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We introduce Nitrogen-Vacancy (NV) systems and our pseudo 2 level system to model them. We
explain the relevance of producing high fidelity microwave control pulses in the 2 level approximation
to isolating NV centers from background noise. Given the large search space for possible robust
dynamical decoupling sequences for 2 level systems, we setup and apply a number of value-based,
policy-based, and a model-based reinforcement learning (RL) algorithmic approaches to search for
sequences. We observe how RL methods overfit to their training environment and propose a solution
with a Monte-Carlo sampled environment. We present training runs for our RL algorithms for
constructing 6 and 12 length sequences, comparing to literature and the full 6 length brute force
distribution. We determine patterns in the 6 length pulse sequence distribution to build a beam
search algorithmic search method that outperforms our best RL models. We compare our RL and
beam search results against similar RL work for decoupling that produced 2 sequences: anglel2, a
length 12 Al-only generated sequence, and yxx24, a length 24 Al-human produced hybrid sequence
[1]. We show how the patterns we find allow us to find sequences that improve in fidelity compared
to length 12 pulses in literature [1] from 0.99 to approximately 0.999. Using the same method, our
overall best pulse sequence achieves a fidelity of ~ 0.99998 over 24 pulses. We propose methods
through which the pulse sequence patterns determined to build our beam search technique could be

further expanded for advanced RL techniques.
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I. INTRODUCTION

Quantum sensors have broad application to tasks like
magnetometry, structure characterization (strain, or Nu-
clear Magnetic Resonance, NMR, tasks), etc [2]. For ex-
ample, the SQUID (Superconducting Quantum Interfer-
ence Device) offers high sensitivities approaching values
as low as 0.3 fT Hz~/? with mm spatial resolution, or n'T
sensing scales with sub-micron resolution [3, 4]. However,
the cryogenic requirement of the SQUID system limits
its mobility, applicability to live biological samples, high
temperature/pressure environments, etc. Platforms like
the Nitrogen Vacancy (NV) in diamond provide superior
spatial resolution reaching resolutions of hundreds of nm
over um fields of view despite weaker magnetic sensitivity
[5].

A. NV Systems and Simulation

NVs are local defects in a diamond lattice [2, 5]. The
defect appears when 2 adjacent carbon atoms are re-
moved, and one hole is filled with a nitrogen atom as
shown in Figure 1A. We consider only the NV(—) de-
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FIG. 1. (A) Represents a unit cell of diamond with a Nitrogen Vacancy - NV - present. The NV is represented as as the
red replacement for the black carbon. Then one carbon is missing in the blue marked sphere. Colors are chosen here just for
visualization. (B) is the energy diagram of the NV system similar to [6]. The NV system has a ground triplet state ®As and an
excited triplet state E. The transitions from the ground to excited states are usually driven by a 532 nm green laser, de-excite
as red emission. Both ms = 0,1 can decay through the Inter-system-crossing (ISC) states ' A *E shown on the right. This
de-excitation path is largely non-radiative. The transitions overall are usually spin-conserving such that driving can initialize a
population in ms = 0,%A,. (C) is a cartoon representing the primary sources of noise in our system. Modeled as 2 interacting
spin %s, there is a magnetic dipolar interaction between the two spins (coupling between the 2 spins). They are also affected
by local magnetic disorder in the environment magnetic field - hence the randomly oriented arrows. The applied microwave
pulse is visually represented as a yellow illumination here, schematically representing that the spins can be affected by errors
in the applied pulse. This cartoon summarizes visually the 3 primary sources of error.

fect [6]. This defect exhibits a rich energy level struc-
ture displayed in Figure 1B. It consists of a spin triplet
state 3 A, with spin quantum numbers ms = 0, m, = +1,
and a similar triplet excited state 3E [6]. Electrons are
typically excited from the 34, to the 3E state through
application of a 532 nm green laser [6]. De-excitation
back to 3A, radiates in the optical spectrum and can
be experimentally read out [6]. De-excitation from the
excited state 3E can also occur through the displayed
singlet states. These singlet states are shown in Figure
1B - the 'A and 'F states. While the optical transi-
tions between the excited and ground triplet states are
spin-conserving between the m, states, the 3E to singlet
to ground triplet de-excitation path is usually not. An
electron in the m, = =+1 states of *E is more likely to
de-excite through the non-optically-radiant singlet state
than not, while the ms = 0 states usually decay directly
back to ground. Since the singlet state path, known
as the intersystem crossing (ISC), flips the state from
mg = =1 to my; = 0, repeatedly pumping the electron
population from 34, to 3E accumulates electrons in the

mgs = 0 ground state. These dynamics can then be fur-
ther manipulated for sensing or other tasks [2].

For example, a population of electrons prepared in
the m, = 0,3A, state can be used for magnetometry.
In the presence of a magnetic field, the energy levels
of the my; = +1 states change. When this system is
then driven with a microwave field on resonance with
the transition from the ground mgs = 0 to my = £1
states, the ISC mechanism leads to a reduction in ob-
served photo-luminescence (PL). The difference in reso-
nance frequency from the expected resonance frequency
for zero-field splitting only, ~ 2.87 GHz, can be used
to determine the signal magnetic field. This simple ex-
ample is known as ODMR [6], Optically Driven Mag-
netic Resonance. While there are many energy levels in
the displayed diagram, the population difference in the
mg = 0, =1 states after initialization is what affects PL -
the output signal.



