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ABSTRACT

Over the past several decades, the WIMP (weakly interacting massive particle) has motivated

searches for dark matter (DM) in the ≳ GeV range. However, as searches continually report

null results while constraining the viable parameter space for WIMP models, attention in the field

has gradually shifted to lower mass “hidden-sector” DM models where parameter space is still

relatively unexplored. The energies imparted to Standard Model (SM) particles by DM in this

mass range are eV-scale and thus sensitivity to these models requires excellent energy resolution.

For this purpose, the SuperCDMS HVeV program utilizes gram-scale cryogenically cooled silicon

crystals equipped with transition-edge sensors (TESs) as phonon detectors to achieve eV-scale

resolution. HVeV detectors may be operated with an electric field over the substrate to further

amplify ionizing signals via the Neganov-Trofimov-Luke (NTL) effect. HVeV detectors have been

utilized a number of times to obtain competitive limits to hidden-sector DM candidates interacting

with the SM via electron-recoils. However, despite advances detector resolution, sensitivity across

the field remains limited by excesses at low energy of unknown origin, communally referred to as

the low energy excess (LEE), which are the dominant feature in the signal region of interest.

In this thesis, I report results from the latest data-taking campaign with HVeV detectors oper-

ated at the SNOLAB deep underground facility, which aimed to investigate the LEE. In particular,

I focus on observations from a newly fabricated HVeV capable of sub-eV resolution—the current

best for HVeV detectors. This improvement in resolution from past HVeV runs enabled obser-

vation of eV-scale structures in photon calibration data which revealed evidence of a previously

unobserved energy loss mechanism. Using this detector, I characterize non-ionizing components

of the LEE for inclusion as a background in an electron-recoil dark matter (ERDM) search. Finally,

I conclude with world-leading exclusion limits on a number of ERDM candidates.
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CHAPTER 1

DARK MATTER: THE MISSING MASS IN OUR UNIVERSE

The term “dark matter” originally referred to matter that was just that: dark or non-luminous. In

that sense, the concept and discussion of dark matter has been around since the late 1800s, when

astronomers began to contemplate the existence of matter in the galaxy that could not be observed

with a simple telescope. Somewhat ironically, the first few attempts to estimate the amount of

dark matter (see those by Henri Poincaré [1] and Jacobus Kapteyn [2], for example) concluded

that its presence was negligible in comparison to the amount of “shining matter” such as stars.

However, as technological advances in astronomy enabled precise observations of our Milky Way

and beyond, the evidence for a Universe dominated by a mysterious and as-of-yet undiscovered

“dark matter” accumulated. In this way, dark matter as we understand it has evolved from being

a possible systematic uncertainty on astronomical measurements into what is now one of the most

interesting and fundamental questions in physics.

In this chapter, I explain the evidence which has motivated searches for dark matter in spite

of decades of null results. In the first section, I explain what we know about dark matter. In the

second section, I will highlight some of the leading candidates proposed as possible constituents

of dark matter, and in the third section, I will summarize the current efforts to detect them.

1.1 Evidence for Dark Matter

Fritz Zwicky’s observations of the cluster of galaxies called the Coma cluster are often cited as

the first indication of the existence of dark matter [3]. In his work [4], Zwicky estimated the mass

of the Coma cluster as the product of the number of galaxies and the average mass of a galaxy.
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Using the cluster’s mass, M , and radius, R, he estimated the gravitational potential energy in the

system by taking the cluster to be a sphere with a uniform mass density wherein the gravitational

potential energy can be written as shown in Eqn. 1.1.

Ug = −3GM2

5R
(1.1)

G in Eqn. 1.1 is the gravitational constant. The virial theorem (Eqn. 1.2) provides a relationship

between the gravitational potential energy and the kinetic energy, K contained in the cluster:

⟨K⟩ = −1

2
⟨Ug⟩ (1.2)

Eqn. 1.2 can be used to calculate the velocity dispersion of the galaxies contained in the cluster

since K = M
2
⟨v2⟩.

From this line of reasoning, Zwicky found that the velocity dispersion for galaxies in the Coma

cluster should be ∼80 km/s. However, his measurements of the motion of galaxies in the cluster

were an order of magnitude larger, which implied that there was a far larger amount of mass

contained in the cluster than one might estimate from the luminosity of the cluster. From this, he

made the controversial claim that if these observations were confirmed then we would be left with

the “surprising result that dark matter is present in much greater amount than luminous matter” [4].

It is important to note that at the time Zwicky made this statement, the term “dark matter” did not

refer to the exotic non-baryonic matter to which the term typically refers today. At the time it

literally meant matter that was not luminous, hence “dark.” However, even without suggesting

the presence of an exotic type of matter, the conclusion Zwicky drew from his observations was

surprising, given that previous measurements found that the amount of dark matter contained in

local galaxies was small [1]. For decades after publication of Zwicky’s observations of the Coma
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cluster, the astronomical community was skeptical of his findings and, in particular, his dark matter

hypothesis. It wasn’t until the 1970s that Zwicky’s hypothesis became largely accepted. At that

point, numerous observations seemed to suggest dark matter made up a majority of the mass in

most galaxies. The following section will summarize the evidence that supported the dark matter

hypothesis as well as leading to the more concerning conclusion of its non-baryonic composition.

This is by no means an exhaustive summary—for that I would refer the reader to reviews given in

Refs. [3], [5] and [6]—but is enough to provide the reader with an understanding for the widespread

acceptance of the existence of dark matter (DM).

1.1.1 Galactic Rotation Curves

One of the first hints that the majority of the universe must be composed of an undiscovered and

non-baryonic form of dark matter came from observations of the radial velocity of stars in a galaxy

as a function of the distance from the galactic center, referred to as a rotation curve. Applying the

virial theorem to individual galaxies in a similar manner that Zwicky applied it to the Coma cluster,

one can predict the shape of a galaxy’s rotation curve based on the mass profile estimated from the

luminosity of the galaxy. (See the dashed line in Fig. 1.1.) However, observations consistently

found that the rotation curves of galaxies “flattened” for large distances from the center of the

galaxy rather than decreasing as would be expected from observations of the stellar disk. (See the

points in Fig. 1.1.)

Similar to Zwicky’s observations of the Coma cluster, this implies that stars and luminous

material in galaxies make up only a small fraction of the total mass.

On its own, the evidence from rotation curves does not require an exotic type of matter. For

example, it is possible that the “missing mass” could be explained by gas and dust that may not

emit strongly in the visible spectrum. While the mass of hot gas in a galaxy can be estimated via

X-ray observations (e.g. Ref. [8]), if the gas is sufficiently cool, then it will not emit strongly and
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Figure 1.1: The measured rotation curve of M33 is shown by the points. A best-
fit model (solid line) consisting of contributions from the stellar disk (short
dashed), gas (long dashed), and the halo (dot-dashed). Note the difference
between the rotation curve of the stellar disk and the measured data which
exhibits a comparatively flat rotation curve. Figure taken from Ref. [7].

will therefore not be visible through direct observation. However, we will show in the next section

that observations of galactic clusters via gravitational lensing strongly suggest that gas and dust

make up only a small fraction of the mass contained in galaxies, thus leaving the problem of the

“missing mass” open.

1.1.2 Gravitational Lensing of Galaxy Clusters

Gravitational lensing is an effect predicted by Einstein’s theory of general relativity (GR).

Rather than being a fundamental force as postulated by Newton, gravity in GR is a measure of the

curvature of spacetime due to the presence of a massive body—the more massive the body, the

more spacetime curves around it. A notable consequence of this is the bending of light around

massive bodies, which we refer to as gravitational lensing. Gravitational lensing is a useful tool for

measuring the mass of large systems, such as galaxies and galaxy clusters since the lensing does
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not depend on the luminosity or dynamics of constituent bodies within the system.1

The Bullet Cluster is a famous example of how gravitational lensing provided evidence in sup-

port of dark matter. Despite its name, the Bullet Cluster is actually the remains of a collision of

two galaxy clusters consisting of a smaller “bullet” that passed through a larger cluster. During

galaxy cluster collisions, it is unlikely for galaxies themselves or the stars they contain to collide

directly. However, the gas coronas surrounding galaxies extend far beyond the radius of the galax-

Figure 1.2: A composite image of the Bullet Cluster. X-ray observations re-
veal that most of the hot gas that was stripped out of the clusters during the
collision lies in the areas highlighted in red. Observations of the mass den-
sity via gravitational lensing show that most of the mass is contained in the
blue regions, which suggests that only a small portion of the mass contained in
the clusters can be attributed to gas. Color intensity is proportional to density.
Credit: NASA.

ies themselves and are therefore far more likely to interact. As a result, when the galaxy clusters

collide, stars and galaxies continue their paths unimpeded while gas experiences a drag force due
1For the purposes of this thesis, it is sufficient for the reader to understand that the strength of the lensing effect is

proportional to the mass between the observer and a distant object/system, for this allows one to deduce the mass of
a system based on observations of the lensing. However, for an excellent introduction to gravitational lensing in the
context of DM and without the need for a deep understanding of GR, I refer to the reader to Chapter 2 of Ref. [5].



25

to interactions with gas coronas from the other cluster. The end result is that gas from both clusters

gets largely separated out from the galaxies and stars. Measurements of the mass distribution of

the Bullet cluster show that most of the mass in the system is contained in the regions highlighted

in blue in Figure 1.2—these are the regions that contain the clusters’ galaxies and stars. X-ray

observations reveal that the gas in the clusters is distributed in regions highlighted in red and con-

tains less than 1% of the total mass of the system. This is strong evidence that gas contained in

galaxies cannot explain the flat rotation curves discussed in Section 1.1.1. Note as well that the

Bullet Cluster is not the only example of this. See, for example, Refs. [9]–[11].

The combination of the observations shown in this section and in Section 1.1.1 can tell us about

an important feature of dark matter. In Section 1.1.1, we found rotation curves that implied that

mass from dark matter was distributed far past the radius of the galaxy (as defined by the extent of

luminous matter). Therefore, similar to the gas coronas contained in the clusters, one might expect

dark matter to separate out during cluster collisions. However, observations of the Bullet Cluster

and other similar clusters show that most of the mass in the cluster does not separate out as the gas

does, which tells us that dark matter is relatively collisionless. From a cosmological viewpoint,

this is a significant finding; we will show in the next section that the existence of a non-luminous

and (nearly) non-interacting type of matter in the early universe would have an observable effect

on structures in the universe today.

1.1.3 The Power Spectrum of the Cosmic Microwave Background

The commonly accepted model for the early universe suggests that all mass and energy was

condensed into a singularity before undergoing a period of rapid expansion in a process called in-

flation. The early universe was incredibly dense and hot, and particles had too much energy to form

stable bound states—there were no atoms or molecules but, instead, a hot “soup” of elementary

particles. As the universe expanded, the energy it contained was diluted over a larger volume, so
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the universe also cooled down. Within the first few minutes, the early universe had cooled enough

that electrons and protons could bind to form hydrogen in a time period referred to as the epoch of

recombination. During recombination, photons released by the electrons as they fell into a bound

state were able to travel unimpeded for the first time; prior to this point, the universe was essen-

tially a plasma, so any radiation was quickly scattered. As a result, we can still observe this light

which now forms a nearly uniform background of radiation referred to as the Cosmic Microwave

Background (CMB).2

Since most photons in the CMB have traveled without scattering since the epoch of recombi-

nation, the CMB is a valuable tool for studying the early universe. The CMB is nearly a perfect

blackbody with a mean temperature of ∼2.7 K, but small anisotropies in the temperature of the

CMB can be used to probe the distribution and composition of matter in the early universe. To

understand why, let us consider the distribution of matter at very short timescales after the Big

Bang.

Let’s first imagine that matter in the early universe is first uniformly distributed. Since the

universe at this time existed on such small scales, quantum effects were dominant and thus quantum

fluctuations would initially create anisotropies in the density of the matter and energy—“clumping”

it together in some places. The matter in these clumps would experience two competing forces:

gravity would act to pull the matter closer together while radiation in the clump would exert a

pressure that would push the matter farther apart. These competing forces created an oscillation

similar to a sound wave and resulted in oscillations in the baryon3 density called Baryon Acoustic

Oscillations (BAO).
2While the binding of electrons to hydrogen emits photons in the visible and infrared parts of the electromagnetic

spectrum, the CMB emits most strongly in microwaves. The reason for this is that as the universe expanded, so too
did the wavelength of light in the CMB.

3In general, the contribution from leptons is ignored in the early universe since the stable states for leptons are
many orders of magnitude lower in mass compared to stable states of baryons. As a result, the density of matter in the
anisotropies discussed will be dominated by baryons.
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Now consider if a very weakly interacting dark matter existed in this period in the early uni-

verse. This dark matter’s reluctance to interact with radiation or other particles would make it

much more resistant to the radiation pressure and would therefore “clump” more easily. Dark

matter (DM) would then essentially serve to increase the size of the anisotropies in the matter den-

sity since its mass contribution would increase the gravitational pull towards an over-fluctuation in

density without being strongly affected by the radiation pressure.

During the epoch of recombination, photons released near clumps of matter were red-shifted

as a result of escaping the gravity of the higher-density region, thus leading to lower-energy (or

colder) areas in the CMB. Therefore, the size of anisotropies in the CMB can tell us about the

density of matter in the early universe, which in turn, depends on the amount of DM. Figure 1.3

shows the power spectrum of the CMB measured by Planck 2018 [12]. The relative height of the

Figure 1.3: The temperature power spectrum of the CMB as measured by
Planck 2018 (points). The best model fit is shown in blue. The x-axis cor-
responds to the multipole moment of the corresponding spherical harmonic.
The y-axis corresponds to the amplitude of the various spherical harmonics of
the multipole moment ℓ averaged over all orders. From Ref. [12].

peaks of the model shown in Figure 1.3 depend on features in the early universe such its curva-
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ture and the amount of matter. The x-axis can be thought of as the scale of angular anisotropies

in the temperature of the CMB; a larger value for ℓ corresponds to a smaller fluctuation in the

temperature. The fact that the first peak occurs at ℓ ∼ 200 tells us about the curvature of the

universe; in this case, that the universe is incredibly flat. If the universe were curved, light from

hotter areas in the CMB would be bent towards (away) if the curvature were positive (negative)

and thus make the hot area appear larger (smaller). Thus, if the peaks were shifted to lower values

of ℓ, the universe would be positively curved, and if they were shifted to higher values of ℓ, the

universe would be negatively curved. The heights of the two other peaks depend on the matter

density in the universe—the more matter there is, the more anisotropies will be introduced due to

BAOs. Finally, the relative height of the 2nd and 3rd peaks tell us about the amount of dark matter

in the universe. Dark matter clumps like baryonic matter, but is not strongly affected by radiation

pressure and therefore will lead to finer scale anisotropies in the CMB. The prominence of the 3rd

peak tells us that DM makes up roughly 84% of the total matter in the universe [12]. Thus, not only

do astrophysical observations discussed in the previous subsections strongly imply the existence

of a non-luminous and weakly interacting matter, cosmological observations find it impossible to

explain the structure of the CMB without it.

1.1.4 The Influence of Dark Matter in Structure Formation

The evidence provided by the CMB that DM existed in the early universe and seeded the

initial matter anisotropies in the universe suggests that it played a major role in the formation of

large structures such as galaxies and galaxy clusters. In fact, hints that DM was needed in order

to explain structure formation could be found from early numerical simulations that showed that

galaxies were not rotationally stable when just considering a flat disk of stars [13]. It was later

demonstrated that, in these simulations, by embedding the galaxy in a massive spherical “halo”,

the galaxy would become stable and thus agree with observations [14], once again supporting the
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hypothesis that galaxies contained a large amount of non-luminous matter.

On a larger scale, cosmology turned to simulations to understand the structure of the universe

given a set of initial conditions, in particular, the scale of density fluctuations (evidenced by mea-

surements of the CMB shown in the last section) and the composition of the universe into matter,

radiation, and other fields [15]. While these simulations were not necessarily sensitive to types of

interactions between DM and other particles, they did consistently reveal that DM must be mostly

non-relativistic or “cold” in order to explain the scale of structures that are observed now (see

Ref. [16] for instance). We shall see in Sec. 1.2 how this conclusion influenced models for what

DM could be composed of—in particular, this ruled out a popular hypothesis that neutrinos could

make up a large portion of DM.

Over the past few decades, cosmological simulations of structure formation since the Big Bang

have grown increasingly sophisticated and continued to prove a valuable tool for probing proper-

ties of DM. In that time, while it has remained certain that “hot” or relativistic DM can not explain

the observed structures in the universe, precision measurements of the CMB by the Dark Energy

Spectroscopic Instrument (DESI) [17] and of high-redshift galaxies by the James Web Space Tele-

scope (JWST) [18] have found discrepancies between observation and the cold DM (CDM) model.

These new observations have opened up questions regarding the necessity for extensions or alter-

natives to the CDM model. For this, I refer the reader to Ref. [19] as a detailed discussion of the

failures of the CDM model; its proposed alternatives are beyond the scope of this thesis.

1.2 What is Dark Matter?

The previous section established the existence of DM, which seems to make up most of the

mass in the universe despite never having been observed directly. An obvious question is “What is

it?” While the field has not yet been able to answer that question, from the evidence and observa-

tions presented above, we can deduce some characteristics of DM:
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• DM either does not interact or very weakly interacts via the electro-magnetic force.

Since the electro-magnetic force is mediated via photons, the very fact that DM is non-

luminous tells us that the degree to which DM interacts electromagnetically is, at most, very

small.

• DM is relatively collisionless. Observations of mergers of galaxy clusters, such as the

Bullet Cluster, show that DM must not have strong interactions with other types of matter or

itself—if it did, it would have separated out of the galaxy clusters along with the hot gas.

• DM is long-lived and has existed since the early universe. Anisotropies in the early uni-

verse cannot be explained at their observed scales without DM, which suggests that DM

must have existed in the universe in times prior to recombination.

• DM is “cold” or non-relativistic. We know this from comparisons of between observa-

tions of large structures in the universe and numerical simulations. Simulations of structure

formation since the Big Bang reveal that hot DM would lead to diffuse structures that are

incompatible with observations.

