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that spans small- and large-molecule thermochemistry, reaction barriers, and non-covalent interac-

tions. Herein, we identify a flaw in the weighted mean absolute deviation (WTMAD) definitions com-
monly used to quantify performance of various electronic-structure methods for the GMTKN55 set,

which under-weight some of its component benchmarks by orders of magnitude. A new WTMAD-4

metric is proposed, based on typical errors observed for a set of ten minimally empirical dispersion-

corrected density-functional approximations (DFAs), ensuring fair treatment across all benchmarks.
The performance of 115 DFAs is then reassessed using WTMAD-4 and we highlight a literature exam-
ple where a DFA parametrised by minimising WTMAD-2 underperforms for benchmarks marginalised

by that metric.

1 Introduction

Density-functional theory (DFT) methods are a pillar of modern
computational chemistry. A principle goal in DFT development is
to create functionals that are broadly accurate, transferable, and
maintain a low computational cost. However, to assess their per-
formance, thorough benchmarking of DFT methods against reli-
able experimental or correlated-wavefunction reference data sets
is required. 1-? Since considering a single benchmark may lead to
biased results, compiled databases consisting of numerous, chem-
ically diverse benchmarks are now becoming commonplace.3->
The major challenges in creating such benchmarks are obtaining
suitable high-level reference data from theory or experiment, cu-
rating them to represent a meaningful subset of chemical space,
and devising a fair weighting of the component data sets. With
respect to this last point, factors such as the wide range of en-
ergy scales, quality of the reference data, relative chemical im-
portance, and numbers of systems comprising each benchmark,
all become confounding variables.

The GMTKNS55 database® is a collection of 55 individual
benchmarks spanning the thermochemistry of small and large
molecules, reaction barriers, and both intramolecular and inter-
molecular non-covalent interactions (NCI). It has become a stan-
dard benchmark in DFT method development in recent years 10
due to the robust quality of the reference data and the diverse
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span of chemical systems. The interested reader is directed to
Ref. 3 for detailed information regarding the individual bench-
marks. Due to the wide range of energy scales of its components,
the overall error for the GMTKNS5S5 set is reported as a weighted
mean absolute deviation (WTMAD), and several definitions for
such a weighted error have been proposed.

The first proposed metric,®> WTMAD-1, is not commonly used.
In this scheme, each subset is assigned an arbitrary weight, de-
noted w;, where w; = 10 when |AE]; < 7.5 kcal/mol, w; = 0.1 when
|AE|; > 75 kcal/mol, and w; = 1 otherwise. The WTMAD-1 is then
calculated as

1 Nbench
WTMAD-1 = Y wi-MAD;, (@)
Nbench i=1

where the sum runs over all Nye, = 55 component benchmarks,
and MAD; is the mean absolute deviation between the computed
and reference data for the ith benchmark. Alternatively, the most
widely used error metric for the GMTKNS5 is the WTMAD-2, also
introduced in Ref. 3, and defined as

e N; _|AE|rnean.

WTMAD-2 = —_—
=1 Notal  |AE|;

MAD;, . 2)

Here, N; is the number of data points in the ith benchmark and
Neotal = ):?’:"el“d‘ N; = 1505 is the total number of data points. [AE]; is
the average reference energy for the ith benchmark, and |AE| ..,
is the average of all [AE|; values.

Error metrics typically are reported for seven categories: “Basic
+ Small”, “Iso + Large”, “Barriers”, “Intermolecular NCI”, “In-
tramolecular NCI”, “All NCI”, and GMTKNS55 as a whole. When
calculating the per-category values, a fixed canonical value of
|AE| pean = 56.84 kcal/mol is used across all categories, while
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Niotal is rescaled per category. However, due to improvements
in the reference data, the value of |AE| ., has changed (perhaps
unknowingly) from paper to paper, which has been a source of
confusion in the literature.”

