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Transcutaneous auricular vagal nerve stimulation (taVNS) is a cutting-edge form of neuromodulation that could provide more
equitable access to vagal nerve stimulation for lower-income households or people at high risk of surgical complications.
Optimizing taVNS parameters, such as amplitude and frequency, is difficult due to each person’s unique physiology, however.
Applying machine learning to tailor VNS parameters to each unique subject could improve this issue. In this fully synthetic
experiment, Bayesian optimization algorithms Bayesian Optimization Gaussian Process, Tree-structured Parzen Estimator,
Sequential Model-Based Algorithm Configuration, and a random search control were performed against simulated patients
to determine the most effective machine learning optimizer for taVNS in the simulated experiment. A Friedman and paired
permutation test was conducted to judge whether there was a statistical difference in effectiveness between the 4 optimizers.
Only the Friedman test indicated a statistical difference (p = .049); the paired permutation test failed to find a statistical
difference (p = .137). A post-hoc test showed no pair of optimizers had statistically significant differences in effectiveness after
Holm correction. This simulation was purely synthetic, with the patient response being motivated by taVNS experiments, but
not based empirically on them. Running a Bayesian optimizer-taVNS simulation on empirical data, or comparing Bayesian
optimizers of taVNS in real life, is needed to see whether this simulation’s results generalize to real life. In the future, Bayesian
optimizers and/or other forms of machine learning should be explored with taVNS to maximize taVNS effectiveness for each
unique individual.

Keywords: Vagal Nerve Stimulation, Bayesian Optimization, Neuromodulation, Neurology, Tree-structured Parzen Esti-
mator, Sequential Model-based Algorithm Configuration.

Introduction

Vagal Nerve Stimulation (VNS) is a type of neuromodula-
tion of the vagus nerve. It stimulates the Locus Coeruleus
LC and Nucleus Tractus Solitarius through the brainstem1.
VNS treatment has been explored for various diseases, in-
cluding depression, traumatic brain damage, Alzheimer’s dis-
ease, and epilepsy2. VNS has ameliorative effects on brain
diseases, one possible pathway being through neurotransmit-
ters. The LC is responsible for norepinephrine (NE) produc-
tion throughout most of the brain and shows upregulated cell
activation via the nucleus tractus solitarius during invasive
VNS (iVNS). iVNS is invasive due to its requirement of an ex-
pensive surgery to implant the neuromodulating device in the
neck. This release of NE can improve symptoms in diseases
by encouraging brain plasticity and decreasing neuroinflam-
mation. Via stimulation of the medial septum, the neurotrans-
mitter acetylcholine may also be released in VNS, binding to
nicotinic receptors known as α7nAChR in astrocytes and an-
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other glial cell called microglia, possibly reducing neuroin-
flammation through this cholinergic anti-inflammatory path-
way. VNS can also regulate other neurotransmitters such as
dopamine, serotonin, and GABA. Modulation of these neu-
rotransmitters can explain its positive effects for neurological
conditions1.

VNS once required invasive surgery to implant the neuro-
modulation device onto the vagus nerve, thus being considered
iVNS. Due to the costs and risks of the VNS method, noninva-
sive forms of VNS, one being Transcutaneous Auricular Vagal
Nerve Stimulation (taVNS), are being investigated for use in
diseases that iVNS treats, such as epilepsy, and other diseases,
such as AD3. taVNS has been shown to act on common path-
ways in the NTS with Invasive VNS (iVNS) and evoke similar
cerebral activation patterns as iVNS. Additionally, taVNS is
known for its low cost and portability, with a 2026 system-
atic review reviewing taVNS application for major depres-
sive disorder mentioning taVNS’s similar effectiveness with
iVNS in mental health treatment, and its advantages of non-
invasiveness and low economic burden compared to iVNS4.
taVNS is also under exploration for use in neurodegenerative
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conditions such as AD, as those patients are often older and
have more comorbidities, increasing the risk of complications
in iVNS implantation surgeries5.

VNS effectiveness can be changed through altering VNS
parameters such as intensity, frequency, pulse width, and duty
cycle6. Intensity determines the amount of current that goes
through the device, frequency determines the electrical pulses
per second, pulse width determines the length of time electric-
ity is passed through per pulse, and duty cycle is the percent-
age of time the VNS is on compared to the total stimulation
time7.

Finding the best parameters for taVNS is a troubling task for
clinicians, however. A wide range of taVNS parameters, dif-
fering pain thresholds, and different physiological responses
to the parameters based on factors such as age, sex, ear tissue
anatomy, and time of day could possibly create difficulties in
finding optimal taVNS parameters for brain activation in a pa-
tient6,8,9. There are also significant differences in vagus nerve
fiber morphology from person to person, providing another
possible reason for differing clinical reactions to VNS10. No
consensus on optimal taVNS parameters exists11, and a re-
view article cites the need for extensive testing of different
taVNS parameters in AD12. A way to adapt taVNS treatment
to function optimally based on a subject’s unique physiology
would be helpful, and machine learning presents itself as a
possible solution. Machine learning optimization could tune
taVNS parameters, optimizing them to give the most effect for
a patient. A study has demonstrated the feasibility of apply-
ing machine learning optimization in VNS, utilizing Bayesian
Optimization Gaussian Process (BOGP) for invasive VNS in
porcine subjects, showing Bayesian optimizers are well suited
for supporting iVNS parameter optimization13.

Few studies have looked at the application of machine
learning algorithms to optimize taVNS parameters. A sys-
tematic literature review was done to confirm this potential
literature gap.

Search Strategy

A systematic review was conducted in the PubMed, IEEE, and
Web of Science databases to identify research articles compar-
ing the relative effectiveness of different forms of Bayesian
optimization in taVNS.