The challenge in observing DM directly lies in the fact that we do not know what type of object

or particle we are searching for. Our ignorance here is well evidenced by our ignorance in the mass

of a single constituent or particle of DM: Lower bounds on the mass of a single DM particle (if

it is a particle), mDM, can be obtained from considering a system of DM particles confined to a

galactic halo, as is demonstrated in Section 3.5 of Ref. [5]. Given some assumptions regarding

the velocity distribution of DM, which is informed by both by measurements of the CMB and

numerical simulations discussed in the previous section, one can find that mDM ≳ 10−22 eV.4 For

4This is the bound one would set when considering bosonic DM. If one were to consider fermionic DM, a more
stringent limit can be set by applying the Pauli exclusion principle yielding a lower bound of ∼10 eV. (See Section
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upper limits of mDM, we do not have to consider DM as a single particle but instead can consider it

to be a macroscopic object such as a dim star, asteroid, or even black hole. Weak lensing data from

our own galaxy indicate that the upper bound on the mass of individual objects that may contribute

to the DM halo would then have to have masses below ∼ 1059 eV [20].

From the point of view of an experimentalist, this is a huge parameter space. It is impossible

to design a single experiment that is sensitive to the entire spectrum of possible DM masses, and

therefore a broad portfolio of experiments, each searching in different mass ranges, is required

to fully explore the mass range. Optimally, rather than randomly selecting a mass range to search

over, we would prioritize mass regions that overlap with the parameter space of well-motivated DM

candidates. Fig. 1.4 shows a number of popular candidates and the various mass ranges they could

occupy. For a detailed review of these candidates, I refer the reader to reviews in Refs. [21], [22].

For the purposes of this thesis, we will limit our discussion to models with viable parameter space

in the eV to GeV range—in particular, weakly-interacting massive particles (WIMPs), hidden

sector DM, axions, and axion-like particles (ALPs).

Figure 1.4: A graphic showing DM candidates and models and corresponding
mass ranges in which they have viable parameter space. This is a modified
version of a graphic taken from Ref. [21].

3.5 of Ref. [5].) Typically, the bosonic bound is referred to since DM has not been confirmed to be either bosonic or
fermionic.
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1.2.1 WIMP Dark Matter

The WIMP model is motivated by the fact that DM existed in the early universe and assumes

that DM was also in thermal equilibrium with SM particles. In this scenario, we assume DM

particles, X , can annihilate to produce a pair of SM particles XX → Y Y . The reverse process,

Y Y → XX , in which a pair of SM particles interact to produce DM particles may also occur and,

while DM is in thermal equilibrium with SM and the temperature is greater than the DM mass,

both sides of the interaction balance each other out so that the populations remain constant.

If we consider massive DM particles such that, in general, mX > mY , then as the universe

expands and cools, SM particles will eventually not be sufficiently energetic to create DM through

interactions, thus shutting off the Y Y → XX side of the interaction. Similarly, as the universe

expands, the number density of DM will decrease and will, therefore, be less likely to interact; this

shuts off the XX → Y Y side of the interaction, leaving us with a remaining population of DM.

This process is called “freeze-out”.

We can solve for the remaining relic density of DM in the case of freeze-out and set the so-

lution equation equal to DM density extracted from CMB measurements to determine under what

conditions such a scenario is possible. I begin with the derivation for the rate of change in the

co-moving number density of DM—the number density in volume units that remain constant with

the expansion of the universe—which closely follows the derivation shown in Ref. [23]. We can

start with the Boltzmann equation, which describes the rate of change in the number density of a

particle as the difference in the rates in which its annihilated and created.

a−3d(na
3)

dt
=

1

2(2π)3

∫
d3pX1

EX1

1

2(2π)3

∫
d3pX2

EX2

1

2(2π)3

∫
d3pY1

EY1

1

2(2π)3

∫
d3pY2

EY2

×(2π)4δ3(pX1 + pX2 − pY1 − pY2)δ(EX1 + EX2 − EY1 − EY2)|M|2

×(fY1fY2 [1± fX1 ][1± fX2 ]− fX1fX2 [1± fY1 ][1± fY2 ])

(1.3)
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Eqn. 1.3 is long enough to warrant some explanation. First, the time derivative on the LHS is of the

co-moving number density na3 where a is a scale factor such that the volume of the universe, V di-

vided by a3, is constant as the universe expands. The physical number density of the DM particles,

n, falls with the expansion of the universe, which is why there is a factor of a−3 multiplying the

time derivative. The RHS of Eqn. 1.3 contains the interactions between two DM particles X1,2 and

two SM particles Y1,2. The first term on the last line of the RHS is the ”creation term” describing

the interaction between two SM particles that produces two DM particles—naturally, since this

type of interaction increases the number of DM particles, it is positive. The second term is then

the annihilation term and contributes negatively to the number of DM particles. These terms de-

pend on the density of states f for each class of particle. The second line contains delta functions

that enforce conservation of energy and momentum as well as a scattering amplitude M, which is

determined by the specific interaction between DM and SM particles. Since in the early universe,

SM and DM are in thermal equilibrium, we assume that M is the same regardless of whether we

are consideringXX → Y Y or Y Y → XX . Finally, the top line on the RHS contains the integrals

over all of phase space for each particle.

In the early universe, particles interact frequently so that the occupancy of each particle, f , is

either given by the Bose-Einstein or Fermi-Dirac distributions depending on whether the particle

in question is a boson or fermion.5

f(E, T ) =
1

e−(E−µ)/T − 1
for bosons (1.4a)

f(E, T ) =
1

e−(E−µ)/T + 1
for fermions (1.4b)

The chemical potential in Eqn. 1.4 is represented by µ. Part of our initial assumption is that

5I will generally use natural units to simplify notation. Thus, c = kB = 1 where c and kB are the speed of light
and the Boltzmann constant, respectively.
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DM particles are in chemical equilibrium with SM particles such that µX = µY . For our purposes,

we will be considering temperatures much lower than E − µ so that the ±1 in Eqn. 1.4 can be

ignored and the occupancy can be written as

f(E, T ) ≈ e−E/T e−µ/T (1.5)

We can use Eqn. 1.5 to put Eqn. 1.3 in terms of the number densities. For a general particle in

thermal equilibrium, the number density can be calculated as the integral of the occupancy over all

phase space:

n =

∫
g

2π3
f(p)d3p (1.6)

Here, the factor g accounts for the degeneracy of states. Substituting in the approximation in

Eqn. 1.5, we have

n =
g

2π3
e−µX/T

∫
e−E/Td3p (1.7)

While DM and SM particles are in equilibrium, we assume that it takes no additional energy

to create or annihilate DM from SM particles and thus we can consider neq where µX ∼ 0 (or,

equivalently, µY ∼ 0). If the temperature at which this is true is high so that mX << T , then the

energy of DM particles will be related to the momentum such that E ∼ p (in natural units). If the

temperature is lower, so that we have mX >> T , then E ∼ m. Integrating Eqn.1.7 in each limit

will give

neq =


g T 3

π2 mX << T

g(mXT 3/2

2π
)e−mX/T mX >> T

(1.8)

where neq is the number density while SM and DM particles are in equilibrium. In either limit

shown in Eqn. 1.8, we can represent the chemical potential as the ratio of the number density to
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the number density while in equilibrium:

e−µX/T = n/neq (1.9)

Before substituting the number densities into the Boltzmann equation, we can make one more

simplification by defining the thermally-averaged cross-section.

⟨σAv⟩ =
1

n2
eq

1

2(2π)3

∫
d3pX1

EX1

1

2(2π)3

∫
d3pX2

EX2

1

2(2π)3

∫
d3pY1

EY1

1

2(2π)3

∫
d3pY2

EY2

e−(EX1
+EX2

)/T

×(2π)4δ3(pX1 + pX2 − pY1 − pY2)δ(EX1 + EX2 − EY1 − EY2)|M|2

(1.10)

Here, σA is the annihilation cross-section, and v is the velocity of a DM particle. In general,

σA depends on v hence why we average the product of the two rather than just the cross-section.

Re-writing the remaining terms on the RHS of Eqn. 1.3 and expanding out the derivative on the

LHS, the Boltzmann equation becomes

dn

dt
+ 3Hn = ⟨σAv⟩[n2

eq − n2] (1.11)

where I have used the definition of the Hubble parameter H = ȧ
a

when expanding the LHS of

Eqn. 1.3. We can use Eqn. 1.11 to solve for the remaining number density of the dark matter when

the universe has reached the temperature at which freeze-out occurs, Tf . This happens when the

annihilation rate of DM, given by Γ(T ) = n(T )⟨σAv⟩, is equal to the Hubble expansion H(T ).

Solving Eqn. 1.11 for the DM number density at the time of freeze-out yields a solution that

depends on the thermally averaged cross-section as shown in Fig. 1.5. The cross-section that

gives the relic density of DM consistent with measurements just so happens to be consistent with

the scale of weak interactions. This was seen as significant because around the same time this
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Figure 1.5: The co-moving number density of DM as a function of time (here,
parameterized by the mass of a DM particle over temperature). The solid line
shows the number density if DM remained in thermal equilibrium with the SM
particles, while the dashed lines show the remaining relic density at the time
of freeze-out, which depends on the thermally-averaged cross-section. Figure
taken from Ref. [24].

discovery was made, Supersymmetric theories were proposed as possible solutions to the hierarchy

problem and predicted the existence of weakly-interacting particles in the >GeV mass range, and

were seen as excellent DM candidates. This coincidence, referred to as the “WIMP-miracle,”

spurred decades of searches for DM particles in the form of WIMPs.

Among the particles that were predicted by Supersymmetry (SUSY), the most motivated DM

candidates were perhaps the Supersymmetric partners of neutrinos, called “neutralinos,” due to

their being long-lived and electrically-neutral. However, a number of theorists independently found

that for masses below ∼2 GeV (referred to as the Lee-Weinberg bound), WIMPs in the form of
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heavy neutrino states would not annihilate fast enough to explain the abundance of DM [25],

[26]. Decades of searches for WIMPs turned up null results and placed increasingly stringent

bounds on the available parameter space; in particular, direct-detection experiments utilizing liquid

scintillators as targets have led sensitivities for masses down to a few GeV. Though WIMPs have

not yet been entirely ruled out, attention has slowly drifted to DM candidates at lower masses,

whose parameter space is comparatively unexplored.

1.2.2 Hidden Sector Dark Matter

Hidden sector models can be seen as a generalization to the WIMP model in that DM is now

allowed to interact via “hidden” forces outside of the SM. As a result, production methods other

than the freeze-out mechanism can be used to explain the current abundance. With these constraints

on the WIMP model removed, hidden sector models evade many bounds on the viable parameter

space. Notably, many of these models predict DM candidates with masses down to the eV-keV

scale, where the parameter space is still relatively unexplored.

While one may consider hidden sectors such that DM has no predicted interactions with SM

particles, symmetries in SM motivate certain “portal” interactions that weakly couple the “visible”

sector of the SM to these hidden sectors. In general, there are a number of portals with viable

parameter space, most of which are beyond the scope of this thesis. Rather, I will focus on the

vector portal, which introduces a new vector force mediator and thus leads to a mixing term in the

total Lagrangian given by

L ∋ ϵ

2
F µν
Y F ′

µν (1.12)

where ϵ is a kinetic mixing parameter determining the strength of the portal interaction, F µν
Y is

the hypercharge field strength, and F ′µν is the field strength of the hidden sector gauge field. The

gauge boson introduced in the hidden sector A′ can then mediate interactions between a particle
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charged under the hidden sector’s U ′(1) symmetry (which I refer to as χ) and SM particles.

(a) DM-electron scattering. (b) DM absorption.

Figure 1.6: Feynman diagrams showing DM-electron scattering mediated by
an introduced vector or scalar (left) and absorption of DM by an electron
(right). Here χ is the particle charged under the introduced U ′(1) symmetry
and A′, ϕ, and a, are possible mediators that, respectively, take the form of a
vector, scalar, or pseudoscalar, depending on the model under consideration.
Figures taken from Ref. [21]

From this term, one can predict a number of possible interactions between DM candidates in

nuclei and electrons. However, interactions with nuclei are only useful when searching for DM

models with higher masses, where experiments searching for WIMPs have already explored most

of the viable parameter space. This is due to the fact that as you consider DM candidates with

lower masses, the amount of energy imparted to nuclei during an elastic collision with DM shrinks

below the thresholds of detectors used in WIMP searches. We can show this simply by considering

the kinematics of a two body collision. The maximum energy transferred to a nucleus during an
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elastic collision can be written as6

∆Emax =
2µ2v2χ
mN

(elastic collisions) (1.13)

where, in this context, µ is the reduced mass of the system (given by µ = mχmN

mχ+mN
where mχ is the

mass of the DM candidate), mN is the mass of the nucleus, and vχ is the initial velocity of the DM

candidate. For a small mχ, Eqn. 1.13 can be approximated as

∆Emax ≈
4mχ

mN

(
1

2
mχv

2
χ) (elastic collisions) (1.14)

where the term in the parentheses is the kinetic energy of the DM before the collision, which is

suppressed by a factor proportional to the ratio of the DM candidate mass with the mass of the

nuclei. Since nuclei have masses >>1 GeV, the suppression factor 4mχ

mN
<< 1.

However, one can instead consider scattering with electrons, in which case, for elastic scatters,

the mass of the nucleus in the discussion above would instead be replaced by the mass of an

electron and thus greatly increase the suppression factor. For atoms, which have internal excited

states, we may also consider inelastic scattering with bound electrons (Fig. 1.6a) or even total

absorption (Fig. 1.6b), in which case the maximum energy transferred can be written as

∆Emax =
1

2
mχv

2
χ (inelastic collisions) (1.15)

To get a sense of the relevant energy scale in Eqn. 1.15, consider a DM candidate with a

mass of 5 MeV. For cold DM, typically velocities are dominated by our solar system’s motion

through the galactic halo and thus vχ can be taken to be ∼220 km/s. Using this, we see that, for

6Here, I consider the non-relativistic case since both CMB measurements and numerical simulations of structure
formation in the universe imply that DM particles have velocities much smaller than the speed of light.
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inelastic collisions, we obtain a maximum energy transfer of ∼2-3 eV. While this is an energy

that is inaccessible to detectors that have lead the charge in WIMP searches—primarily liquid

scintillator time projection chambers—even these small transfers are enough to cause ionization

in common semiconductor materials such as silicon and germanium. This thesis will show results

from one such detector architecture which takes advantage of this fact.

1.3 This Work: Continuing the Search for Dark Matter at Low Masses

As experiments close in on the remaining WIMP parameter space, attention has gradually

shifted to lower mass candidates where the parameter space remains relatively unexplored. Search-

ing in these low-mass regions comes with its own set of challenges, not the least of which being the

need for detectors sensitive to eV-scale energy depositions. This work presents the latest results of

a DM search using SuperCDMS HVeV detectors—detectors which exploit eV-scale bandgaps of

semiconductors to achieve sensitivity to low mass DM, which I will introduce in Chapter 2. The

design and installation of the detector payload is described in Chapter 3. Chapters 4 through 6 show

the results from the data analysis including evidence of a previously unobserved mechanism for

energy loss in solid-state detectors, observations of low energy backgrounds which are currently

limiting the field, and world-leading exclusion limits on electron-recoil dark matter.
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CHAPTER 2

SUPERCDMS HVEV DETECTORS

To meet the energy thresholds required to probe low-mass DM, the Super Cryogenic Dark Matter

Search (SuperCDMS) collaboration uses cryogenic, phonon-mediated calorimeters. These detec-

tors consist of a semiconductor, crystalline absorber (silicon or germanium) equipped with thin

superconducting films (called QETs) that, when operated in their superconducting transition, act

as precision thermometers. In the general measurement scheme, shown in Fig. 2.1, the crystal

substrate acts as a target for DM particles. A particle interaction with atoms in the crystal lattice

will produce phonons that then propagate throughout the crystal until they eventually deposit their

energy into the superconducting films, causing their temperature to increase. I will show that this

Figure 2.1: A schematic of a SuperCDMS HV detector. A crystal absorber
(either silicon or germanium) is shown in light gray. A DM particle, labeled
χ, could then interact with atoms in the crystal lattice and produce an electron-
hole pair (charges are labeled e− and h+, respectively) and phonons (shown by
the blue arrows). As the charges drift due to the applied voltage bias, labeled
∆V, they produce more phonons via the Neganov-Trofimov-Luke effect. Fig-
ure taken from Dr. Noah Kurinsky’s thesis [27].

increase in temperature leads to a change in the films’ resistance, which can be readout by a circuit



42

that I will introduce later in the chapter. In addition, we will see that the use of a semiconductor

crystal absorber enables the amplification of ionizing signals, thus increasing sensitivity to hidden

sector DM candidates.

The SuperCDMS collaboration generally employs two detector architectures: 1) an HV detec-

tor, to which Figure 2.1 applies, and which measures the phonon energy deposited in the crystal

with high precision, and 2) an iZIP detector which uses a similar scheme but also measures the ion-

ization yield in order to distinguish nuclear recoils (NRs) from electron recoils (ERs) [28]. These

detectors are currently being utilized at an underground facility called SNOLAB and are expected

to set world-leading exclusion limits for low-mass WIMPs [29]. However, the detectors that are

the subject of thesis are from an R&D program in SuperCDMS and referred as HVeV detectors.

These are smaller versions of the HV detector (HV detectors are ∼600 g whereas HVeVs are only

0.93 g), and were initially conceived as a more deployable detector that could be used for support-

ing studies such as detector characterization or studies of charge-transport, but have since become

a competitive technology for low-mass DM searches on their own.

In this chapter I will give an overview of the SuperCDMS HVeV program, beginning with a

description of measurement scheme and readout circuit and ending with a summary of recent data-

taking campaigns using HVeVs that are relevant to contextualize results shown in later chapters.

2.1 Measurement Scheme

2.1.1 Phonon Sensors

Phonons from particle interactions in the crystal substrate are sensed by parallel arrays of

QETs [30], which stands for “quasiparticle-trap-assisted transition-edge sensors”—an acronym

long enough to comprise a thesis on its own. A QET consists of a thin superconducting film

biased in its superconducting transition—called a transition-edge sensor (TES)—surrounded by

aluminum (Al) films, which serve to “funnel” energy, transferred in the form of quasiparticles,
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towards the TES.