B. Decoupling

Decoupling is the process of isolating the NV system
or sensor from background noise. Consider a background
magnetic field, for example, that shifts the ms = £1 en-
ergy levels. Now, the frequency that was on resonance
for the signal mgs = 41 transition is slightly off reso-
nance. Since NV centers are used in an ensemble where
an entire diamond sample containing NVs is used, then
small differences in these resonance shifts, phase differ-
ences between the mys = 0, &1 states, will wash out the
PL pattern through interference. Our goal is to suppress
this dephasing.

To do this, we’ll use a model with 2 interacting spin
%s like other approaches [7]. This is represented in Fig-
ure 1C. When subjected to a near-resonant microwave
driving field, the NV spin transitions are limited to the
selected 2 level subspace and can be modeled as a pseudo
2 level system. In our 2 level system the effect of dephas-
ing is represented as the infidelity between the final state
after time t; and the initial state initialized at ¢ = 0.
So we approximate our NV system as a 2 level system
with the ms = 0,1 (or -1) states, and the interactions as
magnetic dipolar interactions between 2 spins.

Our goal is to determine what sequence of microwave
pulses can be applied to the system to eliminate decoher-
ence. These microwave pulses purposefully drive transi-
tions from the mys; = 0 to the 1 state with the goal of
returning the state to the ms = 0 state as closely as
possible. Viewing this in our 2 level system lens, we’ll re-
fer to our microwave pulses in terms of rotations on the
Bloch sphere with the m; = 0,1 states being the pure
states on the sphere. Specifically, we’ll consider 7 and 5
microwave pulses, representing rotations of 7 and § ra-
dians on the Bloch sphere respectively. A larger fidelity
in the final state to the initial state represents more of
the population remaining in the mg = 0 state after some
time ¢, corresponding to a state that has been protected
from noise. If the fidelity of the final state compared to
the mg = 0 direction is greater after applying the pulse
sequence than with no control applied, we’ve successfully
decoupled some or all of the noise.

We consider overall 3 sources of noise: (a) magnetic
dipolar interaction between the 2 spins, (b) imperfect
pulse rotations (c¢) variations in the background field,
which we refer to as Magnetic Disorder. The chosen
Hamiltonians for interaction and pulse rotations are pre-
sented in equation (1). Imperfect pulse rotations are rep-
resented as a small change in the unitary evolution of
as discussed around equation (2).

H=-2rJ[S,®5, -5, ®85;, —5,®85,]+
0 Jais [S: @ T +1®5S.] (1)
where J, Jg;s represent interaction and magnetic dis-

order strengths respectively, and S; represent the spin 1
spin operators along all 3 directions z,y, .
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FIG. 2. We sample many 2 spin systems from physically in-
formed distributions of possible values; the reasoning for this
is discussed in section IIB. The system is left to evolve un-
der no control for 6 discrete steps of 7, represented by the 6
box plot distributions shown in red. The distribution slowly
dephases from the initial coherent state. In blue, we apply
a simple sequence consisting of alternating 7 pulses, demon-
strating how the fidelity is more maintained through this se-
quence. This example demonstrates how application of a sim-
ple control pulse sequence can better maintain the fidelity of
our interacting systems, even under the presence of rotation
errors, local magnetic disorder, and the spin interactions.

This formulation has direct application to NMR with
NV systems, or even other fields like quantum comput-
ing. In quantum sensing, for example, these protocols
we produce would shield the NV from background fields
from the spin bath or other time-varying fields.

The need for these 'protection’ pulse sequences is illus-
trated in Figure 2, where we compare the final fidelities
of many sampled 2 level systems after applying a series
of & pulses (in blue) compared to no control whatsoever.
These sampled 2 level systems each have different noise
parameters for reasons discussed in section IIB, hence
we have a distribution of fidelities after applying each
pulse. While the fidelity is lowered during the pulse se-
quence, the median fidelity is significantly higher in the
controlled case against the no control distributions which
slowly reduce in fidelty.

C. Challenging Search Space

The first challenge is the space of possible pulses.
We’ve previously mentioned only 7 and 7 pulses for this
2 level system. Of course, it is possible to theoretically
rotate the state of a two level system on the Bloch sphere
by any angle. But, as the search space of such arbitrary
pulses is arbitrarily large, we start by limiting our work
to these predefined - and experimentally feasible - 7 and
5 pulses only.

We choose to model a pulse sequence as N pulses,
each separated by a free evolution interval 7. Adding
'no pulse’ as one possible choice, we have 9 choices for
each N pulses. This gives a total space of possible com-
binations of 9V sequences. Considering arbitrary length
sequences would make this problem intractable, so we
enforce this choice to evaluate our algorithmic methods.



We therefore only consider pulse sequences of fixed
length and compare to other sequences of similar length.
We consider lengths of 6, 12, and 24, to compare with
either brute forced distributions or prior work.

This search would still be impossible with brute force
or algorithmic searches only for long sequences. Limited
by the simulation time on the CPU, evaluating a reason-
able fraction of 92,924 pulses is not possible. Therefore,
we will primarily consider 1 efficient search technique
known as Reinforcement Learning - see [8]. Rein-
forcement Learning is discussed at length in Section IT A.

II. METHODOLOGY

We mostly use RL techniques in this project. These
techniques are elaborated on at length in Section ITA.
Our ’environment’ - simulator - is explained in Section
1IB.

