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Efficient sampling of constrained high-dimensional theoretical spaces
with machine learning

Jacob Hollingsworth,1 Michael Ratz,1 Philip Tanedo,2 and Daniel Whiteson1

1Department of Physics and Astronomy, University of California, Irvine, CA 92697
2Department of Physics and Astronomy, University of California, Riverside, California 92521

(Dated: March 15, 2021)

Models of physics beyond the Standard Model often contain a large number of parameters. These
form a high-dimensional space that is computationally intractable to fully explore. Experimental
constraints project onto a subspace of viable parameters, but mapping these constraints to the un-
derlying parameters is also typically intractable. Instead, physicists often resort to scanning small
subsets of the full parameter space and testing for experimental consistency. We propose an alter-
native approach that uses generative models to significantly improve the computational efficiency of
sampling high-dimensional parameter spaces. To demonstrate this, we sample the constrained and
phenomenological Minimal Supersymmetric Standard Models subject to the requirement that the
sampled points are consistent with the measured Higgs boson mass. Our method achieves orders of
magnitude improvements in sampling efficiency compared to a brute force search.

I. INTRODUCTION

Models of physics beyond the Standard Model often
feature many new parameters that are unknown a pri-
ori and may only be determined by experiment. How-
ever, experimental constraints are not trivial to apply,
as they often are expressed in terms of weak-scale ob-
servables rather than the theory’s fundamental param-
eters. While it is often straightforward (if computation-
ally expensive) to calculate the weak-scale observables
from the parameters, the inverse problem is typically
intractable. That is, weak scale constraints do not al-
low for a trivial reduction of the dimensionality of the
theory space.

The standard approach is to numerically scan over
the theoretical parameters and reject those that are
not consistent with experimental data. However, the
number of samples required for a brute-force search of
the parameter space increases exponentially with its di-
mension. Thus, particle physicists studying models of
new physics are often faced with a computationally in-
tractable task. Out of pragmatism, one then restricts
to a more tractable subset of parameters based on the-
oretical prejudice. The danger of this approach is that
one may miss viable parameters that are both consis-
tent with experimental observations and generate novel
phenomenology.

The Minimal Supersymmetric Standard Model
(MSSM) is a well-known example new physics model
with a large number of free parameters (∼ 100); most of
which are the masses and couplings of the supersymmet-
ric partners of Standard Model particles [1]. This over-
whelming dimensionality prohibits a fully general sur-
vey of the parameter space. Studies of the MSSM typ-
ically restrict to theoretically motivated subspaces [2–
13]. These include the 4+1 dimensional constrained
MSSM (cMSSM) as well as the 19 dimensional phe-
nomenological MSSM (pMSSM) [14, 15]. However, even
these reduced spaces are difficult to scan using a brute-
force search.

High dimensionality is not the only challenge when
scanning the parameters of the MSSM. The fundamen-
tal parameters of the theory are defined at some high
energy scale—e.g. the scale of a so-called Grand Uni-
fied Theory (GUT)—and must be evolved to the en-
ergy scale of the experiment. This evolution requires
one to solve the coupled renormalization group equa-
tions (RGEs) for the high-scale parameters over many
orders of magnitude to the weak scale. The computa-
tional cost of RGE running and calculating experimen-
tal observables for a single set of parameters is expen-
sive, O(second) for a modern CPU.

Many recent scans have incorporated machine learn-
ing in some capacity to decrease the computational bur-
den of brute-force searching these spaces [7, 12, 13].
These use various machine learning models to learn the
forward problem of determining weak scale properties
given GUT scale parameters. This bypasses the need
to perform RGE running and weak scale computations,
however one is still faced with the challenge of doing
a brute-force search over a high-dimensional parameter
space. Machine learning models for the forward problem
are thus only a constant improvement compared to the
exponential dependence on the dimension of the space.