Figure 2.2: A schematic for sensing phonons with a QET. Phonons from in-
teractions in the substrate (shown in blue) travel to the superconducting Al fin
(shown in grey). Phonons which are transmitted through the interface inter-
act with Cooper pairs, producing quasiparticles. Quasiparticles then diffuse
through the Al fin into the TES where they convert most of their remaining
above-gap energy into phonons, heating the TES. Figure taken from Ref. [31]

As shown in Figure 2.2, athermal phonons that enter the Al can interact with Cooper pairs,

producing quasiparticles in the substrate. The superconducting bandgap energy for W is less than

that of Al, thus as quasiparticles diffuse through the Al into the region where the W and Al over-

lap, they release energy in the form of phonons, becoming “trapped” as they no longer have the

energy required to cross into the bulk Al. The released phonon energy then transmits into the TES,

increasing its temperature. At cryogenic temperatures (≲ 100 mK), the Al bandgap (∼350 µeV)

is sufficiently high such that thermal phonons in the substrate do not have the energy required to

break Cooper pairs [31]. In this way, the Al fins serve to increase the energy collection area and

thermally decouple the TES from the substrate.

The TES is biased in its superconducting transition (see Figure 2.3) so that a small change in

temperature causes a measurable change in resistance. The slope and width of the transition region

determine the sensitivity and dynamic range of the TES. The response of the TES can be described

by a set of coupled differential equations; one “electrical” equation that describes the TES bias

circuit shown in Figure 2.4 and one “thermal” equation that describes the heat flow through the
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Figure 2.3: An example of the resistance as a function of temperature for a
transition-edge sensor (in this case, a Mo/Cu bilayer). Through application
of a current or voltage bias, a TES can be held in the transition region where
the superconducting film’s resistance changes rapidly with temperature. Figure
taken from Ref. [32].

TES.

A quick examination of the simplified bias circuit shown in Figure 2.5b allows us to write the

electrical differential equation as

L
dI

dt
= Vbias − IRL − IRTES(I, T ) (2.1)

where RL is the load resistance and is equal to the sum of the shunt resistance and any parasitic

resistance, Rp in the bias circuit. In principle, there can be some parasitic inductance as well in

which case we would replace L with the equivalent inductance of the bias circuit.

The thermal differential equation comes from an examination of the heat flow through the TES.
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(a) Real Bias Circuit. (b) Equivalent/Thevenized Bias Circuit.

Figure 2.4: (right) A TES bias circuit. In our case, the TES is biased us-
ing a current source and a shunt resistor (RSh) that is connected in parallel
with the TES (RTES) and some inductance L which serves as the input for a
SQUID-based readout circuit that I will introduce in the next section. (left)
The equivalent, thevenized TES bias circuit. Here RL, called the “load resis-
tance,” represents the sum of the shunt resistance and any parasitic resistance
in the circuit. Figures created using www.circuit-diagram.org.

Here, we consider the TES as weakly thermally coupled to some cold bath with temperature Tb <<

Tc (where Tc is the critical temperature of the TES). The time rate of change of the temperature

of the TES can then be determined by power flowing into the TES (from the signal, Ps and joule

heating from the bias, PJ ) subtracted by the power dissipating through the weak thermal link to

the bath, Pb, as shown in Eqn. 2.2.

C
dT

dt
= Ps + PJ − Pb (2.2)

As shown in Ref. [32], equations 2.1 and 2.2 can be simplified under within the “small signal

limit,” wherein we can linearize the equations by expanding around a small change in current and

temperature:

T ≈ T0 + δT (2.3)
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I ≈ I0 + δI (2.4)

In Eqns. 2.3 and 2.4, the subscript 0 denotes the steady-state values (Ps = 0) for the TES. In

the small-signal limit, we assume the terms of higher order in δT or δI are negligible. We can use

this to expand out the resistance of the TES as well which we write as

RTES(I, T ) ≈ R0 + α
R0

T0
δT + β

R0

I0
δI (2.5)

where α and β are, respectively, the temperature and current sensitivity of the TES and are defined

in Eqns. 2.6 and 2.7.

α ≡ ∂log(R)
∂log(T )

∣∣∣∣∣
I0

(2.6)

β ≡ ∂log(R)
∂log(I)

∣∣∣∣∣
T0

(2.7)

α is typically given as a good figure of merit of a TES; it corresponds to the slope of the

transition region shown in Figure 2.3 and can therefore be understood as a measure of the TESs’

sensitivity. We will later see that β would optimally be zero—a higher value for β indicates a

larger susceptibility to noise which can negatively impact the device’s energy resolution. Using

these terms, we can similarly expand out the power from joule-heating in terms of α and β in the

small signal limit as

PJ ≈ PJ,0 + 2I0R0δI + α
PJ,0

T0
δT + β

PJ,0

I0
δI (2.8)

where PJ,0 = I20R0. Finally, we can write the power dissipating to the bath as

Pb ≈ Pb,0 +GδT (2.9)
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where G ≡ dPb/dT .

Substituting Eqns. 2.3–2.9 into the differential Equations 2.1 and 2.2, canceling higher orders

of terms with δ, and observing that in a steady state we have Pb,0 = PJ,0, we arrive at the following

dδI

dt
=
δV

L
− RL +R0(1 + β)

L
δI − LG

I0L
δT (2.10)

dδT

dt
=
δP

C
+
I0R0(1 + β)

C
δI − 1− L

τ
δT (2.11)

where we have introduced the loop gain L = PJ,0α/GT0 and a time constant τ = C/G (which

is just the thermal decay time constant for the TES in the absence of any signal). Additionally,

we have used δV = V − Vbias as a small change in the bias voltage resulting from the signal1 and

substituted P for δP both to emphasize that we are in the small signal limit and to be consistent

with the formalism in Ref. [32].

There are multiple ways of solving Eqns. 2.10 and 2.11, which are discussed in Ref. [32]

though specific solution will depend on the form of the signal power δP . First, by considering the

homogeneous solution (where δV = 0 and δP = 0), we find that a general solution can be written

in terms of exponentials:

δI(t) = c1e
−t/τ+ + c2e

−t/τ− (2.12)

δT (t) = b1e
−t/τ+ + b2e

−t/τ− (2.13)

In Eqns. 2.12 and 2.13, the constants c1,2 and b1,2 can be solved for given a set of initial

1Note that the bias voltage of the circuit shown in Fig. 2.5b can be derived from thevenizing the real bias circuit
shown in Fig. 2.5a and does not depend on the resistance of the TES. If it did, we would not be able to assume the
change in voltage is small under the small signal limit as Vbias would depend on α, which is generally very large for
TESs.
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conditions. The time constants τ± are the inverse eigenvalues that are obtained via solving the

coupled differential Equations 2.10 and 2.11. Their explicit dependence on circuit parameters is

shown in Eqn. 2.14.

1

τ±
=

1

2τel
+

(1− L)
2τ

± 1

2

√(
1

τel
− 1− L

τ

)2

− 4
R0L(2 + β)

Lτ
(2.14)

Here we have defined a the electrical time constant of the RL circuit in the absence of any input

power τel = L/(RL + R0(1 + β)). Note that the time constants τ can, in general, be imaginary

and thus, the qualitative behavior of the TES response depends on the circuit elements used. Of

particular importance is whether or not the real part of τ is positive or negative; if Re(τ) < 0,

then the current through the TES will continually increase with time and thus become unstable.

For a more detailed discussion of stable operation of the TES, see the discussion in Section 2.4 of

Ref. [32].

To understand the response of the TES resulting from a particle interaction in the substrate, we

can consider the case where δP takes the form of a delta function—this would mimic an idealized

case where energy is instantaneously deposited in the crystal. In this scenario, we have that, at

time t = 0, δI = 0 and δT = ∆T . In the limit that the heat capacity of the absorber is insensitive

to changes in temperature, we may approximate ∆T ≃ E/C [33], where E. Using these initial

conditions, we can solve for the coefficients in the homogeneous solutions given in Eqns. 2.12

and 2.13. However, since we will only directly measure the current going through the TES, it is

sufficient to only solve for the constants in Eqn. 2.12 in which case we arrive at a current response

of the form given in Eqn. 2.15.

δI(t) = A
E

C
(e−t/τ+ − e−t/τ−) (2.15)
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(a) HVeV Channel Layout. (b) Close-up of a QET.

Figure 2.5: (right) The top side of an HVeV detector with the inner and outer
channel denoted by the outside or inside of the red box, respectively. (left)A
zoomed in view of a single QET. The W TES is the center of the Al fins that
surround it.

We can see that under these conditions, δI takes the form of a “pulse” with an exponential rise

time given by τ+ and a fall time given by τ−. The amplitude of the pulse is the product of a constant

A, which depends on the circuit elements and time constants and is given explicitly in Ref [32],

and the ratio of the energy deposited to the heat capacity of the TES. We may therefore estimate

the energy deposited in the absorber during a particle interaction via the height of the observed

pulse in the current of the TES.

Note that in Eqn. 2.15, the height of the current pulse is inversely proportional to the heat

capacity of the film. From a detector point of view this is significant—to collect more phonons

from an interaction in the substrate, one would naively want a large TES. However, by making

the TES large, we also increase the heat capacity C, thereby decreasing the amplitude of the

current response. This is precisely the genius behind the QET; the Al fins in the QET effectively

increase the collection area of the TES without increasing the TESs heat capacity. However, the

diffusion length of quasiparticles through superconducting films is finite [34] and, therefore the Al
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fins cannot be scaled indefinitely without introducing mechanisms for energy loss.2 This can be

worked around by utilizing parallel arrays of QETs, thus avoiding excessively large Al fins while

still maintaining a high coverage fraction. HVeV devices have two such parallel arrays, which

cover an equal amount of area, of QETs arranged in a “bullseye” pattern as shown in Fig. 2.5.

2.1.2 SQUID-Based Readout

To measure the current through the TES in the circuit shown in Fig. 2.4, we use a supercon-

ducting quantum interference device (SQUID). There are two types of SQUIDs: an RF (radio

frequency) SQUID consisting of a superconducting loop with a single Josephson junction and a

DC (direct current) SQUID consisting of a superconducting loop with two Josephson junctions as

pictured in Fig. 2.6. Our discussion will focus on the latter, which we use in our readout system.

Here, I will present a mostly qualitative explanation of the SQUID’s response and implementation

into the readout system and refer the reader to Refs. [35], [36] for an in-depth discussion.

Figure 2.6: A simplified circuit schematic of a DC SQUID, which consists of a
loop of superconducting wire containing Josephson junctions (represented by
the × symbols in the diagram).

To understand how the SQUID responds, first let us understand the behavior of the Josephson

junctions. Josephson junctions are comprised of two superconducting materials separated by a thin
2This occurs when the Al fins area is large enough such that quasiparticles are likely to recombine in the Al before

becoming trapped in the Al-W overlap region, thus preventing any of the energy required to excite them in the first
instance from reaching the TES.
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insulator. The Cooper pairs in each superconductor form one coherent quantum state with some

phase and can tunnel through the potential barrier imposed by the insulator, forming a “supercur-

rent” of Cooper pairs through the junction. As shown in Ref. [37], the supercurrent, I , is related to

the phase difference between the superconductors, δ by

I = Asin(δ) (2.16)

In Eqn. 2.16, A is a constant that depends on the volume of the superconductors, the charge of

the Cooper pairs (2e−), and the strength of the coupling between the superconductors. Just as

with bulk superconductors, Josephson junctions have a critical current, I0, above which there is a

non-zero resistance. Thus, for I > I0, the current flows with resistance and a voltage drop can be

measured over the junction, which increases with increasing I (see Fig. 2.7). In general, the critical

Figure 2.7: The typical IV behavior of a Josephson Junction. When the current
through the junction is less than the critical current, the current flows with zero
resistance and thus there is no voltage drop. Above the critical current, current
no longer flows without resistance and a voltage drop appears over the junction.
For I >> Ic, the voltage drop is given simply by Ohm’s Law. Figure taken
from Ref. [38].
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current for Josephson junctions is much smaller than that of a typical superconductor. Thus, if we

assume that the SQUID shown in Fig. 2.6 is symmetric (I0 is the same for both junctions), then the

voltage drop over the SQUID will be zero so long as I < 2I0, where I is the total current through

the SQUID. Hereafter, I will refer to this critical current (the critical current in the absence of any

applied flux to the SQUID, which we will consider shortly) of the SQUID as a whole as Ic.

SQUIDs can be used to very accurately measure the magnetic flux through the superconducting

loop shown in Fig. 2.6 due to the quantization of flux through superconducting loops—the flux

through the loop must be an integer multiple of Φ0 =
h
2e

else the requirement that the wave function

describing the Cooper pairs in the loop is not single-valued would be violated. Here I will consider

a simplified model of the SQUID’s response to flux.3 Let us consider the DC SQUID in a magnetic

field so that there is some flux Φ passing through the superconducting loop, where Φ = nΦ0.

Now say the flux through the loop increases slightly. Since the flux is restricted to being an integer

multiple of Φ0, a screening current Is will be induced in the loop, generating an opposing magnetic

flux so that the net flux through the loop remains equal to Φ. Then, if the bias current running

through the SQUID is I , the current through the junctions as a result of the increasing flux becomes

i1 =
I

2
+ Is (2.17)

i2 =
I

2
− Is (2.18)

where i1,2 denotes the current through the individual junctions, indexed by 1 or 2. We can see that

the addition of the screening current effectively lowers the critical current of the SQUID—applying

a bias current of I = Ic − Is will cause i1 = I0 and, thus a voltage drop will be measured over

the SQUID. If we continue to increase the applied flux through the loop, the screening current will
3In particular, I will ignore noise sources as well as neglect the response of the Josephson junctions to changing

flux in the loop. Even while ignoring these effects, the qualitative behavior of the SQUID is much the same.
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continue to increase to oppose the change until the applied flux is equal to Φ+ 1
2
Φ0, at which point

the resulting screening current reaches a maximum. If the applied flux is increased further, then

something interesting happens: the screening current flips direction so that its induced magnetic

flux adds to the applied flux so that the next flux through the loop becomes Φ+Φ0. This is because

it now takes less energy for the screening current to increase the next flux to the next allowed state,

Φnet = Φ + Φ0, than it does to continue to oppose the increase in flux and keep Φnet = Φ. As

the applied flux is increased to Φ + Φ0, the screening current will increase back to 0 as shown in

Fig. 2.8.

Figure 2.8: A qualitative plot of the screening current generated in the DC
SQUID (plotted on the vertical axis) as a function of the increase in applied
flux shown on the horizontal axis in units of Φ0. The screening current reaches
its maximum when the increase in the applied flux is a half-integer multiple of
Φ0 and is zero when the increase in applied flux is an integer multiple of Φ0.
Figure taken from Ref. [39].

Assuming that the SQUID is held in its resistive state (i.e. I > Ic), then the changing magnetic

flux manifests as a change in the voltage drop over the SQUID. Like the screening current, the

voltage is periodic with the applied magnetic flux; the voltage reaches a maximum for Φ = (n +

1/2)Φ0 and a minimum when Φ = (n + 1/2)Φ0 where n = 0,±1,±2, . . . . Figure 2.9 shows the

voltage response of the SQUID as a function of the flux for a particular bias current (denoted IB

in Fig. 2.9 and is equivalent to I in the discussion above). Therefore, by measuring the voltage

output of the SQUID, we can measure the flux going through the SQUID loop. However, as can
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Figure 2.9: (left) The IV curves of the SQUID when Φ = nΦ0 and when Φ =
(n+ 1/2)Φ0. For a particular bias current, IB, the voltage varies continuously
along the dashed line as the flux is increased from nΦ0 to (n+ 1/2)Φ0. (right)
The voltage vs. applied flux (here plotted in units of Φ0) for the bias current
shown in the left panel.

be seen in the right panel of Fig. 2.9, the voltage drop over the SQUID quickly becomes non-linear

with increasing flux. To be sensitive to larger changes in flux, we can linearize the response of the

SQUID using a flux-locked loop (FLL), which is shown in Fig. 2.10. The purpose of the FLL is to

“lock” the SQUID at a particular point in its V-Φ response (typically we choose the steepest part

of the curve for maximum sensitivity). The FLL is a negative-feedback loop wherein the voltage

output of the SQUID (Vsq in Fig. 2.10) is amplified, converted to a current via a feedback resistor

(Rfb), and fed through a feedback inductor (Lfb), which supplies a magnetic flux, Φfb, to cancel out

the original change in flux. In this way, the net flux through the SQUID remains constant so that

the response is linear and the original increase in flux can be read out via the voltage drop over the

feedback resistor.

Having shown that SQUIDs are incredibly sensitive flux-to-voltage transducers, let’s now con-

sider how they are implemented to read out signals from the TES. Recall from the previous section

that particle interactions in our detectors’ substrate cause a changing current through the detector.
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Figure 2.10: A simplified circuit diagram of a flux-locked loop (FLL). The
SQUID is biased via current supplied through wire labeled “bias”. The voltage
response of the SQUID (Vsq) resulting from an applied magnetic flux (Φext) is
amplified (where G denotes the gain from the amplifier), converted to a current
via a large feedback resistor, Rfb, and passed through a feedback inductor that
supplies a flux, Φfb, to cancel out Φext. Figure taken from Ref. [40].

The change in current results in a change in the flux through the inductor in the bias circuit shown

in Figure 2.4. We then couple this inductor to the SQUID so that the flux through the inductor

is the Φext in Fig. 2.10, which is then read out through the FLL circuit described in this section.

The output of the FLL is then digitized and read out at some sampling frequency (in our case, a

frequency of 625 kHz, which we then down sample by a factor of 4). The final result is a time

series of current values that are ready to be analyzed!

2.2 Detector Response to Particle Interactions

With the method for sensing and measuring energy from particle interactions established, we

may now consider what energy we might expect from an interaction. In the majority of cases, a par-

ticle interacts with an electron or nucleus in the crystal substrate, which then recoils. The recoiling

electron or nucleus can scatter with phonons or produce electron-hole (eh) pairs by exciting elec-

trons to the conduction band. If the detector is operated without a voltage bias (i.e. V = 0), then

any excited electrons first release most of their kinetic energy from scattering with phonons before
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recombining with holes in the valence band—these phonons are referred to as “prompt phonons”.

