries absent from training, the error of the tree models doubled and conformal
intervals under-covered. The label audit shows that the hybrid-functional SLME in this dataset is close to
a function of the gap because it was derived from a shifted PBE spectrum, that it saturates near 16%,
and that HSE relaxation raises the gap by more than 1 eV for 8% of compounds. Datasets with hybrid-
functional optics and with the PBE and hybrid calculations done on the same geometry would allow a
stronger test.
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Figure 1

Workflow of the study: data and label audit, descriptors, model families and learning algorithms, nested
validation with three split types, and evaluation.

Figure 2

Data and label audit for the 243 compounds with PBE and HSE06+SOC (PBE geometry) values. (a)
HSE06+SOC versus PBE SLME and (b) band gap, coloured by B-site species (grey: mixed B site). (c)
HSE06+SOC SLME versus HSE06+SOC gap: the SLME is close to a monotonic function of the gap and
saturates near 16 % (dotted line). (d) HSE06+SOC gap after HSE relaxation versus the gap at the PBE
geometry; red points change by more than 1 eV.

Figure 3

MAE of the model families for (a) the HSE06+SOC SLME at the PBE geometry, (b) the HSE06+SOC SLME
after HSE relaxation and (c) the HSE06+SOC gap after HSE relaxation, for random, chemical-system-
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grouped and B-site-grouped nested cross-validation. Bars are means and error bars standard deviations
over three repeats; the dotted line is the mean predictor.

Figure 4

Out-of-fold predictions versus HSE06+SOC SLME at the PBE geometry on chemical-system-grouped
splits, averaged over three repeats: (a) PBE SLME used as-is, (b) linear recalibration, (c) direct model with
composition and PBE inputs and (d) Δ-learning. Colours as in Fig. 2.

Figure 5

MAE of the direct model (composition + PBE inputs) with different learning algorithms for (a) the
HSE06+SOC SLME and (b) the HSE06+SOC gap at the PBE geometry, on chemical-system-grouped
(orange) and B-site-grouped (red) nested cross-validation. Error bars are standard deviations over the 15
outer folds; numbers give the chemical-system-grouped MAE.
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Figure 6

Held-out SHAP analysis of the direct model for the HSE06+SOC SLME at the PBE geometry (chemical-
system-grouped folds, averaged over three repeats). (a) SHAP values of the ten most important features;
colour gives the feature value. (b–e) Dependence of the SHAP value on the ns2 fraction of the B site, the
PBE gap, the X–B electronegativity difference and the PBE SLME, coloured by B-site species.

Figure 7

Uncertainty and robustness of the direct model for the HSE06+SOC SLME at the PBE geometry. (a)
Empirical coverage of split-conformal 80 % and 90 % intervals for the three split types (mean ± standard
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deviation over 15 outer folds). (b) Learning curves on chemical-system-grouped splits. (c) Grouped-CV
R2 for the real target and for 30 permuted targets.

Figure 8

Prospective predictions for the 207 PBE-only compounds. (a) Predicted HSE06+SOC SLME (PBE
geometry) versus PBE SLME; open circles mark compounds outside the applicability domain. (b) The
twelve Pb-free compounds inside the domain with the highest predicted SLME, with 90% intervals from
the grouped cross-validation residuals (Sect. 3.5); teal bars have negative PBE decomposition energy.
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