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1 Introduction

Electronic correlations pose one of the most significant challenges in the current state of the art of
Condensed Matter Physics. They are the main driver behind many incredibly interesting phenomena
such as, spin-charge separation, the behaviour of transition metal oxides (for example, high-temperature
cuprate superconductors), Mott insulators or photovoltaic cells, to name a few. Their study can yield
insight into these unusual properties, and hopefully turn them to technological use.

There is a class of materials recently termed metavalent in which electronic correlations are thought
to be of importance. They exhibit large dielectric functions and possibly a new bonding scheme in
which electrons appear to be delocalized inside a unit cell, yet with large correlations between electrons
in different cells [I]. Their large dielectric functions make them very good light absorbers. We are
interested in a possible application of these materials for photovoltaic cells, but the metavalent materials
known thus far exhibit very small gaps, making them unsuiable for photovoltaics. One possible way
to understand this new class of materials is to calculate their reduced density matrices and compare
them with that of metals and semiconductors. The reduced density matrix is an object that can be
obtained with Quantum Monte Carlo methods. These are a variety of stochastic methods that allow
for extremely accurate calculations. To do this, a code has been developed by the author of this
report in Python 3 to perform Variational Monte Carlo (VMC), Diffusion Monte Carlo (DMC), and
the statistical analysis required to process the data for a single Helium atom (some of the code can
be found at https://github.com/c-rodriguez-per). We needed to make our own code so that we could
really understand the workings of the simulation and to tweak it to suit our needs. This has all been
benchmarked on the helium atom, one of the simplest systems that exhibits electronic correlations. The
helium atom has the advantage that the exact solution is known [2]. So we can benchmark the accuracy
of QMC energies, wavefunctions, and reduced density matrices. This will be of high importance for a
following study of metavalent materials.

The main questions that we want to address in this report are how accurate are reduced density
matrices calculated with QMC? and if they are accurate what is the cost of computing such an
object with respect to the total energy calculations? If possible we would like to know to which
extend of accuracy this can be done with Variational Monte Carlo, as it is a much less computationally
expensive technique.

This report is structured as follows. In Section [2f we introduce the theory behind the VMC and DMC we
will be using, namely Variational Monte Carlo and Diffusion Monte Carlo and some general aspects of
the technique. Then, in Section [3| we will discuss our results for the ground state energy of the Helium
atom with these two methods in. We also introduce the results and the first excited state energy with
VMC. Afterwards, in Section 4| we proceed to compare our results for the wavefunction, the reduced
density matrix, and the electronic density. To the best of our knowledge, this is the first comparison
of real space QMC reduced density matrices and wave functions with exact solutions, allowing for a
benchmark of a method that is commonly used as a benchmark itself. We conclude the section with a
summary of the calculations done. Then, in Section [5| we present our last remarks and some possible
paths of further study.



2  Quantum Monte Carlo methods

2.1  Monte Carlo integration

Condensed matter and statistical physics are two of the main fields where many-body physics are
explored, both domains require the calculation of high dimensional integrals. An example of such
integrals is the calculation of the partition function (in a continuous system) of dimension 2dN or the
expectation value of the energy dN (with N the number of particles and d the dimensionality of the
problem).

Monte Carlo techniques are incredibly useful for the evaluation of integrals. This is especially true of
highly dimensional integrals. While most methods perform numerical integration on a grid, Monte Carlo
integration is done using random numbers drawn from some distribution that is integral-specific, this is
the source of the computational advantage of Monte Carlo techniques. The way in which we perform
such integration is by first splitting our function g(z) into two functions f(z) and n(x), where the only
constraint is that n(xz) must be a probability distribution (non-negative and normalized).

Nye
1

I = /da: g(x) = /da: f(z)n(z) = lim Z f(z;) such that x; ~ n(x) (2.1.1)
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Where z; ~ n(x) means ”x; distributed according to n(x)”. With Ny, the number of points used in the
sampling of the integral. This way of estimating the integral yields an error that scales like 1/v/Nysc.
This means that in the infinite sample size limit we get the exact answer. However, this scaling is also
one of the drawbacks of the technique, it means that if we want to reduce our error bars by a factor of
10, we must run for 100 times longer.

The main drawback of this technique is that we must ensure that our x; are indeed distributed according
to n(x). It is not trivial to draw random numbers according to some arbitrary distribution n(x). To
solve this we use the Metropolis-Hastings algorithm explained in Appendix [A]

2.9 Variational Monte Carlo

Variational Monte Carlo (VMC), introduced by W. L. McMillan [3], is a Quantum Monte Carlo method
based on the well known Variational principle.

g, = WHW S o (2.2.1)

(Yl)  —

Which remains true for any well behaved wavefunction ¢). This means that we can choose a reasonable
wavefunction that depends on some parameters. And then try to optimize the parameters to obtain as
good a wavefunction as we can, this is,

(Y()| H [¢())
Wa)a)y = (2.2.2)

Where « is a set of parameters. If we rewrite this expectation value as an integral and perform some
manipulations on it, we may use Equation [2.1.1} Tt is useful to remember that R here means the position
of all the electrons of the system of interest.
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In the second step we have assumed that the Hamiltonian is diagonal in position representation (which
is the case for the helium atom). Let us now multiply and divide by the wavefunction before the
Hamiltonian.

_ J AR Y (R)$(R)™H (R)HY(R)

. TR o (R)O(R) (224
_ 4 v (R)Y(R)
= /dRzZJ (R)H@b(R)de o (R)0(R) (2.2.5)
= /dR EL(R) p(R) (2.2.6)
Where we have grouped terms as our local energy and our probability distribution.
1 _ P(R)Y(R)
EL(R)=v¢ (R HY(R) , p(R)= TaR o (R)o(R) (2.2.7)

And we can use the Monte Carlo method for integration together with Algorithm 2 to compute this
integral.