I refer to their summed energy as the “prompt energy,” Ep. The energy lost by the freed charges

during recombination, in the case of silicon4, is also released as phonons and can be written as

Egneh, where Eg is the ionization bandgap and neh is the number of eh pairs produced. In general,

we assume that freed charges recombine on time scales on the order of the prompt phonon arrival

time to the TES and thus, at the end of the cascade prompted by the initial interaction (which can

involve various recoils, phonon scattering events, and recombination), the total energy deposited

into the substrate as phonons is given by Eqn. 2.19.

E = ER = Ep + Egneh (V = 0) (2.19)

However, as pointed out in Dr. Runze Ren’s thesis (Ref. [41]), it is possible that freed charges

recombine on comparatively long time scales, in which case the energy of an event could be as

low as the prompt energy produced during the initial recoil, E ≥ Ep. While we typically assume

Eqn. 2.19, we will revisit this assumption in Chapter 4.

This picture remains largely unchanged when we consider a non-zero voltage bias, V , applied

across the substrate. The energy from the initial recoil is still distributed between creating phonons

or producing electron-hole pairs and the freed charges still release most of their initial kinetic

energy via phonon scattering, but now, rather than proceeding to recombine, the applied electric

field accelerates the charges across the substrate. As the charges drift through the substrate, they

continuously interact with the lattice, releasing their kinetic energy in form of phonons—this is

4In general, the energy emitted during recombination can be in the form of a photon or phonons, depending on the
nature of the bandgap of the material. Specifically, if the crystal momentum corresponding to the maximum energy of
the valence band corresponds to the minimum energy of the conduction band (materials with this property are referred
to as “direct bandgap” semiconductors), the energy will most often be emitted in the form of a photon. Otherwise, in
order for crystal momentum to be conserved, phonons must mediate the recombination, which is the case for silicon
and germanium.
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referred to as the Neganov-Trofimov-Luke (NTL) effect [42], [43]. From this, the energy released

into the substrate in the form of phonons includes an additional term as compared to Eqn. 2.19:

E = ER + ENTL = Ep + neh(Eg + eV ) (2.20)

From Eqn. 2.20, we can see that while operating with an HV bias, the energy (in electron-volts)

from ionizing signals is amplified by the product of the number of eh pairs produced and the voltage

bias. Note that for silicon, Eg ≈ 1.17 eV at cryogenic temperatures [44] and thus, it is possible to

produce a single eh pair with as little as ∼1.17 eV. Without a voltage bias, this is quite small and

difficult to measure. However, we may apply voltage biases exceeding ∼100 V, and therefore, by

applying such a voltage bias, the energy from such an interaction could deposit energies exceeding

∼101 eV in the substrate! It is precisely this method of amplification that allows SuperCDMS

HVeV detectors to be sensitive to the small energy deposits from low mass DM discussed at the

end of Chapter 1.

2.2.1 Ionization in Silicon

The amount of amplification one gets from the voltage bias depends on neh, which in general

depends on the energy and type of the interaction. The average number of eh pairs excited in a

general interaction can be written as

⟨neh⟩ = Y
ER

ϵeh
(2.21)

where ER is the recoil energy of an interaction, ϵeh is the average energy required to excite a single

eh pair, and Y is a factor sometimes referred to as the “ionization yield” and has a value that

depends on whether the interaction is an electron-recoil, (in which Y = 1) or a nuclear-recoil, in

which (Y depends on ER and is generally less than 1). Here, ϵeh can be interpreted as the average

amount of energy from an electron-recoil it takes to produce one electron-hole pair and depends
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on ER. For ER < Eg, energy conservation forces ϵeh to approach ∞ since otherwise electrons

would be excited to the conduction band, despite not receiving the full bandgap energy. Similarly,

for Eg ≤ ER < 2Eg, only a single eh pair can be produced and thus ϵeh = ER. At high energies,

ER >> 2Eg, ϵeh has been found to be constant with a value between ∼3.6—3.8 eV, depending

on the temperature. The behavior of ϵeh is more complex in the energy region where ER ≳ 2Eg.

Throughout this thesis, we will reference the phenomenological model constructed in Ref. [44],

from which Figure 2.11 (showing the eh pair production probabilities) is taken.

Figure 2.11: The probability to ionize the labeled number of eh pairs in silicon
as a function of energy deposited from an electron-recoil. Figure taken from
Ref. [44].

For nuclear recoils, the number of eh pairs produced is typically less than that of an equal

energy electron-recoil; hence Y < 1 for nuclear recoils. For energies above ∼4 keV the mea-

surements of the nuclear ionization yield have generally been in agreement with a model accepted

by Lindhard et. al. [45]. However, below this measurements vastly differ across experiments for

nuclear ionization yield [46]. Figure 2.12 shows measurements for the ionization yield in silicon
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at energies below ∼20 keV and is taken from Ref. [46]. The DM models explored in this thesis

Figure 2.12: Measurements of the nuclear ionization yield in silicon. In red
are the data points from Ref. [46] and are fit to a power law. Also included in
the figure are data from Refs. [47]–[52]. The dashed line shows the Lindhard
model with k = 0.146 [45]. Figure taken from Ref. [46].

interact via electron-recoil and so I will not discuss nuclear ionization yield further. However, I

refer the reader to the thesis of Dr. Runze Ren (Ref. [41]) for recent measurements of the nuclear

recoil ionization yield at low energies in silicon.

2.2.2 Charge-Trapping and Impact Ionization

Equation 2.20 gives the energy deposited in the substrate in the idealized case, where charges

freed during a particle interaction are drifted via the applied electric field and recombine near the

surface. In this case (see the left side of Figure 2.13), the amount of energy released into the

substrate via the NTL effect is quantized in integer multiples of the voltage bias (in units of eV).

However, defects in the substrate can cause instances in which a non-quantized amount of NTL

energy enters the substrate. We consider two distinct cases of this:
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1. Charge-trapping (CT): a charge falls into a defect state while drifting across-the crystal,

and thus only a fraction of the NTL energy enters the substrate (middle of Fig. 2.13).

2. Impact-ionization (II): a charge drifting through the substrate collides with another charge

loosely bound in a defect state and brings it to the conduction band so that more than the

expected NTL energy is released in the substrate (right of Fig. 2.13).

Figure 2.13: Illustration of a normal eh pair event (left) compared to an event
with charge-trapping (middle) and impact-ionization (right). Diagram taken
from Ref. [53].

In either the case of CT or II, there is a single charge released in the bulk of the crystal and thus

only part of the NTL energy expected from an eh pair is released. To model these effects, we can

consider partitioning the path of a charge in the crystal in small, discrete steps. For each step, there

is some probability pi for CT (i = CT) or II (i = II). Thus, as shown in Ref. [54], after traveling a

distance of ∆z in n steps, the probability of a charge not undergoing CT or II is (1− pi∆z/n)
n. If

we assume infinitely small step sizes, we have

C̄i = e−pi∆z = e−∆z/τi (2.22)

where C̄i is the probability of a charge not undergoing process i (i = CT or II). In the last equality
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of Eqn. 2.22, we have defined τi = 1/pi, the characteristic length a charge travels without under-

going process i. If we consider z to represent the fraction of the crystal thickness traveled through

(i.e. z = 0 and z = 1 represent the bottom and top of the crystal), then we can characterize the

total probability for a charge to undergo a process i while traveling through the substrate as

fi ≡ 1− e−1/τi (2.23)

Where i in Eqn. 2.23 is CT or II. However, we can not necessarily assume that every instance of

charge-trapping or impact-ionization happens with the same probability. For example, in the case

of CT, it is possible that the probability for a hole to become trapped differs from that of an electron.

In fact, there is some evidence for this shown in Section IV of Ref. [54]. Thus, these two cases of

charge-trapping would technically need to be considered separately and are respectively referred

to as fCTh and fCTe. The case of II is more complicated as one can consider a case where a freed

electron frees an additional electron with some probability fIIee differently from the scenario where

the freed electron frees an additional hole (fIIeh). We may similarly consider the case where the

starting particle is a hole and we thus have the probabilities fIIhe and fIIhh, depending on whether

the charge resulting from II is an electron or a hole (respectively). Rather than account for six

different scenarios of CT and II, we will assume that fCTe = fCTh = fCT and that fIIi,j = fII for all

i, j ∈ e, h for the remainder of this thesis.

Because the energy from the NTL effect is proportional to the work done on the charge by the

electric field, which depends on the distance the charge travels through the substrate, events with

CT have a lower energy compared to similar events without CT while the opposite is true for events

with II. To demonstrate how fCT, II might affect an energy spectrum, I plot an example NTL energy

spectrum consisting of poisson distributed eh peaks under different values of fCT, II in Figure 2.14.
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I use V = 50 V and assume an energy resolution of 2 eV. Thus, rather than a spectrum purely

(a) Varying fCT. (b) Varying fII.

Figure 2.14: A simulated energy spectrum consisting of poisson distributed
eh peaks at a 50 V bias under different probabilities of charge-trapping (right)
and impact-ionization (left). For simplicity, only NTL energy is shown (ER =
0 eV). Note that smaller values for fII are considered (compared to those shown
for fCT) since previous studies have found fII to be small in most cases [54].

consisting of eh peaks like the ideal case, we expect a non-zero number of events associated with

ionizing signals to fall within the inter-peak regions. For a more detailed understanding of how

these effects are modeled, I refer the reader to Ref. [54].

2.3 Signal Models

We can now consider the detector’s response to dark matter interactions. In particular, I will

show the energy spectrum and rate we could expect from DM-electron scattering models, absorp-

tion of dark photons, and absorption of axion-like particles. In each case, I will first begin with a

derivation of the differential rate (i.e. the rate as a function of the recoil energy deposited during

an interaction). Next, I will show the expected response of the detector with a voltage bias applied.

I will also note that a similar explanation of these signal models can be found in Dr. Enze Zhang’s

thesis (Ref. [55]), who applied them for HVeV Run 4, the experiment which laid the foundation

for much of the work shown in this thesis.
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2.3.1 Dark Matter-Electron Scattering

As discussed in Chapter 1, hidden sector dark matter models allow for DM-electron scattering

via a hidden mediator. The calculation of the differential rate is complicated by the fact that we

are considering electrons in semiconductors, which have complicated energy eigenstates due to the

band structure in crystals. However, as I will show here, we can first consider the scattering rate

with a free electron. The resulting equation for the differential rate can then be corrected by a form

factor, which accounts for the electron being bound in a crystal. For a detailed derivation I refer

the reader to Appendix A of Ref. [56], which I abridge here.

The rate of DM interactions which cause electron excitations for a single target can be generally

represented as

R =
ρχ
mχ

∫
g(v)σv1→2d

3v =
ρχ
mχ

⟨σv⟩1→2 (Rate for a single electron target) (2.24)

where ρχ is the local DM density, mχ is the mass of a single DM particle, g(v) is the velocity

distribution of DM particles, and σv1→2 is the product of the velocity and the cross-section cor-

responding to the electron transitioning from energy states 1 and 2. Note that Eqn. 2.24 can be

understood as the product of the flux of DM particles through a cross-sectional area in which there

would be an interaction. However, note that the cross-sectional area, which in this case is the in-

teraction cross-section σ, in general depends on the velocity of the DM particle and is therefore

included in the integral. For DM scattering with a free electron, we have

σvfree =
1

4E ′
χE

′
e

∫
d3q

(2π)3
d3k′

(2π)3
(2π)4

4EχEe

δ(Ei − Ef )δ
3(k⃗′ + q⃗ − k⃗)|Mfree(q⃗)|2 (2.25)

where Ei = Ee + Eχ and Ef = E ′
e + E ′

χ are respectively the initial and final energy states of

the DM-electron system, k⃗ is the initial momentum of the electron (such that the initial state of the
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electron can be represented as |e⟩i ∝ eik⃗·r⃗), and q⃗ is the momentum transferred to the electron dur-

ing the interaction. Mfree(q⃗) is the scattering matrix element computed from the Feynman diagram

shown in Figure 1.6 and |Mfree|2 is its absolute square averaged over the initial spins and summed

over the final spins. Our first goal is to use the general form of Eqn. 2.25 to calculate σv1→2. To do

this, first note that Mfree enters Eqn. 2.25 via the calculation of the scattering amplitude with some

interaction Hamiltonian Hint:

⟨χp−q, ef |Hint|χp, ei⟩ = CMfree × (2π)3δ3(k⃗′ + q⃗ − k⃗) (free electron) (2.26)

The initial and final states of the DM-electron system are represented by |χp, ei⟩, where p indicates

the momentum of the DM particle. C in Eqn. 2.26 is simply a coefficient but does not contain

any important dependencies. The term with the delta function comes from the product ⟨ei|ef⟩

integrated over all k-space. If we instead consider a bound electron, then Ref. [56] shows that

we can represent the resulting scattering amplitude involving the bound electron in terms of the

free scattering amplitude and an atomic form factor, f1→2 which encodes the effect of the bound

state wavefunctions (represented in momentum space by ψ̃(k) in the equation below) on the matrix

element.

⟨χp−q, ef |Hint|χp, ei⟩ = CMfree(q⃗)

∫
V d3k

(2π)3
ψ̃∗
f (k⃗ + q⃗)ψ̃1(k⃗) (2.27)

= CMfree(q⃗)f1→2(q⃗) (bound electron) (2.28)

We can further simplify Eqn. 2.25 in the case of scattering with bound electrons by separating

out the q⃗ dependence of Mfree. This is done by parameterizing Mfree(q⃗) in terms of a reference
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momentum, which is typically chosen to be q⃗ref = αme, where α is the fine structure constant and

me is the mass of an electron.

|Mfree(q⃗)|2 = |Mfree(αme)|2 × |FDM(q⃗)|2 (2.29)

Here, FDM is the dark matter form factor and encodes the dependence of the scattering ampli-

tude on the momentum transfer, which depends on the DM model under consideration. We will

consider the case where the hidden sector mediator is much heavier than the DM particle, in which

case FDM = 1, as well as the case where we have a very light mediator, in which case FDM ∝ 1/q2.

We then define

σ̄e =
µ2
χe|Mfree(αme)|2

16πm2
χm

2
e

(2.30)

where µχe is the reduced mass of the DM-electron system.

Before writing our expression for σv1→2, we can simplify the expression further by writing out

the energies in Eqn. 2.25 since we can assume DM is not relativistic.

Ei = mχ +me +
1

2
mχv

2 + Ee,1 (2.31)

Ef = mχ +me +
|mχv − q|2

2mχ

+ Ee,2 (2.32)

In the equations above, Ee,i is the ith energy state of the electron and v is the velocity of the DM

particle.

Substituting Eqns. 2.29—2.32 into Eqn. 2.25, we can write the scattering DM-electron cross-

section for bound electrons:
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σv1→2 =
σ̄e
µ2
χe

∫
d3q

4π
δ(∆E1→2 +

q2

2mχ

− qvcos(θ))× |FDM(q)|2|f1→2(q⃗)|2 (2.33)

In Eqn. 2.33, θ is the angle between the DM particle’s initial and final momentum. It is worth

noting that Eqn. 2.33 shows that the cross-section for bound electrons can be represented almost

entirely in terms of the scattering cross-section for free electrons, while the complexity of the

bound states are accounted for by the atomic form factor f1→2. Thus, by considering the electron

bound states, 1 and 2, as the energy states in crystal semiconductors, we can calculate the rate of

excitations in our detectors. The energy states of a crystal are written as a summation of functions

u that are periodic with respect to the reciprocal vectors of the crystal lattice G⃗:

ψik⃗(r⃗) =
1√
V

∑
G⃗

ui(k⃗ + G⃗)ei(k⃗+G⃗)·r⃗ (2.34)

Here V is the volume of the crystal and ψik⃗ are the eigenstates corresponding to the ith energy

level and crystal momentum k⃗. The crystal form factor fcrystal can then be calculated by substitut-

ing the wavefunctions in Eqn. 2.34 into the LHS of Eqn. 2.33. The resulting integral over k-space

in the resulting expression is fcrystal and is generally computed numerically. The corresponding

cross-section can be substituted into Eqn. 2.24 for the total rate of electron excitations in the semi-

conductor crystal. Taking the derivative with respect to energy we obtain the differential rate shown

in Eqn. 2.35 (Eqn. A.32 in Ref. [56]).

dRcrystal

dln(Ee)
=

ρχ
mχ

Ncellσ̄eα
m2

e

µ2
χe

∫
dln(q)

(Ee

q
η
(
vmin(q, Ee)

))
FDM(q)

2|fcrystal(q, Ee)|2 (2.35)
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The function η is the averaged DM velocity distribution truncated at the minium velocity re-

quired for a transition, vmin, which depends on the difference between the energy levels in consid-

eration and the transferred momentum q.

η(vmin) =

∫
d3v

v
gχ(v)Θ(v − vmin) (2.36)

Finally, Ncell is simply the number of crystal cells in the target volume and can also be represented

in terms of the mass of the target.

I plot the differential rate for a chosen value of σ̄e in Figure 2.15 to show the spectrum of recoil

energies expected from DM-electron scattering. The detectors’ response to the recoil energies

(a) FDM = 1 (b) FDM ∝ 1/q2

Figure 2.15: The differential rate for DM-electron scattering in silicon for
FDM = 1 (left) and FDM ∝ 1/q2 (right). Different colored lines correspond to
different DM particle masses. Here, I assume σ̄e = 1e-37 cm2.

shown in Fig 2.15 can then be determined assuming we know the ionization yield and the detectors’

resolution and CT/II probabilities. We will discuss modeling of detector specific parameters (such

as fCT, II, resolution, etc.) in Chapter 4. For now, I assume some reasonable values and plot the

resulting models in Figure 2.16.
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(a) FDM = 1 (b) FDM ∝ 1/q2

Figure 2.16: The differential rate seen by the detector for DM-electron scatter-
ing in silicon for FDM = 1 (left) and FDM ∝ 1/q2 (right). Different colored lines
correspond to different DM particle masses. Here, I assume σ̄e = 1e-37 cm2,
a voltage bias of 100 V, a resolution of 4 eV, as well as some other stand-in
values for charge-trapping and impact ionization.