A. Reinforcement Learning

Reinforcement Learning is a subset of the field of Ma-
chine Learning (ML) [8]. There are 3 regimes in ML.
The first is Supervised Learning (SL), in which a model
learns to approximate a mapping function from some a
set of inputs - X - to a set of known correct outputs -
Y. Linear regression is an excellent example of this. The
second is Unsupervised Learning (UL), where a model
learns to compute a desired output Y using only the set
of inputs X. Any encoding problem is an example of
UL. The third is Reinforcement Learning (RL), in which
a measured metric is maximized in a defined simulator
[8]. This metric is known as the 'reward’, and is repre-
sented in our case as

) e

where ¥(t) = Ui (t)yo and 19 = Usathg, therefore Us =
I. U; represents a unitary evolution operator that evolves
o to ¥(t) encapsulating the evolution due to all pulses
in a sequence.

The process of RL is summarized in Figure 3, and the
3 major components, environment, agent, buffer, are ex-
plained here. The first component, the environment, is
our simulator. The environment simulation must occur
over discrete steps. In our simulator, this corresponds to
individual discrete choices for pulses to apply. The envi-
ronment must also be represented at each discrete step
with a state s;. This state vector contains all information
about the environment. Our state vector is represented
as the expectation and variance (for why variance, see
Figure 5) of our combined Pauli operators P;; = S; ® S
on the quantum state v (t).

Te(U,UY)

R=—-log|1—Re ;
Tr(U2U2

The state vector must also follow the Markov-Chain
property: it should be possible to determine s;y; using
only a;, s;. The value of each state must be evaluated
using a reward function which is given in our case in
equation (2). If the state vectors do not have the Markov-
Chain property, there is no reasonable expectation that a
model should be able to predict the next immediate best
action given the current system state.

The state and reward (optionally) are passed to the
agent. The agent represents the technique that is used
to produce each pulse (action). Using the state, the agent
create a policy representing a rule-set by which the next
action in the sequence is chosen. This action is chosen,
sent back to the environment for simulation, and the pro-
cess is repeated. The process ends only after each pulse
in the sequence is chosen sequentially.

The records of all s, a;, R; are passed to the buffer.
This list of actions, rewards, and states is known as a
trajectory. Trajectories are sampled from the buffer in a
way defined by the agent, run through the simulator if
necessary, and then used to update the parameters of the
agent as defined by the agent method. Almost all update
rules for the RL models described in the appendix are for
trajectories sampled from the buffer.

Agents can be designed in two primary ways, 'model-
free’ or ’'model-based’ (Figures 3B, C, respectively).
Model-Free RL models use some combination of neural
networks to produce the policy using only the past real
observed state. In a simple example, the state comes into
a neural network, is processed, and then produces a prob-
ability distribution over possible actions. The final choice
of action is sampled from this policy probability distri-
bution. Model-based RL models are different. They take
in a state, process it, then use their own internal network
to simulate applying a series of further actions (pulses).
They predict the states for each pulse in a sequence using
their own model, World model, of the environment dy-
namics. This world model is learned along with the RL
policy during training. While we evaluate a number of
agents, we leave the mathematical details of each agent
to the appendix.

We employ 2 broad classes of model-free agents along
with 1 model-based agent. The model-free classes are
'policy networks’ and ’value networks’. Policy networks
produce a probability distribution over possible actions
at each step and sample the next action from the distri-
bution. Value agents produce an estimate of the 'value’
of each action at every step and then use a greedy pol-
icy to select the best-valued action. Our 1 model-based
agent follows the Dreamer framework (see appendix) un-
like well-known techniques such as the AlphaZero/Go se-
ries of models [9, 10].

B. Environments

Our 2 level model is initialized in the ground state
direction (ms = 0 initialization) at the start of each se-
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FIG. 3. This figure schematically explains the reinforcement learning (RL) process. The overall method is showcased in (A)
between the 3 major components: the Environment, Agent, and Buffer. The environment - our simulator - is described by
a state s; with some value, known as the reward, at all times. This is supplied to the agent which produces an action and
the discretized pulse sequence construction process proceeds. These values are all stored in the buffer in an order known as a
‘trajectory’. (B) This describes the most common agent design, 'model-free’. In a model-free agent, the state is passed to some
general agent definition (usually 1 or 2 neural networks) denoted again as ’agent’. This agent then produces some output that
is used by the policy to create an action. (C) In model-based RL, shown here, the state is processed by the agent, through
the policy, to create both a predicted action and predicted next state. This predicted next state is fed back into the agent to
predict again, until the end of the trajectory. These predictions are then used in some defined way to determine the real action
to apply to the state. The parts that change from model-free RL have been highlighted in orange.

quence. The simulation is done by determining (a) the
constant initial state, (b) the unitary operators corre-
sponding to all possible pulses and free evolution time,
(c) the integer list of pulses to test, (d) computing the
unitary operator corresponding to the entire pulse se-
quence, (e) applying the operator to evolve the state and
computing a fidelity reward with equation (2).

The values for the interaction strength, angle error,
disorder, are all selected a-priori. We choose values sim-
ilar to the NV system, but our program is generalizable
to any other noise parameters desired.

1. Owerfitting

We applied Deep Q Networks (DQN) and the DQN
HER modification to create length 24 sequences and com-
pare with our reference 24 length sequence yxx24 [1].
Note again that the two sequences we compare against,
yxx24 and anglel2, were produced either as a mix of hu-
man and Al development (yxx24) or through Al training
only (angle12) [1]. We choose these sequences to compare

against due to the project’s similarity to our work.

