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1 Introduction

Superstring theory supplies an architectural framework for obtaining the real world from
a consistent theory of quantum gravity. In the critical setting, string theory makes the
remarkable prediction that spacetime is ten dimensional. Commensurate with N = 1
supersymmetry in four dimensions, we may use a compact Calabi-Yau threefold to reduce
the theory down from ten dimensions [1, 2].

A Calabi-Yau space is an n-dimensional complex manifold M with a Kähler metric
with local holonomy in SU(n). Mathematicians were already interested in these manifolds
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in the 1950s. Calabi conjectured [3] that given a closed (1, 1)-form 1
2πC1(M) representing

the first Chern class of a Kähler manifoldM, there is a unique Kähler metric in the same
Kähler class whose Ricci tensor is the closed (1, 1)-form C1(M). This result implies the
existence of a unique Ricci flat Kähler metric within each Kähler class. Unfortunately,
the proof of the conjecture, viz., Yau’s theorem [4, 5], does not explicitly construct the flat
metric. Except for the trivial Calabi-Yau manifold, which is the even dimensional torus, we
did not until recently have analytic closed form expressions for flat metrics on Calabi-Yau
spaces. This situation is changing as [6–8] have tackled the problem for K3.

Luckily, topology on its own is a sufficiently powerful tool to enable string model
building. Starting from the work of [9] and [10], numerous semi-realistic models of particle
physics have been constructed on appropriately chosen Calabi-Yau spaces. These models
are semi-realistic because, while the visible sector recapitulates the matter content and the
interactions of the minimal supersymmetric Standard Model (MSSM), we do not have a
detailed understanding of the Yukawa couplings or the mass hierarchies among the genera-
tions. To go beyond an analysis of the spectrum and break supersymmetry in a controlled
manner, we must fix the N = 1 Kähler potential. Doing this demands knowledge of the
Ricci flat metric on the base manifold. Determining the mass of the electron from first
principles therefore requires an understanding of the geometry as well as the topology of
Calabi-Yau spaces.

Significant progress has been made in obtaining numerical metrics on Calabi-Yau ge-
ometries. Using the Gauss-Seidel method, Headrick and Wiseman [11] constructed numer-
ical Ricci flat metrics on a one parameter family of K3 surfaces obtained as blowups of
T 4/Z2. Donaldson [12, 13] subsequently developed an algorithm to solve for the metrics
numerically. The essence of this approach is to consider generalizations of the Fubini-Study
metric induced from the embedding of a hypersurface (or a complete intersection) in an
ambient space. In particular, weighted projective spaces are endowed with a simple choice
for a Kähler metric: the Fubini-Study (FS) metric. For Calabi-Yau manifolds constructed
as hypersurfaces or complete intersections in (products of) weighted projective spaces, a
Kähler metric can be obtained from the pullback of the ambient Fubini-Study metric onto
the hypersurface or complete intersection defining the embedding. Generalizing the ex-
pression for the Kähler potential of this metric, Donaldson provides a family of so called
“balanced” metrics that in a particular k → ∞ limit, recovers the Ricci flat Calabi-Yau
metric. This idea was then applied to finding numerical metrics on the Fermat quintic [14].
Since then, there have been a number of related numerical approaches, notably involving
energy functionals [15], the Hermitian Yang-Mills equations [16–21], and general scaling
properties [22].

Beginning with [23–26], modern methods in machine learning have successfully been
applied to various problems in high energy theoretical physics and mathematics; see [27]
for a review. For example, topological invariants in knot theory [28–30] are machine learn-
able. Topological properties of complete intersection Calabi-Yau threefolds have also been
successfully reproduced [31–34]. Less work has been done in purely geometric directions.
Ashmore, He, and Ovrut [35] used machine learning to improve the performance of Don-
aldson’s algorithm to obtain approximate Ricci flat metrics on the Fermat quintic. In
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this work, we apply neural networks to obtain numerical metrics on the quintic Calabi-
Yau threefold. We as well perform experiments on the Tian-Yau Calabi-Yau. Though
preliminary, these experiments point the way toward a flat metric.

The organization of this paper is as follows. In section 2, we make some general remarks
on Calabi-Yau spaces. In section 3, we briefly review Donaldson’s algorithm and discuss
measures of flatness. In section 4, we survey Ricci flow. In section 5, we introduce neural
networks. In section 6, we describe our methodology. In section 7, we present our results
for the torus, the K3 surface, the Fermat quintic, the Dwork family, and the Tian-Yau
manifold. In section 8, we assess how well the neural network that yields the Ricci flat
metric learns discrete symmetries of the Calabi-Yau. Finally, in section 9, we discuss the
results and provide a prospectus for our future work.

Note added: as this work was nearing completion, two other papers by Anderson,
Gerdes, Gray, Krippendorf, Raghuram, and Ruehle [36] and Douglas, Lakshminarasimhan,
and Qi [37] appeared that also found numerical metrics on Calabi-Yau threefolds using
machine learning techniques. Many of our methods and conclusions overlap with theirs.
See also [38–41].

2 General remarks

Recall that a complex n-dimensional compact Calabi-Yau manifold M is determined by
any of the following equivalent statements:

• The first real Chern class ofM is zero.

• A positive power of the canonical bundle ofM is trivial.

• M has a Kähler metric with local holonomy in SU(n).

• M admits a metric with vanishing Ricci curvature. This metric is unique in each
Kähler class.

In cases where the manifold is simply connected, this is equivalent to saying that M
possesses a unique, nowhere vanishing (n, 0)-form, that the positive power of the canonical
bundle is the first power, and the local holonomy is global. As we are interested in finding
the Ricci flat metric, we adopt the weaker definition.

As a complex Kähler manifold, the metric of M is a Hermitian matrix that can be
derived from a Kähler potential K(z, z̄):

gab̄ = ∂a∂b̄K(z, z̄) . (2.1)

The metric can be used to construct the Kähler form as

J = i
2gab̄ dz

a ∧ dz̄b̄ . (2.2)

This is a closed (1, 1)-form. The corresponding Ricci tensor is given by:

Rab̄ = ∂a∂b̄ log det g . (2.3)

For further details, we direct the reader to the classic references [42, 43].
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The Calabi-Yau spaces we will study are realized as hypersurfaces in products of pro-
jective space. The trivial example of a Calabi-Yau manifold is the torus T 2n. The torus
T 2 can be embedded in projective space P2 as a cubic equation

T 2 : z3
1 + z3

2 + z3
3 = 0 ⊂ P2 , (2.4)

where [z1 : z2 : z3] identifies a point in P2. Similarly, we can generalize this type of embed-
ding to construct K3 as a quartic hypersurface in P3 and as well write quintic hypersur-
faces in P4:

K3 : z4
1 + z4

2 + z4
3 + z4

4 = 0 ⊂ P3 , (2.5)
Fermat quintic : z5

1 + z5
2 + z5

3 + z5
4 + z5

5 = 0 ⊂ P4 , (2.6)
Dwork family : z5

1 + z5
2 + z5

3 + z5
4 + z5

5 − 5ψz1z2z3z4z5 = 0 ⊂ P4 , ψ5 6= 1 . (2.7)

Any pair of complex analytic K3 surfaces are diffeomorphic as smooth four real dimensional
manifolds. The Hodge number h1,1 = 20 for K3. The quintic hypersurface has h1,1 = 1
and h1,2 = 101. We will also study the complete intersection Calabi-Yau manifold given
by the configuration matrix

Tian-Yau :
[
P3 3 0 1
P3 0 3 1

]
χ=−18

⇐⇒


αijkzizjzk = 0 ,
βijkwiwjwk = 0 ,
γijziwj = 0 ,

(2.8)

where wi are coordinates on the first P3 and zi are coordinates on the second P3. The
Tian-Yau manifold has h1,1 = 14 and h1,2 = 23. A freely acting Z3 quotient yields a
Calabi-Yau manifold with χ = −6 [44], corresponding to three generations of elementary
particles; this was one of the initial testbeds for string phenomenology [45]. We will study
numerical metrics on these geometries.