2.3.2 Dark Photon Absorption

Another popular hidden-sector dark matter candidate considered in this thesis is the dark

photon—a gauge mediator introduced via a hidden U(1) symmetry that can weakly couple to the

SM via the vector portal. In particular, we will consider the absorption of dark photons via the

process shown by the Feynman diagram in Figure 1.6. For the derivation of absorption rate of

dark photons (and, in the next section, axion-like particles), I will follow the derivation shown in

Ref. [57]. We begin with the generic equation for the rate:

R =
1

ρtarget

ρχ
mχ

⟨neσabsv⟩ (2.37)

Here, ρtarget is the density of the target (e.g. silicon), σabs is DM-electron absorption cross-section,

and ne is the number density of electrons. Following Ref. [57], we will first calculate the photon

absorption cross-section. Then, by relating this cross-section to the DM absorption cross-section,

we can calculate the rate of DM absorption in a target.
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Ref. [57] first shows that the velocity averaged photon absorption cross-section is equivalent to

the real part of the target’s conductivity, σ1:

⟨neσabsv⟩γ = σ1(ω) (2.38)

where ω is the frequency (equivalently, in natural units, energy) of the photon. If we then consider

a dark photon, then there is a kinetic mixing of the dark photon with the standard model photon

via
ϵ

2
FµνF

′µν ∈ L (2.39)

where Fµν is the SM electromagnetic field strength tensor and Fµν is the analogous hidden sector

field strength tensor. As shown in Ref. [58], this leads to a coupling between the dark photon and

the electromagnetic current, JEM:

ϵeJµ
EMA

′
µ ∈ L (2.40)

Taking into account in-medium effects, one obtains the effective kinetic mixing [57]

ϵ2eff =
ϵ2m2

χ

m2
χ − 2mχσ2 + σ2

2 + σ2
1

(2.41)

where mχ is the mass of the dark photon, and σ2 is the imaginary part of the conductivity of

the target. The term in the Lagrangian shown in Eqn. 2.40, is equivalent to that of the photon

absorption cross-section and thus we can see that the matrix elements for the absorption of dark

photons by electrons are related to the matrix elements of photons by electrons via

|M|2 = ϵ2eff |Mγ|2 (2.42)
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Therefore, we have that

⟨neσabsv⟩ = ϵ2eff⟨neσabsv⟩γ = ϵ2effσ1(ω = mχ) (2.43)

where in the last equality, I made the dependence of the real part of the conductivity on the

energy of the dark photon explicit. Substituting this back into Eqn. 2.37, we have

R =
ϵ2eff

ρtarget

ρχ
mχ

σ1(ω = mχ) (2.44)

Note that while considering a particular dark photon mass, the recoil energy released in the

detector is singular and is equal to the energy of the dark photon, mχ, which is generally small—

on the scale of a few eV to a few tens of eV. Applying our knowledge of the detector’s response to

an electron recoil of known energy, we obtain the signal models shown in Figure 2.17.

Figure 2.17: The expected energy spectrum seen by the detector from dark
photon absorption. Different color lines correspond to different dark photon
masses. I assume a kinetic mixing strength of 5e-13, a 100 V bias, a 4 eV
resolution, and nominal values for fCT,II.
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2.3.3 Axion-like Particle Absorption

The last DM candidate that we will consider in this thesis is the axion-like particle (ALP). The

ALP is an extension to the axion, a particle postulated as a potential solution to the strong CP

problem [59], and appear in many theories proposing extensions to the SM. As psuedoscalars, the

ALP field, a, can couple to electrons (with field represented by ψ in Eqn. 2.45) via the following

interaction term in the Lagrangian [60]

−δµa
fa
ψ̄γµγ5ψ ∈ L (2.45)

which is similar to the photoelectric interaction term. Here, the parameter fa characterizes the

strength of the interaction.

Similar to our calculation of the rate of dark photon absorption, we can relate the axio-electric

cross-section of the interaction shown in Eqn. 2.45 to the cross-section of the photoelectric effect.

In general, there are differences between these interactions stemming from the fact that ALPs

are pseudoscalars while photons are vectors. Specifically, the wavefunction of absorbed photons

in a photoelectric interaction is proportional to eik⃗·r⃗ where k = ω while the wavefunction of

the absorbed ALP is instead proportional to eimχv⃗·r⃗ where mχ and v⃗ are the mass and velocity

of the ALP. However, since we are considering non-relativistic DM, v⃗ can be considered small

enough so that the exponential term is close to unity. Similarly, if we consider only energies much

smaller than the mass of an electron (which is many orders of magnitude above the energies we

consider for the DM search), then the contribution of the exponential in the photon wavefunction

is also negligible [60]. Under these assumptions, the cross-section of the axio-electric effect can



72

be directly related to the cross-section of the photoelectric effect by [60]

σav ≈
3m2

χ

4παf 2
a

σp.e. (2.46)

where σa is the ALP absorption cross-section and σp.e. is the photo-electric cross-section.

We define the following coupling constant to characterize the strength of the ALP absorption

interaction.

gaee =
2me

fa
(2.47)

Substituting this into our generic expression for the DM interaction rate, we arrive at the rate

of ALP absorption by electrons

R =
ρDM

ρ

3g2aeemχ

16παm2
e

σ1(mχ) (2.48)

Just as with dark photons, the expected spectrum of energy delivered to a substrate is a delta

function centered on the energy of the ALP (mχ in the non-relativistic limit). Figure 2.18 shows

the expected response of the detector resulting from the absorption of ALPs at various masses.

We can compare the signal models we derived in this section to actual observations from op-

erating HVeV detectors and set exclusion limits on the parameters which characterize the strength

of the various interactions—namely σ̄e, ϵ, and gaee.

2.4 The Development of HVeV Detectors

So far, in this chapter, we have laid out the operation and response of HVeV detectors, which,

owing to their excellent energy resolution and ability to amplify ionizing signals, are capable of

probing DM models with masses below the GeV scale. Prior to the data-taking campaign pre-

sented in this thesis, HVeVs have been used for dark matter searches four times—we refer to these
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Figure 2.18: The expected energy spectrum seen by the detector from ALP
absorption. Different color lines correspond to different ALP masses. I assume
an axio-electric coupling, gaee, of 5e-11, a 100 V bias, a 4 eV resolution, and
nominal values for fCT,II.

searches as HVeV Runs 1 through 4, with 4 being the most recent, and, as shown in Figure 2.195,

have steadily improved their sensitivity to DM. However, it is important to emphasize that HVeVs

are still an emerging technology—thus far, their operation has been in a primarily R&D capacity

where much of the data taken is to understand the detectors’ response and operation as opposed to

accumulating exposure for DM search experiments. In spite of this, HVeV detectors have recently

become promising instruments in the search for sub-GeV dark matter.

To contextualize the work of this thesis, which sought to further improve upon the exclusion

limits set by HVeV Run 4, I will briefly describe the progress made by HVeV Run 3 [62] and Run

4 [63]. I refer the reader to Ref. [64] for the foundational results from HVeV Run 2.
5I exclude the limits set by HVeV Run 1 as they did not yet account for the effects of charge-trapping and impact-

ionization [61].
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Figure 2.19: Limits on the DM-electron scattering cross-section for a light
mediator (FDM = 1/q2) set by HVeV Runs 2 (blue), 3 (orange) and 4 (pink).

2.4.1 HVeV Run 3

The detector payload for HVeV Run 3 was operated out of a shallow (∼100 m) underground

facility at Fermilab called NEXUS (Northwestern EXperimental Underground Site). The NEXUS

facility is clean room that hosts a CryoConcept dilution refrigerator capable of cooling the detector

payload to ∼11 mK [62], [63]. The payload consisted of four 1 cm × 1 cm × 4 mm HVeVs

mounted between printed circuit boards (PCBs) that were secured to copper plates thermalized to

the mixing chamber stage of the dilution refrigerator. (See Fig. 2.20a.) Just as in HVeV Run 2 [64],

a 1.95 eV laser was used as calibration source. An optical fiber was used to transmit photons to the

detector payload (after passing through an infrared filter), allowing the laser to be operated outside

the fridge to avoid electrical crosstalk.

A blinded DM search using data taken with a voltage bias of 100 V from a single HVeV

detector, which achieved a baseline resolution of ∼3 eV. To develop data selection criteria, 10%

data taken—consisting of ∼13 g-days—was unblinded and used for analysis. While data from only
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(a) HVeV Run 3 payload. (b) HVeV Run 4 payload.

(c) Energy spectrum from HVeV Run 3. (d) Energy spectrum from HVeV Run 4.

Figure 2.20: (top) Schematics of the HVeV Run 3 (left) and Run 4 (right)
payloads. Note that while the detectors are visible in the Run 3 payload (they
are clamped between PCBs that are secured to the vertical copper plates), they
are concealed by the light-tight copper housings in the Run 4 payload. (bottom)
The energy spectra from HVeV Run 3 (left) and HVeV Run 4 (right). The final
spectra used in the DM searches are shown in Refs. [62] and [63] respectively.

one detector was used for setting exclusion limits, the other detectors were used to reject coincident

events. The final energy spectrum used in the DM search analysis, consisting of ∼8 g-days of live

time after data selections (13.14 g-days before data selection), is shown in Figure 2.20c.

The exclusion limits set by HVeV Run 3 significantly improved on the exclusion limits set by

HVeV Run 2—an improvement that was largely attributed to the increased overburden provided

by the rock above the NEXUS facility as compared to the surface facility where HVeV Run 2 was
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conducted. However, in spite of this, HVeV Run 3 was limited by a peculiarly high rate of events

in the ≥ 2eh peaks. Of the events that contributed to these peaks, most of them were found to be

what are now referred to as “bursts”—events characterized by an energetic primary followed by

multiple lower-energy secondaries. (See Appendix A for a detailed discussion of burst events). It

was later shown that the largest contributor to these backgrounds was likely luminescence of the

SiO2 in the PCBs that were used to mount the detector [65].

2.4.2 HVeV Run 4

The discovery of luminescence in the PCBs used in Run 3 led to a complete redesign of the

detector housings, the result of which was employed in HVeV Run 4. To avoid luminescent mate-

rials, HVeV Run 4 clamped the detectors in copper housings. (See Fig. 2.20b.) A thin PCB was

used to facilitate readout, however, the copper housings were designed so that only a small area of

the PCB had a line of sight to the detectors. In addition to avoiding luminescence from the PCBs,

the housings were designed with interlocking rims to maintain light tightness and thus avoid an

increased event rate due to infrared photons from higher temperature stages in the fridge. (That

said, to facilitate the readout of the detector, some openings in the housing had to be permitted.)

This redesign of the detector housings also required a redesign of the photon calibration system.

As opposed to a laser that was operated out of the fridge, we designed copper modules that hosted

LEDs and could stack on top of the detector housings. The “lid” of the modules hosted the PCB

that facilitated operation of ∼2.05 eV LEDs (see left side of Fig. 2.21). The bottom part of the

modules had small (∼0.2 mm) holes drilled into their bottom side so that photons emitted from the

LED would be collimated onto the detectors. Infrared filters were placed between the LED and the

pinhole. The inside of the modules was coated in a black metallic material to absorb any incoming

infrared photons, thus lowering the possibility of them transmitting through the filters and being

absorbed by the detector.
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Figure 2.21: (right) The lid of an LED module. In the center of the lid is
the PCB with two LEDs (∼2.05 eV). (left) The “bottom” piece of the LED
module, which contains infrared filters. Small holes (∼0.2 mm diameter) are
drilled in the bottom of the module. When the module is closed, LED photons
pass through the infrared filters and are collimated through the drilled holes.

The payload shown in Fig. 2.20b was installed in the NEXUS cryostat and operated at a temper-

ature of ∼11 mK. Just as in Run 3, a blinded DM search was conducted using data taken from one

detector operated with a 100 V bias while the other three detectors included in the payload were

used to reject coincident events. 30% of the 10.8 g-days of total exposure was used to develop an

analysis.

The result of this redesign can be seen by comparing the spectra shown in Figure 2.20—the

rate of events in the eh peaks was drastically reduced, particularly those in the ≥2eh peaks, and

led to the significant improvement in DM sensitivity exhibited in Fig. 2.19. However, despite a

significant reduction in the background rate, Run 4 was still background limited; this time, how-

ever, the backgrounds are at lower energies. So, just as HVeV Run 4 improved on the sensitivity

of HVeV Run 3 by mitigating high energy backgrounds, the goal of this work was to improve on

the sensitivity of Run 4 by mitigating low energy backgrounds. As it turns out, observations of an

excess of events at low energy are not unique to HVeV Run 4, but are a common feature observed

by essentially every experiment looking for low mass DM; see Ref. [66] for a review of the current

observations of this excess. This will be discussed more in Chapter 5.
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CHAPTER 3

HVEV AT CUTE

HVeV Run 5 (or, more affectionately, “HVeV at CUTE”) was designed to answer the questions

left open by its predecessors. HVeV Runs 1-3 [61], [62], [64] had continually matured our under-

standing of the detectors’ response and operation until, after mitigating high energy backgrounds

observed in HVeV Run 3, HVeV Run 4 [63] reached the obstacle that other experiments searching

for DM at low masses were encountering—backgrounds of unknown origin which posed a hard

limit on sensitivity [66]. Thus, any improvement in sensitivity will necessarily require a better

understanding of these backgrounds.

As such, the intial plan for HVeV Run 5 did not initially include a DM search, though we

changed this when we discovered potential to explore new parameter space. We set out to study

the low-energy excesses, both ionizing and non-ionizing, which were limiting sensitivities across

the field. At the time of writing this thesis, the analysis of the data taken during HVeV Run 5

with the goal of gaining insight into the origin of these backgrounds are in progress or not yet

started. The remainder of this thesis will discuss the analysis of HVeV Run 5 thus far including

some investigation on the backgrounds at low energy, but primarily focusing on an ERDM search.

3.1 Experimental Setup

3.1.1 The CUTE Facility at SNOLAB

HVeV Run 5 was operated out of the Cryogenic Underground TEsting (CUTE) Facility (lead-

ing to its more colloquial nickname “HVeV at CUTE” or “HVeV@CUTE”) at SNOLAB—a deep

underground laboratory located in Sudbury, Canada. At ∼2 km beneath the Earth’s surface, the

rock overburden above CUTE provides roughly 6 km m.w.e of shielding, reducing the expected
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muon flux by a factor of ∼1,000 compared to expectations at NEXUS [67], [68]. During opera-

tion, the cryostat hosting the detector payload is placed in a drywell enveloped by additional layers

of shielding (see Fig. 3.1) to further reduce backgrounds from the surrounding environment’s

backgrounds consisting primarily of radioactive contamination in SNOLAB’s cavern walls.

Figure 3.1: A diagram of the CUTE facility at SNOLAB. Figure taken from
Ref. [68].

The drywell is seated inside a stainless-steel tank filled with ultra-pure water that provides an

additional 1.5 m of shielding around the drywall and another 1 m of shielding below it. Inside the

drywell are an two layers of low-activity lead with a combined thickness of ∼11 cm around the

sides and 15 cm on the bottom. Between the two layers of lead is a µ-metal shield, which reduces

the magnetic flux within the cyrostat; this reduction is necessary for operating the SQUIDs that

are used to measure the current through the detectors’ TESs. Since the cyrostat is placed into the

drywell from above, there is a large hole above the cyrostat during operation. To offset the lack

of shielding in this direction, an 11 cm-thick, copper-plated lead shield is placed in the cryostat

above the detector payload. Additionally, a 20 cm-thick layer of polyethylene is placed on top of
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the deck to shield the top-side of the cyrostat from neutron backgrounds.

Overall, the radiogenic backgrounds at CUTE are expected to be many orders of magnitude

less than those at NEXUS for energies O(>keV). However, one of the challenges about looking

for eV-scale signals is that the background rates in our energy region of interest (≲1 keV); thus,

it is not known whether we can expect lower background rates in the HVeV detectors. In fact,

comparing event rate measured by HVeVs between CUTE and NEXUS could shed some light on

the origin of backgrounds currently limiting the field of experiments looking for low-mass DM

signals!

3.1.2 The Detector Payload

The detector payload consisted of six 1 cm x 1 cm x 4 mm HVeV detectors—the four detectors

from HVeV Run 4, which were introduced in Chapter 2 as well as two detectors from a new version

of the HVeV design [69]. These detectors use mask designs that were tested during previous HVeV

runs (one uses the NFC mask and the other uses an NFH) but they differ from previous HVeVs,

such as those used in Run 4, in two key ways:

1. The tungsten TES was fabricated with a lower Tc (estimated to be ∼45 mK, compared to

∼65 mK, which was the approximate Tc of detectors used in Run 4). Refs. [27], [31] show

that the phonon energy resolution, σph of QETs scales with the Tc thus, we expect a better

energy resolution from these detectors.

2. Between the instrumentation on the 1 cm2 faces of the detector and the silicon substrate

is a 40 nm layer of amorphous SiO2 (See the graphic included in Figure 3.2.) The primary

motivation for this layer was to due to the high rate of 1eh events observed in previous HVeV

runs. It is possible that these events could be caused by leakage of single charge-carriers near

the surface of the substrate—if that were the case, the charge would propagate throughout
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the length of the surface and thus mimic a bulk eh event. A possible origin for these events

could be free electrons tunneling from the aluminum in the QETs or the biasing grid into the

substrate. The large potential barrier provided by the SiO2, however, would make this less

likely and could therefore possibly improve the rate of 1eh events.

Figure 3.2: A graphic showing the cross-section of a SiO2 HVeV detector. The
silicon substrate is shown in dark gray surrounded by 40 nm layers of amor-
phous SiO2 which are shown in yellow. The QETs deposited on the substrate
are shown in light blue and the aluminum biasing grid on the other side of the
detector is shown in light grey. Drawing not to scale.

The design of the detector tower built on the success of Run 4 and utilized many of its same

components. The same copper detector housings were used to avoid using luminescent material

near the detectors. The same LED modules that position an LED to shine on the center of the side

of the detector with the biasing grid were used and, just as in Run 4, the detector housings and

LED modules were assembled into a tower which is pictured in Figure 3.3. The tower was then

screwed into a copper plate (referred to as the “mixing chamber plate”), which was thermalized to

the mixing chamber of a CryoConcept dilution refrigerator.