Our training was performed on an environment with a
Rabi frequency of 20 MHz, an interaction strength of 0.1
MHz, disorder of 0.01 MHz, and a 5% angle error applied
to each pulse, chosen based on results in [11-13]. We
found a sequence using only RL that outperformed our
reference sequence yxx24 [1]. However, Figure 4 shows
our created sequence does not generalize well to systems
outside of the model training environment.

In Figure 4, our generated sequence in blue outper-
forms the reference sequence in an environment with 5%
angle error. However, it underperforms in environments
with any other setting. This same pattern is present for
the other noise settings. Our sequence was best within
the training environment, but the created sequence is
not truly robust to general noise patterns. In a real
bath where the noise parameters may vary greatly be-
tween N'Vs due to separation, interaction with the whole
sample, crystallographic orientations, etc. this sequence
creation method would not result in a robust sequence.

To encourage our models to learn robust sequences, we
introduce the idea of Monte Carlo Sampling our testing
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FIG. 5. We present an example of our sampled environments
with 1000 draws. Observe we sample the disorder, rotation
angle error, Rabi Frequency, and separation from Gaussian
distributions. The interaction strength is computed from the
sampled separation using equation (3).

environment.

2. Monte Carlo Sampling

In our Monte Carlo environment - MC environment -
we use many draws of our 2 level simulator at once. Each
individual draw is identical in form to what was used be-
fore with noise settings individually sampled from pre-
defined population distributions. This produces a distri-
bution of rewards - fidelities - for each evaluated pulse
sequence. The average reward is used as the reward sig-
nal for our RL models.

An example of such a sampled MC environment with
1000 total draws is presented in Figure 5.

The disorder, angle error, Rabi frequency, and separa-
tion values are sampled from Gaussian distributions. The
means and the standard deviations of the distributions
are reported in Table I. For the rest of our discussion,

TABLE I. We summarize the population distribution settings
for the Gaussian distributions we sample. The mean is dis-
played in the center column and the standard deviation in the
right column. These values are chosen from results in [11-13].

Parameter Mean Standard Deviation
Disorder (MHz) 0 0.01
Separation (nm) 10 3
Rabi Frequency (MHz) 50 10
Pulse Error (%) 0 5
Final Reward Convergence

1.95 e Final Reward

1.90
E 1.85
@
E 1.80
B 1.75

1.70 I 1 T ! + I

(] 2000 4000 6000 8000 10000

Number of Draws

FIG. 6. We schematically observe convergence in evaluating
our environment on arbitrary sequences (arbitrary sequence
chosen randomly here) by increasing the number of draws
for our environment and observing the computed reward ap-
proaching a constant.

we use the same sampled environment listed in Table I
unless explicitly noted otherwise.

Note that the interaction strength in Figure 5 can be
computed from the separation with equation (3)

Joq
= 3
A3 (3)

where Jo = pop2{L [14]. Here ¢ is negative for the

aligned NVs, p. is the gyromagnetic ratio for electrons,
and z is the separation [14].

We limit our work to the 1000 draws mentioned as
we consider it a reasonable cutoff to balance generaliza-
tion and performance. Figure 6 shows how the reward
calculation convergences for an increasing draw count.
The RL model training requires evaluating thousands
(~ 10%,10°) of sequences which is limited by calculation
speed with higher draw counts.

III. RESULTS

Again, we present the training of 5 models in total. We
choose 2 value-based model-free agents, 2 policy-based
model-free agents, and 1 large scale model-based agent.
These value-based agents are: DQN (DQN) and Quartile
DQN (QRDQN) [15, 16]. The policy-based agents are:
A2C (Actor to Critic) and PPO (Proximal Policy Opti-
mization) [17, 18]. The model-based agent is the Dream-
erV3 architecture [10]. Other model variants showed sim-
ilar or worse results to the ones presented here.
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FIG. 7. We display in histogram form the distribution of all
pulse sequences of length 6. The Reward -log(1 - F), with F
as the fidelity, is shown on the x axis, and the relative density
on the y. As expected, there are orders of magnitude more
sequences with very low fidelity than those with high fidelity.
We observe a discontinuity in the space with a large gap be-
tween a fidelity of 0.95 and 0.98 marked with the pink line at
0.95 fidelity. In this jump, the relative rarity of the sequences
increases by an order of magnitude. Producing sequences to
the right of the dividing line is a relative win considering the
rarity of those sequences.

The value-based DQN approach was the original stan-
dard in the RL field and is largely considered the first
successful application of deep reinforcement learning, RL
with neural networks. QRDQN is presented as an im-
proved variant of DQN that better balances exploitation
and exploration by predicting a distribution of values, not
scalar values, for each action. Policy-based networks are
widely considered an improvement on value networks for
their ability to handle exploration intrinsically in mod-
eling a probability distribution. We employ A2C, one
of the first policy-based networks, and PPO, a standard
strong model in the RL field.

To understand our model performance, we need a small
tractable problem. We brute force the 6 length pulse se-
quence distribution - our ’toy’ scale problem - and present
our results in Figure 7. We then scale our training up to
12 length pulse sequences. Greater than 24 length results
are not presented as the relative scale of the number of
pulse sequences that can be evaluated during a training
run is too small.

All training takes place in the same sampled 1000 draw
environment to minimize variance in training. For the 6
length case we present 15 training runs for each model un-
less otherwise specified. In the 12 length case, we present
3 training runs for each model.