The following search terms were entered into PubMed,
IEEE, and Web of Science: (”transcutaneous auricular va-
gus nerve stimulation” OR ”taVNS” OR ”vagus nerve stim-
ulation” OR ”VNS”) AND (”Bayesian optimization” OR
”sequential model-based” OR ”SMAC” OR ”Tree-structured
Parzen” OR ”TPE” OR ”hyperparameter optimization” OR
”machine learning parameter tuning” OR ”optimization algo-
rithm parameter tuning”).

This search query was confirmed to function in the 3

databases PubMed, IEEE, and Web of Science. The search
was conducted in September 2026.

Inclusion Criteria

Articles were included if they:

1. Mentioned taVNS and compared optimizers of all forms
to the VNS or taVNS parameter tuning process.

Articles were excluded if they:

1. Were not in English

2. Did not reference the medical procedure of VNS

3. Did not compare the efficiency of parameter tuning opti-
mizers.

9 articles were found in total: PubMed (n = 3), IEEE (n =
1), Web of Science (n = 5). 2 duplicate articles were then re-
moved before screening. During screening, 3 articles were ex-
cluded based on title and abstract irrelevance. 4 articles were
reviewed in full text, and no articles reviewed the application
or comparison of Bayesian optimizers to taVNS procedures.
Only 1 article was found to compare Bayesian Optimization
Gaussian Process (BOGP) with the control parameter tuning
optimizer, random search, in iVNS, providing adjacent evi-
dence. This review highlights a literature gap on finding the
comparative effectiveness of Bayesian optimizers in optimiz-
ing taVNS parameters.

Heart Rate Variability and Pupillometry as VNS metrics

Heart rate variability (HRV) and pupillometry are noninvasive
measures of the autonomic nervous system and brain arousal,
both of which can be affected indirectly under taVNS stim-
ulation. They have thus been used as indirect indicators of
taVNS effectiveness, with a study using both metrics con-
currently when experimenting on taVNS’s effect on working
memory14, demonstrating the feasibility of using both metrics
at once to measure taVNS effect. For this simulation, HRV
and pupillometry are simply used as simulated response com-
ponents.

HRV functions as a metric of autonomic nervous system
function, which is made up of the sympathetic and parasym-
pathetic nervous systems. This metric measures millisecond
changes in time in heartbeat fluctuations. Because taVNS
has an effect on the autonomic nervous system, studies have
used HRV measurements to indirectly measure taVNS effec-
tiveness. A 2014 study conducted on 48 participants found
that taVNS significantly increased HRV, signaling a decrease
in sympathetic nervous system activity15. However, a 2021
meta-analysis of 16 articles determining whether taVNS has
an effect on vagally mediated HRV found stronger evidence

2 | © The National High School Journal of Science 2026



for the null hypothesis16. HRV is not a conclusive indicator
of taVNS effectiveness and shows wide metric variability be-
tween studies.

Pupillometry is a measure of neurological arousal and of
Locus Coeruleus (LC) NE production, thus acting as an al-
ternative but indirect proxy for measuring NE levels, as there
is a lack of noninvasive devices that directly measure NE in
human brains. An increase in LC neural firing through iVNS
has been shown to increase pupil dilation in rats. A study
found that taVNS induced significant pupil dilation in an ex-
periment done among 24 healthy males17. In another study,
iVNS was shown to increase pupil dilation in humans18, with
the pupillometry response in humans following an inverted U
response based on VNS amplitude. This study also demon-
strated the inverted-U pupillometry response closely aligned
with a Gaussian or a sigmoid function distribution.

Similar to HRV, there are studies that give conflicting ev-
idence of pupillometry as a reliable metric. A study stating
pupillometry as likely the most reliable noninvasive marker
of LC-NE activity found null results with pupillometry when
subjects were treated with taVNS19. A meta-analysis of 18
articles determining if taVNS alters pupil dilation found null
results with conventional taVNS protocols, and only found ev-
idence for pupil dilation with pulsed taVNS20. A large 2026
experiment with 94 healthy participants found no increased
pupil dilation effect by pulsed taVNS when the sham device
mimicked the sensation of the real taVNS device21.

Both HRV and pupillometry have been acknowledged as
promising noninvasive indicators of taVNS effectiveness in
studies, but demonstrate both positive and null results. They
are under scrutiny for this demonstrably mixed effectiveness.
They are noninvasive and relatively quick metrics that might
theoretically suit the application of taVNS hyperparameter
tuning, which would require multiple taVNS readings in a
real-life given patient to adapt to their physiology. They aren’t
proven, direct indicators of taVNS’s cognitive efficacy, but
they’ll still be used as simulated objective components for the
sake of this experiment.

Machine Learning Optimization Algorithm Types

Bayesian Optimization (BO), also termed sequential model-
based optimization (SMBO), is a family of machine learning
algorithms that are able to “learn” from previous data points.
Simply, when modeling a real-life function such as a real per-
son’s pupillometry response to taVNS parameters, the algo-
rithm creates a simplified function, or the surrogate model,
and attempts to optimize or minimize a value with the finite
amount of data points it is allowed to collect. A Bayesian
optimizer consists of 2 parts: a statistical model that calcu-
lates the uncertainty of the values on a real-life function based
on known data points, and an acquisition function, a function

that decides the next point to sample in the real-life function,
or objective function, to gather data or improve the modeled
function. This acquisition function balances exploration vs
exploitation. It chooses points on the real-life function, or ob-
jective function, that will likely maximize the surrogate func-
tion’s value, or decrease the uncertainty of the objective func-
tion. In general, accuracy of the statistical model is more im-
portant than the acquisition function, as an inaccurate model
of the objective function cannot be made up for with better de-
cisions on prioritizing exploration vs exploitation via the ac-
quisition function22.