The readout system used to measure and digitize the current through each detector channel was

designed with particular care to avoid electrical crosstalk and group loops—both of which were

problematic during HVeV Run 4. The system used four shielded looms with 25 wires (12 twisted

pairs and a single wire connecting to the stainless-steel mesh shielding) to connect the warm-side
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Figure 3.3: Left: A CAD model of the detector payload for HVeV@CUTE.
The copper housings and LED modules are shown stacked in orange/red, flex
cables which facilitate readout and biasing between the mixing chamber plate
and the tower are shown in green. In gray is the copper plate which the tower is
mounted to. Highlighted in blue is a copper ring which is bolted to the mixing
chamber plate. Right: A picture of the detector payload for HVeV@CUTE
after assembly.

electronics and readout to the tower. Two of the looms contained “housekeeping” lines—lines used

for biasing LEDs and applying HV bias to detectors. The other two contained the TES bias and

SQUID bias lines respectively. Choosing to separate the LED bias lines from the TES bias lines

was a response to the observations from HVeV Run 4 where crosstalk associated with operating

the LEDs contributed a significant systematic uncertainty to the calibration [70]. At each thermal

stage, a feedthrough board was installed to reduce line of sight for any IR photons that might

originate from warmer parts of the fridge and travel to colder stages. We taped the edges of the

feedthrough board with copper tape to further prevent any IR leakage. At the mixing chamber

stage we added an additional layer of protection for IR by pouring a mixture of black stycast and

copper powder to absorb IR that might otherwise pass through the feedthrough.

To measure the currents through each detector channel, two 6-channel SQUID cards were

mounted below the mixing chamber plate and thermalized to the cold plate (∼100 mK). Each

SQUID card was protected from external magnetic fields by an aluminum shield that, during oper-
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ation, would be superconducting.

The output of the SQUIDs is digitized and read out by a SuperCDMS Detector Control and

Readout Card (DCRC) [71], which is also used to control the detector and SQUID biases and

facilitates the readout scheme described in Chapter 2. The DCRC samples the digitized current at

a frequency of 625 kHz which is then downsampled by a factor of 4 in order to keep the bandwidth

below the DCRC’s limit of ∼7 MB/s. Data is recorded continuously in half-second “traces” and

stored for offline triggering and analysis. We further organize data into “series” denoted by the

timestamp corresponding to the start of logging. Generally, each series consists no more than 12

hours of live time before any data selection.

3.1.3 Run Summary

HVeV Run 5 consisted of two consecutive fridge cool downs, CUTE Runs 39 and 40 separated

by a partial warm up to 20 K and together spanning a period of roughly four and a half months.

After reaching the mixing chamber base temperature of ∼10 mK, we found that 10 of our 12

detector channels were operational including all the channels from the detectors included in HVeV

Run 4. However, we did not see the superconducting transition of the outer channel of NFCSO nor

from the inner channel of NFHSO. For NFCSO, we found that a damaged trace on the DCRC was

preventing us from locking the readout loop. As such, we were able to recover the channel simply

by replacing the DCRC. However, the inner channel of NFHSO was not recovered and it was not

until the end of HVeV Run 5 that we discovered the problem: a wire bond on the SQUID board

had become disconnected.

Following the initial cooldown at the beginning of each fridge run, we frequently measured the

bias power and bias current required to operate the detectors at 40% through their superconducting

transition. We stopped when we noticed the detectors reaching a stable operating point. However,

about three months into CUTE Run 40, we found that the detectors must have continued to slowly
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cool. The detectors, as we discovered, had been operating below 20% of their normal resistance.

Despite this accident, we saw no degradation in the performance of the devices [69].

Much of the data we took at CUTE has not yet been investigated fully. However, there are future

plans to do so. In particular, we took data to test a number of hypotheses regarding the origin of

the LEE, to investigate discrepancies in calibrations between HV and 0V operations discovered

in HVeV Run 4 [63], [72], and to expand our understanding of charge propagation in solid-state

detectors. The majority of these investigations are still open and much of the data we have from

HVeV at CUTE has yet to be fully explored. The rest of this chapter will present a blinded ERDM

search using NFCSO, which displayed the best resolution observed from an HVeV detector at the

time of writing this thesis and showed potential to uncover new parameter space.

As stated at the beginning of this chapter, we had not originally planned on performing a

blinded DM search. However, during the run, we noticed that operating the detectors at lower bias

voltages seemed to result in lower rates in the 1eh peak—a critical metric for sensitivity to ERDM

since the eh peaks are the primary signal regions of interest for ERDM. We experimented with

running the detectors at as low a bias voltage as possible while keeping the 1eh peak in the region

above where the LEE began to dominate (<30 eV) and determined the optimal bias to be -35 V.

After taking 24 hours of live time with this high voltage, we found that the rate of events in the

1eh peak was lower than had been previously measured for HVeV detectors. We therefore decided

to take blinded data for an ERDM search. Thus, starting August 10, 2024 and continuing through

August 20, we took blinded data with a high-voltage bias of -35 V. The blinding was performed

by saving every 9 out of 10 minutes of data in a directory with reading permissions removed. The

remaining 10% of raw data was saved to allow full access. This 10% data was examined purely

to see that the operating conditions remained consistent throughout the run. That is, this data was

not examined to develop an analysis. For the purpose of analysis, we used the original data taken
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before August 10 was used and is henceforth referred to as the “open” data. The rest of this chapter

will explain the analysis as well as show preliminary DM exclusion plots for the four DM models

whose signal models were discussed in Chapter 2.

3.2 Event Reconstruction

3.2.1 Offline Triggering

Data taken during HVeV Run 5 was saved continuously and stored in half-second long-time

streams. A gaussian derivative filter is applied to each trace which is then subjected to a threshold

trigger. Wherever the filtered trace exceeds the threshold, a window is drawn between the initial

trigger point and the point at which the filtered trace drops below its value at the initial trigger

point. If the filtered trace did not drop below the value of the initial trigger point for more than

1024 samples (∼6.5 ms) after the trigger, the window is then set to 1024 samples after the initial

trigger. The trigger point was then adjusted to correspond with the maximum of the filtered trace

within the window. In addition to a threshold trigger, we triggered at random point within each

half-second trace in order to monitor noise conditions. For each trigger, a 2048 sample (∼13 ms)

window centered at the trigger point was then stored for further analysis.

3.2.2 Optimal Filtering

An optimal filter (OF) was used to calculate the amplitude of triggered pulses. Optimal filtering

is a signal processing technique that can be used to extract signal in the presence of noise. The

filter itself can be thought of as a flexible band-pass filter which allows frequencies where the

signal-to-noise ratio is highest and reduces frequencies where the signal-to-noise is lowest. The

OF, Φ in Eqn. 3.1, is calculated in frequency space as the ratio of the complex conjugate of the
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signal template, s(f), and the noise CSD, J(f).

Φ =
s∗(f)

J(f)
(3.1)

In the simplest case, where the signal template only depends on the frequency, f , the amplitude

returned by the OF can be written as [27]

A =

∫ ∞

−∞
Φ′(f)v(f)df (3.2)

where Φ′ is the OF normalized by
∫
Φ(f)s(f)df and v(f) is the measured signal. For more infor-

mation regarding optimal filtering, I refer the reader to the excellent summary given in Appendix

E of Noah Kurinsky’s thesis [27].

Throughout this thesis, I will refer to two quantities returned by the OF, OF0 and OFL, which

I define below:

OF0 is the amplitude returned by the OF when the signal is not allowed to move in the time

domain. In this case, OF0 is calculated via Eqn. 3.2.

OFL is the amplitude returned by the OF when the signal is allowed to shift in the time domain

over a small window limited around the trigger point. The time shift is determined by minimizing

the χ2 (calculated in the frequency domain) with respect to the time shift) and is sometimes referred

to as the OFL time.

We calculated the noise CSD, which is used as an input in the OF from random triggers in data.

Random triggers from the unblinded portions of each series (including the fully unblinded data)

are passed through a set of strict criteria based on their mean, slope, skew, and range (the difference

in the minimum and maximum in a given trace). A periodogram is then used to calculate a CSD

from each pulse and the result is averaged for each series. Figure 3.4 shows the averaged noise
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CSDs from a number of series taken throughout the DM search.

Figure 3.4: Average CSDs calculated from random triggers collected from data
series taken with a high voltage bias of -35 V.

For the most part, the CSDs remain relatively constant over time which is a sign that our noise

environment does not significantly change throughout the course of data taking. We do, however,

see slight deviations in the lower frequency regions below ∼1 kHz which are most likely caused

by contamination from low amplitude pulses. As such, the optimal filter is calculated using the

CSD from the series with the lowest mean up to 1 kHz.

The signal template is constructed by averaging events seen in low background data. Ideally,

these events would be representative of what we expect for a physics event (as opposed to an

event caused by a flucuation in noise) at an energy within our signal region of interest—for an

ERDM search this would be in the region where we would expect to see electron-hole pair events.

Thankfully, we know our background energy spectrum has features or peaks that correspond to

events in which charges were allowed to propagate through the crystal. Thus, by selecting events

in the 1eh peak region in background data, we ensure that we are examining events in an energy

region of interest that is relevant to the ERDM search1. To do this, we construct an initial OF using
1Optimally, one would use pulses induced by a calibration source to construct the template so that the energy and
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a signal template consistent with observations from previous HVeV runs. We do not necessarily

expect this template to perfectly capture the shape of our average pulse but it should capture the

same general features. Using the resulting OF, we can calculate an OFL spectrum from which we

can identify the 1eh peak. Pulses selected from the 1eh peak then pass through additional selection

criteria:

1. Selection based on χ2: With an initial guess of a signal template, we do not expect the

χ2 comparing pulses to the template to follow a χ2 distribution. However, assuming the

template captures the main features of a pulse, the distribution will still be peaked (though

perhaps not at 1). To remove outliers, we fit the peak in the distribution to a gaussian (with

mean µ and standard deviation σ) and exclude pulses with χ2 greater than 3σ + µ.

2. Selection based on baseline slope: We exclude events based on the slope of their baseline

(defined as the 1024 samples in the analysis window preceding the trigger point) in order

to remove pileup events that occur on the falling edge of previous events or events contam-

inated by low frequency noise fluctuations. This selection doesn’t depend on the OF and is

therefore unaffected by our choice of template. We exclude events ±3σ from the mean of

the distribution where σ is determined by a gaussian fit.

3. “dt” selection: Once again targeting pileup, we define a selection criteria to exclude pulses

based on how close in time they are to another pulse which is referred to as “dt”. We exclude

events which occur within 1024 samples of each other or, equivalently, pulses which occur

within the same analysis window. This selection, while not dependent on the OF, does

depend on the trigger threshold which can be set arbitrarily in which case this selection is

origin of the events is known. However, we chose not to use LED events for constructing the template because, as will
be shown later in the chapter, we observed an electrical crosstalk signal while operating them. To avoid including the
effects of the crosstalk in the signal template and possibly degrading our energy resolution, we opted instead to use
pulses sampled from low background data.
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highly dependent on the processing. To avoid this ambiguity, we consider only pulses with

an amplitude 5 times greater than the spread of the amplitude of random triggers—this can

be thought of as setting a threshold at 5 times the baseline resolution in units of current.

4. OFL time selection: The OFL time selection excludes pulses for which the OF significantly

shifted with respect to the initial trigger point. While these pulses are not necessarily poorly

reconstructed, they may affect the average since the onset of the pulse in this case may be

shifted with respect to a general pulse. As such, we define a selection to exclude pulses with

OFL times more than 3σ from the mean of the distribution where the mean and σ are once

again determined via a gaussian fit.

(a) Inner Channel

(b) Outer Channel

(c) Sum of Channels

Figure 3.5: A comparison of the signal template (black dashed line) constructed
from the average of 1eh pulses sampled from data taken with a voltage bias of
50 V and an average of 100 pulses from data taken with a voltage biases of
-35 V (red) for the inner channel (top left), outer channel (bottom left) and, the
sum of the channels (right).

We construct a signal template for each detector channel as well as for the sum of the response
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of the channels for each detector. In the latter case, the traces for each channel of the detector

are summed before being included in the average. Figure 3.5 shows the resulting signal template

for each channel on NFCSO as well as their sum. Pulses were selected from data taken with a

high voltage bias of 50 V as opposed to the -35 V, with which ERDM search data was taken. This

was because the -35 V data lacked the higher number of statistics required to average out the high

frequency noise present in any given trace. However, it can be seen from the right panel of Fig. 3.5

that there is little difference between the pulse shape in the 1eh peak at -35 V and the 1eh peak at

50 V. The signal model and current CSD are then used to calculate the optimal filter.
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CHAPTER 4

PHOTON CALIBRATION OF NFCSO

We calibrated the detectors by shining an LED (605 nm) on the center of the detector face with the

biasing grid. The LED photon energy was measured to be 2.0468 eV ± 0.0002 eV using a spectrum

analyzer while the LED was immersed in liquid helium—an energy conveniently chosen as it is

capable of producing only a single eh pair [44] as this vastly simplifies the detector response model

we employ later in the chapter. As the absorption depth in silicon (and similarly in silicon-dioxide)

at this wavelength is on the order of a few micrometers [73], photons that reach the detector surface

are very likely to be absorbed1.

The goal while operating the LEDs was to release only a small number of photons (≲ 10) at a

time so that the detectors’ response at low energies could be observed. We did this by sending a

combination of a fast (1 us) sinusoidal (500 kHz) voltage pulse and a constant “offset” voltage to

the LED. The offset voltage was required to keep the LED warm enough to turn the LED on when

the fast signal was sent, but low enough so that the LED turned off immediately after the voltage

pulse. An external trigger was set to trip on the rising edge of the voltage pulse sent to the LED

so that events in the detector induced by photons could be easily identified and separated from

background. We sent the sinusoidal pulse to the LED every 100 ms which was chosen to provide

a high rate of calibration events without risking pileup between LED pulses (the average pulse fall

times were observed to be <1 ms.)

The number of photons that interact with the detector after an LED pulse can be described by

1It is also possible that photons reaching the detector surface are reflected by the superconducting aluminum which
makes up the biasing grid. However, the coverage of the biasing grid is only 5%, and thus we expect ∼95% of photons
that reach the detector surface to be absorbed.
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a Poisson distribution with a mean of λ, which scales with the amplitude of the voltage supplied

to the LED. Since the probability of absorption is high and the photon energy is such that only

one electron-hole pair can be broken per photon, the number of electron-hole pair peaks we see

during HV operation as a result of operating the LEDs will be similarly distributed. Therefore, we

theoretically know the energy at each electron-hole pair peak, which is given by Eqn. 4.1:

Eneh
= nehEγ + ENTL (4.1)

where Eneh
is the energy of the nth eh peak, Eγ is the photon energy, ENTL is the NTL energy and

is given by Eqn. 2.20, and neh is the number of electron hole pairs produced (or, equivalently, the

number of photons) in a given interaction. We can then use the eh peaks as points with known

energy that we can use to calibrate the current response of the detector. Optimally, the response

of the detector within our energy region of interest is linear. However, we can account for non-

linearity by including higher order terms in our calibration. For our purposes, we find it is sufficient

to include only a quadratic term and thus we calibrate using Eqn. 4.2 where E is the reconstructed

energy of an event in units of eV, c1,2 are calibration coefficients obtained through fitting and AOF

is the current response of the detector as measured by the optimal filter (either OF0 or OFL, which

were defined in Chapter 3).

E = c1AOF + c2A
2
OF (4.2)

In reality, the energy spectrum resulting from operating the LEDs is far more complicated than

the idealization described above. As we already discussed in Chapter 2, free charges produced in

an interaction do not always neatly propagate through the crystal but can also be trapped or ionize

other charges. Additionally, simulations of charge-transport through crystals have shown another

trapping mechanism related to events occurring near the surface, which is the case for low energy
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photon events (see Figure 4.1): assuming that free charges produced in an interaction initially have

random trajectories then there is a chance that both charges will have initial velocities directed

towards the nearest detector surface. If voltage bias is low enough such that the acceleration due to

the electric field is not strong enough to reverse the direction of the appropriately charged particle,

then both charges will recombine on the surface resulting in an event where little to no NTL energy

is released. This complicates the calibration since, for example, a 2eh event where one charge pair

is surface-trapped may appear as a 1eh event with a small amount of additional energy from the

photon.

Figure 4.1: Illustration of a surface-trapped event (left) compared to a ”normal”
eh pair events (right) as shown by observing particle tracks in simulations using
G4CMP. The path of the electron is shown as the solid blue line while the path
of the hole is shown as the dotted red line. Diagram taken from Ref. [54].

In the following section, we will show that we can account for these effects by modeling the

LED amplitude spectra are using a detector response model, which includes the effects of charge-

trapping, impact-ionization, and surface-trapping. Through this calibration, we find, for the first

time, evidence of an energy loss mechanism that wherein the full photon energy does not enter the

crystal substrate! In this section, we will describe how these effects are modeled and taken into
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account during the calibration of NFCSO. We will end with a discussion of the rather unexpected

results in which we find that we do not recover the full photon energy for the majority of events.

4.1 Calibration Strategy

To account for the complicated effects of charge-trapping, impact-ionization, and surface-

trapping, we used a full detector response model to fit the uncalibrated spectrum. The model

calculates the expected probability distribution for the energy of a single photon event, including

effects of charge-trapping, impact-ionization, and surface-trapping. To calculate the probability

distribution for the energy in the substrate when multiple photons are absorbed, the single-photon

PDF is convolved with itself a number of times equal to the number of photons absorbed. Finally,

to account for the detector resolution, the resulting PDF, after convolutions, is convolved with a

gaussian with a standard deviation equal to the resolution. For more details, I refer the reader to

the Refs. [54], [74]. Thus, using this model, we not only extracted calibration parameters, but the

probabilities of charge-trapping, impact-ionization, and surface-trapping, as well as the detector’s

resolution. As we will see in Section 6.4, these parameters are used to inform signal models in the

ERDM search. The full list of parameters included in the model are summarized in Table 4.1. For

fitting, we use a Monte-Carlo-Markov Chain (MCMC) to explore the large parameter space.