1 Nye
FE, ~ FEr(R; 2.2.8
Noro RZZN,) (1) (2.2.8)

With a statistical error bar of, (let us point out that this error bar can indeed be taken to zero in the
infinite Ny limit)

Var(EL)
> 2.2.9
Nuro (2.2.9)

We could bypass the manipulations presented above and just calculate the two integrals presented in
Equation [2.2.1], but by performing said manipulations we can make it such that we need only do one in-
tegral. If the wavefunction normalization were needed, both integrals would have to be performed.

2.3 Diffusion Monte Carlo

DMC is a projector approach to Monte Carlo simulations [4]. In this technique we use a projector
operator that represents complex-time evolution.

Gp=etH (2.3.1)

It can be show that this projector applied to any state exponentially suppresses all states, with the
lowest energy state being exponentially less suppressed.

[Yr) = Zcz- |1i) — etH Zci ;) = ZcieftE" V;) = coeE (WO) + Zc@e’t(Ei’EO) WQ) (2.3.2)
=0 =1
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With |¢;) the i-th eigenstate of the Hamiltonian. Knowing this we can write that for sufficiently large
t we have ‘w0> = GD hbT)

Now we can write our exact ground state energy as, (the denominator would give ¢y exp{—tFy}, allowing
us to do this as long as our trial wavefunction has non zero overlap with the ground state)
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This is the so called mixed estimator. when calculating energies this is exact. (If one wishes to compute
an observable that does not commute with H one needs to resort to extrapolated estimators, see [5] or
Equation M) Now, inserting the completeness relations we get,

_ [ dRodRy (1| H |[Ro) (Ro| ™ |Ry) (R |¢br)
J dRod Ry (7| R) (Rol e | Ry) (Ry|yor)

Now, we shall substitute using (R;|¢r) = ¥r(R;) and also inserting ¥ (Ro)/¢5(Ry) in the above
expression

(2.3.4)

Hyr(Ry)  Wi(Ro) (Rol e |Ry) i (Ry)

E :/dR dR - 2.3.5)
° M Wr(Ro) [ dRodRyi(Ro) (Ro| et |Ry) vor(Ry) (
And we now group terms as follows,
Hyr (R, ;

Bu(ie) = U0 g = [ams () (ol et | v () (236)
Yr(Ro)
We obtain exactly what we wanted,

p(Ro)
Ey= | dRyEL(Ry)+————— 2.3.7

Using the normal expression for Monte Carlo integration this can be solved, provided we can create a
series of independent configurations distributed as p(Ry) which is not trivial at all.
Let us examine this distribution,

p(Ro) = ¥7(Ro) /de (Ro| et |R1) ¥r(R1) (2.3.8)

This projector cannot be solved directly, but we can use two tricks. Since the Hamiltonian commutes
with itself we can break up this exponential into many small exponentials.

e~tH = (e_ﬂq)n, t=1n (2.3.9)

Now, we use Trotter’s formula, which states that in the 7 — 0 limit this formula holds. (We split the
potential in two so as to obtain a smaller time step error; this is called split two propagator.)

e T THV) = o=V 2e=To=TV/2 4 (12 (2.3.10)

Now we can solve these small pieces. We introduce n completeness relations into p and write
p(Bo) = v (o) [ T[aRs (Ricsle ™ 1) () (2311)
i=1

To solve each of these pieces, we need only realize that the kinetic term is only a diffusion equation, and
the potential one is just an evaluation. [4]

(Rifl - Rz)2

A

} exp{—7 (V(R;—1) + V(R;)) /2} (2.3.12)
The interpretation of this can be seen in Equation [2.3.12l We have a first part which just diffuses our
walker, and a second which accumulates its weight.

For a fixed tau, the number of steps tell us how many of these diffusion moves and weights we get
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for each walker. At infinite steps is when we fully project out the ground state (when our walkers are
distributed according to the ground state). It must be noted that ’'infinite steps’ means a few thousand
for our calculations. This can be seen in Figure [2| as it equilibrates after a few thousand moves.

For some interpretation, the weights tell us in some way, how promising one path seems. This will allow
us to give more importance to this walker when doing our simulation, in the end we can perform a

weighted sum.
Nuc

Ey~ NMC — Z EL(R (2.3.13)
¥ Ry~

Where w; = exp{—7 (V(R;_1) + V(R;)) /2} is the Welght accumulated after many steps.

When it comes to actual code implementation, our starting wavefunction is of the sort ¥p(R;) =
S"MW §(R, — R;) (remember that we do not need normalized wavefunctions). This basically means that
we are performing the projection method at the same time for all our walkers.

This is, each application of the projector with the small 7 is one Monte Carlo step, and at each of
these steps we do our computations simultaneously for all our independent walkers. This improves the
efficiency of the calculation significantly.

2.4  Branching algorithm

This weighting presented in Equation [2.3.13] is computationally inefficient, as we are doing all the
diffusion moves and computations for some walkers that will have negligible weights (some weights
decrease exponentially with the number of steps). What we do is use these weights at each step to
perform a ’'birth-death’ algorithm, this is called branching. After each step, we compute the weights
and add a random number between 0 and 1. If the result is lower than 1 we kill the walker, if it is
higher than one it has a probability to reproduce. This leads to the fact that our number of walkers
is not constant (we call population our number of walkers), this results in problems such as population
explosion or implosion. The way to address this problem will be discussed in the next section.

Algorithm 1: Branching

A basic pseudocode for branching is

i) The probability of surviving for each walker is P = exp{—7 (V(R) + V(R’)) /2}. Let us
remark that this is just the weight shown in Equation [2.3.12]

ii) If P < 1, then P is the probability of surviving to the next step. If P > 1 the walker survives
and has a probability P — 1 to create a copy for the next step. Both possibilities can be
computed at once by setting the number of copies for the next step as M = P +n with n a
random uniform number from 0 to 1.