In this work, we introduce two methods to efficiently
sample high-dimensional parameter spaces subject to
constraints at the weak scale. We test these frameworks
by sampling regions of the cMSSM and pMSSM param-
eter spaces that admit a Higgs mass consistent with its
experimental value [16, 17]. The first uses a deep neural
network to machine-learn the likelihood of an event sat-
isfying this constraint and then samples this likelihood
using Hamiltonian Monte Carlo (HMC). The second
trains a generative model known as a normalizing flow.
We then compare the performance of these frameworks
to random sampling.

These methods allows us to directly and quickly gen-
erate points in the parameter space that admit a con-
sistent Higgs mass. By solving the inverse problem of
sampling GUT scale parameters given weak scale prop-
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erties, we aim to minimize inefficiencies that arise in a
brute-force search.

Our presentation is a proof of concept for these gen-
erative models and is encouraging for practical applica-
tions. For example, the ability to efficiently scan the
MSSM parameter space makes it much easier to deter-
mine the high-scale parameters that are consistent with
a new particle’s mass and width if a sparticle is dis-
covered. Alternatively, a trained generative model may
permit scans over parameters that are consistent with
experimental observations to search for specific theo-
retical features that one may wish to study, for exam-
ple: gauge coupling unification, a particular type of dark
matter particle, or low fine tuning measures.

As a demonstration of the efficiency of the generative
models, we scan the cMSSM and pMSSM parameter
spaces for points that produce the Higgs mass and that
saturate the observed dark matter relic density, requir-
ing [18, 19]

122 GeV < mh < 128 GeV ,
0.08 < ΩDMh

2 < 0.14 .

In this study, the generative models have been trained
for consistency with the Higgs mass, not the relic den-
sity. We compare a brute-force scan using random sam-
pling to a generative model that has been trained to
sample points that admit a consistent Higgs mass. We
show that the generative models dramatically increase
the sampling efficiency of this scan.

II. METHODS

A. Data Generation

The cMSSM contains 4 continuous parameters de-
fined at the GUT scale and 1 discrete sign parameter.
These are the universal scalar mass m0, the universal
gaugino mass M1/2, universal trilinear coupling A0, the
ratio of Higgs vacuum expectation values tanβ, and the
sign of µ. The pMSSM is the most general subspace of
the MSSM that admits first and second generation uni-
versality, no new sources of CP violation, and no flavor
changing neutral currents [15]. The full list parameters
of the pMSSM are listed as part of Table II. Upon evolv-
ing these parameters to the weak scale, one is able to
calculate observable quantities such as the Higgs mass
and the dark matter thermal relic density, among oth-
ers.

Our datasets are formed by uniform random sampling
within bounded regions of the parameter space at the
GUT scale. These bounds are listed for the cMSSM and
the pMSSM in Table I and Table II, respectively [2, 9],
and are chosen to cover large volumes of the parameter
space that are sensitive to modern collider experiments.
For the cMSSM, we fix sign(µ) = 1. We sample approx-
imately 1.5×106 datapoints in the cMSSM and approx-
imately 1.95×107 datapoints in the pMSSM. Once sam-
pled, we calculate Higgs masses and relic densities with

Parameter Domain Description

m0 [0, 10] TeV Universal scalar mass
m1/2 [0, 10] TeV Universal gaugino mass
A0 [−6m0, 6m0] TeV Universal trilinear coupling
tanβ [1.5, 50] Ratio of Higgs VEVs

TABLE I. Parameter bounds in the cMSSM scan, following
Ref. [2]. A uniform prior is used for all parameters except
A0, where we uniformly sample A0/m0.