On the manifold Pn, an atlas is given by n+ 1 coordinate charts on which each of the
zi 6= 0. In homogeneous coordinates, a possible Kähler potential for the projective space
Pn has the form

K(z, z̄) = 1
π

log(|z|2) , |z|2 =
n+1∑
a=1

zaz̄ā . (2.9)

This potential leads to the following metric:

gab̄(z, z̄) = |z|
2δab̄ − z̄az̄b̄

π|z|4
. (2.10)

This is the Fubini-Study (FS) metric on Pn. It is induced from the definition of Pn as a
quotient space S2n+1/S1, where S2n+1 carries the round metric. The corresponding metric
on each of the n + 1 charts can be obtained via matrix multiplication with the Jacobian
of the transformation from homogeneous to affine coordinates. In a similar fashion, the
pullback of the Fubini-Study metric on Pn to the hypersurface induced by the embedding
yields the Fubini-Study metric on the Calabi-Yau. This Fubini-Study metric is not the
Ricci flat Kähler metric. In figure 1, we have plotted the Ricci scalar for the Fubini-Study
metric on a section of the Fermat quintic.
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Figure 1. Visualizing the scalar curvature of the metric obtained by restricting the Fubini-Study
metric of P4 to the quintic hypersurface. The three axes represent real parts of the three independent
coordinates of the Fermat quintic (2.6) in a patch zi = 0 for some i. The contour of scalar curvature
is then presented atop a three dimensional sphere, and is evidently not uniform.

For Pn, one naturally has the n + 1 affine charts, each labeled by an index i corre-
sponding to the coordinate that is set to one (i.e., zi = 1). Additionally, given the structure
of the embedding equations for T 2, K3, and the quintic, we have a natural collection of
charts labeled by zi 6= 0 and zj 6=i, the latter of which is obtained from solving the equation
defining the hypersurface. Therefore, each chart for the hypersurface will be labelled by
two indices (i, j).

The Tian-Yau manifold is given as the intersection of three transversely intersecting
loci on P3 × P3. One has then two C∗ actions and therefore two coordinates that can be
set to one. For simplicity we define zk+4 = wk, such that the index in the coordinate z
runs from 1, . . . , 8. Taking the affine patch resulting from setting the coordinates zl = 1
and zm = wm−4 = 1, with l ≤ 4 and m > 4, we can use the two cubic equations to solve
for coordinates zs and zt with s ≤ 4, s 6= l and t > 4 t 6= m. Finally we use the bilinear
equation to obtain a third dependent coordinate which can belong to either of the P3’s,
say zr, r 6= l, m, s, t. We thus have a chart in the Tian-Yau manifold defined by five
indices (l, m; s, t, r).

3 Donaldson’s algorithm

Donaldson [12] supplied a constructive algorithm for obtaining the Ricci flat metric starting
from the Fubini-Study metric. Weighted projective spaces are endowed with a simple
choice of Kähler metric derived from the following Kähler potential given in equation (2.9).
Another valid Kähler potential is

K(k)(z, z̄) = 1
kπ

log
(
hαβ̄sαs̄β̄

)
, (3.1)
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where sα is an element of a basis for degree k holomorphic polynomials overM. Take Nk

to be the dimension of such a basis and define

Hαβ̄ = Nk

VolΩ

∫
M
dVolΩ

(
sαs̄β̄

hσρ̄sσ s̄ρ̄

)
. (3.2)

At level k, one can use hαβ̄ = (Hαβ̄)−1 and proceed iteratively until reaching a stable
“balanced” metric Hαβ̄ . This is guaranteed to exist by virtue of Donaldson’s theorem.
Furthermore, as k increases, the metric gab̄ obtained from the balanced metric approaches
the desired Ricci flat Calabi-Yau metric. Donaldson’s algorithm will provide a reference
point to which we compare our results.

3.1 Flatness measures

As we are computing metrics numerically, we need some diagnostic that tells us how close
we are to the flat metric. A number of such diagnostics have appeared in the literature [14,
16, 17, 19, 35]. We examine the σ-measure:

σ = 1
VolΩ

∫
M
dVolΩ

∣∣∣∣1− VolΩ
VolJ

· Jn

Ω ∧ Ω̄

∣∣∣∣ . (3.3)

This makes use of the fact the volume can be computed using either the holomorphic and
anti-holomorphic top forms or the closed (1, 1) Kähler form J :

VolΩ =
∫
M

Ω ∧ Ω̄ , VolJ =
∫
M
Jn , (3.4)

with Jn denoting the n-fold wedge product of J . Note that this measure becomes zero
whenever Jn = αΩ ∧ Ω̄, with α = VolJ /VolCY.

Another measure comes from integrating the Ricci curvature scalar directly, i.e.,

||R|| = Vol1/nJ

VolΩ

∫
M
dVolJ |R| . (3.5)

This is known as the ||R||-measure and in some sense it is equivalent to the sigma measure.
Namely, it can be shown that as the σ-measure approaches zero, the ||R||-measure goes to
zero as well.

In order to have a Ricci flat Calabi-Yau metric, we must in addition check that it is
Kähler and verify that the expressions agree on different coordinate charts in the atlas.
We will refer to these conditions as the κ- and µ-measures. These are defined in (6.16)
and (6.19), respectively.

4 Ricci flow

Ricci flow gives a partial differential equation for a Riemannian metric g. It was introduced
by Hamilton [46] and famously employed by Perelman to prove the Poincaré conjecture in
three dimensions [47–49]. See [50, 51] for surveys of the method. In high energy theory,
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Ricci flow was used to find numerical black hole solutions [52] and a numerical Kähler-
Einstein metric on dP3 [53], while [54, 55] discuss Ricci flow in a holographic context.
Kähler-Ricci flow applies the method to a Kähler manifold. We specialize our notation to
this case. The differential equation tells us that

∂

∂λ
gab̄(λ) = −Ricab̄(λ) = ∂2

∂za∂z̄b̄
log det g , (4.1)

where λ is a parameter defining a family of metrics. This differs by a factor of two from
the Riemannian case [56]. We may take g(0) to be the Fubini-Study metric and evolve
this according to the differential equation. A fixed point of this flow is the flat metric. It
turns out the Ricci flow preserves the Kähler class [57, 58]. The right hand side of (4.1)
therefore provides another measure of how close we are to being Ricci flat, and the Ricci
flow evolves the Fubini-Study metric to the flat metric on a Calabi-Yau.

For many purposes, it is convenient to augment the metric with a scalar function f .
When we do this, the Ricci flow equation (4.1) arises from a variational principle. Ricci flow
is then a gradient flow. This is suggestive because neural networks often employ gradient
flow in order to accomplish deep learning. Define the Perelman functional

F(g, f) =
∫
M
dµ e−f

(
R+ |∇f |2

)
=
∫
M
dm

(
R+ |∇f |2

)
, (4.2)

where R is the scalar curvature. In physics language, we have introduced a dilaton f . The
second equality in (4.2) recasts f in terms of the measure

f := log dµ

dm
. (4.3)

Using this definition, variation of F gives an equation of motion for the modified Ricci flow:

∂

∂λ
gab̄ = −(Ricab̄ +∇a∇b̄f) . (4.4)

Mapping (4.2) to a string action, the Ricci flow can be thought of as a beta function
equation for the spacetime metric, which we treat as a coupling for the non-linear sigma
model on the worldsheet. In this case, the fixed points are conformal and correspond to
Ricci flat target spaces that satisfy the vacuum Einstein equation. Solutions to (4.4) realize
Perelman’s energy monotonicity condition:

d

dλ
F = 2

∫
M
dµ e−f |Ricab̄ +∇a∇b̄f |

2 = 2
∫
M
dm |Ricab̄|

2 . (4.5)

This implies the existence of a coupled set of partial differential equations for the metric
and dilaton:

∂

∂λ
gab̄ = −(Ricab̄ +∇a∇b̄f) , (4.6)

∂

∂λ
f = −∆f −R . (4.7)
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The previous two equations are the same as (4.4) and (4.3). In particular, the second
equation (4.7) is a backward heat equation. To efficiently address this coupled system,
we must consistently solve the modified Ricci flow forward in time and the heat equation
backward in time. The backward heat equation is not parabolic and therefore we have no
guarantee of a solution to exist for a given initial condition f(λ = 0). In order to solve this
system, one has to bring (4.6) and (4.7) into the following form:

∂

∂λ
gab̄ = −Ricab̄ , (4.8)

∂

∂λ
f = −∆f + |∇f |2 −R . (4.9)

In this fashion, we can solve for g for λ ∈ [0, T ], with T such that g(λ) is smooth in [0, T ].
One can then use the solution for g and solve backwards in λ starting from a boundary
condition f(λ = T ).