To test the computational cost of branching and weighting, the same calculation has been performed
for both methods and compared (we have tested on the ground state of atomic helium). The results
can be found in Table [T} in which we can see that the branching method yields more accurate results
for the same computer time.



Weight | Branching
Acceptance 0.9938 | 0.9937
Computer time (s) | 103.71 | 99.82
E (Ha) -2.9052 | -2.90391
Sigma (Ha) 0.0015 | 0.00044

Table 1: Results obtained for a 4000 walkers and time step 7 = 0.01 in atomic helium. We can see how
for a same amount of computer time we get significantly better results with the branching method.

Due to its superior results the branching method will be the one used for all DMC calculations performed
in this report.

2.5  Importance sampling

The branching method introduced in the previous section has some computational problems, this is,
the fact that the potential energy has positive and negative divergences, which can lead to uncontrolled
populations. One straightforward solution to this is to limit the divergence to a very large number, this
solution will not be discussed in this report. Another method to tackle this problem is the so called
importance sampling technique. [5]

In this technique a guiding wavefunction ¢ is used. This has the effect of pushing the walkers towards
regions where )¢ is larger (In practice what we do is g = |[t7|). The effect of this is that our projector
defined in Equation [2.3.12]is now changed to,

(Ri—l — R; —7Vlog ¢G>2
2T

(Ris|e ™ Ry = (27) 82 exp{— } exp{—7 (E(Ri ) + EL(R)) /2}

(2.5.1)
This new projector presented in Equation [2.5.1) does solve our problem of population control. The
choice g = [1r| means that we will converge even quicker to the desired distribution, thanks to the
new term in the diffusion part of the projector.
It must also be said that in practice the second term is regularized with a trial energy Er, which helps
keep the population under control.

exp{—7 (Er(Ri-1) + EL(R;)) /2} = exp{—7(EL(Ri-1) + EL(R;) — 2E7)/2} (2.5.2)

This trial energy is updated so as to ensure that population is kept on average constant.

3 Application to He atom

3.1 Helium atom Hamaltonian

The helium atom is the simplest realistic system in which we can study electronic correlations. We
are interested in this system because the ground state DMC is an exact method, and we also have
access to an exact solution [2]. Within the Born-Oppenheimer approximation scheme, the helium atom
Hamiltonian is, (during all this report atomic units will be used)

| =2 N=2 1
H—_2 v 4= 3.1.1
PR T D

Where 15 is the electron electron distance and r; is the position of the i-th electron.

7



3.2 Trial wavefunction for the Helium atom

When performing Quantum Monte Carlo calculations, one normally starts with a wavefunction obtained
from a single particle Slater determinant using less expensive techniques such as DFT (Density Func-
tional Theory) and adds another factor that accounts for the electronic correlations. In this report, we
have decided to use a wavefunction of similar structure,

& = Dy(r1) Dy (ry)e’ ™ (3.2.1)

In which Dy is a Slater determinant of all the electrons with up spin and coordinates 74, and J(r) is a
so called Jastrow factor in which we will incorporate electronic correlations. It is of form,

N N

J(r) = x(r:) —% > ulri,ry) (3.2.2)

i=1 i=1,j#1

Where x(r;) is a electron-nucleus one body term, u(r;,r;) is a electron electron two body term.
For the ground state of helium our Slater determinants reduce to 1s orbitals.

Di(ry) = exp(—art) Dy (r)) = exp(—ar,) (3.2.3)

And we have decided to work with one- and two-body terms so that we can obtain as accurate a
wavefunction as possible. These Jastrow factors have been selected because they are the ones used for
solid molecular hydrogen due to their simplicity and good performance [6], so we expected them to have
an acceptable performance in our case of atomic helium.

N=2
J(R) = —fep Z e T wE _ feee—rfz/wge _ fbfefrfz/wz?frm (3.2.4)

(2

Using Variational Monte Carlo we can obtain the optimal parameters that minimize the energy. The
optimization has been done by hand.

a=2 fo=077T, wep=256, fo=041, we=135 fiy=-05 wy =01 (3.2.5)

It must be said that « and f,s have not been optimized, as we need them to be these specific values so
as to satisfy the cusp conditions.

As we can see in Equation [3.1.1] the potential energy exhibits a divergence in the Coulomb terms. The
way this is treated is with the so called cusp conditions. Whenever there is a divergence in the potential
energy, there is a cancelling divergence in the kinetic energy which comes from the wavefunction itself.
If the cusp conditions are not satisfied, we will encounter divergences in our calculation. |7, [4]

1d dJ 1 dJ 1
Lol __, - S (3.2.6)
?/) dTi[ r;1=0 drij ri;=0,0;7#0; 2 drzj Tij 4

=0,0;,=0;

Where 7;; is the electron ion distance, r;; is the electron electron distance and o; is the spin of electron
1. The first condition in Equation will set our parameter «; the second is what sets fy;. The
last condition will be useful when dealing with the first excited state of helium, which is a triplet 239
(one electron in the first shell and another in the second, with parallel spins and no orbital angular
momentum).



3.3 Variational Monte Carlo results

We must first explain how we obtained the parameters in Equation [3.2.5] We have optimized them
in groups to reduce the load on the computer. To do this we selected them in pairs and run a VMC
calculation for each possible pair value in a reasonable range, and studied the behaviour of the energy
in this range. This was repeated several times, adjusting the range of the parameters so as to obtain as
high an accuracy as possible. Then this was performed for the other parameters.