Parameter Domain Description

|M1| [.05, 4] TeV Bino mass
|M2| [.1, 4] TeV Wino mass
M3 [.4, 4] TeV Gluino mass
|µ| [.1, 4] TeV Bilinear Higgs mass
|At| [0, 4] TeV Trilinear top coupling
|Ab| [0, 4] TeV Trilinear bottom coupling
|Aτ | [0, 4] TeV Trilinear τ coupling
MA [.1, 4] TeV Pseudo-scalar Higgs mass
mL̃1

[.1, 4] TeV 1st gen. l.h. slepton mass
mẽ1 [.1, 4] TeV 1st gen. r.h. slepton mass
mL̃3

[.1, 4] TeV 3rd gen. l.h. slepton mass
mẽ3 [.1, 4] TeV 3rd gen. r.h. slepton mass
mQ̃1

[.4, 4] TeV 1st gen. l.h. squark mass
mũ1 [.4, 4] TeV 1st gen. r.h. u-type squark mass
md̃1

[.4, 4] TeV 1st gen. r.h. d-type squark mass
mQ̃3

[.2, 4] TeV 3rd gen. l.h. squark mass
mũ3 [.2, 4] TeV 3rd gen. r.h. u-type squark mass
md̃3

[.2, 4] TeV 3rd gen. r.h. d-type squark mass
tanβ [1, 60] Ratio of Higgs VEVs

TABLE II. Parameter bounds in the pMSSM scan, following
Ref. [9]. A uniform prior is used for all parameters. “Left-
handed” and “right-handed” are abbreviated by l.h. and r.h.,
respectively.

micrOMEGAs, which internally uses SoftSUSYv4.1.0 to
perform RGE running [20, 21].

We apply the following two theoretical constraints:
the parameters allow for consistent electroweak symme-
try breaking and that all squared masses are positive.
In addition to these, we also require that SoftSUSY con-
verges. We do not require that the lightest supersym-
metric particle is neutral, though this is the case for
90% of the cMSSM and 99% of the pMSSM parameter
points with a consistent Higgs mass.

The theoretical uncertainty in Higgs mass calcula-
tions is significantly larger than its experimental uncer-
tainty [22]. We take the uncertainty in the Higgs mass
calculations to be σmh

= 3 GeV for all points in the
data set [2, 9].
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B. Neural Network

To train the neural network, we assign all points in
the dataset a likelihood

L(θ) =

{
1 |mh(θ)−mh,exp| < σmh

,

0 otherwise ,
(II.1)

where the normalization constant is ignored. All data
points that fail the theoretical constraints are assigned
a likelihood of zero.

We use a deep neural network to learn the function
L(θ) [23]. This has two benefits. First, it greatly re-
duces the time required to evaluate the likelihood of a
point. Second, it provides a differentiable interpolation
of L(θ). In the next section we show that HMC requires
a significant number of likelihood evaluations as well as
gradients of the likelihood. It thus utilizes the full po-
tential of these benefits.

We train a deep neural network L̂(θ) to minimize the
usual L2 loss function

L = |L̂(θ)− L(θ)|2 . (II.2)

We use a training, validation, and testing split of
0.7, 0.15, 0.15 respectively for both datasets. Batch
norm and dropout layers are used in between each hid-
den layer of the neural network. Backpropogation is
performed using the ADAM optimizer [24].

Some of the pMSSM parameters in Table II span a
disconnected range of positive and negative values, for
example M1, M2 and µ. We preprocess these parame-
ters by shifting negative values to create a single contin-
uous domain; for example, for µ we shift the negative
values by 200 GeV. This has no physical significance
and simply prepares the data for input into the neural
network. We then standardize each feature. For the
cMSSM dataset, we use the feature A0/m0 in place of
A0, as this feature is uniformly distributed.