There are three main subtypes of SMBO that will be
tested in this experiment: BOGP optimization, tree-structured
parzen estimator (TPE) optimization, and sequential model-
based algorithm configuration (SMAC) optimization. These
Bayesian optimizers differ in the ways they construct their
statistical model and also slightly differ in their acquisition
functions, and can thus be stronger or weaker in different op-
timization scenarios.

Bayesian Optimization Gaussian Process

In Bayesian Optimization Gaussian Process (BOGP), every
point on the surrogate model has 2 values: the predicted value
and its predicted variance/uncertainty. When calculating the
statistical map, the values far from tested values will have high
uncertainty, while values next to a tested value will have very
low uncertainty. As the optimizer tests more numbers, the sta-
tistical model also fits a value that controls the scale through
which this certainty will decrease given the point’s distance
from an established point. For example, if you have a very un-
predictable curve, a point far out will probably have extremely
high variance, while a slow-changing curve will not see as
much variance in a point the same distance away. This allows
for an adjustment in variance values for points on really sen-
sitive objective functions, or less variable objective functions.

To calculate the value of each point and its uncertainty,
BOGP predominantly uses a kernel known as Matern. This
kernel differs from the other optimizers in that it is unable to
handle categorical variables. As stated above, it attempts to
assign a predicted value along with an uncertainty value to ev-
ery point in the objective function through mathematics. Thus,
variables like “blue” and “red” cannot be put into BOGP. As
such, BOGP is restricted to quantitative optimization, unlike
TPE and SMAC, which can handle categorical optimization.

BOGP’s acquisition function, or the function selecting the
next point on an objective function based on the statistical
graph of the objective function, is usually a function called
Expected Improvement. This function, when trying to find the
target objective value, the best reachable value in the objective
function, factors in the size of the gain that may occur, along
with the probability that the gain will occur. This allows it to
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balance trying to capitalize on, say, the local max in a small
portion of the graph with experimenting with other areas on
the objective function to find the global max23.

BOGP has already been used as a way to optimize iVNS
parameters in porcine subjects as previously mentioned, with
the study stating it converges on optimal stimulation of the
nerves with far fewer tests than would have been the alternate
optimization method random search, reducing potential side
effects and demonstrating the possibility of optimization algo-
rithm implementation into VNS13.

Tree-Structured Parzen Estimator

Tree-Structured Parzen Estimator (TPE) is another form of
Bayesian optimization. It shares the acquisition model Ex-
pected Improvement with BOGP, but differs in the statistical
model it constructs.

Imagine you put 3 continuous variables into an objective
function, and it gives an output variable, which you want to
optimize. TPE separates the input parameters into a “good”
function map and an “average” function map. Parameters are
considered good if they’re within the top n% of output values
of the function, commonly used numbers being 15% or 25%,
and considered mediocre if they are not. If the parameters are
considered good, normal distributions with their means at each
input variable are added to a “good” map line created for each
variable. The good map line for each variable is denoted by
L(x1), L(x2) and et cetera.

If the 3 variables returned a mediocre output value, not
within the 15% or 25%, normal distributions with each mean
at each input variable are put onto each respective “mediocre”
map line that was created for each variable. This mediocre
function is denoted by G(x1), G(x2), and et cetera, for each
map line.

L(x1), L(x2), and any other variable’s good map line are all
multiplied together to create L(x), as well as all the mediocre
G(x) map lines. This creates a statistical map of good param-
eter values and bad parameter values.

The fraction L(x) / G(x) is then used as the acquisition func-
tion for TPE to predict the next location to test. The Expected
Improvement function from BOGP is similar to TPE’s acqui-
sition function, as maximizing the TPE ratio is equivalent to
maximizing the expected improvement24.

Sequential Model-based Algorithm Configuration

Sequential Model-based Algorithm Configuration (SMAC)
uses multiple decision makers, or trees, which have access to
different subsets of trials to make its statistical model. SMAC
first gets data from a few trials. Then, it assigns random sub-
sets of those trials to each tree with replacement, there being
usually 10 trees in total. For example, if 5 trials have been

run, tree 1 may be trained with trial 1, 2, 2, 4, and 5. Tree 2
could be trained with trial 1, 1, 3, 5, 5. In each trial, a series of
conditional inequalities are made to separate those trials into
groups with the least variance between their output scores. For
example, Tree 1 got output scores 90, 92, 92, 96, and 21 for
its respective assigned trials. Let’s say the first 4 trials had an
amplitude of 2.0, but the 5th had an amplitude of 1.0. The tree
would create a condition checking whether the amplitude is
more than 1.5. If so, it’d assign the average of the 4 outputs. If
not, it’d assign the average of the 2nd group, which is simply
21 because the 5th trial stands alone.

Each tree creates its own conditions through the trials it is
assigned. Through this, the 10 trees can act similarly to BOGP,
determining the predicted value and variance of each point on
the objective function through a combined average decision on
each point based on the output that each tree predicts. Once
a new trial is conducted, random trials with replacement are
assigned to every tree again, and the statistical map is recre-
ated25.

This explains SMAC’s method of constructing a statistical
model. For its acquisition function, it is able to utilize Ex-
pected Improvement, but usually utilizes Log Expected Im-
provement. Log expected improvement is preferred over Ex-
pected Improvement in SMAC because when testing a far-off
unknown value, say a really low amplitude, many trees may
default to their lowest inequality. This may make the vari-
ance extremely low, which could thus cause an underflow er-
ror when calculating the Z score of the expected improvement
function, which is assigned to each point based on its expected
magnitude of improvement and amount of uncertainty. Log
expected error allows the Z score not to underflow to 0, but to
remain as a very small number26.

BOGP tends to have higher efficacy in low-parameter and
continuous parameter environments. TPE tends to have higher
effectiveness in terms of speed, but struggles to capture param-
eter interdependence, and requires many startup evaluations.
SMAC is stronger with categorical variables than BOGP, but
may be less effective in continuous parameter environments
due to its use of piecewise approximations.