Previous studies have shown a disproportionate weighting of
certain benchmarks within GMTKN55 when computing the WT-
MAD values. In particular, data in Ref. 7 (ESI, Tables S5 to S16)
shows that the same benchmarks (such as BH76) were dispropor-
tionally weighted very highly across all functionals considered,
while contributions from others (such as IL16) were two or more
orders of magnitude smaller. This issue is partially due to the fact
that some GMTKNS55 subsets contain nearly one hundred reac-
tion energies, while others contain fewer than ten. Because the
WTMAD-2 weights the individual MAD; values by the number of
component reactions, it introduces a bias towards methods that
perform well for the larger subsets. Consequently, Wittmann et
al. recently proposed the WTMAD-3 weighting scheme, which is
identical to WTMAD-2 except that it attenuates the weights for a
subset to be no more than 1% of the total reactions considered.8
The WTMAD-3 is calculated via

N, damp A7
bthNi P . ‘AE|mean .

WTMAD-3 = — me
|AE];

MAD;, 3
i=1 Neotal '

where Nid AP — min(0.01 X Niggal; Ni).  Thus, for the full
GMTKNS5S5, this limits each subset’s weight to 15 systems. How-
ever, as we will see, this reweighting does not fully correct for the
disproportionate weighting of some GMTKNS55 subsets.

A very recent benchmarking study by Liang and Head-Gordon
defined a new error metric, the normalised error ratio (NER).*
The NER of a particular functional for a given benchmark is the
ratio of its error to the standard error for that benchmark. The
NER values are then averaged over all component benchmarks
to obtain a value for the full data set, ensuring each has equal
weighting. However, the drawback of this approach is that the
standard error is defined as the “average of the second, third, and
fourth lowest errors among all tested hybrid functionals.”# This
means that the NER results must be adjusted for each individual
benchmarking study to identify the second through fourth low-
est errors. Additionally, it is possible that some of the functionals
considered are overfit and yield abnormally low errors for certain
benchmarks; thus, the standard errors for each individual bench-
mark may not be representative of what a typical or expected
error would be.

In this work, the WTMAD-4 metric is proposed. While identi-
cal to WTMAD-1 in its construction, the weights are based on the
magnitudes of expected errors for a small set of representative,
minimally empirical functionals, rather than on the absolute en-
ergy scales. As a result, each benchmark contributes meaningfully
and appropriately to the overall WTMAD-4. Data from previous
DFA benchmarking studies®7-? is reassessed using WTMAD-4.

2 Data Set

Data for 115 previously studied DC-DFAs37-? was obtained by
extracting the MAD values reported for each of the 55 bench-
marks within GMTKN55. These MAD values were then combined
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with the appropriate weights to generate WTMAD-N values, tab-
ulated for all 115 functionals (and 78 non-dispersion-corrected
functionals from Ref 3) in the ESI. Because the complete bench-
mark results for these 115 previously studied DC-DFAs are not
available, and in many cases the specific reference values used
are uncertain, their WTMAD-N values should be regarded as ap-
proximate, with an estimated uncertainty of ca. 1-2%. Such a
small margin of error is not expected to meaningfully impact the
statistics presented in this article.

To ensure all previously studied DC-DFAs were treated as con-
sistently as possible, their WTMAD-2 and WTMAD-3 values were
recomputed by combining the MADs reported in earlier work with
the updated |AE[; values from the revised GMTKNS5 reference
data,®!! corresponding to |AE|.,, = 57.82 kcal/mol.!! How-
ever, for consistency with previous works,>12 a fixed value of
|AE| ean = 56.84 kcal/mol is used when calculating WTMAD-2
and WTMAD-3. To obtain WTMADs; g, values, an appropriate
multiplicative scale factor may be used. We note that neither
WTMAD-1, nor the proposed WTMAD-4, depend on [AE|eans
and thus do not suffer from this issue.

3 Results and Discussion

3.1 Analysis of WTMAD Contributions

To determine the contributions of each subset to the overall
WTMAD-N values, we first calculated the mean MAD (MAD;) for
each GMTKNS55 subset by averaging the MAD values across the
set of 115 dispersion-corrected functionals. These mean MADs
were then used to compute a single representative WTMAD-N
value via Eqns. 1-3. Using these WTMAD-N’s and the MAD;’s, the
percent contributions of each component benchmark to the over-
all WTMAD-1, WTMAD-2, and WTMAD-3 were evaluated for the
entire GMTKNS55. The results are collected in Table 1 and show
that none of these treatments fairly weight all subsets.