The parameter space shown in Table 4.1 is not only large, but highly correlated—many pa-

rameters have similar or partially degenerate effects on the model. As an example, consider the

parameters λ and the surface-trapping probability, pST: When pST is increased, the distribution of

eh peaks in the detector response model will behave as though λ is decreasing since it becomes

less likely that eh pairs produced in an event lead to NTL amplification. To reduce the correlations,

we simultaneously fit four LED spectra each taken with different amplitude voltage signals being

sent to the LED but otherwise with no changes to detector operation. We expect that these data sets

will have different values for λ since the number of photons being emitted by the LED scales with
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Fitting Parameters in the Detector Response Model
Parameter Description Shared? (Y/N)

N Normalization N
λ Poisson parameter describing distribution of eh peaks N
c1 Linear calibration coefficient Y
c2 Quadratic calibration coefficient Y

pCT Fractional charge-trapping probability Y
pII Fractional impact-ionization probability Y
pST Fractional surface-trapping probability Y
σph Phonon energy resolution Y

Eγ,obs Collected photon energy Y
CTA Crosstalk amplitude (see Section 4.2) Y

Table 4.1: A summary of the fitting parameters included in the detector re-
sponse model. The first and second columns give their mathematical notation
and their descriptions (respectively). The third column indicates whether the
parameters are independent in the fit of each data set (”N”) or rather optimized
for all data sets simultaneously (”Y”).

the amplitude of the voltage signal. However, parameters related to charge transport within the

detector or the response of the detector should be unaffected by the operation of the LED and are

thus constrained to be equal across all data sets included in the fit (as indicated by the ”Y” in the

third column of Table 4.1). By requiring a single set of detector response parameters to fit multiple

data sets simultaneously, we heavily constrain the parameter space and thus reduce the effect of

correlations on the uncertainties of our calibration.

The external triggering scheme for LED data allows us to model the entire LED spectrum down

to ∼0 eV which can also help constrain the parameter space. To take advantage of this, we calibrate

using OF0 as opposed to OFL. In this case, the external trigger is already well-aligned with the

onset of the LED-induced phonon pulse, thus for pulses above the detector’s threshold, there is

a negligible difference in OF0 and OFL. But for energies near or below the detectors threshold,

where fluctuations in the noise are the same order as the amplitude of any pulses, the OFL is unable
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to effectively constrain the trigger point and will be heavily biased by noise as a result. OF0 does

not suffer this same problem since it makes no attempt to optimize the trigger time. Since the

trigger time is already well set by the external trigger, OF0 provides a better amplitude estimation

at low energies.

4.2 Electrical Crosstalk

As was the case in HVeV Run 4 (see Chapter 3 of Ref. [70]), we observed a crosstalk signal

associated with operating the LEDs, which introduced a systematic uncertainty in our calibration.

In order to understand the effect that the crosstalk would have on LED spectra, we measured the

response of NFCSO while operating LEDs shining on other detectors in the payload—this way, we

could observe the crosstalk in the absence of any actual phonon signal. The shape of the crosstalk

signal shown in Figure 4.2 is calculated from the average of 1000 external triggers resulting from

operating the LED shining on NFHSO. Regardless of which LED was operated (except for the

Figure 4.2: The average (including 1000 traces) response of NFCSO when
operating the LED shining on NFHSO shown in black. The signal template is
shown in the dashed blue line for comparison. Both the signal template and the
average response have been normalized.

LED focused on NFCSO), we consistently observed a similar response characterized by a fast
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O(∼5 us) “spike” at the trigger point followed by a smaller pulse-like component. We found that

the average OF0 measured for events such as these was > 0 µA and, therefore, if the same signal

exists while operating the LED shining on NFCSO, the presence of crosstalk could artificially shift

the uncalibrated spectrum from LED events. We will define this shift, or the amplitude estimation

returned by the OF0 for crosstalk, as the “crosstalk amplitude” or “CTA” for short.

To account for the crosstalk, we would like to include CTA as a fitting parameter in the MCMC.

In order to do this, we must first understand whether or not the CTA is constant across all the data

sets included in the fitting, which would be the case if CTA does not significantly change with the

amplitude of the signal. Assuming that the dependence of CTA on the voltage amplitude does not

significantly change from LED to LED, we can measure the mean OF0 on NFCSO when shining

LEDs on other detectors. Figure 4.3 shows the measured CTA as a function of the amplitude of

the voltage pulse sent to the LED (referred to as “LED Amplitude”). The values of OF0 shown in

Figure 4.3: The CTA measured on NFCSO while shining LEDs on other de-
tectors as a function of LED amplitude. The vertical error bars represent the
standard error of the mean.
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Figure 4.3 are extracted from a gaussian fit to the OF0 spectrum on NFCSO for external triggers

coincident with the LED signal. A line is fit to each set of data gathered by shining on a particular

detector where the slope of each line shows how the CTA depends on the voltage amplitude sent

to the LED. Figure 4.3 does not show the LED shining on NFC2 due to the odd and unexplained

behavior of the LED. We found, for example, that the λ describing the distribution of eh peaks in

LED calibration data did not scale in a coherent way with the amplitude of the signal sent to the

LED. This was not the case with other detectors and is suspected to be related to troubleshooting

with the electronics required to operate the LEDs during the experiment. As such, we exclude it

from the discussion. For the remaining detectors, we find that the slope of the line describing CTA

vs. LED amplitude are all consistent with 0 nA/V. Taking the weighted average of the slopes yields

a value of -0.27 nA/V ± 0.18 nA/V which corresponds to a difference of ∼0.04 nA ± 0.03 nA

(∼0.01 eV ± 0.01 eV) across the calibration data sets for NFCSO. This small change is deemed

negligible and so the CTA is modeled as a parameter that is shared among data sets.

4.2.1 An Independent Measurement of CTA

After establishing that the CTA can be treated as constant across all data sets, we attempt to

constrain the exact value of CTA with an independent measurement in order to help the MCMC

converge. Measuring the value of CTA while shining on NFCSO is more challenging since it is not

possible to isolate the crosstalk from genuine phonon signals. However, we can indirectly measure

CTA by examining the mean of the 0th eh peak—the peak near ∼0 uA—as a function of the LED

amplitude.

In the idealized scenario described at the beginning of this section (where we can neglect

charge-trapping, impact-ionization, and surface-trapping), every photon that is absorbed by the

detector produces an eh pair and the resulting charges propagate throughout the length of the crystal

yielding energy via NTL. Thus, the 0th peak would entirely consist of events where zero photons
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were absorbed in the substrate. In such a case, the mean of the 0th peak would be exactly the value

of the CTA. However, real data are complicated by charge-trapping and surface-trapping, through

which the 0th peak receives contributions from events with non-zero energy. This is because, in

the case where either charge-trapping or surface-trapping occurs, the NTL energy in any particular

event can be as low as ∼0 eV (for surface-trapping, this is always true if all free charges are

surface-trapped).

Let us consider how these contributions to the 0th peak depend on λ. Starting with surface-

trapping, we can show that the mean energy, from events in which all eh pairs that are produced

undergo surface-trapping, scales linearly with λ.

Consider first that when the LED is turned on, the probability to get N photons interacting with

the substrate is given by a Poisson distribution:

P (N) =
λNe−λ

N !
(4.3)

Then, given N photons interacting with the substrate, the probability of m of the resulting eh pairs

becoming surface-trapped is given by a binomial distribution:

P (m|N) =

(
N

m

)
pmST(1− pST)

N−m (4.4)

We would like to find the distribution of surface trapped events contributing to the 0th peak. These

are the events in which all the produced eh pairs are surface-trapped. Thus, we would like to find

the distribution of N given that all N eh pairs underwent surface-trapping; when m = N . We can

calculate this distribution using Bayes’ Theorem:

P (N |m = N) =
P (m = N |N)P (N)

P (m = N)
(4.5)
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P (N |m = N) =
pNST

λNe−λ

N !

P (m = N)
(4.6)

The probability of getting m surface-trapped eh pairs, P(m), is difficult to calculate directly. In-

stead, however, we can take advantage of the fact that Eqn. 4.6 must equal 1 when summed over

all N to calculate P(m = N).

∞∑
N=0

P (N |m = N) =
∞∑

N=0

pNST
λNe−λ

N !

P (m = N)
= 1 (4.7)

P (m = N) =
∞∑

N=0

(pSTλ)
Ne−λ

N !
(4.8)

Rearranging terms on the RHS, we get

The sum in Eqn. 4.8 is precisely the Taylor expansion for an exponential with argument λpST

multiplied by e−λ. Thus, we have that P (m = N) = e−λeλpST . We can then rewrite Eqn. 4.6:

P (N |m = N) =
(pSTλ)

N

N !
e−λpST (4.9)

Note that Eqn. 4.9 is just a Poisson distribution with a mean given by λpST. Our result can be

interpreted more generally: for N trials, where N is Poisson distributed with mean λ, and for each

trial there is a probability, p, of success, the number of successes is also Poisson distributed with

a mean λp. We will use this result later in the section. For now, we observe that for an event with

n surface-trapped eh pairs, the energy in the substrate is equal to the energy of the photon, nEγ .

Thus, we can calculate the expectation value for the energy from these events by multiplying the

expectation value of N, which we can calculate from Eqn. 4.9, by Eγ:

E[EγN ] = Eγ

∞∑
N=0

N
(pSTλ)

N

N !
e−λpST (4.10)
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= EγλpST (4.11)

From Eqn. 4.11, we see that the mean of events from surface-trapping that contribute to the 0th

peak scales linearly with λ.

We find that the same is true for charge-trapped events though, rather than go through the

process of deriving this, we can make the simple observation that for each charge-trapped eh pair,

there is some probability that the charges are trapped early enough so that the NTL energy received

is ∼0 eV, pCT,NTL=0. This probability would play the exact same role as pST in the derivation above

thus we see that the mean energy of the 0th peak, E0th, can be written as a function of λ:

E0th(λ) = ECTA + λEγ(pST + pCT,NTL=0) (4.12)

where ECTA is the crosstalk amplitude in units of eV. From Eqn. 4.12, we see that the mean of the

0th peak follows a linear relationship with λ and that the y-intercept of that relationship is ECTA.

Therefore, we can measure ECTA by fitting a line to the measured mean of the 0th peak and λ! In

practice, λ can be varied by changing the amplitude of the voltage signal sent to the LED. We can

then measure λ by measuring the relative heights of the eh peaks and fitting the result to a Poisson

distribution. The result of a simple measurement of this nature is shown in Fig. 4.4. The reader

may note that I distinguish λm, the mean number of photons absorbed in the substrate as measured

by the relative heights of eh peaks, from λ which can be thought of as the “true” mean number

of photons interacting with the substrate. Once again, in an ideal case with no surface-trapping

and no charge-trapping, λm would be expected to be consistent with λ up to some statistical error.

However, surface-trapping, charge-trapping, and impact-ionization can muddy the waters of this

and, depending on the strength of these effects, can lead to a systematic difference between λm and

λ.
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Figure 4.4: Data showing the mean of the 0th peak in LED data plotted as
a function of the measured λ, λm is shown in red where error bars represent
statistical uncertainties. A linear fit is shown by the dashed orange line.

From the result given in Eqn. 4.12, we can deduce that, under surface-trapping, the eh peaks

follow a Poisson distribution with a mean λ(1 − pST) since for every eh pair there is a probability

of (1− pST) that the freed charges won’t be surface-trapped. In this case, λm and λ only differ by a

multiplicative constant, so the line shown in Fig. 4.4 will only change in slope but the y-intercept

will stay the same; thus, our estimation of CTA is unaffected.

However, the presence of charge-trapping complicates this somewhat. In the case of surface-

trapping, we have been assuming that Eγ is small compared to the NTL energy in which case an

event with N total eh pairs broken, m of which are surface-trapped, can be considered an event

in the (N-m) peak. For charge-trapping this is not the case—the NTL energy lost from a charge-

trapped event varies continuously between 0 eV and e×V where V is the voltage bias over the

detector. In this case, events with N eh pairs may fall into any of the eh peaks between 0eh

and Neh. Or, they may not fall into an eh peak at all! In this case, λ and λm do not vary by a
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simple multiplicative constant, and thus our estimation of CTA shown in Fig. 4.4 may be affected.

To estimate the effect this has on the relationship between λ and λm we can use data simulated

from detector response models with various CT, II and surface-trapping probabilities. From these

simulations, we can see how λm (referred to as “measured lambda” in Fig. 4.5) differs from λ

(referred to as “true lambda” in the aforementioned figure). Fig. 4.5 shows us that our estimate for

Figure 4.5: The ratio of λm (referred to as “meas lambda” in the axis labels)
to λ (referred to as “true lambda”) in the case of a charge-trapping probability
of 0 (left) and 0.4 (right). In both sub-figures, the dashed lines correspond to
the value of λm/λ when λ = 0.5 while the dotted points correspond to values
measured from simulations. Different colors correspond to different surface-
trapping probabilities. It can be seen that as the probability of charge-trapping
increases, λm/λ begins to depend on λ. Credit: Matthew Wilson.

CTA depends on the charge-trapping probability.2 However, simulations also show that this effect

is rather small. Thus, in the fitting we constrain the CTA measurement with a prior corresponding

to a gaussian with mean given by the y-intercept in the linear fit shown in Fig. 4.4 with a width

given by the corresponding uncertainty. We will revisit this assumption in the next sub-section

where we discuss the results of the fitting.

2Technically, the CTA estimate also depends on the impact-ionization probability, pII . However, previous observa-
tions of the HVeV detector response shown in Ref. [54] found pII to be small and therefore it is most likely negligible
in the effects we are considering. Despite this, we still take the impact-ionization is still taken into account when we
revisit the CTA estimate in the next section.
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4.3 Fitting and Results

Results from the Detector Response Model Fit
Parameter Result

c1 339.3 eV
µA ± 0.2 eV

µA

c2 55.9 eV
µA2 ± 0.4 eV

µA2

pCT 27.2% ± 0.3%
pII 1.2% ± 0.4%
pST 21.9% ± 0.6%
σph 589 meV ± 5 meV

Eγ,obs 1.13 eV ± 0.02 eV
CTA 0.41 nA ± 0.02 nA

Table 4.2: The results of the detector response model fit to data. The values
provided are the mean of the marginalized posterior distribution after reaching
a stationary distribution. The uncertainties are given by the standard deviation
of the marginalized posterior distribution, which were found to be consistent
with Gaussian distributions.

Using the detector response model, we define a binned Poisson log-likelihood. To fit the four

data sets simultaneously, we will simply add the Poisson log-likelihood calculated for each data

set. We then include a prior which constrains the CTA estimate when calculating the log posterior.

To fully map this complicated parameter space, I use an MCMC to explore the posterior. The

resulting fits to the LED spectra are shown in Fig. 4.6. The values of each parameter included

in the fit and their corresponding uncertainty were taken to be the mean and standard deviation

(respectively) of the sample of the marginalized posterior after the MCMC chain had reached a

stationary distribution. These values are shown in Table 4.2 The first thing to point out is that the

fit value for the CTA lies near 1σ from the value provided by the prior and thus could be taken to

be in agreement. However, the prior that was provided was based on an estimate of the CTA which

did not account for the systematic effect of charge-trapping, impact-ionization, or surface-trapping

on λm in Fig. 4.4. If we simulate data using the best fit values for the pCT , pII , and pST , we can
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(a) LED Voltage Amplitude = 3.25 V (b) LED Voltage Amplitude = 3.30 V

(c) LED Voltage Amplitude = 3.35 V (d) LED Voltage Amplitude = 3.40 V

Figure 4.6: The uncalibrated spectra from LED calibration data are shown in
black. The best fit detector response models are shown in red.

estimate the value of CTA while accounting for these systematic effects. Figure 4.7 shows the

result of the simulation from which we estimate CTA = 0.32 nA ± 0.05 nA corresponding to a

∼1.8σ difference compared to the best fit value, which is still consistent.

The more surprising result from the fitting is that the collected photon energy, Eγ,obs, is ∼0.9 eV

(∼46σ) lower than the measured photon energy emitted by the LED! From the measurement ob-

tained with the spectrum analyzer, we know the LED is emitting photons with an energy of ∼2 eV

so the fact that the MCMC prefers a lower value does not suggest that the photon wavelength is

different from expected but, rather, that we do not recover the recoil energy that we expect from

a photon interaction with the crystal. To understand this effect, let us first understand how the
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Figure 4.7: Data showing the mean of the 0th peak in LED data plotted as a
function of the measured λ, λm is shown in red with a corresponding linear
fit shown in orange. The same data but with λm, corrected for the effects of
charge-trapping, impact-ionization (CTII), and surface-trapping (ST) is shown
in blue with a corresponding linear fit shown in cyan.

collected photon energy, Eγ,obs, is constrained by the model.

Back to our idealized scenario where we have no surface-trapping, we know that eh peaks

should appear to be gaussian and that the energy of those peaks will be given by Eqn. 4.1. In

this case, there is no way for us to know Eγ or ENTL from the OF spectrum alone—we would

need an independent measurement of Eγ . However, as can be seen in Figure 3 of [54], when the

surface-trapping probability is non-zero, the eh peaks are not perfectly gaussian but instead have an

underlying Poisson distribution consisting of ”sub-peaks” which, when calibrated, are separated by

Eγ,obs. Figure 3 of [54] shows that when the detector’s energy resolution is ≳ Eγ,obs, the individual

sub-peaks are not visible and instead the effects of surface-trapping manifest by both broadening

and shifting the eh peaks. However, when the detector resolution is below Eγ,obs, the underlying

Poisson distribution becomes visible and the shape of the eh peaks is strongly dependent on λ and

Eγ,obs (see Fig. 4.8). Thus, assuming that the value of λ can be constrained by the distribution of

the eh peaks in a given data set, the value of Eγ,obs can be constrained by fitting the shape of the
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Figure 4.8: The 1eh peak from LED calibration data is shown in black along
with the fit returned by the MCMC (red) which finds Eγ,obs = 1.23 eV. For
comparison, I show the detector response model which has Eγ,obs = Eγ (the
calibration parameters in this model have been tuned to align the 1eh peak to
data though the other parameters are unchanged compared to the fit returned
by the MCMC.)

eh peaks. As can be seen in Figure 4.8, the eh peaks in our data have a shape that is incompatible

with Eγ,obs = Eγ .