Using the parameters obtained, we can perform one Monte Carlo run. In VMC we generally want our
acceptance probability to stay between 0.3 and 0.7. This is done to ensure that we properly sample all
our space. The first part of our run is called the equilibration phase; this is the time it takes our initial
configuration (in this case taken as Gaussian) to start sampling our target probability distribution. This
part is discarded when calculating averages (see Figure . After this, the energies are accumulated and
then averaged over to obtain the final energy with its error bar.

~2.885 -
~2.890 -
)
T ~2.895 |
]
2 —2.900 - :
| ]
g i
£ —2.905 - i
1
~2.910 - i
: —— MC run
—2.915 - : -—- Average
| ——- Equilibration
0 1000 2000 3000 4000 5000

Monte Carlo Steps

Figure 1: VMC run performed for 7 = 0.35 Ha™ ', using 10° independent configurations and an accep-
tance ratio of 56%. The obtained energy is £ = —2.8913(1) Ha.

From the data shown in Figure [1| we can conclude that our wavefunction yields an energy close to the
one yielded by the true ground state of the system which is Fy = —2.9036(1) Ha (see Figure |5/ or Section
. Further improvements can be done adding more terms to the Jastrow factor or with the so-called
backflow correlations introduced by Feynman and Cohen [§], which will not be discussed in this report.
If a more accurate energy is sought, the Diffusion Monte Carlo technique is the way to go.

3.4 Diffusion Monte Carlo results

Diffusion Monte Carlo is an exact method for this problem, as the wavefunction does not have any
nodes. We have performed several large computations, one of which can be seen in Figure When
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performing DMC runs, we want an acceptance ratio close to unity, due to the existence of time-step
errors. These errors will be explored in Section [3.6], where we also shall perform an extrapolation to
zero time-step.

In Figure |2l we can see one of the drawbacks of this method: the low time steps in our simulation mean
that we take many steps to project the ground state. This means that about one quarter of our computer
time had to be discarded. There are some solutions to this problem, like using an old distribution of
walkers from VMC to start the simulation or allowing for large 7 for a few steps at the beginning. None
of these methods have been implemented.

|
I
I
~2.90 - I
— |
m i I
T 2.91 !
S 1
> |
[=)] I
5 :
c —2.92 1 !
w |
I
I
I
—2.93 1 i —— MC run
: —-—- Average
——- Equilibration

0 5000 10000 15000 20000 25000
Monte Carlo Steps

Figure 2: QMC trajectory for a time step of 7 = 0.0015 Ha ™!, we can clearly see the equilibration phase
and the cutoff for the warm-up. We obtain an energy of F = —2.90374(3) Ha. Calculation performed
using 6.6 - 10° independent walkers and with an acceptance ratio over 99%.

One practical problem that arises in these computations is that of self correlation. Since our time step
is very small, we cannot use all of the points in Figure [2] for the calculation of the average energy; we
must use only uncorrelated points. To do this, we have calculated the self correlation and the correlation
length, obtaining that the correlation length is ..., ~ 0.036 Ha~!, which in the case of Figure |2|is about
24 Monte Carlo steps. In practice, this means that in Figure [2| after the equilibration we have 790
independent points for the calculation of the energy of the run. This is the reason for the large amount
of steps in comparison to Figure [1}

It is interesting now to take a small detour to explain the exact solution so as to compare the energies
of both.
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3.5  Huylleraas’s solution

The ground state of helium is a problem that was solved by Hylleraas in 1929 [2]. To the best of our
knowledge, there are no systematic comparisons of quantum Monte Carlo reduced density matrices with
the exact ones given by the system.

The exact solution calculated by Hylleraas is not in a closed form. From the helium Hamiltonian, one
can see that our problem can be reduced to three coordinates s = 1 + 19, t = 11 — 19 and u = |7} — ]|
With these coordinates, our wavefunction can be exactly written as in Equation [3.5.1]

Y(s,tu) = e > Ciumns' (t/s)" (u/s)" I’ (s) (3.5.1)

j9l7m7n

Where k is the Kato cusp condition [7], and the logarithmic divergence was introduced by [9] to further
improve the accuracy. It has been demonstrated that the solution shown in Equation m (including
negative powers of s and t) is indeed a solution for the Hamiltonian in Equation m [10].

Using this solution, one can variationally obtain the parameters. This solution is exact in the sense that
it can be systematically improved upon the addition of more terms, although we do not have a closed
expression for it.

Both of the energies presented in [11] with the wavefunction in Equation are significantly better
than ours. One must take into account that they have used the already established code CASINO
[12] with 42 parameters for the trial wavefunction. The usage of a superior code and a more tunable
wavefunction is clearly expected to perform better.

3.6 Zero time step extrapolation

In Equation [2.3.10] we saw that when our time step goes to zero our results should be exact. We can
perform several computations for different time steps and then perform an extrapolation.

U(T) — e—T(T-‘rV) — e—T(V—Eref)/26_TT6_T(‘7—E7‘6/')/2 —>imp07‘tan08 G_T(EA‘L_ETF‘f)/2€_TT€_T(EL_Eref)/Q (361)
sampling

Which, when implemented in practice just means that we will propagate with the kinetic term. And
our branching will be done with probability

T

P(R,R) = exp ( 5 (BL(R) + EL(R') — zEref)) (3.6.2)
This is what is known as a Split-2 Propagator [I3]. The error introduced by this propagator is quadratic
in the time step and thus, the best way to perform the extrapolation is with a parabola. This what is
done in Figure [3| where we can see that zero time step extrapolation yields very good results. Yet the
result of the extrapolation is worse than that of the lowest time step calculation, this is to be expected,
as these points are already highly accurate and the extrapolation is affected by points with less accuracy.
It must be noted that our extrapolation result does not agree with the exact energy within the error
bars, but the point with the lowest time step does (see Figure 3)).
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Figure 3: Zero time step extrapolation using Diffusion Monte Carlo. The fit is done with a second order
polynomial and with the error bars as weights [I3]. The obtained energy is Ey = —2.90370(1) Ha. It
can be seen that as we decrease our time step, the error introduced by the Trotterization is smaller than
our error bars and thus can be considered negligible.