A simulation will be conducted to determine the Bayesian
optimizer that responds most effectively to the response sur-
face families it is put through.

Methodology

Study Design

This is a fully synthetic experiment. The simulation wasn’t
built directly modeling empirical clinical taVNS data. Instead,
due to a lack of standardized taVNS procedures and consistent
measurement metrics, published taVNS parameter ranges and
clinical taVNS response patterns were used to simply motivate
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the search bounds and response surface family creation. Also,
once again, for a reminder, HRV and pupillometry scores are
only coded simulation objectives.

Response-Surface Model

The patient response function takes in 3 parameters: Ampli-
tude, Frequency, and Pulse-width.

Studies on rats have shown amplitude parameters may cre-
ate an inverted U shape with regard to the effectiveness of
VNS27,28 VNS possibly demonstrates this shape of effective-
ness drop-off with regard to frequency and pulse-width also,
in a study done on healthy adults8.

This shape isn’t clinically confirmed, due to a lack of stud-
ies on taVNS distributions, but will be implemented into the
patient response function, as the inverted U curve theory is
still a recurring theme in VNS scientific literature.

Hx,µ,L,R =
1

1+
(︂

x−µ

sx

)︂4 (1)

sx = L when x < µ, sx = R when x ≥ µ.

Aa = 50Ha;µpup,Lpup,Rpup +50Ha;µHRV,LHRV,RHRV (2)

Qa, f ,w = H f ; fr,a,L f ,R f ·Hw;wr,a,Lw,Rw

JNF
a, f ,w = Aa ·Qa, f ,w Jobs

a, f ,w = JNF
a, f ,w + ε (3)

This shows the functions describing the simulated patient
response. In 1), the asymmetric hill function H takes in the
input parameter x, the optimal parameter value µ , and a left
and right scale. When the input score is less than the optimum,
the function uses the left scale.

When the input score is more than the optimum, the func-
tion uses the right scale. This allows for an asymmetric hill
function response. At 2), function A represents the amplitude,
which is made up of the equally weighted sum of pupillome-
try and HRV. The amplitude score for pupillometry and HRV
is calculated using the asymmetric Hill function effectiveness
drop-off for pupillometry and HRV, and adding them together.

Q(a, f ,w) is the max value of the product of the K number
of simulated peaks, representing the multiplied frequency and
pulse-width score. f represents the frequency, and w repre-
sents the pulse width. At 3), the A and Q functions are mul-
tiplied together to create the noise-free function J. Jobs repre-
sents the observed values by the optimizers, and epsilon repre-
sents the random noise score added to the noise-free function
J to make Jobs.

As demonstrated, the pupillometry and HRV metrics each
have a weight of 0.5. The figure demonstrates the whole
method by which the calculated score, and therefore simple

regret, is calculated. Using the max possible score along with
simple regret, this allows for the creation of normalized regret,
which allows for better comparison of different optimizers be-
cause simple regret is scaled to the max possible score the
optimizer could actually reach.

There is also a unique surface response family, known as the
unique parameter interaction family. The 2 optimal frequency
and pulse-width locations change location depending on the
amplitude parameter in that family.

Their movement is ensured in this way not to go out of the
search boundaries: If the optimal frequency is greater than
or equal to 25 Hz, then the optimal frequency decreases by
the raw guessed amplitude. If the optimal frequency is less
than 25 Hz, then the optimal frequency increases by the raw
guessed amplitude.

For pulse width, if the optimal pulse width is greater than
or equal to 350 µs, the optimal width decreases by the raw
guessed amplitude multiplied by 20. If the optimal pulse width
is less than 350 µs, then the optimal pulse width increases by
the raw guessed amplitude multiplied by 20.

Simulated Profile Generation

Table 1 This table describes the scales of the asymmetric hill func-
tions of the different optimizers. U stands for uniform, a randomly
chosen value between the 2 numbers based on the patient and ma-
chine start seed.

Family Optima Amplitude
Rise/Fall
scales

Frequency
rise/fall scales

Pulse-width
rise/fall scales.

Quick rise slow fall
(Baseline)

2 Pup:
U(0.25,0.35)
/U(0.55,0.75);
HRV:
U(0.2, 0.3)
/ U(0.45,0.65)

U(1,2)/U(5,6)
Hz

U(20,50)
/U(125, 175)
µ seconds

Symmetric 2 Pup: 0.25;
HRV: 0.25 mA

1.5 / 1.5 Hz 75 / 75 µ sec-
onds

slow rise quick fall 2 Pup: U(0.55,
0.75) /
U(0.25,0.35);
HRV: U(0.45,
0.65) /
U(0.2,0.3)

U(5,6) / U(1,2)
Hz

U(125, 175) /
U(20,50)

3 Optima 3 Same as quick
rise slow fall

Same as quick
rise slow fall

Same as quick
rise slow fall

broad optima 2 Quick rise slow
fall ampli-

tude falloffs,
multiplied by
2

Quick rise slow
fall frequency

falloffs, mul-
tiplied by
2

Quick rise slow
fall pulse-

width falloffs,
multiplied by
2

sharp optima 2 Quick rise slow
fall ampli-

tude falloffs,
multiplied by
0.4

Quick rise slow
fall frequency

falloffs, mul-
tiplied by
0.4

Quick rise slow
fall pulse-

width falloffs,
multiplied by
0.4

heteroscedastic,
heavy-tailed, inter-
action

2 Same as quick
rise slow fall

Same as quick
rise slow fall

Same as quick
rise slow fall
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Table 2 Table describing epsilon from Section “Response Surface
Model” Demonstrates how the random noise is added depending on
the optimizer family.