5 Neural networks

A fully connected neural network correlates an input vector to an output vector in order to
approximate a true result. This correlation is highly non-linear. We can write the k-layer
neural network as a function

vout = fθ(vin) = L
(k)
θ (σ(k−1)(· · ·L(2)

θ (σ(1)(L(1)
θ (vin))))) ≈ vtrue , (5.1)

where
L

(m)
θ (v) = W

(m)
θ · v + b(m)

θ . (5.2)

The b(m)
θ is called a bias vector, and W

(m)
θ is called a weight matrix. The superscript

denotes that we are in them-th hidden layer of the neural network. IfW (m)
θ is an nm×nm−1

matrix, there are nm neurons in this layer. In choosing the architecture, we specify k and
nm for m = 1, . . . , k as well as the functions σ(m). The elements of the bias vectors and the
weight matrices are collectively termed hyperparameters, which we label by the subscript θ.
These are fixed in training. The non-linearity acts elementwise. Three standard choices are

logistic sigmoid : σ(x) = 1
1 + e−x

,

ReLU : σ(x) = xΘ(x) , (5.3)

tanh : σ(x) = tanh x .

The training is executed by minimizing a specified loss function on the training set. Op-
timization of the hyperparameters is accomplished, for example, by stochastic gradient
descent (SGD) or adaptive moment estimation (Adam). In fixing the hyperparameters, we
pass the entire training set through the neural network multiple times; each time we do
this is called an epoch. Because the datasets are large, each epoch is reached by splitting
the training set into several batches. The number of epochs and the size of each batch
are therefore parameters that enter the training. Validation is performed by testing the
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trained neural network on inputs unseen during training. The universal approximation
theorem [59, 60] states that, with mild assumptions, a feedforward neural network with a
single hidden layer and a finite number of neurons can approximate continuous functions
on compact subsets of Rn. The performance of the neural network is gauged by whether
a distance function d(vout,vtrue) is sufficiently small when this is suitably averaged over a
dataset.

6 Methodology for numerical Calabi-Yau metrics

6.1 Generation of points

As inputs we take the affine coordinates describing various points in the manifold of interest.
For the computation of the numerical volumes and integrals in general, it is necessary to
work with a uniform distribution of points. For this purpose, the following method has
been employed. The same method was used in [17, 35]. The general philosophy for Calabi-
Yaus defined by degree n+ 1 hypersurfaces in Pn is based on the fact that lines in Pn are
uniformly distributed with respect to the SU(n+ 1) symmetry of the Fubini-Study metric.
Therefore, sampling the manifold with points at the intersection of each line with the
hypersurface permits us to evaluate numerical integrations in a straightforward manner,
taking the Fubini-Study metric as a measure of point distribution. The point selection
process proceeds as follows.

• First we generate a real vector v of random entries −1 ≤ vi ≤ 1, i = 1 . . . 2n. We
only keep those vectors satisfying |v| ≤ 1.

• Project the points to the hypersphere S2n−1 by setting v̂ = v/|v|. Furthermore, use
v̂ to build a point in P ∈ Pn:

P = [v̂1 + iv̂2 : . . . : v̂2n−1 + iv̂2n] . (6.1)

• Build a line Lkj = {Pk + λPj |λ ∈ C} using two points pk and pj constructed in the
manner highlighted above.

• For each line, one takes the points {pl} resulting from the intersection of the line with
the hypersurface. As they arise from random lines uniformly distributed with respect
to the SU(n+ 1) symmetry of the hypersphere, they are uniformly distributed with
respect to the Fubini-Study metric on the hypersurface.

A point p = [z1 : . . . : zn+1] ∈ Pn can be described in affine patches. If the coordinate
zm 6= 0, then we can define the affine coordinates in the m-th patch as

xmr =

zr/zm , r < m ,

zr+1/zm , r > m .
(6.2)

There is a preferred presentation for any given point. Assume that for the point p we
have maxi(|zi|2) = |zm|2. We therefore know that in the m-th patch, the point p is then
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described by the coordinates,

xm = (xm1 , xm2 . . . , xmn ) ∈ Dn , |xmn | ≤ 1 (6.3)

with D a unitary disk in C. Note that in all other patches, the presentation of the same
point will lie outside of the corresponding polydisk Dn [22]. Furthermore, the hypersurface
equation permits us to get rid of one coordinate that we denote the dependent coordinate.
In principle, one is allowed to choose which coordinate to take as the independent one.
For matters of numerical stability [35], it is recommended that we take as the dependent
coordinate the one for which |∂Q/∂xmr | is the maximum, with Q being the corresponding
hypersurface equation. Assume that for the point p, this happens for the affine coordinate
xml . For the entire manifold, we then split its points into different patches S(m,k), with
k = l if l < m or k = l + 1 if l > m. Note that even though, there is a preferred patch for
each point, in principle it has a presentation in all of the other patches, provided none of
its homogeneous coordinates is zero. Recall that all the hypersurface equations considered
in this work remain invariant under permutation of the coordinates. For this reason we
expect the local metric expressions over the different patches to be identical.

A slight modification of the point selection procedure has to be implemented for the
complete intersection Tian-Yau manifold. For simplicity we take (2.8) to have the follow-
ing form

Q1 = w3
1 + w3

2 + w3
3 + w3

4 = 0 , (6.4)
Q2 = z3

1 + z3
2 + z3

3 + z3
4 = 0 , (6.5)

Q3 = w1z1 + w2z2 + w3z3 + w4z4 = 0 . (6.6)

For the Tian-Yau the selection of points start with a random set of points in P3 exactly as
done in (6.1).

• We construct a line Lkj = {Pk + λPj |λ ∈ C} and a plane Plmn = {Pl + αPm +
βPn |α, β ∈ C}. Take the line to belong to the first P3 and the plane to belong to
the second P3.

• We then find all points in Lkj ×Plmn that satisfy the defining equations of the Tian-
Yau manifold.1

1This sampling procedure closely follows [17] invoking the distribution of zeroes of random sections of
a given line bundle on the manifold M [61]. For the Tian-Yau manifold, we start sampling points from
unitary spheres in each of the P3 ambient spaces. This is consistent with the projections:

ΦOM(1,0) = π1 |M , ΦOM(0,1) = π2 |M .

where OM(1, 0) and OM(0, 1) are the line bundles dual to the pullback of the hyperplane class in the first
and second P3s, respectively. Points sampled in this manner will be uniformly distributed with respect to
the measure

dA ∼ π∗1(ωP3
1
) ∧ π∗2(ωP3

2
) ∧ π∗2(ωP3

2
) |M ,

as the sampling takes lines from the first P3 and points from the second one. In an earlier version, we
considered increasing the number of points by permuting points from the first and second P3 factors. As
emphasized by the referee, this is not correct as the density dA is not invariant under this procedure.
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Since lines and planes are both uniformly distributed over the hypersphere S7 it is safe to
assume that the points generated in this manner are uniformly distributed with respect
to the symmetry of the Fubini-Study metric of the ambient space. Note that the set of
transversely intersecting equations provides three dependent coordinates. Therefore the
patches in this case will be described by two coordinates set to one using the C∗ actions in
the ambient space plus three dependent coordinates obtained from solving the Tian-Yau
system of equations.

In contrast to the hypersurfaces describing the Torus, the K3 surface and the Dwork
family, we can notice that arbitrary coordinate permutations do not necessarily leave (6.4)–
(6.6) invariant. Therefore, not all local metrics are equivalent up to permutations. In
order to work out the matching of patches, we need to follow a different approach. For the
Tian-Yau manifold, we consider only training with the σ-measure as a loss, as it can be
considered locally on a single patch. In a forthcoming work we expect to consider a more
global training process for this manifold in which we account for the matching of metrics
on patch overlaps as well as deviations of the metric from being Kähler.