TABLE II. We display a few conversions between reward
—log(1 — F) and the Fidelity F. This table is meant to be
an in-text reference for reading the results figures. This is
because differentiating between fidelities of 0.98, 0.993, 0.997,
0.999, etc. is all difficult if not presented on a log scale.

Reward (-log(1-F)) Approx. Fidelity

0.63
0.86
0.95
0.98
0.993
0.997

U W N

A. 6 Length Sequences

The design of the reward function is crucial to strong
model performance. The most naive design is to simply
use equation (2), yet this does not handle the sudden
decrease in fidelity observed after many necessary pulses.
To understand the best reward function design, and the
performance of our models, we present the best model
sequences produced over time in training in Figure 8. We
present results for both the reward function in equation
(2) (non-sparse), and the same reward function with no
intermediate reward (sparse); the reward provided to the
model is 0 except after the sequence is complete. All
values displayed show the reward of the final produced
sequence - each point corresponds to a single sequence
produced.

Refer to Table II to quickly convert from our log scale
fidelity to the final fidelity value.

In Figure 8 we observe a difference in training be-
tween the two reward functions. The non-sparse variant
of equation (2), shows no improvement past an average
fidelity of 0.63. In the sparse reward case, PPO success-
fully finds the best pulse sequences in the space, based on
Figure 7. PPO finds these sequences after only search-
ing about 1.5% of the total number of possible sequences
(95). This is surprising as usually expect RL to require
a smooth reward function to be feasible. Despite this re-
straint, PPO is still able to find optimal sequences in the
small cluster of optimal sequences (roughly 1/100,000).

B. 12 Length Sequences

To understand if this scales, we repeat the same exper-
iment on the 12 length problem using the sparse reward.
All results are summarized in Figure 9. Once again, we
observe that Dreamer and PPO are the only successful
models. PPO and Dreamer both achieve sequences that
achieve approximately a 0.99 — 0.993 fidelity. Dreamer’s
learning is again faster, with respect to the number of
produced sequences, and more stable. PPO is still prone
to ’catastrophic forgetting’, where it has to redo progress
in learning after forgetting how to produce the rare high
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FIG. 8. This figure summarizes our results for all models in the 6 length case with a sparse reward (top) and non-sparse reward
(bottom). In both plots, we show the reward of each sequence generated during training as a function of how many sequences
in the space we’ve processed (high bound). We show the average of 15 runs for each model (3 for Dreamer due to computational
complexity) as the marked line and shade between the maximum and minimum reward produced at that timestep for all other

training models. In training, the only difference between the

top and bottom plot is that the reward function in the bottom

provides —log(1 — F) at every timestep of training, vs only the end in the top plot.

reward sequences.

The best produced sequence is compared to the an-
glel2 sequence in Figure 10. We plot the reward distri-
bution for 100,000 new draws for the two sequences. We
observe a marginally higher average fidelity for our se-
quence. The tail on our distribution is smaller than the

anglel2 tail. This reduces the relative difference in the
average fidelity of our pulse sequence distribution and
that of angle12 [1].

While overall conclusions will be discussed in Section
IV, the problem is becoming exponentially harder with
increasing pulse length. We showed in Figure 8 that it
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the computational complexity of the space. Dreamer was left
to run for an increased number of steps to test its reliance on
step count. We shade from the minimum to maximum reward
achieved at each timestep across all models, and plot against
a high bound estimate of the percent of all total sequences
processed (9'?)

is possible for RL to determine the optimal sequences
in a space using a small percentage of the total possi-
ble sequences, but the percentage of total sequences pro-
cessed is so small in our 12 and 24 length sequence cases
(not shown) that results become progressively worse. We
have achieved sequences with 0.99 or 0.997 fidelity in the
24 length case, though this takes significantly more time
and is more sensitive to agent settings (hyperparameters)
than in the 12 length case. We need a method that scales
in a better way with respect to the pulse sequence length.

C. Pulse Sequence Patterns

Hoping to gain insightful lessons from the best se-
quences in the 6 length problem, we investigated patterns
in the best pulse sequences. We applied 300 iterations of
K-Means clustering to produce 4 unique clusters of re-
ward for all 6 length pulse sequences. Information on K-
Means clustering is provided in [19], though very simply
it collects groups (clusters) in the data that have simi-
lar rewards. These clusters we produced are visualized
in Figure 11. One cluster has a significantly higher and
tight distribution of rewards. This cluster consists of the
highest performing (and rare) sequences in Figure 7.

Motivated by the existence of a stand-alone separable
cluster that contains all the best sequences in the space,
we investigated the pulse sequence structure of the cluster
in Figure 12. Using parallel coordinates, we plotted all
sequences in cluster 3, colored by the maximum perfor-
mance of a sequence that contains those actions. We ob-
served a clear trend in sequence structure of alternating
pulse direction § pulses with a following 7 pulse. Given
prevalent structure similarities in the pulse sequences,
we determined a metric to measure the similarity within
each cluster.

This metric is a '"Hamming distance’ equivalent. We

count the number of changed pulses between sequences as
the '"Hamming’ distance in this space; we treat each pulse
as a bit and count different pulses between all unique
pairs P;, P; in each cluster. We plot these values in Fig-
ure 13, showing the relative counting frequency of the
different possible Hamming distances in each cluster. Im-
mediately, it is clear that a significant number of pulse
sequences in cluster 3 - the highest performing cluster in
Figure 11 - are very similar to one another unlike in the
other clusters.