C. Hamiltonian Monte Carlo

The Hamiltonian Monte Carlo method is a Markov
chain Monte Carlo technique that allows distant pro-
posals with high acceptance rates [25, 26]. First, we
define an auxiliary momentum variable p, where each
component is initially drawn from a normal distribu-
tion. Next, we define a potential energy function given
by

V (θ) = − log(L̂(θ)) . (II.3)

The kinetic energy function takes the familiar form with
unit mass m = 1,

T =
1

2
p2 . (II.4)

We then evolve the system from time t = 0 to t = τ by
solving Hamilton’s equations of motion

dθi
dt

= pi ,
dpi
dt

=
∇L̂(θ)

L̂(θ)
. (II.5)

We solve the equations of motion using the leap-frog
algorithm so that energy is approximately conserved.
We take θ(τ) as a proposal to add to the Markov chain.
The proposal is accepted with probability

P = min

(
1,
e−H(θ(τ),p(τ))

e−H(θ(0),p(0))

)
. (II.6)

By energy conservation an analytic solution to the
Hamilton equations should always yield probability 1.
However, a rejection step is necessary because we solve
these equations numerically. If θ(τ) is rejected, then
θ(0) is added to the Markov chain instead. In the limit
of an infinite number of samples, the Markov chain con-
verges to samples of the distribution L̂(θ). We seed the
Markov chain with a random positive sample from the
dataset used to train the neural network. We set hard
walls at the boundary of parameter space by setting the
potential energy to infinity.

D. Normalizing Flows

It is difficult to draw samples from a complicated dis-
tribution, like the high-dimensional parameter spaces
of the cMSSM and pMSSM. On the other hand, it is
easy to draw samples from an equally high-dimensional
Gaussian distribution. Normalizing flows is a technique
that learns an invertible map f from the simple distri-
bution pZ to the challenging distribution pY . One then
creates a set of samples from the challenging distribu-
tion by mapping easy-to-generate samples:

pY (y) = pZ(f−1(y))

∣∣∣∣det

(
∂f

∂y

)∣∣∣∣−1 . (II.7)

The function f depends on a set of parameters Θ which
are learned by maximizing the log likelihood of a train-
ing set, X . The loss function for this training is thus

L(X ) = −
∑
y∈X

(
log
(
pZ(f−1(y))

)
− log

∣∣∣∣det

(
∂f

∂y

)∣∣∣∣) .
We construct f to be the composition of n successive
maps, f = fn ◦ · · · ◦ f1 [23]. Defining zi+1 = fi(zi) and
identifying y = zn+1 yields the loss function

L(X ) = −
∑
y∈X

(
log (pZ(z1))−

n∑
i=1

log

∣∣∣∣det

(
∂zi+1

∂zi

)∣∣∣∣
)
.

We choose the fi to be autoregressive transformations.
This means that the parameters Θk

i that define the func-
tion fi acting on the kth feature zki depends only on the

first (k − 1) features z1i , · · · , z
k−1
i . Explicitly,

zki+1 = fi
(
zki ; Θk

i (z1:k−1i )
)
.
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This structure ensures that the Jacobian matrix
∂zi+1/∂zi is lower triangular so that the determinant
is simply the product of diagonal elements. Thus the
function f may be efficiently constructed in linear time.

The function Θk
i

(
z1:k−1i

)
can be represented effi-

ciently with a Masked Autoencoder for Distribution Es-
timation (MADE) [27]. MADE networks turn off spe-
cific internal weights of the neural network so that the
autoregressive property is enforced, allowing one neu-
ral network to output all model parameters rather than
performing a sequential loop over features.

For our application, we choose fi to be rational-
quadratic neural spline flows with autoregressive layers
[28]. These are piece-wise monotonic functions defined
as the ratio of two quadratic functions on the interval
[−B,B], with K + 1 knots determining the boundaries
between bins. Outside of this interval, the transforma-
tion is defined to be the identity. These transformations
are parameterized by 3K − 1 parameters for each fea-
ture, which are K bin heights, K bin widths, and K−1
positive derivative values at the knots, as the derivatives
are set to 1 at −B and B to ensure a continuous deriva-
tive over the domain. Permutation layers are included
between rational-quadratic transformation layers. We
implement the normalizing flow using the Python pack-
age nflows [28].

III. RESULTS

We analyze the performance of these generative
frameworks on the cMSSM and pMSSM datasets de-
scribed above. The cMSSM is low dimensional and can
be scanned relatively well with brute-force search. Thus,
we view the cMSSM as a test for the generation methods
and the pMSSM as a more practical application. We
present the results for the neural network with HMC
as well as the normalizing flow side by side. For each
method, we generate a dataset of 4× 105 datapoints.