Now, let us briefly sketch how numerical integration proceeds. For simplicity, we
focus on the hypersurfaces, but the same results can be straightforwardly extrapolated
to the complete intersection case. Taking points in their corresponding preferred patch
S(m,l) makes the numerical integration over M relatively feasible. Picking the preferred
presentation for each of the points makes the different patches to be almost disjoint. (The
choice is ambiguous for points at the boundary regions. However, this does not affect the
general integration process as the intersections constitute a set of measure zero.) Assume
that we want to obtain numerical estimates for the volume ofM, using the sample points
generated with the method previously illustrated. This volume is given by the expression

VolΩ =
∫
M
dVolΩ =

∫
M
dVolFS

(
dVolΩ
dVolFS

)
. (6.7)

As the set of points of interest are uniformly distributed with respect to the Fubini-Study
metric and dVolFS is the Fubini-Study differential volume, we can numerically approximate
the volume as generated with the method previously illustrated. This volume is given by
the expression

VolΩ = 1
N

N∑
l=1

wM (pl) , wM (pl) = dVolΩ
dVolFS

, (6.8)

where N is the number of points under consideration. Similarly, any integral over M can
be evaluated numerically in the following manner:∫

M
dVolΩ f(z) = 1

N

N∑
l=1

f(pl)wM (pl) . (6.9)

6.2 Neural network architecture

Our goal is to approximate the Hermitian Calabi-Yau metric from the output of a neural
network. As an n×n Hermitian matrix, the metric g can be parameterized in terms of the
following product

g = L ·D · L† , (6.10)
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x1

x2

...

xn−1

ANN2

Eigenvalues

L entries

g

Figure 2. Flow chart of the algorithm. Two separate neural networks provide the eigenvalues as
well as the entries of the diagonal matrix L. They get combined into the metric g that is used to
minimize the combined loss function for both networks simultaneously.

where L is a lower triangular matrix with ones along the diagonal and D is a diagonal
matrix with real entries. L contains n(n − 1) real parameters, and D must consist of n
real and positive numbers. This is a variant of the classical Cholesky decomposition. Since
we want the metric to be generated from neural network outputs, we employ two neural
networks for this process. The first artificial neural network (ANN1) produces n outputs
o

(1)
1 , . . . , o

(1)
n that will serve to construct the matrix D. A priori these outputs need not to

be positive, and for this reason we construct D with the output exponentials or squares

D = diag(eo
(1)
1 , . . . , eo

(1)
n ), or, D = diag((o(1)

1 )2, . . . , (o(1)
n )2) . (6.11)

The second artificial neural network (ANN2) outputs o(2)
i are combined into the entries of

the matrix L. Figure 2 displays the architecture of the neural network. For example, in
the K3 case the metric L takes the form

L =
(

1 0
o

(2)
1 + io(2)

2 1

)
. (6.12)

The best architecture found for our purposes is to take ANN1 and ANN2 to be multi-
layer perceptron (MLP) neural networks with three hidden layers. In most experiments,
each hidden layer has 500 neurons. No specific initialization was used. We use ADAM
optimization. All experiments were implemented in PyTorch. Because different hyperpa-
rameters are more successful in different experiments, we will quote these when we present
our results.

To justify this choice of architecture, let us make some observations. The idea behind
this separation has to do with the different structure of the data and the factorization itself.
Since we want the diagonal entries to be positive, we pass them though an exponential. For
the other neural network we have to pair the outputs such that we form the off diagonal
entries of the matrix L. The σ-measure depends only upon the eigenvalues. As such, the
modularity of the neural network enables us to highlight this fact in training and, taking
advantage of the LDL decomposition, nudge the performance appropriately. Moreover,
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because we can switch off the neural network corresponding to the matrix L, we can
independently extract the determinant.

6.3 Loss functions

As we have already noted in section 3.1, the σ- and ||R||-measures are positive and bounded
quantities that measure how close the metric approximation is to the Ricci flat metric. The
σ-measure has the advantage that we do not need to take derivatives of the neural network
outputs.

Additionally, we must take into account two other properties, in the case of the neural
network the metric is not directly obtained from a Kähler potential. The Kähler property
of the metric has to be checked, and this is guaranteed when the Kähler form is closed:

dJ = 0 =⇒ ∂agbc̄ − ∂bgac̄ = 0 . (6.13)

Let us then define the quantity

kabc̄ = ∂agbc̄ − ∂bgac̄ . (6.14)

We can define the Frobenius norm of k as follows

|k|2 =
∑
a,b,c̄

|kabc̄|2 . (6.15)

From this, we define the κ-measure:

κ = Vol1/nJ

VolΩ

∫
M
dVolJ |k|2 . (6.16)

An additional property to check is that the boundary conditions for the metric are
satisfied. Take a point p that has a presentation in the patch S(m,l) as well as in the patch
S(m′,l′). Assume that the metric in the first patch is described by g(m,l) and by g(m′,l′) on
the second patch. Then at point p,

g(m,l) = J
(m,l)
(m′,l′)g

(m′,l′)J̄
(m,l)
(m′,l′) . (6.17)

where J (m,l)
(m′,l′) are the Jacobians of transformation between coordinate patches. Now define

the matrix
M(m′, l′;m, l) = g(m,l) − J (m,l)

(m′,l′)g
(m′,l′)J̄

(m,l)
(m′,l′) , (6.18)

and define the µ-measure

µ = 1
Np!

∑
m′,l′

∑
m.l 6=m′,l′

1
VolΩ

∫
M
dVolJ |M(m′, l′;m, l)|2 , (6.19)

where |M(m′, l′;m, l)| denotes the Frobenius norm and Np is the number of patches.
A good measure of how close the metric approximation is to the actual flat metric can

be constructed in the following manner:

Loss = ασσ + ακκ+ αµµ , (6.20)
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with ασ, ακ and αµ are real positive coefficients that ensure the three quantities of interest
make commensurate contributions to the loss function.

In this paper, we primarily focus on the torus, K3, and the quintic. These manifolds
have a fixed Kähler class. If h1,1 > 1 for a Calabi-Yau threefold, we must ensure that the
numerical metric we obtain lies in the same Kähler class as the seed, which may be the
Fubini-Study metric. We can impose this by adding an extra term in the loss function
that checks that we remain in the same Kähler class by integrating the Kähler form.
Alternatively, we can employ methodology that preserves the Kähler class by working
directly with the Kähler potential at the expense of calculating derivatives to obtain the
metric, which admittedly is computationally expensive, or using Kähler-Ricci flow. While
our investigation of the Tian-Yau manifold comprises the first experiments on a Calabi-Yau
geometry with h1,1 > 1, we do not obtain a flat metric because the machine learning does
not apply the full loss function.

6.4 Ricci flow with a neural network

One alternative approach to obtaining the Ricci flat metric of a Calabi-Yau manifold would
be to follow the Ricci flow starting with the Fubini-Study metric (in case such manifold is
embedded as a hypersurface, or complete intersection in a weighted projective space). This
contrasts with the general approach of constructing a functional for which the flat metric
can be obtained as a minimum for such a functional. This more direct implementation
poses interesting challenges. In the first place one has to ensure that numerical errors do
not propagate as one evolves the flow in the parameter λ, potentially driving us away from
the desired flat metric.

As a proof of principle, we have applied this method to learn the flat metric on the
square torus treated as a real manifold. We take the domain x ∈ [0, 2π) and y ∈ [0, 2π).
We take the metric coming from the embedding into R3 given by

g(λ = 0) =
(

(c+ a cos y)2 0
0 a2

)
(6.21)

with a and c being the corresponding torus radii. We present this in figure 3. The ap-
proach here is slightly different as we employ Hamilton’s Ricci flow formalism to flow the
metric (6.21) to the Ricci flat metric. The evolution of the Ricci scalar as function of the y
parameter is obtained using a numerical partial differential equation solver in Mathematica.

There are several challenges to overcome in the implementation of real Ricci flow on
Riemannian manifolds. One such challenge is the likely appearance of curvature singular-
ities at finite time as one evolves the flow. This is a typical feature due to the non linear
nature of the Ricci flow equation. Additionally, due to gauge fixing, coordinate singular-
ities might appear as well. Complex and especially Kähler manifolds permit us to deal
with this problem in a simpler form, as the metric can be described in terms of a single
function. In itself, Kähler-Ricci flow is more robust as convergence is proven [62]. Also, for
Kähler-Ricci flow on Calabi-Yau manifolds one generically does not expect the appearance
of coordinate singularities.
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Figure 3. The scalar curvature of the real torus on the left is plotted as a function of the angular
coordinate of the torus. By solving the Ricci flow equations we see a gradual shift to a metric of
approximately zero scalar curvature.