All three previously-proposed WTMAD schemes result in a
number of benchmarks having a disproportionately large contri-
bution to the overall WTMAD, while others have near-zero contri-
bution. The largest disparity was observed for WTMAD-2, where
BH76 contributes 9.89% of the total, while DIPCS10 and IL16
contribute only 0.04% and 0.06%, respectively; this is a ca. 200-
fold difference in scale. Upon review, we determined that calcu-
lating weights based on the MAD relative to the reference energy,
@i, was not representative. For example, IL16’s average refer-
ence energy is 109.04 kcal/mol, which is 170 times larger than
its mean MAD across our methods of 0.64 kcal/mol. There also
exist cases where the inverse is true and the ratio is small, caus-
ing over-contribution from subsets such as BH76, which has an
average reference energy of 18.61 kcal/mol and a mean MAD of
4.07 kcal/mol. Although dynamic weights allow for easy expan-
sion and transferability to other benchmarks, we could not find
a dynamic weighting scheme that fairly represented all systems
within GMTKN55.



Table 1 Shown for all the GMTKN55 benchmarks are the numbers of
component reactions (N;), mean reference energies (JAE|;), mean MADs
across all 115 DC-DFAs (MAD;), and recommended WTMAD-4 weights
(wi). Using the data in columns 2-5, and with respective weights from
Egs. 1-5, the percent contributions of each benchmark to the total
WTMAD-N were evaluated and are shown in the final four columns.
Note that the contributions for each subset are not exactly equal for
WTMAD-4 as the weights were determined using a much smaller data
set of ten minimally empirical functionals.

WTMAD-N
Benchmark N; JAE[;, MAD; wi 1 2 3 4
Basic + Small

AL2X6 6 35.88 2.38 3.27 1.20 0.24 0.43 2.25
ALK8 8 62.60 4.91 1.30 2.48 0.37 0.68 1.85
ALKBDE10 10 100.69 5.09 1.06 0.26 0.30 0.55 1.55
BH76RC 30 21.39 2.23 2.55 1.13 1.86 1.69 1.64
DC13 13 54.98 7.22 0.78 3.64 1.02 1.84 1.63
DIPCS10 10 654.26 4.64 1.65 0.23 0.04 0.08 2.21
FH51 51 31.01 2.26 2.39 1.14 2.21 1.18 1.56
G21EA 25 33.62 2.69 2.15 1.36 1.19 1.30 1.67
G21IP 36  257.61 3.30 1.63 0.17 0.27 0.21 1.55
G2RC 25 51.26 4.49 1.12 2.27 1.30 1.42 1.46
HEAVYSB11 11 58.02 3.22 2.73 1.63 0.36 0.66 2.54
NBPRC 12 27.71 2.06 2.32 1.04 0.53 0.96 1.38
PA26 26 189.05 2.74 1.98 0.14 0.22 0.24 1.57
RC21 21 35.70 3.50 1.45 1.77 1.22 1.59 1.46
SIE4x4 16 33.72 13.08 0.47 6.60 3.69 6.30 1.77
TAUT15 15 3.05 1.06 5.80 5.35 3.10 5.63 1.78
W4-11 140 306.91 5.69 1.07 0.29 1.54 0.30 1.76
YBDE18 18 49.28 2.81 2.55 1.42 0.61 0.93 2.07