We present histograms of generated variables at the
GUT scale to confirm that the distribution of theory
parameters is not biased by our generative framework.
We also present histograms of mh to ensure that our
generative models sample within the band of permitted
Higgs masses and ΩDMh

2 to provide evidence that the
distribution of weak scale quantities match, as these are
sensitive to higher order correlations in GUT scale pa-
rameters. Finally, we report sampling efficiencies, which
are defined as the fraction of the dataset that satisfy a
constraint. The hyperparameters used for the super-
vised neural network, Hamiltonian Monte Carlo, and
normalizing flow are given in the Appendix for both
datasets.

A. cMSSM

In Figure 1, we compare histograms of GUT scale
cMSSM parameters. For both generative models, we see

very good agreement between the distribution of gener-
ated samples and the distribution of randomly sampled
points after the Higgs mass constraint is applied. Next,
we run the parameters to the weak scale in order to
perform the combined search for ΩDMh

2 and mh. In
Figure 2, we show the distribution of Higgs masses for
generated points and randomly sampled points with a
rejection step applied. We see that the generative mod-
els typically sample within the band of permitted Higgs
masses.

As an example application in this context, we show
histograms of the dark matter relic density for these
datasets in Figure 3. We see that the distribution over
dark matter relic densities from the generative mod-
els appear to accurately reflect the same distribution
in the dataset after the Higgs mass constraint is ap-
plied. We emphasize that because the RGEs are cou-
pled, weak-scale quantities are generally sensitive to
higher order correlations of the GUT scale parameters,
and so matching weak-scale distributions is evidence of
matching higher order correlations in the GUT scale pa-
rameters. This indicates that the mh-constrained sub-
space has been accurately sampled, allowing for an ex-
ploration of additional constraints, such as relic density.

In Table III, we compare various statistical properties
of random sampling to those of our generative frame-
works trained to satisfy the Higgs mass constraint. The
first row shows the sampling efficiency with respect to
the theoretical constraints mentioned in Section II.A.
We see that samples from the generative models are
more likely to pass these constraints, as points with a
consistent Higgs mass necessarily satisfy the theoretical
constraints. The second row shows the sampling effi-
ciency with respect to the Higgs mass constraint. Pre-
dictably, the generative models have significantly higher
sampling efficiencies than random sampling. We also
see that the flow model slightly outperforms the HMC
sampling method.

The third row shows the sampling efficiencies with
respect to the combined Higgs mass and relic density
constraint, where the generative models are still trained
to only satisfy the Higgs mass constraint. As mentioned
in the introduction, this simulates a scenario where one
would like to study the effect of imposing a new con-
straint in addition to constraints that are already ac-
counted for. Once again, we see that the generative
models have much higher sampling efficiencies, result-
ing from the high probability that the samples pass the
Higgs mass constraint. We see an increase in sampling
efficiency of approximately an order of magnitude for
both generative frameworks.

B. pMSSM

Differences between the generative models appear in
the higher-dimensional pMSSM. In Figure 4, we com-
pare histograms of GUT scale parameters sampled us-
ing brute-force search, HMC and the normalizing flow
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FIG. 1. Histograms of cMSSM parameters that yield the experimental Higgs mass. We observe good agreement between the
random sampling, HMC, and the flow model. Black: Data obtained through random sampling with a uniform prior and
rejecting points that do not have a consistent Higgs mass. Magenta: data sampled with HMC. Blue: data sampled from
the flow model. No rejection step is applied to generated samples.