A preliminary avenue to explore the flow would be to consider a neural network ap-
proximation of the metric. For simplicity, instead of considering gradient flow for the
Perelman loss, we can consider solving the differential equation taking the neural network
to approximate the solution for the metric g. In that case we do not need to worry about
the dilaton and take the flow equation to be

∂λgab̄ = −Rab̄ . (6.22)

In order to set the boundary conditions, we start with a given known metric (e.g., the
Fubini-Study metric) at λ = 0:

g(λ = 0) = gFS . (6.23)

On the neural network side, this means that we start by training the network to reproduce
the Fubini-Study metric. We can then update the data at λ = ∆λ by computing the Ricci
tensor Rab̄ on the neural network approximation and then train the network at λ = ∆λ
with the following data:

gab̄(λ = ∆λ) = gab̄(0)−Rab̄(0)∆λ , (6.24)

with Rab̄ being the neural network approximation for the Ricci tensor. As such we are
required to approximate not simply the metric, but also the corresponding Ricci tensor
as accurately as possible. This requires a learning paradigm where derivative observations
are available, synthetically generated or otherwise. Therefore, we would need to compute
second derivatives of the network approximating the flat metric. Standard autograd tools
in widely used machine learning packages (e.g., PyTorch, TensorFlow) allow fast gradient
computations of neural networks. It has been noted in the machine learning literature that
derivative observations can improve predictors as well as generalization. This has been
demonstrated by the use of both Bayesian and non-Bayesian tools. In [63], for example,
it was shown that derivative observations can improve the predictive power of Gaussian
processes. It was recently shown in [64] that the same holds for neural networks. The
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authors proposed a new training paradigm: Sobolev training, wherein the loss function is
constructed out of observations of the function values as well as derivatives, up to some
order. Additionally, there are theoretical guarantees for existence of networks (with ReLU
or leaky ReLU activations) that can approximate a function, with the network’s derivatives
approximating the function’s derivatives. A consequence of Sobolev training is that it has
lower sample complexity than regular training.

This learning paradigm is directly applicable to our situation, where both the metric
and its derivatives (connections, Ricci tensor) have geometric meanings. The distinction
from the method proposed in [64] is that the values of the metric or its derivatives are not
readily available, except at the beginning of the flow. As such, we propose to generate this
data at any step of the flow, from the network approximating the metric at the previous
step, à la (6.24). We use the following dynamic loss function:

Loss(λ) = α0MSE(gNN (λ), g(λ)) +α1MSE(∇gNN (λ),∇g(λ)) +α2MSE(∇2gNN (λ),∇2g(λ)) ,
(6.25)

where λ is the flow parameter, MSE denotes the mean square error, gNN (λ) is the approxi-
mation metric and g(λ) is the target metric, when the flow parameter is λ. The parameters
α0, α1, and α2 are weights set to ensure that the different mean squared error losses are of
the same order.

While we have preliminary results for the complex torus and K3, the conclusions we
may draw from the implementation are so far only tentative. Part of the issue here is in
designing a loss function that efficiently localizes to the solution of a coupled set of partial
differential equations, (4.6) and (4.7). The results for T 2, K3, and Calabi-Yau threefolds
will be reported in forthcoming work.

7 Results

Overview. In this section, we document the results of our machine learning experiments
in modelling Ricci flat metrics on Calabi-Yau manifolds. We consider the complex torus
in one dimension, the quartic K3 surface, the Fermat quintic, a second member of the
Dwork family of quintics, and the Tian-Yau manifold. For these geometries, we model
the flat metric by a neural network whose architecture was chosen keeping simplicity in
mind. Since neural network are essentially black boxes, the simplicity of the network is
beneficial for characterizing what is happening. Crucially, we do not have a sufficiently
comprehensive understanding of how the machine learns in order to go beyond numerics.
Indeed, this may not be possible to achieve.

In order to optimize performance of the neural network, we have scanned over hyper-
parameters. In most experiments, we use a three layer neural network with 500 neurons in
each layer. In selecting this architecture, we have studied neural networks with 100, 300,
500, and 700 neurons per layer. We have also used different learning rates (10−1, 10−2,
10−3, 10−4, 10−5), settling primarily on 10−2 and 10−3. We have employed batch sizes
of 500, 1000, and 5000 in training. Finally, we find that among tanh, ReLU, and logistic
sigmoid, the tanh activation function works best for our problem. This is of course not a
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complete scan over the space of hyperparameters. It is, however, sufficient for us to identify
combinations of the parameters that lead to good numerical approximations for the Ricci
flat Calabi-Yau metric.2

7.1 The torus

Consider the torus T 2 = C/Λ with Λ = 〈1, τ〉Z. A general point on the torus can be
described by the complex coordinate z ∈ C, with the identification z ∼ z+λ for any λ ∈ Λ.
In this way the metric on the torus inherited from C is

ds2 = dz dz̄ , (7.1)

which is obviously Ricci flat. By contrast, treating T 2 ' S1×S1 ⊂ R3, the induced metric
from the embedding is not Ricci flat.

As in (2.4), consider the torus T 2 defined by a ternary cubic equation in P2:

z3
1 + z3

2 + z3
3 = 0 , (7.2)

with homogeneous coordinates [z1 : z2 : z3].
We can consider the Fubini-Study metric in P2 restricted to the torus. In particular,

let us consider the patch where z3 = 1 and take z2 to be a function of the coordinate
z1. In terms of the patching scheme discussed in section 6.1, this is the (3, 2) patch of
the torus. There are six patches in total. In figure 4, we have depicted the (3, 2) patch
corresponding to the complex plane spanned by the complex coordinate z1. We have
included the overlapping regions with the other five patches as well as the distribution of
points generated using the hypersphere method. As expected from the symmetry, one gets
roughly the same number of points in every preferred patch. Note that for each value of z1,
one generically obtains three different values for z2, which lie in the torus defined by (7.2).
However, one can concentrate on one of the Riemann sheets, particularly since the values
of the metric at each of the three roots coincide.

The Fubini-Study metric in the patch under consideration reads

ds2 =
(

(1 + |z1|4 + |z2|4)
π|z2|4(1 + |z1|2 + |z2|2)2

)
dz1dz̄1 , (7.3)

with z2 = (−1− z3
1)1/3. The Ricci flat metric can be obtained from the following relation

J ∼ Ω ∧ Ω̄ = dz1 ∧ dz̄1
9|z2|4

. (7.4)

The top holomorphic form Ω on a torus is a (1, 0) form; J is the Kähler form. For the
metric, we consider a Kähler ansatz of the form

J ′ = (α1 + α2|z1|4 + α3|z2|4)dz1 ∧ dz̄1
π|z2|4(β1 + β2|z1|2 + β3|z2|2)2 . (7.5)

2In addition to a 2.6GHz 6 core Intel i7 processor, we used a Helvetios cluster, each node of which has
two Skylake processors running at 2.3GHz with 18 cores each. We thank Rahul Sharma for access to the
latter resource.
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Figure 4. The torus can be viewed as three Riemann sheets glued together through branch cuts
stretching between the cubic roots of −1 and the point at infinity. Three copies of the complex
plane span the chart (3, 2). The different regions in color correspond to the intersection with other
patches. In the plot on the right, we present the distribution of sample points following the method
indicated in section 6.1.

In order to approach the flat metric starting from this ansatz, we devise an algorithm that
runs over the space of real parameters {αi, βi} in order to minimize the norm squared of
the Ricci tensor. The ansatz (7.5) is overparameterized; depending on the initialization
conditions for the algorithm we would obtain any of the possible solutions leading to the
flat metric. Indeed, we find that the optimal parameters are of the order of one part in
107 with the exception of α2 = 654.92 and β2 = 378.08. Therefore the metric obtained is
given by (7.4) up to an overall coefficient. This is illustrated in figure 5. Notice that α1, β1
constant with the other coefficients zero leads to the same metric, so the solution is by no
means unique.