Total: 32.12  20.07 25.99 31.70

Iso + Large

BSR36 36 16.20 2.22 2.03 1.12 2.93 2.23 1.30
C601SO 9 98.25 5.89 1.19 0.30 0.32 0.58 2.03
CDIE20 20 4.06 0.96 5.75 4.85 2.81 3.84 1.59
DARC 14 32.47 3.59 1.44 1.81 0.92 1.67 1.50
1SO34 34 14.57 1.26 4.49 0.64 1.75 1.40 1.63
1SOL24 24 21.92 3.15 1.99 1.59 2.05 2.33 1.81
MB16-43 43 468.39  21.30 0.33 1.08 1.16 0.74 2.02
PArel 20 4.63 1.08 5.51 5.45 2.78 3.79 1.72
RSE43 43 7.60 1.43 5.27 0.72 4.81 3.06 2.18

Total: 17.56 19.53 19.64 15.78

Barriers

BH76 76 18.61 4.07 1.53 2.05 9.89 3.55 1.79
BHDIV10 10 45.33 3.53 1.66 1.78 0.46 0.84 1.69
BHPERI 26 20.87 2.71 2.29 1.37 2.01 211 1.79
BHROT27 27 6.27 0.45 10.95 2.27 1.15 1.17 1.42
INV24 24 31.85 1.42 4.41 0.72 0.64 0.72 1.81
PX13 13 33.36 4.60 1.18 2.32 1.07 1.93 1.56
WCPT18 18 34.99 3.29 1.77 1.66 1.01 1.53 1.68

Total: 12.17 16.23 11.85 11.74

Intermolecular NCI

ADIM6 6 3.36 0.37 36.78 1.87 0.39 0.71 3.93
AHB21 21 22.49 0.78 6.24 0.39 0.43 0.56 1.41
CARBHB12 12 6.04 0.87 5.50 4.39 1.03 1.87 1.38
CHB6 6 26.79 1.52 4.14 0.77 0.20 0.37 1.82
HALS59 59 4.59 0.70 9.63 3.53 5.35 2.48 1.95
HEAVY28 28 1.24 0.44 13.96 2.22 5.91 5.76 1.77
IL16 16 109.04 0.64 11.49 0.03 0.06 0.10 2.12
PNICO23 23 4.27 0.69 7.86 3.48 2.21 2.63 1.56
RG18 18 0.58 0.25 29.88 1.26 4.62 7.00 2.16
S22 22 7.30 0.39 13.54 1.97 0.70 0.87 1.52
S66 66 5.47 032 18.39 1.62 2.30 0.95 1.70
WATER27 27 81.14 3.78 1.43 0.19 0.75 0.76 1.56

Total: 21.72  23.95 24.06 22.88

Intramolecular NCI

ACONF 15 183 014 61.10 | 071 068 124 247/
Amino20x4 80 244 027 2265 136 527 180 177
BUT14DIOL 64 2.80 0.25 30.02 1.26 3.40 1.45 2.17
ICONF 17 3.27 0.29  20.01 1.46 0.90 1.44 1.68
IDISP 6 14.22 2.49 2.50 1.26 0.62 1.13 1.80
MCONF 51 4.97 0.40 21.21 2.02 2.44 1.31 2.45
PCONF21 18 1.62 0.71 8.66 3.58 4.69 7.12 1.77
SCONF 17 4.60 0.40  19.05 2.02 0.88 1.41 2.20
UPU23 23 5.72 0.55 10.12 2.78 1.32 1.56 1.61

Total: 16.45 20.20 18.46 17.92

3.2 Formulation of WTMAD-4

Our analysis of the disparities in WTMAD-2 led to the formulation
of WTMAD-4, defined as

1 Noench

WTMAD-4 = wlVIMAD-4 . MAD; . @)

bench ;=1

This weighting scheme is identical to WTMAD-1 in its construc-
tion, but the weights are chosen to be

w)VIMAD-4 _ 100 (3775) , (5)
Nbench MAD;

such that each benchmark contributes evenly to the overall
WTMAD-4 on average (i.e. 1/55 = 1.82% for each benchmark when
the mean MAD values are used). Here, MAD; is the mean MAD
for benchmark i across all functionals in the fit set. A factor of 3.5
was also included to scale the WTMAD-4 for consistency with the
typical magnitudes of WTMAD-2.