D. Informed Brute Force

The existence of these patterns motivated us to im-
prove our search methods. So far, we use no intrinsic
knowledge of the pulse sequence problem to inform our
model training. We have been relying on the RL methods
themselves to determine optimal sequences. Discussion
in sections IIT A IIIB showed however that these meth-
ods scale poorly with the length of the pulse sequence as
they require, worst case, exponential increases in train-
ing time. So, we begin by testing an informed brute force
search - beam search - on the 12 length design problem.

Beam search is a modified version of brute force. We
start with a random or specified sequence. We then de-
termine all sequences within k£ modifications; k is fixed
to 4 for the 12 length problem. Next, we evaluate all se-
quences in our environment. This group of all sequences
is defined as a beam. We then evaluate n; of the best
sequences found, and add the best n; sequences from the
beam into a list of sequences to not search. This taboo
list prevents the beam search from looping on itself; we
will not evaluate sequences on the taboo list. We do
this recursively, taking each of the top m, sequences as
starter sequences for more of these beam searches. This
effectively searches the best nearest neighbors of pulse
sequences within a distance k. However, this process is
limited by its inability to change more than k pulses at
once and therefore cannot leap to a more creative se-
quence when stuck.

Our results are best encapsulated in Figure 10. The
sequence displayed in Figure 10 we find after running our
beam search with k& = 4, n, = 10 for only 10 iterations
on the 12 length problem. As a high-end bound on the
number of sequences evaluated, this means we only eval-
uate 0.000125% of all possible sequences - only double
that of the RL in Figure 9 - but achieve superior results.
Using our same beam search technique to quickly (< 100
iterations) improve on our reference sequence, yxx24 [1],
we achieve a 0.99998 fidelity vs the reference score of
0.99997.

IV. DISCUSSIONS AND CONCLUSIONS

In section III, we presented results for a number of RL
models including value-based, policy-based, and model-
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FIG. 10. Our produced best sequence in the 12 length case, from the PPO model, is compared with our best produced sequence
using beam search (see section III D) and the best RL sequence we know of from literature - angle12. We evaluate all sequences
in the same MC environment with 100,000 draws; this is greater than the 1000 used for training. We plot a histogram of the
reward density distribution for the 100,000 draws for all sequences. We observe a significantly calmer and smoother distribution
for our best beam search sequence, though both our RL and beam search method outperform previous literature approaches.
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FIG. 11. Using our brute force distribution for all 6 length
pulse sequences, we use a K-Means algorithm to cluster the
results by reward. These clusters are drawn as boxplots here,
with the arbitrary integer cluster index on the x axis and the
reward - metric - distribution on the y-axis. Most sequences in
the best cluster are scores around 5, similar to what PPO finds
after processing roughly 1% of all total sequences in Figure 8.
There is 1 standout that achieves a 6 ~ 0.997 fidelity. Note
that the size of each cluster is not enforced to be the same.

based approaches. We observed significant differences
between the performances of these approaches. Value-
based models, the original deep RL technique, do not
appear to exploit the space well-enough to produce valu-
able sequences. The issue is that minor changes in the
best pulse sequence currently supported by the trained
policy lead to significant differences in reward. These

Density Parallel Coordinates
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FIG. 12. The pulse sequences in the best cluster, cluster
3, are shown here. In our parallel coordinates form, each
pulse sequence is formed by line segments according to the
pulse index on the x axis, and the pulse choice on the y axis.
Le. the sequence 7z, Ty, —7/2y... would have a line segment
from 7, to m, from Pulse 1 to Pulse 2, then one from m,
to 7m/2, from Pulse 2 to Pulse 3, etc. The size of the line
is determined by the relative density of sequences that share
that line segment. The color is determined by the maximum
reward of all sequences that share that line segment. A clear
trend from 7/2 to 7 switching is observed and discussed.

significant reward differences lead to large model gra-
dients and unstable training. We observe the same re-
sults for the QRDQN. While QRDQN is able to learn in
a more stable fashion than DQN, it is still not able to
exploit the sequences it finds with a reward of 2 to pro-
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FIG. 13. We define our pulse sequence Hamming distance
as the number of pulses that change between two pulse se-
quences. We compute this Hamming distance between all
unique pulse sequence pairs in each cluster from Figure 11.
We compute the density for how often each Hamming distance
value occurs (maximum of 6 for 6 length sequences) and plot
them as a connected line plot. We observe significantly more
of the best cluster are related to one-another vs in the other
clusters.

duce higher fidelity sequences. In general, we observe our
value-networks to be exploring the space well, but they
are fundamentally too instable with the sparse rewards
to learn efficiently.

We also observed differences in training the policy-
based approaches. PPO performed the best of all models
and A2C performed consistently poorly. PPO’s primary
difference from A2C is that the model gradient is clipped
to a maximum value. This clipping appears to lead to
better performance as poorly performing sequences pro-
duced immediately after strong ones do not greatly affect
the overall agent policy. However, this clipping does not
scale well with the availability of rewards present in the
space (displayed in Figure 7). Observe that as the best
rewards begin hitting values above 3, which corresponds
to a 0.95 fidelity, the training trajectories become noisier
in Figure 8. This is partly due to the availability of pos-
sible high reward sequences falling significantly. Observe
the pink cutoff line in Figure 7, where all sequences with
higher than 0.95 fidelity are up to 4 orders of magnitude
less likely to be found than sequences with < 0.95 fidelity.
At this point, any small changes in the policy or random
samples from the policy will more likely than not produce
very poorly performing sequences. Since the number of
updates with a negative influence (updates due to low
reward trajectories) increases significantly as the maxi-
mum trajectory reward gets higher, and there are cases
of repeating the same ideal sequence (overfitting to one
sequence), repeated large gradients may drive the model
to catastrophically forget its best sequences. This may
be the same root issue that impacts A2C’s training, but
is not significant until the maximum reward of the model
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gets large for PPO. We did not investigate if decreasing
the clipping threshold as a function of maximum reward
would improve PPO model performance, though it would
be an interesting experiment for future work.