110.0 112.5 115.0 117.5 120.0 122.5 125.0 127.5 130.0
mh (GeV)

Co
un

ts
 (N

or
m

al
ize

d)

cMSSM Prior
Random
HMC
NF

FIG. 2. Histogram of Higgs masses in the cMSSM for different sampling methods. The generative models are seen to mostly
sample points consistent with the Higgs mass constraint. Gray: data obtained through random sampling with a uniform
prior. Black: the same randomly sampled data, but points that do not have a consistent Higgs mass are rejected. Magenta:
data sampled with HMC. Blue: data sampled with the normalizing flow.

model. Despite the increased dimensionality, we find
very good agreement in the distributions of all param-
eters at the GUT scale, though HMC has noticeable
deviations in some parameters.

Figures 5 and 6 present histograms of mh and ΩDMh
2

for the pMSSM. The generative models tend to sample
in the band of allowed Higgs masses, with the normaliz-
ing flow model matching the brute-force scan well. The
HMC samples have a long tail outside of this region to-
wards smaller Higgs masses. We see general agreement

with the true distribution of dark matter abundances
for both generative frameworks, though the HMC sam-
ples do not match the brute-force distributions as well
as those from the flow model.

Table IV summarizes the performance of our sampling
methods in the pMSSM. See Section III A for a detailed
description of the quantities presented in the table. De-
spite the higher dimensionality of the pMSSM over the
cMSSM, we find that generative models increase the
sampling efficiency relative to a brute-force search by
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FIG. 3. Histogram of dark matter thermal relic densities in the cMSSM for different sampling methods. We observe that the
distributions of the generative models match the distribution of random sampling, providing evidence that the generative
models are able to match higher order correlations in GUT scale parameters. Gray: data obtained through random sampling
with a uniform prior. Black: the same randomly sampled data, but points that do not have a consistent Higgs mass are
rejected. Magenta: data sampled with HMC. Blue: data sampled with the normalizing flow. Generative models have been
trained to satisfy the Higgs mass constraint.
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FIG. 4. Histograms of pMSSM parameters that yield the experimental Higgs mass. We observe good agreement between
random sampling, HMC, and the flow model. Black: Data obtained through random sampling with a uniform prior and
rejecting points that do not have a consistent Higgs mass. Magenta: data sampled with HMC. Blue: data sampled from
the flow model. No rejection step is applied to generated samples.

over two orders of magnitude. This is much greater
than the increase seen in the cMSSM and is largely due
to the poorer performance of a brute-force search in this
space.

IV. CONCLUSION

We implement two generative frameworks that utilize
machine learning in order to increase the sampling effi-
ciency of searches in supersymmetric parameter spaces.
These sampling methods offer a more efficient way to
search the high-dimensional parameter spaces in models
of new particle physics. We compare these generative
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FIG. 5. Histogram of Higgs masses in the pMSSM. The generative models are seen to mostly sample points consistent
with the Higgs mass constraint. Gray: data obtained through random sampling with a uniform prior. Black: the same
randomly sampled data, but points that do not have a consistent Higgs mass are rejected. Magenta: data sampled with
HMC. Blue: data sampled with the normalizing flow.
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FIG. 6. Histogram of dark matter thermal relic densities in the pMSSM. We observe that the distributions of the generative
models match the distribution of random sampling, providing evidence that the generative models are able to match higher
order correlations in GUT scale parameters. Gray: data obtained through random sampling with a uniform prior. Black:
the same randomly sampled data, but points that do not have a consistent Higgs mass are rejected. Magenta: data sampled
with HMC. Blue: data sampled with the normalizing flow. Generative models have been trained to satisfy the Higgs mass
constraint.

frameworks to the currently used method of a brute-
force search, and have seen orders of magnitude of im-
provement in the sampling efficiency for both parameter
spaces considered here. We show that our generative
frameworks are able to sample the underlying data dis-
tribution without any evidence of bias or mode collapse.

In the cMSSM, both methods significantly outper-
formed random sampling, with the flow model slightly
outperforming HMC. In the pMSSM the flow model
significantly outperforms HMC. This is likely due to

the larger dimensionality of the pMSSM. In addition to
performance benefits, the flow model is also quicker to
train and sample, making it clearly favorable to HMC.
However, the HMC framework is more complementary
to previous works, as it learns the forward problem of
determining likelihoods and uses tested Monte Carlo al-
gorithms to sample this likelihood.