The definition of WTMAD-4 is similar in spirit to the NER.*
However, instead of comparing to the hybrid functionals that give
the second through fourth lowest errors, we compare to the mean
MAD:s for a set of ten representative, minimally empirical hybrid
functionals. While the WTMAD-4 weights could be evaluated us-
ing the mean MADs from the full set of 115 functionals (and re-
sults obtained by so doing are shown in the ESI), we recommend
instead obtaining the weights from a small set of well-behaved
and numerically stable DFAs that are available in most electronic-
structure programs. In this way, the error metric will not re-
quire readjusting depending on the set of functionals considered,
and new weights can easily be generated if the benchmark is ex-
panded.

Minimally empirical, dispersion-corrected functionals are se-
lected to avoid any excessively low (or high) errors for a
particular benchmark that can result from overfitting. The
ten functionals selected to determine the mean MAD val-
ues and WTMAD-4 weights via Eqn. 5 are: PBE0-D3(BJ),
B3LYP-D3(BJ), B3P86-D3(BJ), B3PW91-D3(BJ), PWI1PW91-
D3(0), MPW1PW91-D3(BJ), BHLYP-D3(BJ), HSEO06-D3(BJ),
HISS-D3(BJ), and LC-whPBE-D3(BJ). This recommended set con-
sists of decades-old functionals with predictable behaviours that
are well-documented in the literature. Furthermore, inspection of
their largest MADs across the GMTKNS55 composite benchmarks
shows no extreme outliers, in contrast to several of the other DC-
DFAs in the full set of 115 examined in this article.

Overall, if the set of functionals used to evaluate the weights
performs well for a particular benchmark, the mean MAD will be
low and that set will be heavily weighted. Conversely, if the set
performs poorly for a particular benchmark, the mean MAD will
be high and that set will be lightly weighted. The results in Ta-
ble 1 show no drastic over- or under-weighting of the GMTKN55
benchmarks except for ADIM6 (3.93%), for which there are some
very large outliers in the full 115-DFA set, as will be discussed
later. All of the other benchmarks contribute between 1.30-2.54%
of the total WTMAD-4 using the mean MADs for all 115 DC-DFAs
considered.

Table 1 also shows the resulting percent contributions to the
total WTMAD-4 for each GMTKN55 category. The contributions
from WTMAD-4 are fairly similar to WTMAD-1, and notably dif-
ferent from WTMAD-2/3. The increased percent contribution
of the “Basic + Small” classification between WTMAD-2 and
WTMAD-4 is due to the high proportion of benchmarks within
this category. However, we consider this shift in weight towards
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Fig. 1 Smoothed histograms showing the percent contributions of each
GMTKND55 subset to the various WTMAD-N values for 115 DC-DFAs.
The WTMAD-4 weights were obtained from Eq. 5 using the mean MAD
values from ten minimally empirical functionals.

thermochemistry desirable and representative for general chem-
istry applications.

3.3 Validation using Literature Data

To validate our definition of WTMAD-4, we consider all data
available in Refs. 3,7-9, which spans 115 DC-DFAs. Figure 1
shows smoothed histograms of the percent contributions to each
WTMAD-N obtained for all 55 GMTKNS55 data sets with 115 DC-
DFAs, where the WTMAD-4 weights were obtained from our rec-
ommended subset of 10 well-behaved dispersion-corrected hybrid
functionals. The curves show that all of the WTMAD schemes,
except WTMAD-4, have many subsets with near-zero contribu-
tions and form distributions with slowly decaying tails. WTMAD-
1 alone forms a bimodal distribution, likely due to it using only
three bins for the weights based on average benchmark energies.
Alternatively, WTMAD-4 forms a fast-decaying, skewed distribu-
tion that provides a more balanced weighting of all GMTKN55
subsets. A breakdown of the various WTMAD-N contributions by
class of DFA is given in the ESI and shows good consistency across
GGA, meta-GGA, hybrid, and double-hybrid functionals.