Family Noise Distribution

Heteroscedastic As the amplitude inputted as a param-
eter increases, the standard deviation
of the noise added to the noise-free
function increases. The standard de-
viation matches the amplitude num-
ber directly, with an input of 5.0 mA
setting a 5-point standard deviation.

Heavy-tailed noise The noise added to the score follows a
Student’s t distribution with 3 degrees
of freedom, multiplied by 2.

Other Families A normal distribution with a mean of
0 and a standard deviation of 2 is used
to create the random score. That score
is then added on top of the noise-free
function like the others as epsilon in
the graph from Figure 1.

Random Noise Score

It should be noted in advance that truncation rules were not
added to this simulation. Thus, adding the noise distributions
present in Table 2 on top of the noise-free function can possi-
bly produce scores outside of the 0 to 100 range. This will be
mentioned in the discussion.

Optimizer Configurations

A computational simulation based on clinical taVNS param-
eter boundaries and reported taVNS effectiveness function
shapes was created for this experiment. Here are the models
and variables for creating this simulation.

Libraries used:

• Python: 3.13

• NumPy: 2.1.3

• SciPy: 1.16.3

• Scikit-learn: 1.6.1

Optimizer search bounds: Amplitude: [0.5, 5.0] mA; Fre-
quency: [1.0, 50.0] Hz; Pulse width [50, 600] µseconds;
These search boundaries are modeled after an international
review article on taVNS, which included taVNS study param-
eter data, and an experiment that tested many frequency and
pulse-width combinations9,29.

Trials/queries per optimizer: 40; Permutations per inferen-
tial test: 20000; Bootstrap replicates per confidence interval:
10000; Regret tolerance: 0.05; Analysis random seed: 10001

Optimizer Presets

Table 3 Settings, such as initializations, priors, and acquisition func-
tions to configure each Bayesian optimizer.

Optimizer Config

BOGP Bayesian-optimization version 3.3.0; Ex-
pected Improvement with xi value of 0.01;
Initial random sample of 4 points; Iterations
= 36; Random state = profile seed; Matérn
kernel with length scale 1.0, nu = 2.5; GP
alpha = 1 * 10−6; n restarts optimizer = 5;
Optimizer = fmin l bfgs b; Duplicate points
disallowed.

TPE Hyperopt version 0.3.0; Uniform dis-
tributions across all parameters; Prior
weight 1.0; Startup jobs = 20; Expected
Improvement with candidates = 24;
Gamma = 0.25 (Defines “Good/Bad”
division as has been mentioned);
np.random.default rng(profile seed); re-
turn argmin=True; max queue len = 1;

SMAC SMAC version 2.4.1; Config Space ver.
1.2.2; Iterations = num simulation trials
times per patient; Random forest model with
10 trees; Feature ratio of 1.0; Minimum
split of 2; Minimum leaf of 1; Maximum
depth of 1048576; Bootstrapping enabled;
(The default) Log Expected Improvement
with xi value of 0; Sobol initial design with
n configs = None; 10 configurations per hy-
perparameter, but max ratio of 0.25; Ran-
dom design probability of 0.2; Intensifier:
max config calls = 3, max incumbents = 10;
Config selector: Retrain after = 8, retries =
16; Deterministic = false; 1 worker;

Random Search Independent Uniform selections per
parameter per trial, with replace-
ment. Random number generation =
np.random.default rng(profile seed) Runs
num simulation trials times per patient.

In Table 3, these settings are usually the default settings that
these optimizers are set to. No hyperparameter tuning was
performed. Settings not explicitly stated here use the default
settings from packages.

Other Experimental Variables

In this simulation, the statistical tests will importantly use seed
block pairing between the optimizers’ results. Each optimizer
will be run through 9 families with 40 profiles per family.
Directly treating the 360 profiles from an optimizer as inde-
pendent and therefore conducting paired permutation tests or
Friedman tests with each 360-profile set would be erroneous
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Table 4 Other variables that were set in order to make the simulation
function.

Variable Quantity Purpose

patient and
machine start
seed

10000 Used as the starting seed
for all trials.

1st optimum
frequency &
pulse-width

10 + U(-2,2)
Hz, 500 +
U(-25,25)
µseconds

Generates a patient’s first
optimal frequency and
pulse-width combination.

2nd optimum
frequency &
pulse-width

25 + U(-2,2)
Hz, 100 +
U(-25,25)
µseconds

Generates a patient’s sec-
ond optimal frequency and
pulse-width combination.

3rd optimum
frequency &
pulse-width

U(5,50) Hz,
U(150,450)
µseconds

Generates a 3rd combina-
tion for the patient, only if
from the 3 optima family.

Hill exponent 4.0 Dictates the steepness of
the hill function falloffs,
with lower numbers being
less steep.

Ideal pupil-
lometry
amplitude

Normal(mean
= 4.4, standard
deviation =
0.15) mA.

Using a normal distribu-
tion, chooses a random am-
plitude number to be the
most effective.

Ideal heart rate
variability am-
plitude

Normal(mean
= 4.0, standard
deviation =
0.15) mA

Chooses an amplitude
number that would make
HRV metric respond most
effectively for a given
patient.

due to the shared profile-generation seeds between each of
the 40 profiles. Doing so would artificially lower the p-value.
Thus, seed block pairing was done.

Essentially, the test function starts with a seed of 10000.
Then, for all the patient profiles in the 9 response surface fam-
ilies that share that first seed, an optimizer’s mean normalized
regret score across the nine patient profiles with that first seed
is calculated. We do this for every seed.

Then, we compare the four optimizers across the 40 seed
blocks using a Friedman omnibus test and a paired permu-
tation test; pairwise comparisons between the optimizers are
then applied with seed-level sign-flip tests and Holm correc-
tion. The sample size is also thus considered 40 seed blocks,
and not 360 independent profiles. All profiles related by the
same patient and machine start seed are paired.