7.2 The K3 surface

For the K3 surface, we consider the hypersurface equation (2.5) in P3. We have in total 12
(m, l) patches for the K3 hypersurface. To evaluate the ability of the network to generalize
to unseen data, we have divided the set of points into a training and a test set, which is half
the size of the training set. The results are summarized in figure 6. A weighted combination
of the σ, µ, and κ-measures specifies the loss function. After considering various activation
functions we observed that the best results are obtained for a tanh activation function.
Epoch by epoch, we see that the losses all decrease. As well, we see good agreement
between the training and test datasets with as few as 1000 points for training. In the case
of the K3, the best σ values are obtained for the tanh activation function, for which we
find a final σ of 0.060 for training and 0.068 for the test set. This is to be contrasted with
a value of σ = 1.37 obtained for the Fubini-Study metric.
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Figure 5. True and predicted Ricci flat metrics on the complex torus (7.2). The axes are given by
the real and imaginary parts of the independent coordinate z1. The three peaks appear at points
z3

1 = −1 for which the coordinate z2 = 0. Note that these apparent singularities for the metric are
not there if one takes z2 as the dependent coordinate for those points. The predicted metric differs
from the true metric by an overall scaling thus yielding a vanishing Ricci curvature.
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Figure 6. Evolution of the measures during the training process for the quartic K3 surface (2.5).
In this case, we have used a tanh activation function. The measures on the training set are depicted
blue and on the test set are depicted yellow. The training is performed with a loss function that
includes all three measures.

7.3 The Fermat quintic

The Fermat quintic is described by (2.6). In this case we have 20 different (m, l) patches.
For test and training sets of 10, 000 points, we train employing a weighted combination of
the three measures σ, µ and κ. In figure 7, we illustrate the sampling of the points used in
the analysis. Upon training, we have once again observed that a tanh activation function
gives the best outcomes. Employing this activation function we obtain a σ of 0.15 and
0.18 for training and test sets, respectively. These values can be compared to σ = 0.49
corresponding to the Fubini-Study metric.

As in the K3 case, we observe that all losses decrease during the training process.
We also observe that the µ and the κ measures track each other. This turns out to be a
ubiquitous empirical feature that we encounter consistently in our experiments. We have
also trained on a particular loss and monitored the behavior of the other two. The results
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Figure 7. Distribution of log density points for the Fermat quintic (left) and Dwork quintic
(ψ = − 1

5 , right), the points are projected to one complex plane along the coordinate z4.

are shown in figure 8. There we observe that improvements in flatness (training with σ

only) lead to an increase in the Kaehler and patch matching loss. Similarly, an improvent
in either µ or κ does not automatically lead to an improved σ.

Additionally, we explored the behavior of the µ- and κ-measures for the quintic. The
training process with non-zero weights ασ, ακ and αµ in the loss function (6.20) is more
involved as the matrix products in PyTorch have to be converted to real numbers. This
reflects in longer computation times. For this reason, instead of training over 20, 000 epochs
as in the training with σ-measure only, we have chosen to train only during 400 epochs. The
hyperparameters ασ, ακ, and αµ are chosen from normalization of the loss values obtained
in the first training epoch. For our case, we have chosen ασ = 1, ακ = 1.25 × 10−4, and
αµ = 3.16 × 10−7. In figure 9, we have included the results for the various loss functions
using the same test and training points as in the previous experiments. We observe that as
the network training evolves, we see a decrease of two orders of magnitude in the κ-measure
and three orders of magnitude in the µ-measure.

7.4 The Dwork family

The neural network approximation can be extended to any member of the Dwork family
given by (2.7). For this experiment, we take ψ = −1/5. Our results are summarized in
figure 10. In this case we obtain the best σ for the tanh activation function. After training,
the σ-measure drops to 0.0015 on the training set and to 0.28 on the test set. We also see
that the ReLU activation function gives a σ of 0.30 on the training set and 0.31 on the test
set. The value of σ for the Fubini-Study metric in this case is 0.50.

7.5 The Tian-Yau manifold

For the Tian-Yau manifold (2.8), we train and test with points in a single patch. We choose
to work with defining equations (6.4)–(6.6). This is equivalent to making an explicit choice
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Figure 8. Evolution of the various measures after training separately with different weights on the
Fermat Quintic. In the first row only σ is taken as the loss function for training. We observe that
as σ decreases in the training process both κ and µ increase. In the second and third rows we train
using µ only and κ only. We observe that in both these cases µ and κ decrease simultaneously. The
σ measure instead remains stable. In all the figures the blue lines correspond to the training set
and yellow to the test set.

of the complex structure moduli. There are in total 192 patches. Note that in contrast
to the previous hypersurface examples, the patches are not all equivalent. This is due to
the fact that all permutations among homogeneous coordinates have to act simultaneously
on both P3 ambient spaces in order to leave (6.6) invariant. This leaves us with four
inequivalent families of patches. The family we considered for our computations is based
on the patch (4, 6; 2, 7, 1). Here, we train using only the σ-measure as the loss function.
Clearly, because we are not tracing the Kähler class or imposing the closedness of the Kähler
form in the training, the endpoint of the procedure does not give us the Ricci flat metric.
Nevertheless, the methodology shows that the σ-measure decreases. This is worthwhile as
an intermediate step in determining metrics for more complicated geometries. The network
approximation produces σ-measure values of 0.5 or better for the training and test sets.
Similar values are obtained if one trains with a ReLU activation function instead of a
hyperbolic tangent as shown in figure 11.

In contrast to the previous hypersurface cases where one has permutation symmetries
that permit us to infer an identical structure of the metric in all of the patches, for the Tian-
Yau manifold one has four different classes of patches. This makes it harder to evaluate the
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Figure 9. Evolution of the σ, κ, and µ-measures as defined in section 6.2, for the Fermat quin-
tic (2.6). For ease of visualization, the σ measure is reported in the original scale, whereas the
other measures are reported in the log scale after a normalisation. Our architecture is a set of two
three layer networks with 500 nodes in each layer and tanh activation (see figure 2). We use a
train-test split of 90 : 10. We use variable training sizes: 28, 000 points in the case of the top row,
and 10, 000 points for the bottom two rows. We use a batch size of 500, a learning rate of 10−4

(rows one and two) and 10−3 for the bottom row. The loss function is a weighted combination of all
three measures. In all these cases, the σ measures fall below the corresponding σ measure for the
pullback of the Fubini-Study metric. These graphs illustrate the robustness of our architecture and
methodology in obtaining approximations to the Kähler, Ricci flat metric on the Fermat quintic.
Remarkably, a small number of epochs are sufficient to achieve this learning.

µ-measure. One possibility to follow this approach is to employ a pair of neural networks
per class.

Another example of a complete intersection Calabi-Yau that could be addressed using
similar modifications is the Schoen manifold described below:

Schoen :

P
2 3 0

P2 0 3
P1 1 1


χ=0

. (7.6)

The configuration matrix for this manifold is the transpose of the configuration matrix

– 22 –



J
H
E
P
0
8
(
2
0
2
2
)
1
0
5

train test

5 10 15 20
0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

epochs

σ
-
m
ea
su
re

train test

5 10 15 20
0.92

0.94

0.96

0.98

1.00

epochs

μ
-
m
ea
su
re

train test

5 10 15 20
0.85

0.90

0.95

1.00

1.05

1.10

1.15

1.20

epochs

κ
-
m
ea
su
re

train test

2 4 6 8 10
0.2

0.4

0.6

0.8

1.0

1.2

epochs

σ
-
m
ea
su
re

train test

2 4 6 8 10
0.75

0.80

0.85

0.90

0.95

1.00

epochs

μ
-
m
ea
su
re

train test

2 4 6 8 10

0.6

0.7

0.8

0.9

1.0

1.1

epochs

κ
-
m
ea
su
re

Figure 10. Evolution of σ, κ, and µ-measures for a member of the Dwork family of quintics (2.7)
with ψ = − 1

5 . For ease of visualization, the σ measure is reported in the original scale, whereas the
other measures are reported relative in the log scale following a normalisation. Following the case
of the Fermat quintic, our architecture is a set of two three layer networks with 500 nodes in each
layer and tanh activation (see figure 2). We use a train-test split of 90 : 10. We use 10, 000 points
for training, a batch size of 500, and a learning rate of 10−4 (top row) and 10−3 (bottom row). The
loss function is a weighted combination of all three measures.

for the Tian-Yau manifold (2.8). The manifold is topologically distinct, however. The
Hodge pair for this manifold is (h1,1, h1,2) = (19, 19), and therefore the Euler characteristic
is χ = 0. This manifold is interesting in its own right for string phenomenology. It is
a split of the bicubic complete intersection Calabi-Yau on which semi-realistic heterotic
string models have been realized. We defer a more rigorous and thorough analysis of the
Tian-Yau manifold and related geometries to future work.