The same data shown in Figure 1 is recast in a box-and-whisker
plot in Figure 2. Clearly, the WTMAD-4 has the most centralized
median and a much tighter inter-quartile range (IQR), indicating
a more consolidated spread of contributions towards the total WT-
MAD. The computed IQRs are 1.70, 1.97, 1.60, 0.97 for WTMAD-
1 through WTMAD-4, respectively. Furthermore, the 98th quan-
tile (indicated in Figure 2 using a dashed line) falls at 6.44, 7.98,
7.45, and 4.75% for WTMAD-1 through WTMAD-4, respectively,
again highlighting the latter’s more compact distribution.

There are only three large outliers with > 11% contributions
to the WTMAD-4, which all occur for ADIM6: MN15L-D3(0)
(19.1%), MO06-D3(0) (16.5%), and MN15-D3(BJ) (13.2%).
Moreover, 7 of the 10 outliers with 9-11% contributions are again
for ADIM6. The ADIM6 set corresponds to interaction energies of
n-alkane dimers (bound only by London dispersion) and has quite
a large WTMAD-4 weight due to the typically small errors (MAD
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Fig. 2 Box-and-whisker plots showing the percent contributions of each
GMTKNS55 subset to the various WTMAD-N values for 115 DC-DFAs.
For each WTMAD-N, the median is shown with a white line, the coloured
boxes span the interquartile range (IQR) from the 25% to 75% quantiles.
Whiskers extend to 1.5x the IQR, beyond which outliers are shown as
individual points. The 98% quantile is indicated with a dashed line.
The WTMAD-4 weights were obtained from Eq. 5 using the mean MAD
values from ten minimally empirical functionals.

of 0.37 kcal/mol) seen for this benchmark. Analysis of the signed
errors shows these three Minnesota functionals systematically
overbind the ADIM6 dimers, with MADs of 3.88, 1.82, and 1.32
kcal/mol, for MN15L-D3(0), M06-D3(0), and MN15-D3(BJ), re-
spectively. It was noted in Ref. 3 that no DFT-D3(BJ) parameter-
isation was possible for MN15L due to the overbinding tendency
of this highly empirical base functional, and that MN15L-D3(0)
was the worst-performing meta-GGA for non-covalent interac-
tions. Additionally, the overall GMTKNS55 results did not benefit
from the addition of a D3 correction only for M06, MN15L, and
MN15, due to their mimicry of dispersion-like binding for van
der Waals complexes near equilibrium, although they still neglect
long-range London dispersion physics.3

Finally, one can consider the scale difference between the
minimum-weighted and maximum-weighted GMTKN55 bench-
marks for a given DC-DFA. The median scale difference across all
115 functionals is 315.6x for WTMAD-2, compared to 11.0x for
WTMAD-4. Only five DC-DFAs give a WTMAD-4 scale difference
greater than 43.1x, which is the lowest observed scale difference
for WTMAD-2 across all methods considered.

3.4 Ranking of DFAs for GMTKN55

Table 2 shows the top performing of the 115 DC-DFAs consid-
ered for the GMTKNS55, ranked according to both WTMAD-2
and WTMAD-4 values for comparison between the two weight-
ing schemes. The results are divided into GGA, meta-GGA, hy-
brid, and double-hybrid functionals. Included in the ESI are the
complete WTMAD-N rankings, as well as full lists of MADs for
each benchmark, overall and category-specific partial WTMAD-N
values, and the percent contributions to WTMAD-N for each func-
tional.

From Table 2, the change in WTMAD scheme results in some or-
der shifting for GGA functionals. While the top four DFAs are con-
sistent, IPW86PBE-D3(BJ) is 5th ranked by WTMAD-2 vs. 7th by
WTMAD-4, while MPWPW91-D3(BJ) is 5th ranked by WTMAD-4



Table 2 The top five (GGA/mGGA) and top ten (Hyb/D.Hyb) functionals for GMTKN55. On the left, sorted by WTMAD-2 values, on the right,

sorted by WTMAD-4 values.