The simulation code can be accessed here: https://gi
thub.com/BurningAesthetics/Simulation-Bas
ed-Comparison-of-Sequential-Optimizatio
n-Methods-for-taVNS-Parameter-Selection

Results

The Bayesian Optimizers demonstrated differing responses
based on response families. In Tables 5 and 6, the tables
demonstrate the effectiveness, standard deviation, and com-
putation time of the quick rise slow fall (baseline), symmetric,
slow rise quick fall, 3 optima, and broad optima families.

Interestingly, the broad optima showed lower scores than
the mean/median of the other families, likely because broader,
larger responses of the family made parameter selection easier.
Conversely, in Table 6, the sharp peaks family had relatively
consistently high normalized regret scores, highlighting a dif-
ficulty in searching for the optimum values. This difficulty
was also reflected in the symmetric family.

Table 5 Statistics of the optimizers’ performance across the simu-
lated response-surface families. The table shows mean and median
normalized regret, standard deviation, mean simple regret, probabil-
ity of regret within the prespecified tolerance, and mean computa-
tional time. Lower regret values mean better optimizer performance,
and the probability of regret utilizes the normalized regret. Interest-
ingly, TPE had a much lower standard deviation and mean normal-
ized regret when performing in the broad optima family than the other
families.

Family Optimization
Method

Mean
Norm.
Regret (%)

Median Norm.
Regret (%)

SD
Norm.
Regret
(%)

Mean
Simple
Regret

Prob.
Regret ≤
Tol.

Mean
Comp.
Time (s)

Quick rise slow
fall (Baseline)

BOGP 45.88 37.12 37.34 42.96 0.150 10.88

TPE 44.42 41.77 29.52 42.04 0.100 0.14
SMAC 58.26 52.92 36.91 53.63 0.000 7.40
Random
Search

64.67 67.18 29.82 60.67 0.025 0.01

Symmetric BOGP 76.32 99.92 35.47 60.79 0.075 6.18
TPE 82.85 100 29.19 64.01 0.000 0.16
SMAC 78.34 98.06 31.04 60.81 0.050 8.09
Random
Search

80.91 90.93 23.53 63.06 0.000 0.01

Slow rise quick
fall

BOGP 57.58 71.43 38.93 55.82 0.250 7.31

TPE 59.74 59.55 29.35 57.69 0.025 0.17
SMAC 65.78 84.41 35.37 62.38 0.025 8.20
Random
Search

56.58 53.24 28.15 53.18 0.025 0.01

3 optima BOGP 41.13 29.75 35.26 37.92 0.275 14.73
TPE 41.41 41.72 25.00 37.65 0.075 0.17
SMAC 49.50 45.04 34.23 45.41 0.075 7.12
Random
Search

50.90 54.63 27.77 46.82 0.000 0.01

broad optima BOGP 24.98 15.95 23.73 24.66 0.250 22.68
TPE 9.04 7.46 8.29 8.94 0.375 0.17
SMAC 19.39 11.19 20.73 18.9 0.300 6.82
Random
Search

22.13 17.41 17.76 21.83 0.200 0.01

Through the data shown in Table 7, the best performances
of the different optimization methods are demonstrated. The
quick rise slow fall family, considered the baseline family, was
best optimized by TPE optimization, with the mean normal-
ized regret being 44.42.

The symmetric family was best optimized by Bayesian op-
timization with a mean normalized regret of 76.32. Slow rise
quick fall family was best optimized by random search with
a mean normalized regret score of 56.58. The 3 optima fam-
ily was best optimized by Bayesian optimization with a mean
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Table 6 Continued summary including the optimizer methods and the
sharp optima, heteroscedastic noise, heavy-tailed noise, and unique
parameter interaction families. Between the heteroscedastic and
heavy-tailed noise families, one optimizer interestingly did not come
out as most effective regarding handling noise. TPE demonstrated a
lower median normalized regret with the heteroscedastic noise, while
BOGP did so with the heavy-tailed noise family.

Family Optimization
Method

Mean
Norm.
Regret (%)

Median
Norm.
Regret (%)

SD
Norm.
Regret
(%)

Mean Sim-
ple Regret

Prob. Re-
gret ≤ Tol.

Mean
Comp.
Time (s)

sharp optima BOGP 87.47 100 23.09 58.11 0 5.63
TPE 96.98 100 8.71 63.36 0 0.17
SMAC 91.08 100 18.53 59.17 0 8.96
Random
Search

93.05 100 16.62 60.99 0 0.01

heteroscedastic
noise

BOGP 47.12 42.51 37.27 44.36 0.225 11.20

TPE 48.09 35.89 33.95 44.40 0.100 0.19
SMAC 59.10 55.24 34.85 54.75 0.050 8.53
Random
Search

65.33 67.18 30.48 61.32 0.025 0.01

heavy tailed noiseBOGP 47.28 44.59 36.81 44.51 0.175 15.72
TPE 56.40 62.24 31.40 52.56 0.025 0.19
SMAC 61.75 62.24 36.04 57.18 0.075 10.28
Random
Search

65.04 67.18 30.29 61.03 0.025 0.01

unique parameter
interaction

BOGP 53.99 61.50 31.52 50.31 0.100 11.92

TPE 31.76 27.92 24.13 29.94 0.125 0.16
SMAC 61.06 66.50 33.00 57.07 0.075 8.41
Random
Search

53.85 60.14 30.50 49.97 0.000 0.01

Table 7 A table describing the mean normalized regret score of each
family with their Bayesian optimizer.