Possibilities for future work include incorporating ad-
ditional constraints into the generative model. In the-
ory, there is no limit to the number of constraints that
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Sampling Method
Constraint Random HMCmh NFmh

Theory 0.595 0.859 0.879
Theory ∩mh 0.0389 0.723 0.796
Theory ∩mh ∩ ΩDMh

2 0.000222 0.00271 0.00456

TABLE III. Comparison of sampling efficiency in the
cMSSM for several methods and several levels of constraints.
We compare a brute force random scan (random), Hamil-
tonian MC of a neural network trained to learn the mh

constraint (HMCmh), and normalizing flows that incorpo-
rate the mh constraint (NFmh). The constraints applied are
theoretical consistency checks (see text), consistency with
the experimental Higgs mass and consistency with the Higgs
mass and the dark matter relic density (ΩDMh

2).

Sampling Method
Constraint Random HMCmh NFmh

Theory 0.553 0.744 0.895
Theory ∩mh 0.00095 0.319 0.663
Theory ∩mh ∩ ΩDMh

2 0.000022 0.00574 0.0141

TABLE IV. Comparison of sampling efficiency in the
pMSSM for several methods and several levels of constraints.
Methods compared are brute force random scan, Hamilto-
nian MC of a neural network trained to learn the mh con-
straint (HMCmh), and normalizing flows that incorporate
the mh constraint (NFmh). Constraints applied are theoret-
ical consistency checks (see text), consistency with the ex-
perimental Higgs mass and consistency with the Higgs mass
and the dark matter relic density (ΩDMh

2).

can be included into either generative model. However,
forming an initial dataset for learning may be difficult
when the constraints are very strict. A possible remedy
is to train generative models with less restrictive con-
straints which are then used to produce sizable datasets
of points that already satisfy many constraints. This
new dataset could then be searched to form a training
set for a generative model with increasingly restrictive
constraints.

Given the ability of the generative machine learning
models to efficiently explore high-dimensional parame-
ter spaces, it will be interesting to apply the techniques
described here to other problems. For instance, one may
identify relations that explain why there is a ‘little hier-
archy’ between the electroweak scale and the scale of soft
parameters, which go beyond the focus point scenario
[29]. In general, one may be able to identify manifolds
of viable points in high-dimensional parameter sets, and
explore their geometry.

We have shown promising results in subspaces of
the MSSM parameter space. These results apply gen-
erally to any high-dimensional parameter space with
constraints that are computationally expensive to ver-
ify. Another direction for future study may be ap-
plications to the parameter spaces of even higher-
dimensional models of new physics. This includes po-
tentially relaxing constraints built into the pMSSM

parameter space, but could also include applications
to non-supersymmetry (SUSY) theories. Finally, one
could attempt to further tune the neural network struc-
ture and hyperparameters in order to achieve higher
sample efficiency than was achieved in this work.
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VI. APPENDIX

We present the hyperparameters for our machine
learning models in Table V.

Parameter cMSSM pMSSM

S
u
p

er
v
is

ed
N

N

Learning rate 0.001 0.0001245
Hidden layers 5 10
Nodes per layer 49 154
Dropout 0.5 0.0
Activation function Sigmoid Sigmoid
Optimizer ADAM ADAM
Batch size 128 128
Epochs 50 50

H
M

C

Step size 0.025 0.008
Number of steps 12 12
Mass 1.0 1.0
Chain length 5000 5000
Burn-in steps 1000 1000
Number of chains 100 100

N
F

Num transforms 3 3
Batch size 1024 1024
Epochs 300 300
B 2.0 2.0
NN hidden features 64 64

TABLE V. Hyperparameters used for the machine learning
models for to the cMSSM and pMSSM datasets.
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