Zero time step extrapolation is an expensive yet powerful technique. As the time step is decreased, the
number of steps must increase so as to keep the number of uncorrelated points similar, also the number
of walkers must increase in the same way. This means that a reduction of 7 by a factor of 10 increases
the number of computations by 100.

3.7  FExcited states with Quantum Monte Carlo

Quantum Monte Carlo also allows to calculate excited states. In our case, the first excited state of
helium is a triplet, this offers some new challenges with respect to the ground state. Our excited state
wavefunction ¢*(R) will be,

Y (R) = [e (2 — arg)e” 22 — (2 — arl)e_ml/ge—mﬂ e’ (F) (3.7.1)

And we keep the same Jastrow factor as before. Now, the wavefunction has a node, and thus it is
negative at some points.
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Figure 4: VMC calculation of the excited state energy. The energy obtained is —2.13058(3) Ha. The
run has been performed with 50k configurations and 1000 steps at 7 = 0.35

In Figure 4f we can see a run done for the excited state energy of Helium with Variational Monte Carlo.
The energy obtained is not extremely accurate, this is mainly due to the fact that the Jastrow factor
has not been re-optimized beyond enforcing the cusp conditions. Thus, we use the parameters presented
in Equation with the change f,; = —0.25.

If one wants to run a DMC calculation, this is a problem as the wavefunction itself cannot be used as
a probability distribution. It can be seen in Equation that if one of these diffusion steps were to
cross the node, we would acquire a minus sign that will be carried all the way to the computation of
the energy.

The way to solve this is to use the so called fixed node approximation. In which we allow all walkers
to freely move so long as they do not cross the nodes. There are two ways to implement this, (one can
also allow walkers to cross the node and then make sure to take this minus sign into account, this is in
theory exact, but dramatically increases the cost of the calculation).

i) Reject all moves that change the sign of the wavefunction.
ii) Kill a walker if its last move changed the sign of the wavefunction.

Out of both methods, we expect the rejection to be move efficient, and thus it is the method that
we implemented for our calculations of excited states. It must also be said that importance sampling
applies a force that is inversely proportional to the distance to the node. Thus the usage of importance
sampling reduces the probability that a walker crosses a node dramatically. Nevertheless, this problem
has to be treated by rejecting such moves. We have not performed a calculation of the excited state

with DMC.
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4 Benchmarking QMC

I would like to thank Valerio Olevano for providing us with the exact wavefunctions and solutions shown
in this report.

4.1 Wavefunction comparison

It would be appropriate to first compare our trial wavefunction to the analytical one, this is done in
Figure This will allow us to see if correlations are being correctly treated, and will tell us how
different both wavefunctions are. We can see that our trial wavefunction is mainly different at the
electron-electron point, but quite similar at the nucleus. From this we can conclude that not only is
our variational energy close to the ground state, but so is our wavefunction. This means that other
observables could be calculated with this trial wavefunction. It also means that our trial wavefunction
is not correlated enough.

a) _ b)
1.00 0.8 1 — Hy
— VMC
0.75 0.7
0.50
0.6
0.25
0.5 1
> 0.00 >
0.4 1
~0.25
0.3
~0.50
o . \
_1.00 0.1 | T T T T T T T T T
-1.0 -05 0)-(0 0.5 ~1.00-0.75 -0.50-0.25 0.00 0.25 0.50 0.75 1.00
X

Figure 5: a) Hylleraas wavefunction with isocurve at 0.15 (F = —2.9036(1) Ha) b) Hylleraas and
VMC wavefunction, both normalized (Ey e = —2.8913(1) Ha). Both have represented the position of
electron 1 (in pink) and of the nucleus. They are represented such that r; = (0.5,0,0) and z; = 0. Both
have been normalized by the computation of the six dimensional integral.

Both wavefunctions shown in Figure [5| are extremely similar, but some particular properties are indeed
different. We can see that the electron ion cusp is well treated in both cases, as they are very similar and
of almost equal slopes. The electron electron cusp is a different story, both wavefunctions satisfy Kato’s
cusp conditions, but the value at the e-e point is significantly different. This is a sign that the true ground
state has higher correlations than those included in the trial wavefunction. The Hylleraas wavefunction
exhibits a different slope to the right of the fixed electron, this resembles screening of the nuclear charge.
Meanwhile the trial wavefunction does not show this change of slope. This is already telling us that
our Jastrow factor is missing something, probably a three body term that changes behaviour when one
electron is further from the nucleus than the other, this should be capable of reproducing a change of
slope.
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Another method of further improving this is to use the DMC scheme. This can be seen by comparing
the energies of Figures [I] and [2, we can confidently say that DMC is very likely capturing the electronic
screening behaviour present in Hylleraas” wavefunction, due to its highly accurate energy. The DMC
wavefunction cannot be computed in general, but in two electron systems it can be calculated from the
pair density (in Appendix |[B| we present an approximation for the pair density, which we believe to be
too crude to have a meaningful discussion).

4.2 One Body Reduced Density Matriz

The one body reduced density matrix (IRDM) is an incredibly useful object, as it allows to study the
level of correlations and delocalization in a material. It is standard practice to use QMC to calculate this
object and also its Fourier transform, the momentum distribution. We wanted to explore how accurate
is QMC in the calculation of these objects since, to the best of our knowledge, there is no benchmark of
1RDM with real space QMC in the literature with respect to the exact result. Our case, atomic helium,
is specially useful for this, as we have the exact solution.