Iteration
Budget

Surface
Family

Bayesian
Optimiza-
tion

TPE Opti-
mization

SMAC
Opti-
mization

Random
Search

40 3optima 41.13 41.41 49.50 50.90
40 broad optima 24.98 9.04 19.39 22.13
40 heavy tailed

noise
47.28 56.40 61.75 65.04

40 heteroscedastic
noise

47.12 48.09 59.10 65.33

40 quick rise slow
fall

45.88 44.42 58.26 64.67

40 sharp optima 87.47 96.98 91.08 93.05
40 slow rise quick

fall
57.58 59.74 65.78 56.58

40 symmetric 76.32 82.85 78.34 80.91
40 unique

parameter
interaction

53.99 31.76 61.06 53.85

normalized score of 41.13. With a mean normalized score of
9.04, TPE best optimized the broad optima family.

Bayesian optimization best optimized sharp optima with a
mean normalized regret score of 87.47. Heteroscedastic noise
was technically best optimized by BOGP optimization with a
mean normalized regret score of 47.12, although TPE had a
lower median normalized regret score of 35.89 compared to
BOGP’s median normalized regret score of 42.51.

Heavy-tailed noise was optimized best by Bayesian opti-
mization, with a mean normalized regret score of 47.28. Fi-
nally, unique parameter interaction was best optimized by TPE
optimization with a normalized regret score of 31.76.

Overall Descriptive Performance Across Simulated Fami-
lies

Table 8 Optimizer performance statistics after 40 evaluations per pro-
file across 9 families with 40 profiles per family, 360 profiles per op-
timizer. Demonstrates the mean normalized regrets of each of the
optimizers, the 95% confidence interval of where their mean normal-
ized regrets lie, probability of reaching a 5 or less normalized regret,
how many families won, and mean seconds of computation time per
synthetic patient.

Method Mean Re-
gret (%)

95% Seed
CI Low
(%)

95% Seed
CI High
(%)

Median
Norm.
Regret
(%)

Success
Rate (≤
5%)

Mean
Profile
Rank

Families
Won

Mean
Seconds

Bayesian
Opti-
mization

53.53 47.15 59.87 60.48 0.17 2.42 5 12.6

TPE
Opti-
mization

52.3 48.02 56.61 45.69 0.09 2.29 3 0.17

SMAC
Opti-
mization

60.47 53.99 66.96 65 0.07 2.64 0 8.26

Random
Search

61.38 55.97 66.62 64.35 0.03 2.65 1 0.01

In Table 8, 95% “seed block” confidence intervals are cal-
culated. For context, the 95% seed-block CI is the confidence
interval of the mean normalized regret of each of the 40 profile
seeds for that optimizer.

Remember, each profile seed consists of an average normal-
ized regret of the 9 families that all use the same seed.

Global Paired Omnibus Tests

Table 9 Only the Friedman test indicates a statistical difference in
the effectiveness of optimization methods. The paired permutation p-
value fails to find a statistical difference. Kendall’s W value of 0.066
indicates the difference in mean normalized regret is small. Thus, this
omnibus test gives mixed results for a significant difference between
the optimizers.

N Paired
Seeds

N Fami-
lies

Weighting Endpoint Friedman
Stat.

Friedman
P

Kendall’s
W

Perm.
Range
Stat.

Perm.
P

40 9 Equal Mean
norm.
noise-free
regret

7.86 0.049 0.066 0.091 0.137

Global Paired Post-hoc tests with Holm correction

Throughout the surface-response families, it’s been noticed
that TPE tends to have a lower standard deviation than BOGP,
as shown in Tables 5 and 6.

In fact, in all 9 optimizer families, BOGP had a higher nor-
malized regret variability than random search. In specific in-
stances, TPE performed surprisingly well, not only perform-
ing well in just the broad optima family as shown in Table 5.

In Table 8, TPE’s average computation time per simulated
patient profile is a surprising 0.17 seconds, while BOGP’s av-
erage computation time per simulated patient is 12.6 seconds.
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Table 10 This table shows the results of post hoc tests on the op-
timizer family pairs, with Holm correction applied. The mean nor-
malized regret difference is shown, as well as the 95% seed-block
bootstrap confidence intervals. Paired effect size in standard devia-
tions, proportion of seed blocks where method A has lower regret,
paired sign flip values, and Holm-adjusted p-values are also shown.

Method
A

Method B N
Seeds

N Fam Diff
(A-B)
(%)

CI Low CI
High

Effect
dz

Prop A
Lower

Sign-
Flip
P

Holm
P

Bayesian TPE 40 9 1.23 -5.33 7.51 0.06 0.48 0.71 1
Bayesian SMAC 40 9 -6.95 -16.72 3.08 -0.21 0.6 0.19 0.56
Bayesian Random 40 9 -7.85 -16.62 1.27 -0.27 0.6 0.09 0.36
TPE SMAC 40 9 -8.18 -15.6 -0.8 -0.34 0.63 0.04 0.2
TPE Random 40 9 -9.08 -15.41 -2.15 -0.42 0.73 0.01 0.06
SMAC Random 40 9 -0.9 -9.11 7.46 -0.03 0.5 0.83 1

Optimizer Convergence Trajectory Summary

Table 11 A table summarizing the convergence trajectory of the nor-
malized regrets of each optimizer at each family at trial/query 20 and
40. Values are in the form median [Q1, Q3] through the incumbent
normalized regret %.