8 Discrete symmetries

Discrete symmetries of Calabi-Yau manifolds play an important rôle in string model build-
ing. In the Standard Model, discrete symmetries are merely hypothesized to explain certain
processes or their absence. A phenomenologically interesting example pertains to the ab-
sence of proton decay. In this case, a discrete R-symmetry in the minimal supersymmetric
Standard Model protects the proton from decay. It also ensures a stable lightest super-
symmetric partner, which is then a candidate for dark matter. A second example of the
important rôle discrete symmetries play in particle phenomenology is given by the discrete
structure of mixing matrices such as the CKM and the PMNS matrices in the quark and
lepton sectors, respectively. A symmetry group invoked to explain certain such discrete
structures is ∆(27), which is isomorphic to (Z3×Z3)oZ3. (Curiously, ∆(27) as an orbifold
group gives simple constructions of the Standard Model as a worldvolume theory on D3-
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Figure 11. Evolution of the σ-measure during the course of training for the Tian-Yau mani-
fold (2.8). In the experiments in the top row we use the activation functions ReLU (left) and tanh
(right), a learning rate of 5 × 10−6, a batch size of 200 and use 1000 nodes in each hidden layer
of our neural network. We use 15, 000 points to train and use a train-test ratio of 90 : 10. In
the experiments in the bottom row, we use the same hyperparameters except the learning rates
which are 5× 10−4 and 5× 10−5 respectively for the ReLU (left) and the tanh (right) architectures
respectively. To mitigate the issue of over-fitting, we stop training when the training loss stabilises.
Further, we use the sigma measure alone as the loss. Experiments using the logistic sigmoid acti-
vation did not yield good results.

branes [65, 66].) In the language of superstrings, these discrete symmetries cannot merely
be hypothesized, but actually descend from isometries of the underlying compactification
space. As such, constructing Calabi-Yau spaces with phenomenologically interesting dis-
crete symmetries that remain unbroken after compactification is of paramount importance.

A number of theoretical investigations have led to the classification of discrete symme-
tries of Calabi-Yau threefolds. These have resulted in large datasets of discrete symmetries
of complete intersection Calabi-Yau threefolds that are freely acting [67–70]. This allowed
a classification of the linearly realised freely acting discrete symmetries of the resulting
quotient Calabi-Yau threefolds, on which heterotic models are typically built [71, 72]. Fur-
ther, it was shown that discrete symmetries can be enhanced at special loci in the complex
structure moduli space [72, 73]. Similar attempts have been made on the Kreuzer-Skarke
dataset [74], although due to the vastness of the dataset, a full classification has not been
possible. These investigations point to the fact that discrete symmetries are rather rare in
Calabi-Yau spaces, with phenomenologically interesting symmetries even more so. Many
semi-realistic string derived standard models are built on Calabi-Yau quotients by freely
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acting symmetries. The quotient manifolds have topological properties distinct from the
original manifold [68, 69, 75] and are often more suitable for model building.

With the advent of machine learning in studying the string landscape, one might per-
ceive faster classification of such symmetries on the known Calabi-Yau databases, although
there has not been much success in this direction so far [31, 76]. In this section, we demon-
strate that the neural networks we have trained to approximate the Ricci flat metric is
invariant under some of the discrete symmetries of the Calabi-Yau, without this being ex-
plicitly coded into the architecture. This acts as a sanity check in cases where we expect
the metric to be invariant under a given discrete symmetry. Although this does not pro-
vide a method of actually detecting such symmetries (for which one would need to solve
the corresponding inverse problem), we hope this stimulates further investigation into a
machine motivated discrete symmetry learning of Calabi-Yau spaces.

We will discuss discrete symmetries for K3 and the quintic threefold. Although we do
not inform our neural network architectures of any symmetry explicitly, we test whether
such symmetries are nonetheless being learned (encoded in the architecture) as a conse-
quence of learning the flat metric. As such, we quantify the extent of learned symmetry
until epoch n, by δn, defined as,

δn(τ) := 1
N

∑
z

abs
(
gNN (θn; z)− gNN (θn; τ.z)

gNN (θn; z)

)
, (8.1)

where gNN (θn; z) denotes the metric constructed using the neural network(s) in figure 2,
with θn denoting the network’s parameters at epoch n. Here, τ denotes a specific instance
of a discrete symmetry of the manifold in question, acting linearly on the combined homo-
geneous coordinates of the ambient space. The sum is over a random selection of N points
used for training and testing. An overall decreasing behavior of δn(τ) with increasing num-
ber of epochs, n, would be indicative of the symmetry τ being learned. Below, we outline
how well certain symmetries were captured by our neural network architectures for the K3
surface and the Fermat quintic.

8.1 The quartic K3 surface

From the quartic K3 surface equation reproduced in (8.2), it is easy to note the symmetry
permuting the homogeneous coordinates [z1 : z2 : z3 : z4] of P3. The permutation symmetry
is utilized during the training process to ensure that the metric agrees at the intersection
of different patches. We set one of the coordinates to 1 defining a patch, in effect breaking
the permutation symmetry S4. There is a second set of symmetries that acts diagonally
on the combined homogeneous coordinates. The action of this symmetry is given in (8.3)
and an instance of it, τ , in (8.4).

K3 : z4
1 + z4

2 + z4
3 + z4

4 = 0 ⊂ P3 (8.2)
zp → ωp zp ; with p ∈ {1, 2, 3, 4} and ωp ∈ Z4 . (8.3)
τ : z1 7→ i z1 , z2 7→ − z2 , z3 7→ −i z3 . (8.4)

In figure 12, we report the extent of symmetry learned by monitoring δn over the
epochs. We find that not all architectures capture this symmetry. In fact, the architecture
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Figure 12. Discrete isometries of the quartic K3 surface defined in (8.2) being learnt. The plot
shows the extent of learning given by (8.1) for the symmetry of the K3 surface described in (8.4).
We observe similar behavior for other symmetries of the class (8.3).

with tanh activation function is the only one that shows a behavior indicative of the
symmetry τ (8.4) being learned.

8.2 The Fermat quintic

For the Fermat quintic similar considerations apply, although the discrete symmetries them-
selves are different. In (8.6) we identify a class of symmetries that could have possibly been
learned during the process of training. An example of this symmetry is given in (8.7) and
it acts diagonally on the homogeneous coordinates [z1 : z2 : z3 : z4 : z5].

Fermat quintic : z5
1 + z5

2 + z5
3 + z5

4 + z5
5 = 0 ⊂ P4 (8.5)

zp → ωp zp ; with p ∈ {1, 2, 3, 4, 5} and ωp ∈ Z5 . (8.6)
τ : z1 7→ e2πi/5 z1 , z2 7→ e4πi/5 z2 , z3 7→ e8πi/5 z3, z4 7→ e6πi/5 z4 .

(8.7)

In figure 13, we show the extent of learning for the symmetry described in (8.1). In this
example, we note that the architecture with the logistic sigmoid activation function has
captured the symmetry to the largest extent, while the other architectures show behavior
consistent with this learning. The realization of the symmetries through machine learning
indicates that the numerical Ricci flat metric is consistent. This is a non-trivial a posteriori
confirmation of the methods employed.

9 Discussion and outlook

In this paper, we have reported preliminary investigations on machine learning numerical
metrics on Calabi-Yau spaces. We created neural network models for metrics over Calabi-
Yau spaces of complex dimensions up to three, choosing examples of the complex torus
T 2 in dimension one and the quartic K3 surface in dimension two. In dimension three,
we chose to work with the Fermat quintic, a second member of the Dwork family, as well
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Figure 13. Discrete isometries of the Fermat quintic defined in (8.5) being learnt. The plot shows
the extent of learning given by (8.1) for the symmetry of the quintic surface described in (8.7).
The plots correspond to two different networks trained in figure 9. We observe similar behavior for
other symmetries of the class (8.6).

as the phenomenologically interesting Tian-Yau manifold. Interestingly, the same neural
network architecture described in figure 2 could approximate Ricci flat metrics on all these
spaces. In these experiments, the tanh activation function yielded the best σ-measures on
these spaces.