The 1RDM is defined as,

p(r,r') = N/dTQ...dTN Y(r,ro, r3..rN )V (1 1o, T3 N) (4.2.1)

The main problem that we faced is that this object is highly complex, requiring a large amount of
computational resources. What we did was calculate elements fixing 7. This allows us to compute
elements of this density matrix quite efficiently. One check that was done is that the diagonal of the
IRDM must equal the density, (with n(r) the density at r)

= n(r) (4.2.2)

One way to compute this object with QMC is to use the ghost particle technique, in which we create a
random position s to improve the computational efficiency of the calculation [3]. The price to pay for
this is that our solution now depends on the trial wavefunction due to the mixed estimator error.

. 1
plr.T) = <f(8)¢(7"1,r2)

Where f(s) is the distribution from which we draw s, in this case taken uniform f(s) = 1/, and € is
the volume of the simulation space. The calculation of this object is then straightforward: one has to
perform a Monte Carlo calculation and accumulate this object instead of the energy. For the estimation
of the error bars, we perform the same computation several times and then calculate the standard error
on the mean for each point.

{6(r —r1)o(r" = s)i(s,ra) + 6(r — r2)d(r" — $)1(ry, s)}> (4.2.3)
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Figure 6: a) Reduced density matrix calculated with Diffusion Monte Carlo, b) Reduced density matrix
with DMC minus the one calculated with VMC. It can quickly be seen that our trial wavefunction is of
high quality, since the VMC and DMC results are very close to each other. Since our object p(r,7’) is a
six dimensional tensor, we must slice it to obtain a 2d map, the slicing is done as follows, ' = (0.5, 0, 0)
and we set z = 0 so as to obtain a two-dimensional map. The error bars are of the order of 10~2 for the
first figure and 102 for the second one.

The image shown in Figure @a) is an off-diagonal slice of the reduced density matrix (only one point in
the figure belongs to the diagonal), and thus it shows the correlation in the system. At first inspection,
the slice presented in Figure @a) seems to be spherically symmetric. We would expect the IRDM not
to be spherically symmetric, as the electronic correlation is distance dependant. We can see that the
1RDM does not present spherical symmetry in Figure This non spherical terms can also be seen
in the wavefunction in Figure [f| In Figure [7] we can see that both VMC and DMC allow for a good
calculation of reduced density matrices, producing results that are in agreement with the exact one. We
can conclude that at least in the helium atom, the IRDM can be calculated with both QMC methods.
As a further bechmark we have computed p(r = 7/,7") and compared it against the electronic density

n(r'), see Figure
pVMc(T/,’I"/) = 0535<8>, nVMc<T‘,) = 0601(6), pDMc(T’,, T’) = 0532(4), TLDMc(T’,) = 0595(4) (424)

We can see that while our results are not in agreement, they are close. One reason for this can be that
we are not sampling on the exact same grid or the length of the calculation. For the DMC results, the
problem could be due to the mixed estimator error.

The mixed estimator error in Diffusion Monte Carlo is an error that arises from the fact that what we
are truly sampling is (17|1o). This problem appears for sure if one tries to calculate the expected value
of an observable which does not commute with the Hamiltonian. A quick remedy is to use the so called
extrapolated estimator [4].

(Wol S [1ho) ~ 2 (to| S [r) — (¥r| S ibr) + O|(vho — vr)?]

The main drawback of this technique is that we rely on the quality of our trial wavefunction. Since
qualitatively we do not observe a difference in our DMC and VMC results we cannot at this stage
perform a benchmark of the mixed estimator error. A more robust way of computing averages is to use
path integral QMC methods, such as reptation QMC.

(4.2.5)
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Figure 7: a) Slice of the 1IRDM calculated with DMC, VMC and the exact one. b) x > 0 part minus
x < 0 part of a). The slicing is done as follows, ' = (0.5,0,0) and z = y = 0. We can clearly see that
both methods work well, with small disparities at the nuclear position, this is to be expected as the
r = 0 point is not included in the simulation, thus there is some smearing of the cusp.

In the case of the helium atom we can see that VMC is already qualitatively really good at computing
the IRDM. This is seen in Figure [7h. It is only by looking at features that are two orders of magnitude
smaller (Figure ), that we can appreciate that DMC is more precise and slightly more accurate. If
we were to work with a system in which correlations were more significant, VMC might prove a good
option for the computation of the IRDM. (In realistic systems we have much more electrons, this can
lead to larger features that could be captured with VMC.)

The calculation of reduced density matrices is an important step towards understanding a material. It
allows to study the degree of correlation, calculate orbital occupation numbers, calculate the natural
orbitals and more. We can conclude that if a qualitative analysis is sought, VMC seems to be a viable
method. However, if observables are to be computed with the 1IRDM, we need much more precise
calculations. For example, one calculation that can be done as a benchmark is the kinetic energy with
the IRDM.

dr’ (4.2.6)

r=r!

Kl =~ [ V()

We have tried to compute the kinetic energy K, but the conclusion was not satisfactory since the result
is way too sensitive to small changes in the IRDM.

4.8  Electronic density

In condensed matter the density is quite an important object, as we know from the Hohenberg-Kohn
theorem [14], we can in theory obtain any observable as a functional of the electronic density. This
means that computing the density allows us, through the use of these functionals get observables. We
can indeed compute the electronic density of helium with Quantum Monte Carlo methods.