The model-based technique is more stable than the
policy-based techniques. Dreamer’s sequence choice is
based on its own prediction of what effect each pulse will
have through the sequence. Thus, as the world model
converges, the Dreamer agent is able to predict the ex-
istence of better and better pulse sequences. These se-
quences appear to act as checkpoints for the Dreamer
model which stays stuck on the same sequence for many
update steps. This more stable evolution does not appear
to suffer at all from any form of forgetting, and is con-
sistent across multiple repeated model runs. However,
there is no indicator when the Dreamer model will find
one of these checkpoint sequences for a given problem, in-
dicating that it may need to be run for an undetermined
amount of time before finding the optimal solution. The
original Dreamer work, for example, needed to run over
100 million steps before achieving success on their hard-
est problems; this is a computational scale that is not
achievable with the hardware used for this work. We are
regularly running for only 50,000 to 200,000 total steps.
The results for Dreamer in Figures 8 9 are for 50,000
update steps only.

A. Advantages and Limitations of RL

Overall, our results in Figures 8 9 with RL show that
models can determine optimal or strong sequences over
a small number of training steps. However, Figure 4 also
demonstrated how sensitive RL methods are to the train-
ing environment, and Figures 8 9 to procedural choices
like reward function. Any environment with noise dis-
tributions that do not resemble the population environ-
ments will fail in the more generalized tests presented
in Figure 10. Our RL models are capable of determining
the best sequences in a small space efficiently, even with a
sparse reward, but cannot realistically process enough of
larger pulse sequences to produce optimal results without
careful fine-tuning of model parameters. Smaller quali-
tative experiments with time between model updates (as
another example) showed that models are significantly
more prone to being stuck in low performing local minima
(low fidelity sequences) based on exploration settings.

Therefore, the RL techniques we showcase are highly
sample-efficient yet very dependent on both the environ-
mental noise parameters and hyperparameters for train-
ing. This can include minor decreases or increases in
performance to whether or not the problem is even solv-
able.



B. Future Work

However, there are many avenues of work we’ve found
that show potential to improve RL model performance.
Already our limited early beam search results with a
small search space show that it is possible to find
sequences that significantly outperform the best RL-
designed long sequences simply by naively utilizing the
similarities in strong sequences. Performing the full brute
force beam search is, however, time-consuming. Since RL
models can efficiently search a small space with a sparse
reward, either utilizing composite pulse design to make
designing long sequences a smaller space or performing
open-loop modification could further improve RL perfor-
mance.

In a composite design problem, fundamental patterns
determined in the best sequences shown in Figure 12
would be used to limit the number of total choices. For
example, building a sequence that is of length 12 requires
picking 12 actions with no feedback on their performance.
If, instead, composite choices are provided to the model
where the model picks between 3 (ex) at a time pulses,
like a 5, 5,7 structure shown in Figure 12, then design-
ing a 12 length sequence is similar to designing a length
4 sequence. These composite pulses would need to be
designed based on considerations in modern literature,
patterns in current control sequences, and results of small
beam searches. As an example flow, imagine construct-
ing the best 24 length sequence in blocks of 4 (6 pulses
each). In 2 of these blocks, the best 6 length sequence
could be used and the RL fill in the other 12 pulses. This
approach is one example of a potential architecture that
could limit the design space size to something manage-
able for current RL approaches.

One of the fundamental issues with the RL technique
we presented in this work is the ’credit assignment’ prob-
lem. Since the reward is 0 at every step of pulse sequence
design except the end, there is no way to determine which
pulse(s) is responsible for the final sequence performance.
Evaluation of a pulse sequence during design is useless to
understanding the final result. This is known as ’closed-
loop’ design. However, by switching to an ’open-loop’
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formulation where the pulse sequence is randomly initial-
ized in total and the RL algorithm is allowed to change
individual pulses at a time, the reward becomes meaning-
ful. When one pulse changes, it is clear the effect it has
on the total sequence’s performance. This still present
a sparse reward problem in the case of modifying indi-
vidual pulses - determined in small qualitative tests we
performed - but this could be improved with physically
relevant composite pulse choices. Fundamentally, using
RL to speedup the superior physically motivated beam-
search method we presented in this work is an excellent
avenue for future work that brings together RL’s strong
sample-efficient performance and the strong performance
of sequences that are similar to one another.
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Appendix A: RL Algorithms
1. DQN

DQN is a value-based network that generalizes the idea
of Q-Learning in Reinforcement Learning [8, 15]. In Q-
Learning, actions are chosen that maximize the quality
of the next state. In standard Q-Learning, this is done
by filling out a table with all state and action pairs. In
a realistic scenario like pulse sequence design it is not
feasible to fill a table with all possible state action pairs.
Deep Q Learning learns to predict the Q value in the
table for all state action pairs. Mathematically this is
expressed as follows.