Functional WTMAD-2 WTMAD-4 | Functional WTMAD-2 WTMAD-4
Sorted Sorted
GGA
revPBE-D3(BJ) 8.29 7.73 revPBE-D3(BJ) 8.29 7.73
B97-D3(BJ) 8.49 8.32 OLYP-D3(BJ) 8.76 8.16
OLYP-D3(BJ) 8.76 8.16 B97-D3(BJ) 8.49 8.32
BLYP-D3(BJ) 9.40 8.76 BLYP-D3(BJ) 9.40 8.76
rPW86PBE-D3(BJ) 9.67 8.94 MPWPW91-D3(BJ) 10.16 8.86
meta-GGA
SCAN-D3(BJ) 7.96 7.95 revTPSS-D3(BJ) 8.44 7.73
revTPSS-D3(BJ) 8.44 7.73 SCAN-D3(BJ) 7.96 7.95
MO6L-D3(0) 8.59 8.92 TPSS-D3(BJ) 9.10 7.95
TPSS-D3(BJ) 9.10 7.95 MO6L-D3(0) 8.59 8.92
M11L-D3(0) 9.59 9.96 M11L-D3(0) 9.59 9.96
Hybrid
wB97X-V 3.93 4.40 ®B97X-V 3.93 4.40
MO052X-D3(0) 4.62 5.19 PW6B95-D3(BJ) 5.50 5.14
®wB97X-D3(0) 4.73 5.38 MO052X-D3(0) 4.62 5.19
MO062X-D3(0) 4.92 5.22 MO062X-D3(0) 4.92 5.22
MO8HX-D3(0) 5.27 5.68 ®wB97X-D3(0) 4.73 5.38
LC-whPBE-D3(BJ) 5.44 6.43 MPW1B95-D3(BJ) 5.55 5.48
PW6B95-D3(BJ) 5.50 5.14 MO8HX-D3(0) 5.27 5.68
MPW1B95-D3(BJ) 5.55 5.48 MPW1PW91-D3(BJ) 6.33 5.82
MPWB1K-D3(BJ) 5.59 6.11 B1P86-D3(BJ) 6.78 5.92
BHLYP-D3(BJ) 5.65 7.02 PBEO0-D3(BJ) 6.59 5.94
Double Hybrid
DH24 1.72 2.23 DH24 1.72 2.23
revDH23 1.72 2.26 revDH23 1.72 2.26
XYGS8 1.85 2.66 SOS-DH24 1.91 2.27
SOS-DH24 1.91 2.27 SOS-DH23 1.95 2.34
SOS-DH23 1.95 2.34 ©DOD-PBEP86-D3(BJ) (@ = 0.10, ax = 0.69) 2.20 2.50
®»DSD-PBEP86-D4 (w = 0.16, ax = 0.69) 2.08 2.59 ®DOD-PBEP86-D3(BJ) (w = 0.08, ax =0.72) 2.21 2.52
wDSD-PBEP86-D4 (w = 0.13, ay = 0.72) 2.08 2.58 wDOD-PBEP86-D4 (@ = 0.10, ax = 0.69) 2.17 2.53
®»DSD-PBEP86-D3(BJ) (w =0.13, axy =0.72) 2.10 2.57 ®DOD-PBEP86-D4 (@ = 0.08, ay = 0.72) 2.18 2.53
»DSD-PBEP86-D3(BJ) (w = 0.16, ax = 0.69) 2.11 2.58 xDOD-PBEP86-D3(BJ) (ay = 0.72) 2.23 2.53
xDSD-PBEP86-D4 (ax = 0.75) 2.11 2.59 xDOD-PBEP86-D4 (ax = 0.72) 2.19 2.54

vs. 9th by WTMAD-2. For the meta-GGAs, there is only slight
reordering within the same top five functionals. However, the
meta-GGA functionals tend to perform comparatively worse with
respect to the GGAs with WTMAD-4 than with WTMAD-2. The re-
sults show no particular advantage in using the much more com-
plicated meta-GGA functionals, as opposed to the simpler GGAs,
for the GMTKNS5S5.