The density is the integration of the wavefunction squared except on one coordinate. In our case, the
density is, (it is also the diagonal of the one body reduced density matrix, which has been introduced
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in Section Equation
n(r) = / dr'lr, )2 + / arlp (v = 2 / ar' (1) (4.3.1)

This is done because each electron has a different spin, and thus the spatial part of the wavefunction is
symmetric under position exchange. This expression can quickly be turned into a Monte Carlo integral,
as the integrand itself is a distribution; thus, our accumulator only has to be 1 to be able to use Equation

21T

L
n(r) = 2/dr’|1/1(r, P = 2/dr’1 () A 2N Z 1 with r; ~ |¢b(r, )| (4.3.2)

What this equation means is that at each step, we just add one to where our electrons are. When
we are done we divide by the number of steps, getting a density histogram of the positions, which is
exactly what we want. This allows for a very quick calculation of the density on a grid, especially for
the significantly faster VMC method. The error bars are obtained in the same way as those presented

in Section 4.2
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Figure 8: Radial density obtained with Diffusion Monte Carlo, Variational Monte Carlo and density
obtained from [I5]. Our calculations are done on a 51 points grid spanning from [—3,3] in the three
dimensions, here we only see 26 points as we only show the radial part.

The results of our VMC and DMC calculations are shown in Figure [§ together with those obtained from
[15]. We can quickly see that qualitatively at least for the density, Variational Monte Carlo is good
enough as it is within error bars of the two other results. A small qualitative difference can be seen:
DMC’s value is slightly lower than VMC at the start and then a bit larger at the tail. This seems to
point out that the ground state is a bit more delocalized than our trial wavefunction. It can also be
understood as a screening of the nuclear charge.
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The method that we have used is to place the electrons in whichever grid point was closer to them, this
means that electrons beyond 3aq are always placed at 3ag. This is the reason why both methods yield
slightly larger values at 3ay than expected.

4.4 QMC benchmark summary

In this section we will present a summary of the computational efforts and accuracy of different observ-
ables obtained with VMC and DMC during this work, see Table [2]

Quantity | Value Relative error | N walkers (10%) | N steps (10%) | 7 Grid points
Evve -2.89128 | 4.5¢7° 10 ) 0.35 -
Epnvc -2.90374 | 7.9¢° 66 25 0.0015 | -
Eo timestep | -2.903754 | 1.9¢° - - - -
Tue | -2.130579 | 1.6e 0 5 1 035 |
PvMC figure |6 0.019 2 20 0.35 50
nvmc ﬁgure S 0.091 1 5) 0.35 51
Npypc ﬁgure S 0.079 1 5 0.01 51

Table 2: Comparison table. The relative error is calculated as the error bar divided by the value. The
relative error for the 2d objects is calculated as the average of the relative error at all points. It must be
said that the large errors in the reduced density matrix indicate that we need more points to average,
and more walkers to completely fill the whole space, as there are some points that are never visited and
thus have an undefined relative error. EY )~ is our excited-state VMC energy. Ej timestep i the energy
obtained from 0 time step extrapolation, see Figure

The results shown in Table [2 are extremely interesting. First, it tells us that calculating energies with
DMC is indeed more expensive but much more accurate. We can also see that when it comes to density
matrices and densities, DMC and VMC perform in a very similar way. This means that, for further
studies, one can use the much less expensive VMC for obtaining these objects.

5 Conclusion

The basic theory of Quantum Monte Carlo methods has been explained. We have performed very
accurate calculations of the energy of the ground state of helium, obtaining an energy of Ey o =
—2.8913(1) Ha and Epye = —2.90374(3) Ha. The wavefunction used in VMC has been compared to
the exact one, showing that the trial wavefunction used is of good quality. A way for improvement has
been provided. We have also obtained the electronic density of the helium atom within error bars of
[15]. Furthermore we have done a systematic comparison of QMC with an exact solution, allowing us
to benchmark the accuracy of the 1IRDM that QMC methods provide. We can see that even with a
not exact trial wavefunction, a qualitatively good 1RDM can be obtained. We can also see in Table
that the computational cost for accurate and precise 1RDMs is not much larger than for the energies
(This means that a run that accumulates the energy should also be able to obtain a precise IRDM).
We also want to highlight that if observables have to be computed with the 1IRDM, much more precise
and accurate calculations are needed. As a last remark we want to state that in the 1IRDM and in the
electronic density, the differences between VMC and DMC are only seen when one looks at the details
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in the structure of the results. This means that VMC can be a useful tool for the calculation of these
objects.

As a further study, it would be interesting to compare density matrices obtained from several methods,
allowing for a full benchmark of the many-body theories that allow the calculation of this object. As
of now, the one body reduced density matrix is an object that has not received a lot of attention, but
it holds a lot of information. Most studies calculate it with QMC, but comparing other methods might
tell us that we do not need the whole computational power of QMC for this object, and that maybe
GW or DFT suffice. It would also be useful to benchmark the mixed estimator error and see to what
degree it changes the real DMC solution.

Also, a similar study could be conducted for the alkaline earth metals. They should allow for a simple
way of benchmarking pseudopotentials, as the valence electrons are the same as those of helium. Also
the code developed can quickly be extended to the calculation of other atoms, with a natural next target
being the lithium atom or the hydrogen molecule. Both would present different challenges and might
lead to interesting results about the accuracy of QMC.

A natural continuation of this work is to compute the reduced density matrix of a metal, a semicon-
ductor and a metavalent material and compare their behaviour. This could lead some insight into the
interesting properties that these materials have and, hopefully, a deeper understanding of the large di-
electric functions of metavalent materials. This could pave the way for new materials in photovoltaic
cells.
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A Metropolis-Hastings algorithm

The Metropolis-Hastings algorithm, introduced in 1953 by Metropolis et al. [I6] is an algorithm that
starting from an initial distribution, allows us to evolve it and obtain a target distribution proportional
to the initial one. The evolution of our distribution is performed in subsequent steps, and the evolution of
each of these steps depends only on the current distribution, making the Metropolis-Hastings algorithm
a Markov chain [I7]. Markov chains are stochastic processes that depend only on the current state of
the system and not on previous steps.