In most of our experiments, we have taken a small number of points. This is in contrast
with the relatively large number of hyperparameters in the neural networks employed. For
the case of the Fermat quintic, where we have increased the number of points for training,
we saw improving results on the test set, demonstrating that the neural networks are indeed
capable of generalization. We expect this trend to apply in all other geometries considered.
Additionally, we would like to employ the full power of the loss function to include the
κ- and µ-measures in all cases, not just for the Fermat quintic. An important issue to
address in this direction is to handle complex matrix products directly in order to compute
Frobenius norms more efficiently. This was not feasible in the PyTorch implementation as
it only allows us to manipulate real quantities. Once these pieces are in order, one would
scan for an optimal network architecture that weighs in the capacity for generalization as
well as loss minimization. Another avenue to explore is the possibility to constrain network
hyperparameters in such a way that Kählericity is built in to the metric solution ab initio.

In section 8, we commented on discrete symmetries of Calabi-Yau manifolds. While
discrete symmetries are very important from a string model building perspective, they
are rare. As such, a full classification of them is computationally intensive. There are
many ways of incorporating symmetries into a machine learning model involving neural
networks. Some of the traditional methods include data augmentation [77, 78], feature
averaging, DeepSets [79], and building more complex equivariant architectures [80]. The
inverse problem of discovering symmetries of the dataset itself, or in our case, the manifolds,
is not well-studied. An example of such a study is [81], wherein the marginal likelihood
was employed to compute symmetries in the MNIST dataset [82]. In this paper, we lay the
ground work for an alternate machine driven approach to discovering symmetries. Through
examples of symmetries of the quartic K3 surface and the Fermat quintic, we demonstrate
that discrete symmetries can be learned while a network is being trained on an auxiliary
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task. In this case, the task is to learn the flat metric. We found that our networks were
able to learn discrete symmetries over the course of training without any effort on our part
to inform the learning process or the network’s architecture of these symmetries.

A discrete symmetry may be realized linearly in a given representation of a complete
intersection Calabi-Yau, and simultaneously be realized non-linearly in an equivalent rep-
resentation. An example of this phenomenon involves the Schoen manifold (reproduced
below), a split of the bicubic. This manifold admits an equivalent representation which is
also noted alongside:

Schoen :

P
1 1 1

P2 3 0
P2 0 3


χ=0

'


P1 0 0 0 0 1 1
P2 1 1 0 0 1 0
P2 1 1 0 0 1 0
P2 0 0 1 1 0 1
P2 0 0 1 1 0 1


χ=0

. (9.1)

The manifolds in (9.1) are equivalent. There are symmetries of this manifold that are
linearly realized in the extended representation but not in the split bicubic representation.
Non-linearly realized symmetries are hard to classify using traditional methods. It would
be interesting to understand if non-linear symmetries are also picked up by the neural
networks during the training process. We hope to return to this analysis in the future.

The observations above warrant an analysis of the neural networks we have considered.
The aim of such an analysis would be to understand how learning of the metric happens,
as well as to derive hints for the underlying analytic function for the flat metric. Such an
analysis is a necessity in mitigating the black box nature of the resulting neural network
models. Although we wish to return to such analysis in a future work, a few comments are in
order. A particular approach to analysis is using the recent Neural Tangent Kernel (NTK)
formulation [83]. Under the NTK regime, we would have an analytic formulation of the
function to which our networks would converge. This would allow us to make meaningful
statements for the underlying analytic flat metric. Secondly, in order to understand the
training dynamics, we would like to understand how the spectra of matrices of the network
parameters evolve over the course of learning. In figure 14, we show this for the Fermat
quintic. We note that during the course of training, the overall spectra lowers. We also note
that condition number, which is the ratio of the largest and smallest eigenvalues, decreases
over the course of the training. We observe similar behavior for other weight matrices in
all the examples we have considered. We would like to understand if this provides hints
for the underlying analytic function approximating the metric.

Finally, a Topological Data Analysis (TDA) approach, tracking persistent homology of
the distribution of the network parameters might reveal further insights into the learning
process. Persistence has been shown to be a useful tool for interpretability in deep learn-
ing [84, 85]. Recently, a new complexity measure of neural networks has been proposed with
the aid of topological methods [86]. This has helped better understand certain machine
learning best practices, like dropout and batch-normalization. We expect such topological
methods to shed further light on creating more accurate and interpretable neural network
models of Ricci flat metrics of Calabi-Yau manifolds.
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In importing machine learning methods to high energy theoretical physics, there has
so far only been limited success in translating the learned associations into interpretable
analytic formulae. (See [30, 87–89] for computations in line bundle cohomology on surfaces
and in knot theory.) An open problem, of course, is to reverse engineer the performance
of the neural network to obtain analytic expressions for flat metrics. So far, we have no
results in this direction.

Work in progress details the Ricci flow approach more explicitly. There are a number
of strategies we adopt. One of these is simply to use ∑a,b̄ |Ricab̄| as the loss function to
update the metric according to the Ricci flow equation. When this loss is minimized to
zero, we have arrived at the flat metric in the same Kähler class as the Fubini-Study metric,
which is the starting point of the flow. Another strategy is to solve the partial differential
equations (4.6) and (4.7) using machine learning techniques. Indeed, deep learning is
particularly good at solving certain systems of equations [90, 91].

As approximations for the metric we have considered a system of two neural networks
providing the metric entries in a natural matrix factorization. This method proves to work
relatively well for all the geometries considered. Because of this we would like to highlight
its modularity: it could serve not only to approximate the metric of Calabi-Yau manifolds,
but more in general to complex and real manifolds as well.

In this work, we have initiated a neural network approach to finding numerical Calabi-
Yau metric. As this program proceeds, it is worth considering how promising this approach
would be. Donaldson’s balanced metric at level k will have N2

k real parameters, with Nk

the number of monomials up to order k:

Nk =



5 + k − 1
k

−
k − 1
k − 5

 , k < 5

5 + k − 1
k

−
k − 1
k − 5

 , k ≥ 5 .

(9.2)

For k ∼ 12, the balanced metric will require more parameters than the neural network.
Using only the sigma measure, we find that the performance corresponds to k ∼ 16 (see
figure 15). This sets an upper bound on how well we can do. Assuming these bounds
extrapolate to different Calabi-Yau spaces, in particular those used for string compactifi-
cation to the Standard Model, we should ask whether a numerical metric near the upper
bound would be good enough to compute Yukawa couplings to sufficient accuracy that
we can compare model predictions to experimental measurements. At the moment, this
discussion is perhaps premature because the errors in the Kähler measure are not yet small
enough to apply the numerical metrics to model building.

These methods are broadly applicable. In particular, due to the modularity of the
architecture, we can envision finding a suitable loss function that enables us to compute
metrics on G2 manifolds.3 We can as well envision applying machine learning methods to
finding new solutions to general relativity or supergravity. Numerical methods have been

3We thank Anthony Ashmore for a discussion on this point.
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Figure 14. Evolution of the eigenspectra of the symmetrised weight matrix for the first layer of our
neural network. This network corresponds to the top neural network in figure 2, and outputs the
eigenvalues of the flat metric on the Fermat quintic. There is one curve for each epoch. The x-axis
corresponds to the top twenty eigenvalues. The y-axis gives its numerical value. The topmost curve
corresponds to the beginning of training, and the bottom, the end. The curve in red tracks the
largest eigenvalue from the spectra at each epoch. We note a certain monotonicity in this figure, in
that the largest eigenvalue as well as the overall spectra lowers as training progresses.
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Figure 15. The value of σ reached by the neural network array on the Fermat quintic would
be attained at level k ∼ 16 using Donaldson’s algorithm. The exponential extrapolation was
constructed using the data of [35].

applied to construct stationary black hole solutions in various contexts, for example, by
using shooting methods to solve ordinary differential equations or employing the Newton-
Raphson procedure to solve partial differential equations [92–94]; neural networks may
supply an additional tool as a supplement to these approaches.

We have so far only studied a handful of Calabi-Yau threefolds, including the Fermat
quintic and Tian-Yau Calabi-Yau threefolds. We aim to find numerical Ricci flat met-
rics for the base manifolds implicated in top down constructions of the Standard Model.
Interestingly, the configuration matrix in [9] corresponding to the split bicubic or Schoen
manifold is the transpose of the Tian-Yau configuration matrix (2.8); its metric is amenable
to attack using similar methods. We hope to create neural network models for Ricci flat
metrics on this manifold as well as on the other complete intersection Calabi-Yaus as an ex-
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tension of this work. In future work, we also hope to report on a first principles theoretical
computation of the mass of the electron based on these models.
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