In contrast, changing the WTMAD definition causes significant
re-ordering of the hybrid functionals in Table 2. PW6B95-D3(BJ)
is 7th ranked by WTMAD-2 (5.50), but improves to 2nd ranked
with WTMAD-4 (5.14). Although ®wB97X-V remains the top-
ranked functional with both metrics, it gives a higher WTMAD-4
(4.40) than WTMAD-2 (3.93). Examining the MADs of the in-
dividual benchmarks for these two functionals, the largest dif-
ferences arise from the “Iso. + Large” category. Here, @B97X-V
performs best for benchmarks with large WTMAD-2 weights and
poorly for those with small weights, while the opposite is true for
PW6B95-D3(BJ). In particular, @B97X-V gives very large MADs
for C60ISO and MB16-43 (13.74 and 32.51 kcal/mol), which
have quite low WTMAD-2 weights. Conversely, PW6B95-D3(BJ)
performs excellently for both C60ISO and MB16-43 (MADs of
1.65 and 8.97 kcal/mol), which are more fairly represented by
WTMAD-4.

For double hybrid functionals, there is again significant re-
ordering with the change from WTMAD-2 to WTMAD-4, which

is attributed to the reduced weighting of BH76 and the in-
creased weighting of other benchmarks such as IL16, DIPCS10,
ALKBDE10, MB16-43, and WATER27. Notably, WTMAD-2 tends
to prefer the spin-component scaled ®DSD double hybrids, while
WTMAD-4 favours the wDOD functionals, in which the same-
spin correlation term is omitted, resulting in a lower computa-
tional cost.” Additionally, Table 2 shows that the XYG8 functional
was ranked 3rd by WITMAD-2, but is ranked 17th by WTMAD-
4. Compared to other double hybrids, XYG8 underperformed for
DIPCS10, ALKBDE10, C60ISO, MB16-43, and WATER27; the in-
creased WTMAD-4 weights for these benchmarks likely explains
the large drop in XYG8'’s ranking. It is notable that the 8 param-
eters in XYG8 were fit to minimise the WTMAD-2.13 In contrast,
the empirical parameters in the revDH23 and DH24 functionals
were also fit to the GMTKNS55 set, 14 but these functionals are
the leading performers with both WTMAD-2 and WTMAD-4, in-
dicating that they may be more robust.

4 Summary

In this work, unintended behaviour of previous WTMAD metrics,
used to quantify errors of various electronic-structure methods for
the GMTKNS55 thermochemical data set, was identified. Specifi-
cally, use of energy-based weights in WTMAD-2 and WTMAD-3
resulted in contributions of some benchmarks being more than
100x greater than others. The alternative WTMAD-4 metric,
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which uses error-based weights, was proposed herein to ensure
that each benchmark within the GMTKNS55 set is treated fairly.
Ranking the performance of 115 DC-DFAs using WTMAD-4 re-
veals limitations of some functionals through reordering com-
pared to WTMAD-2. Notably, its good performance on the BH76
reaction barriers, at the expense of the DIPCS10, ALKBDE10,
C60ISO, MB16-43, and WATER27 benchmarks, resulted in a par-
ticularly low WTMAD-2 for the XYG8 functional, but a relatively
higher WTMAD-4.

It is tempting to reason that, if particular a method gives a
low WTMAD for the GMTKN55, it will perform well for all of
its component benchmarks. However, this may not be the case
if poor performance for one of more benchmarks is offset by
good performance for the other subsets, and it is essential to con-
sider data points that are the largest outliers. Due to unbalanced
weighting, fitting to minimise WTMAD-2 may result in larger er-
rors for benchmarks with very small contributions, while overfit-
ting to BH76, as seen for XYG8. The more balanced weights in
WTMAD-4 should reduce the likelihood of, but not eliminate, this
possibility. Thus, functional developers should take care to avoid
overfitting of functionals to particular thermochemical data and
to be cognisant of Goodhart’s law that “when a measure becomes
a target, it ceases to be a good measure.” 116 This is particularly
important for artificial intelligence (AI) applications of DFT, as
well as Al-guided DFA development. It is more sound to consider
multiple statistical measures for a data set, rather than focusing
on a single number as a target metric.
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