A graphical example of this algorithm is shown in Figure [9] where we can see that this algorithm does
evolve our positions to end up distributed according to some target distribution. Let us remark that in
the Monte Carlo notation, R = {ry, 73, ...,7n} will denote the full position of all our particles.(We will
call "walker’ to one set of electron positions)

Algorithm 2: Metropolis-Hastings

Let us examine a basic pseudo code for this algorithm.

i) Draw a set of random numbers for the initial position of our electrons Ry in the way you
think most resembles the target distribution n(x). For example in Variational Monte Carlo
(Section will be the square of the modulus of the trial wavefunction.

) Propose a new configuration R’ = Ry + /7x with x a random Gaussian number.

iii) Compute the acceptance probability for each move a = n(R’)/n(Ry)
iv) if a > u we set Ry = R’ else, Ry = Ry with u a uniform random number between 0 and 1.

v) Repeat steps ii-iv until you get the convergence you needed.

It can be seen how these moves allow the system to eventually reach all of configuration space,
and thus the method is ergodic.

1

This algorithm is normally done with a large number of configurations at the same time, so as to make
the code more efficient. The parameter 7 is related to how large the moves can be, it will control the
acceptance ratio of the algorithm. It can be seen that if 7 = 0 then a = 1 and thus all moves are accepted.
The ideal acceptance ratio depends on the Monte Carlo method that is being implemented.

One important point to mention is that in the Metropolis algorithm we only need the ratio n(R')/n(Ry),
and thus we do not need to know the normalization constant of the probability distribution, this will
be specially useful for wavefunctions as this means that we need not calculate the normalization.
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Figure 9: Example of the a metropolis algorithm run with 1000 configurations. a) Initial distribution
taken to be a constant. b) Final distribution after 10 steps with 7 = 0.5. Target distribution is a
decaying exponential n(x) = e~* defined only in the interval z € [0, 1].

When performing a calculation, we will continue to perform this algorithm even after obtaining our
distribution, this is done to get several data points that allow for averaging and error bar estimation.
The way this algorithm is implemented introduces autocorrelation in our samples, this is, one step is
not fully independent of the last one as they should in a Markov chain. There are two ways to mitigate
this.

i) Use many independent configurations at once and get the average for each step over these configu-
rations.

ii) Calculate the autocorrelation length t. and perform a blocking of the data into blocks of this size.
(One can also accumulate the energy every t. steps)

In the calculations presented in this report both strategies have been implemented so as to increase the
confidence of the error bars. Another strategy to reduce autocorrelation is to increase the time step,
but this leads to large inefficiencies in Variational Monte Carlo, and to large errors in Diffusion Monte
Carlo.

B Pair density approximation

Let us begin this section by stating that the approximation to the pair density presented here is not cor-
rect. We are currently working on finding a way to accurately sampling the pair density of helium.

The pair density n(® (r,7') is an object which tells us how likely it is to find an electron in a position r
if there is another in /. In the case of two electrons, the pair density is conveniently defined as,

n®(r, 1) = 2|4 (r, 7)) (B.0.1)

In the general case it is the diagonal of the two body reduced density matrix, a much more complex
object defined as (for two electrons we need not even integrate)

PP, " ") = N(N — 1) /¢(r, rorae, )V (" " sy )drs..dry (B.0.2)
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This object will allow us to directly compare our simulations with the Hylleraas wavefunction. To do
this we will simply compute this object with one electron fixed and calculate the square root. This will
yield a wavefunction comparable to that shown in Figure |5 The fixing of one electron is done to make
this object smaller and more feasible in its calculation.

This has the advantage that it can be implemented for Diffusion Monte Carlo calculations, allowing us
to compare two solutions which exhibit similar energies and accuracies. It is important to remember
that the comparisons we are about to do work only for systems of two electrons, so this is not a general
comparison that can be done. Nevertheless, for our purposes it will be extremely convenient.

First we must transform Equation into a Monte Carlo integral for one electron fixed at our target
position v = (0.5, 0, 0).

N
n®(r,v) = 2/¢(r,v)|* = 2/dr1dr2|w(r2,7‘1)|25(r1 —0)d(ryg — 1) = 2% Z d(ry; — v)d(re; — 1)

(B.0.3)
such that (rg;, r1;) ~ |¢(7"2a7"1)|2

As an approximation we decided to sample the conditional probability. For this our code already has
an electron fixed at ' = v and only moves the other electron. This means that what we actually
obtain is the normalized conditional probability distribution of electron one p(r|v) and then multiply
by the electronic density at v. This is done so that our object n(2)(7°, r’) integrates to two over both
coordinates.

n? (r,v) = p(r|v)n(v) (B.0.4)

By the use of this we obtain the results shown in Figure [10]
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Figure 10: The DMC wavefunction presented here is not correct. a) Wavefunction obtained from pair
density within DMC scheme, with isocurve at 0.15. b) All our wavefunctions in the y = z = 0 line (the
DMC wavefunction has its errorbars as a shaded region), the position of the second electron is shown
with the pink line. For subfigure a) the large similarity with Figure [5a) can be seen. The electronic
repulsion can be seen in the difference of slopes of the positive and negative side. Nuclear screening can
also be appreciated by the change of slope after x = 0.5.

The results shown in Figure [10[show an incredibly interesting result, our VMC wavefunction is superior
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at the nucleus point, but it fails to capture the change of slope after the electron point (screening). This
could be addressed with a different Jastrow factor. We must remark that the DMC problems at the
cusp are due to the incorrectness of the approximation that we have used. DMC also exhibits a small
bump at the electron-electron position, we believe this to also be an artifact of the sampling method
used. Still our wrong approximation does capture the nuclear screening.
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