Surface
Family

Query BOGP TPE SMAC Random
Search

3optima 20 77.3 [12.8,
99.3]

69.0 [44.1,
90.0]

81.1 [53.4,
99.6]

69.0 [42.9,
93.1]

3optima 40 29.7 [4.8,
72.2]

41.7 [22.8,
59.6]

45.0 [18.0,
85.9]

54.6 [29.2,
71.7]

broad optima 20 38.8 [9.7,
73.2]

28.7 [9.5,
52.7]

33.4 [15.4,
63.0]

48.0 [14.3,
57.1]

broad optima 40 16.0 [5.3,
40.2]

7.5 [2.8,
11.7]

10.8 [2.8,
26.4]

17.4 [6.5,
34.2]

heavy tailed
noise

20 88.8 [28.4,
100.0]

83.7 [61.4,
100.0]

93.1 [53.0,
99.9]

96.0 [61.7,
100.0]

heavy tailed
noise

40 44.6 [7.0,
84.8]

62.2 [32.0,
80.8]

55.9 [30.9,
99.8]

67.2 [43.0,
91.6]

heteroscedastic
noise

20 88.8 [27.8,
99.8]

82.9 [61.4,
99.6]

91.1 [58.7,
99.9]

96.6 [61.7,
100.0]

heteroscedastic
noise

40 42.5 [8.2,
87.8]

35.9 [19.6,
86.5]

51.0 [28.7,
98.7]

67.2 [44.2,
92.8]

quick rise slow
fall

20 88.0 [23.6,
100.0]

79.1 [61.4,
97.2]

93.1 [59.8,
99.9]

94.9 [61.7,
100.0]

quick rise slow
fall

40 37.1 [8.4,
86.6]

41.8 [21.8,
65.3]

52.9 [21.8,
98.5]

67.2 [44.2,
90.5]

sharp optima 20 100.0
[100.0,
100.0]

100.0
[100.0,
100.0]

100.0
[100.0,
100.0]

100.0
[100.0,
100.0]

sharp optima 40 100.0 [88.9,
100.0]

100.0
[100.0,
100.0]

100.0 [88.3,
100.0]

100.0 [96.8,
100.0]

slow rise quick
fall

20 93.8 [68.6,
98.4]

92.5 [79.1,
99.9]

93.4 [79.3,
100.0]

81.2 [53.3,
99.9]

slow rise quick
fall

40 71.4 [5.8,
94.6]

59.6 [39.0,
84.4]

84.6 [34.1,
99.6]

53.2 [36.0,
81.1]

symmetric 20 100.0 [89.4,
100.0]

100.0 [96.0,
100.0]

100.0 [84.9,
100.0]

100.0 [92.4,
100.0]

symmetric 40 99.9 [65.8,
100.0]

100.0 [80.6,
100.0]

98.1 [66.1,
100.0]

90.9 [66.0,
100.0]

unique
parameter
interaction

20 83.2 [43.0,
95.5]

72.5 [46.2,
97.2]

87.0 [46.4,
99.9]

77.0 [49.1,
95.8]

unique
parameter
interaction

40 61.5 [25.9,
78.5]

27.9 [12.9,
44.4]

66.5 [35.7,
95.4]

60.1 [26.6,
76.1]

Although BOGP won more families in that table, BOGP’s me-
dian family profile regret is 60.48, while TPE’s median family
profile regret is 45.69. Nonetheless, BOGP has a higher proba-
bility of reaching the prespecified tolerance, at 0.17, compared

to TPE’s 0.09.

Discussion

BOGP performed the strongest among 5 of the optimizer fam-
ilies: namely, the 3 optima family, the heavy-tailed noise fam-
ily, the sharp optima family, the symmetric family, and the
heteroscedastic family. TPE performed strongest in 3 families:
the broad optima family, the unique interaction family, and the
quick rise slow fall family. Random search performed best in
the slow rise quick fall family. However, first, the omnibus
evidence was mixed: the Friedman test suggested a difference
(p = .049), whereas the paired permutation test did not. After
the pairwise comparison with Holm’s correction, no optimiz-
ers were considered statistically different from each other.

The optimizer results across the different response-surface
families highlight seemingly poor optimization quality, due to
their high normalized regret scores. On top of this, the high
standard deviation of the optimizers in certain response sur-
face families, such as the heteroscedastic family, also high-
lights consistency issues among the Bayesian optimizers. On
the other hand, some optimizers performed exceptionally well
in certain families, with TPE demonstrating surprising accu-
racy and small variability in finding the lowest normalized re-
gret scores in the broad optima family.

There were some limitations in this study. For one, the noise
added to the noise-free score was not truncated if the resulting
value went over 100 or below 0. This thus could’ve created is-
sues regarding the accuracy and realism of parameter selection
in the optimizers.

Also, this purely synthetic simulation at times necessitated
more arbitrarily chosen values due to the lack of empirical data
in this field, such as the magnitude of the random noise applied
to the calculated scores. Basing this function on more empiri-
cal data could prevent unhelpful results such as the sharp op-
tima family, where each optimizer was mostly unable to get
close to the prespecified normalized regret tolerance of 5 or
below. This computational experiment’s findings would be
made stronger if more data on taVNS effectiveness were avail-
able to guide the synthetic simulation. Another strong future
idea to pursue is a computational project designed solely on
empirical taVNS data. More empirical pupillometry and HRV
data would create more accurate surface response families,
and more accurate patient parameter variability and measure-
ment noise.

Hyperparameter tuning, which was not implemented in this
simulation, could’ve also improved optimizer effectiveness.
For example, under TPE’s default configuration, 20 of the
trials are simply random samples, while the remaining 20
queries actually apply the TPE optimizer. It would be inter-
esting to see how changing that initial random sample hyper-
parameter in the optimizers could change their performance
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and convergence trajectories.
If this experiment were to be done again, a reexamination of

ideal indirect taVNS effectiveness indicators would be done,
as pupillometry and heart rate variability may show potential
issues in their reliability. A search would be done for similarly
designed taVNS clinical studies so their findings could help
make the experiment empirically based.

Bayesian optimizer application should be explored in clini-
cal trials of taVNS. Implementing these optimizers in taVNS
may in the future exert a positive effect on the many diseases
taVNS is under research for use in, such as depression and
Alzheimer’s disease. With more empirical taVNS data, ma-
chine learning optimizers could possibly incorporate patterns
of prior taVNS tuning to become even more efficient in opti-
mizing taVNS.
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