Given a sample from the buffer D (see Figure 3)
S¢, G, Ty St4+1, Minimize the loss

L= Est,at,r,s'ND[(yi - Q(St7 Q¢ 91))2] (Al)

where y; is the so-called 'temporal difference’ target
Yi = T + ymax,,,, Q(si41,ai41;0;), 0 represents the
model neural network parameters as usual, and @ is out-
put by the model.

2. DQN HER

DQN HER - Hindsight Experience Replay - is a slight
modification of DQN where the value function Q now
depends on a sub-goal ¢ [20]. This sub-goal g lives in the
space of possible states. I.e. all possible states live in S
and g € S. The goals are sampled during training to be
a state that was achieved during the trained trajectory.

3. QRDQN

Quantile Regression DQN - QRDQN - now predicts a
distribution for each value of @ [16]. This minor modifica-
tion changes the way the action a is selected. Originally

a; = argmax 0(sg, a;) (A2)
at
but with this distribution a; is now
X
¢ = argmax - 21 0;(s¢,ar) (A3)
J:

where 60; represents the model output for the jth quan-
tile of the fixed IV quantiles we are predicting.

4. A2C

Given a sampled trajectory and timestep ¢, collect all
the rewards from ¢ to the end of episode. For the nth
step up from ¢, define the Return as



n—1
Ry =Y 7'7ii +7"V(s14n; ¢) (Ad)
=0

where ¢ are the neural network parameters that define
the value neural network for approximating V. Now de-
fine an advantage estimate A; = R; — V' (s¢; ¢) such that
we can define the policy loss for the policy net 6 [17]

L(0) = —Ei[log w(ar|si; 0) Ar] — BE[H(m(-|s:;0))] (A5)

where H = — )" m(a)lognm(a). This second H term
controls the entropy of the policy. It encourages a high
entropy policy to incentivize exploring new states.

V is fit to the return R using a simple squared error.
The total loss is then the loss of the value and policy
networks, which is differentiated with respect to ¢, 0 to
update the two neural networks.

5. PPO

Again, like for all other models, we sample a trajectory
from the buffer.

We now compute an advantage much like for A2C. We
produce a generalized advantage estimate (GAE) A; like
[18]

T—t—1

S =re+ 7V (si41:0), A= D (YN 'dep
1=0

(A6)

where again ¢ represents the value network, T is the
sequence length, and A,y are control terms.
Now define for all pairs sy, a;

mo(at]se)

g) — olatlst)
Tt( ) ﬂ—eold(at‘st)

(A7)

which represents the ratio of the probability of an ac-
tion in a given new policy mp vs the old policy mg,,,. This
is used in minimizing the policy loss

L = Ey[min(r(0) Ay, clip(r(0),1 — e, 1+ €)A;]  (AS8)
with the value loss for ¢ still the standard squared loss
with the return R.

Note the key difference is that the policy loss is scaled
by the change in the policy. Therefore, large policy
changes will lead to high losses and be clipped. This
keeps 7(0) from being too high as 6 is updated; this is
why PPO is referred to as prozximal policy optimization.

Also note there is an entropy bonus that is optionally
added to the loss L in the same exact form as for A2C.
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6. Dreamer V3

There are a large number of neural networks used in
Dreamer [10]. Let’s start by listing them all.

hy = f¢(ht—1,2t—1,at—1)
2 ~ qg(2t|he, 74)
¢ NP¢>(5t7ht)
Tt '\’pcﬁ(ft\ht,zt)
¢t ~ pe(Celhe, 2t)

Ty Npqs(f?t\huzt)

The input x; is encoded into a latent state z; using the
encoder function g4. This encoder function is trained
using the decoder head of ps. pg produces the decoded
value Z; which should match the originally encoded state
x¢. With the encoded state z;, a sequence model f pre-
dicts a sequence of z,h vectors. z represents the latent
space encoding of what would be the state at the respec-
tive future timestep, and h is a state vector that contains
information and values necessary to the model for long-
term prediction (entirely learned). The continue flag and
reward predictors ¢ and 7; are used to ensure that the
world model is encoding the state at timestep ¢, x; cor-
rectly so the long term dynamics predicted by f, 2 are
accurate.

The model then optimizes the following loss

T

L = ]E(M Z OLLpred + ﬂLdyn + XLreP
t=1

(A9)

where «, 8, x are hyperparameter control terms and 7’
is the sequence length. These losses are then respectively

Lpred = - 1np¢(mt|zt7 ht)_lnpq&(rt‘zta ht)—lnp¢(0t|2t, ht)

(A10)
Layn = max (1, KL [sg(gg)||pe (2¢1he)]) (A11)
Lyep = max(1, KL gy |sg(pe (2¢]ht))]) (A12)



where sg is the stop-gradient operator and KL is the
KL difference; the KL divergence qualitatively is an ef-
fective distance function between two probability distri-
butions [21].

This ensures that the predictions of the world model
are correct. To use this in practice, the model starts with
the initial RL real state (pulse sequence) sg, then uses the

15

world model to dream out a trajectory of states, actions,
etc. We then perform actor-critic learning, similar to
work on the A2C algorithm, on the dreamed trajectory.
This ensures the agent learns how to work efficiently in
its increasingly accurate dreamed space. So as time goes-
on, the model learns how to maximize its return in the
Dreamer latent space (the encoded space).