4.4 Another Measurement of Energy Loss

On its own, the result (shown in the last subsection) is concerning and leads us to ask whether

this is a physical effect or whether we neglected some systematic effect which then led to this dis-

crepancy. As is proper in the event of an unexpected result, we attempted to reproduce the results

in another measurement. In this case, we performed a separate calibration using an identical de-

tector (though not the same one operated at CUTE) at the SLAC National Accelerator Laboratory.

In many ways, the set-up at SLAC was similar to that at CUTE; in both cases the detector was

mounted in a copper housing placed in a light-tight can, thermalized to the mixing chamber of a
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dilution-unit. Both facilities used a SQUID-based readout which is digitized using a SuperCDMS

DCRC.

Figure 4.9: Left The SLAC mounting scheme for a single device of the NFCSO
design clamped in a copper housing. Right The mounting scheme used at
CUTE for two devices (NFCSO design on the left and NFHSO on the right)
clamped in a similar housing. Both detector housings have an interlocking
ridge to create an improved light-tight connection to a lid or other housing (in
the case of a stacked payload geometry). The Si detectors shown are 1 cm x
1 cm x 4 mm thick.

The setup at SLAC, like the one at CUTE, used LEDs collimated on the center of the detector

face with the Al biasing grid for calibration. At SLAC, however, the LEDs were operated outside

of the fridge and connected to an optical fiber which directed photons through the fridge and to the

detector [69]. Using this setup, the TES and SQUID readout lines can be separated entirely from

the lines used to operate the LEDs, thus avoiding any crosstalk signal. The LED photons used in

the calibration at SLAC are 3.4 eV and were operated in a similar fashion to that at CUTE.

Just as with the calibration at CUTE, the analysis of SLAC calibration data used an MCMC to

fit the detector response model to the LED calibration spectrum. In this case, only a single data
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set was available for the calibration which included far less statistics than what was used at CUTE.

However, without crosstalk, the parameter space is less complicated for the model fit with SLAC

data. The resulting fit to the LED spectrum is shown in Fig. 4.10. The model parameters returned

by the MCMC are shown in Table 4.3, although, here, I have chosen to show the best fit photon

energy in terms of the difference from the expectation defined as Eγ,loss = Eγ − Eγ,obs in order to

better facilitate comparisons between the two measurements.

Calibration Results from CUTE & SLAC
Parameter CUTE SLAC

c1 339.3 eV
µA ± 0.2 eV

µA 290+2
−4

eV
µA

c2 55.9 eV
µA2 ± 0.4 eV

µA2 27+5
−4

eV
µA2

pCT 27.2% ± 0.3% 10+2
−3%

pII 1.2% ± 0.4% 73
2%

pST 21.9% ± 0.6% 29+1
−2%

σph 589 meV ± 5 meV 900+22
−2 meV

Eγ,loss 0.92 eV ± 0.02 eV 0.8+0.2
−0.1 eV

Table 4.3: The results of the detector response model fit to data taken at SLAC
(HV = 20 V with 3.4 eV photons). To facilitate comparisons, the results from
CUTE (HV = -35 V with 2.0468 eV photons) are reprinted here.

The differences in the charge-trapping, impact-ionization, and surface-trapping probabilities

shown in Table 4.3 are most likely due to differences in HV bias—SLAC data was taken at 20 V

whereas CUTE data was taken at -35 V. The reader may also note that the resolution of the detector

operated at SLAC significantly differs from the measurement at CUTE; this was found to most

likely be due to vibrational coupling of the pulse-tube to the mixing chamber-stage of the SLAC

cryostat [69].

Figure 4.11 shows the marginalized posterior from the MCMC chains used in the calibration

for LED spectra taken at CUTE and SLAC. At both facilities, model fits require non-zero values

for Eγ,loss in order to describe the LED calibration spectra suggesting that, on average, the bandgap
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Figure 4.10: LED data taken at SLAC with an HV bias of 20 V using 3.4 eV
LED photons is shown in black with corresponding detector response model fit
shown in red. The shaded blue region indicates the spread of random triggers
consistent with noise to provide a scale of the detector resolution. Note that
the “jagged” eh peaks predicted by the detector response model are consistent
with the expectation since the detector resolution of 900 meV is much lower
than the collected photon energy of ∼2.6 eV.

energy is not fully recovered from a photon-absorption event. It is also worth noting that the values

for Eγ,loss between the facilities are in agreement which suggests that the mechanism through which

energy is lost does not depend on the wavelength of the photon. At the time of writing this thesis,

the origin of this energy loss is unknown and future work is needed to understand its behavior.

4.5 Implications of Energy Loss on Previous Calibrations of HVeV Detectors

Before concluding the chapter, we will note that the energy loss found in the LED calibrations

at both CUTE and SLAC offer a possible resolution to previous results from HVeV Run 4, which

found the calibration differed depending on whether the detector was operated with or without

an HV bias. In the HV calibration, a 100 V bias was applied to the detectors and LED photons

(2.05 eV) were collimated on the side of the detector with the biasing grid just as what was done

in the HVeV Run 5 photon calibration described earlier in this chapter [63]. The calibration at 0 V

used a very active source of gammas, Cs-137, which emits photons at ∼662 keV. The resulting
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Figure 4.11: Samples from the posterior distributions of event energy loss per
photon using LED data from SLAC (red) and CUTE (blue). The correspond-
ing shaded regions represent ±1 standard deviation from the mean. The poste-
rior distribution from CUTE results from the simultaneous fit to four data sets
whereas the distribution from SLAC results from a fit to a single data set. The
gray band shows the band-gap of silicon [44]. The narrowness of the distri-
bution from CUTE compared to SLAC is a result of using four data sets to
constrain the parameter space. The distributions show consistent results be-
tween data taken at CUTE and SLAC. Figure taken from Ref. [69].

Compton spectrum is expected to have “steps” corresponding to the binding energy of electrons in

various shells of the silicon (i.e.∼100 eV for the L2,3 shells, 150 eV for the L1 shell, and 1.53 keV

for the K shell) [72]. The results of both calibrations for NFC1, the detector used in the ERDM

search during HVeV Run 4, are shown in Table 4.4. From both calibrations, we can see that the

quadratic term in the calibration function is small suggesting that the detector is in its linear regime

up to high energies. We can also see that between the two calibrations, the measured values of the

dominant linear calibration term disagree by ∼30%! This is a surprising result; we do not expect

that the detector’s response to a given energy should depend on the voltage bias we apply over the

substrate. However, the resolution of NFC1 in HVeV Run 4 was ∼2 eV—too large to resolve the
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NFC1 Calibration Results from HVeV Run 4
Parameter HV Calibration 0V Calibration

c1 [keV/µA] 0.74 ± 0.01 1.06 ± 0.05
c2 [keV/µA2] 0.014 ± 0.006 -0.01 ± 0.03

Table 4.4: Results of the two calibrations performed on NFC1 during HVeV
Run 4. We find that dominant term in the calibrations, the linear term c1, the
two calibration methods have a ∼30% disagreement.

underlying structure from surface-trapping in eh peaks in LED spectra which revealed the energy

loss mechanism observed in HVeV Run 5. As such, neither calibration in HVeV Run 4 accounted

for energy loss. Let us see how these calibrations might change if we assume that for every eh pair

produced in the HVeV Run 4 calibrations, about 0.9 eV was lost (the same amount of energy loss

that was observed from the calibrations at SLAC and CUTE).

The HV calibration would be relatively unaffected. Each calibration point they had originally

was approximately (neglecting surface-trapping and charge-trapping) given by

Eeh ∼ nγ(Eγ,obs + eV ) (4.13)

where V = 100 V and the original calibration assumed Eγ,obs ∼ 2.05 eV. Therefore, most of the

energy at each of the eh peaks comes from the NTL energy so if we assume Eγ,obs ∼ 1.15 eV

instead, we only expect a ∼1% difference in the calibration points. Thus, for now, let us consider

that the calibration parameters obtained in the HV calibration for HVeV Run 4 remain relatively

unchanged by any energy loss from broken eh pairs.

The 0 V calibration, however, could change significantly if there is energy loss for every bro-

ken eh pair. On average for every 3.66 eV of photon energy deposited in the detector’s substrate,

an eh pair is broken [44]. The 0 V calibration uses Compton scatters from high energy photons

and so many eh pairs will be broken in any given event. Let’s consider that for every eh pair bro-
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ken, 0.9 eV is lost. If that is the case, then at each calibration point, the detector only receives

(3.66 eV – 0.9 eV)/3.66 eV ∼ 75% of the energy expected. Since the quadratic term in the calibra-

tion is small, we can essentially interpret this as a correction to the linear term of the calibration.

Thus, accounting for this loss, the c1 term in the 0V calibration becomes 0.75*1.06 keV/µA ∼

0.80 keV/µA.

While the HV and 0V calibration still disagree under the assumption, the discrepancy is reduced

from ∼30% to ∼8%. That said, however enticing this indication is, this is all highly speculative;

the exact mechanism by which energy is lost in the calibrations of NFCSO performed at SLAC

and CUTE are unknown. Future work is needed to understand the origin of this energy loss and

whether it applies more broadly to HVeV detectors or any detectors using similar architectures.

In future chapters we will see how this energy loss impacts the ERDM search using data taken at

HVeV@CUTE.
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CHAPTER 5

BACKGROUND OBSERVATIONS AT 0V

HVeV detectors are uniquely positioned to study excesses at low energy. Most experiments search-

ing for signals below ∼1 keV are sensitive to either ionizing signals or non-ionizing signals but not

both and thus are limited in the phenomena that they can study. HVeVs, on the other hand, are sen-

sitive to both ionizing signals and non-ionizing signals when operated with an HV bias and are thus

able to study the excesses reported by detectors sensitive to ionizing events such as SENSEI [75]

and DAMIC [76] as well as the excesses reported by detectors sensing phonons such as TESSER-

ACT [77], EDELWEISS [78], CRESST [79]–[81], and SuperCDMS-CPD [82].1 However, as we

will show, there is some difficulty in disentangling the ionizing components of background signals

from the non-ionizing components. For this, we rely on comparisons with background spectra

taken at 0 V.

In this chapter, we will characterize the components of the 0 V background spectrum recorded

by NFCSO. Understanding the background spectrum measured in detectors included in HVeV

Run 4 is left for future work. Included in this description is a model for how the 0 V background

rate changes with time as well as modeling of the non-ionizing components for use in the ERDM

search.

5.1 The Shape of the 0V Energy Spectrum

I examined the energy spectrum of low background data taken at 0 V in the energy region

between 7 eV and 200 eV. Theoretically, our detector resolution of 589 meV would allow us to

1This is by no means an exhaustive list of experiments that have reported observations of low energy excesses. For
a more complete summary of observations of the LEE, refer to the review by D. Baxter et.al. [66].
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probe energies down to ∼3 eV without needing to worry about a significant contribution from

noise. However, we found that the spectrum below ∼7 eV changed slightly throughout the run

and thus was difficult to model. While the reason for this is still not understood, we think that

this may be due to changes in the vibration due to re-aligning the fridge during operation. Since I

am more interested in modeling backgrounds which seem unaffected by environmental conditions

and since 7 eV is still far from the signal region of interest for ERDM models we consider in

Chapter 6, I exclude the lower energy part of the spectrum from the remainder of the analysis. The

upper bound is set so that I include the energy region of interest for ERDM models with masses

up to a few ∼GeV while not straying far from the highest calibration point provided by the LED

calibration (∼6 eh or ∼210 eV with a -35 V bias).

Figure 5.1: The mean of the 1eh peak in 60 V plotted as a function of time
into CUTE Run 40 (shown in black). The y-axis is converted from units of uA
to eV using the calibration obtained in Chapter 4. Errors shown in the y-axis
are the standard deviation of the 1eh peak as calculated via a gaussian fit. The
vertical blue dotted line denotes the time at which we took calibration data,
after which we found the response of the detector to be stable. The red dashed
line shows the linear fit to the data shown.
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A large number of statistics are required in order to model the underlying distribution of the

0 V background. We will see that for energies below ∼40 eV, the event rate is high enough that the

shape of the distribution can be constrained with only a day or so of live time. However, the event

rate steeply drops off for higher energies so that many hours of live time are required to map the

underlying distribution. Therefore, I relied on data taken over many months in order to constrain

the shape of the spectrum. Over this time, we found that the current response of the detector drifted

slightly, as evidenced by the drift in the mean of the 1eh peak observed in background data taken

at 60 V shown in Fig. 5.1. Overall, this drift was found to be small compared to the value observed

when calibration data was taken—about a 3% difference. To correct for this shift, the calibration

of data taken before calibration data (indicated by the blue vertical line in Figure 5.1) is adjusted

according to Eqn. 5.1 on a series by series basis.

Ecorrected =
m ∗ t+ b

m ∗ Tcal + b
E (5.1)

where m and b are the slope and y-intercept of the linear fit shown in Figure 5.1 (respectively), t is

the time the given data set was taken, Tcal is the time at which the calibration data was taken, and

E is the uncorrected calibration.

After correcting for the drift in calibration, I first checked that the shape of the spectrum at 0 V

remained constant with time. Throughout CUTE Run 40, we took a number of long exposures

at 0 V, which I have combined separately and labeled according to the month in which they were

taken in Figure 5.2. The shapes of the spectra are well described by exponentials—a feature that

is consistent with observations of the LEE across the field (see the recent review by Baxter et

al. [66]). In this case, I fit each spectrum to the sum of two exponentials with decay parameters

λ1 and λ2 and weights given by C and (1 − C), respectively, where C is a constant between 0
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(a) June (b) July

(c) August (d) September

Figure 5.2: Calibrated data taken at 0V in each month of CUTE Run 40. The
model (Eqn. 5.2) fit to the shape of the energy spectrum is shown in red with
corresponding fit parameters provided in the legend. In the lower panel of each
figure, the residuals are shown in units of uncertainty where the uncertainty for
a bin is taken to be the square root of the number of counts in the bin divided
by the live time (minimum of 1 divided by the live time). The green shaded
region indicates ±1.

and 1 (see Eqn. 5.2). The best fit parameters for each spectrum are determined by minimizing an

unbinned negative log-likelihood.

f(E|λ1, λ2, C) =
C

λ1
e−E/λ1 +

1− C

λ2
e−E/λ2 (5.2)

Figure 5.2 shows the resulting fits to the partitioned data sets and Figure 5.3 shows the shape

parameters and their uncertainties.
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(a) (b)

(c)

Figure 5.3: The shape parameters corresponding to the fits shown in Fig. 5.2
plotted with their corresponding errors.

The results shown in Figure 5.3 show that the 0 V background does not vary significantly with

time. This provides us with some confidence that regardless of when 0 V data was taken throughout

CUTE Run 40, the same underlying distribution was being measured. We can therefore combine

all data taken at 0 V to help limit the statistical uncertainty when modeling the higher energy

regions of the spectrum. The fit to the combined spectrum, consisting of ∼200 hours of live time,

is shown in Figure 5.4.

Before moving on to discuss the rate of the 0 V background as a function of time, it is worth
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Figure 5.4: The combined energy spectrum of data taken at 0V consisting of
∼200 hours of live time taken throughout CUTE Run 40. The model fit of
Eqn. 5.2 obtained by minimizing the unbinned negative log-likelihood is shown
in red. The lower panel shows the residuals between the model fit and the data
shown in black in units of uncertainty on bin height (taken as the square root of
counts in the bin divided by the live time). The green shaded region indicates
±1.

comparing the spectrum shown Fig. 5.4 to observations of the low energy excesses reported across

the field. The aforementioned review by D. Baxter et al. [66] shows that other experiments using

solid-state detectors to measure phonon signals almost all observe a steep rise in event rate “typ-

ically observable below ∼100-200 eV,” which is consistent with our observations. Furthermore,

the review states that in all observations, the spectrum from the LEE can not be described by a

single exponential or power law but generally requires a combination of multiple, which is also

consistent with what we observe.

5.2 The 0V Rate Over Time

While the shape of the 0 V spectrum appears to remain constant over time, the rate does not;

similar to observations of the LEE reported across the field, we find the rate measured in 0 V data

decreases over time. Figure 5.5 shows the rate measured in 0V data between 7–200 eV plotted
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Figure 5.5: The event rate integrated between 7-200 eV measured in data taken
at 0 V as a function of time into CUTE R40 (black). Vertical error bars account
for both statistical errors and systematic errors related to scaling the calibration.
Horizontal errors represent the time over which the rate was measured. In blue
is the best fit of Eqn. 5.3 to the data. The shaded region shows the time window
wherein the blinded DM search data was taken (see Chapter 6).

against time into CUTE Run 40.

We can effectively model this rate of change using a linear combination of two exponentials

with the parameterization shown in Eqn. 5.3.

R(t) = N
( f
τ1
e−t/τ1 +

1− f

τ2
e−t/τ2

)
(5.3)

Here τ1,2 are constants with units of time which characterize the rate of decay of the integrated

event rate measured in 0 V data, f is a value between 0 and 1 and determines the relative weighting

of the decay constants, and N provides the overall normalization. Table 5.1 gives the values of f

and τ1,2 that best fit the data shown in Figure 5.5; the model fit is shown as the blue dashed line in

the same figure.

Thus, the 0 V background behaves similarly to what is commonly described as the LEE—
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Best Fit Parameters of Eqn 5.3 on 0V Data
Parameter Value

τ1 [days] 5 ± 4
τ2 [days] 61 ± 13

f [unitless] 0.14 ± 0.04

Table 5.1: Best fit parameters of the normalized rate model (Eqn. 5.3) to 0V
data.

the event rate steeply increases at lower energies, and the integrated event rate decays with time.

Moreover, as we saw in the last section, the fact that the shape of the spectrum does not change

significantly over time suggests that the event rate decays similarly over the energy region between

7 eV and 200 eV. This implies that the 0 V spectrum is largely dominated by events with a common

origin (at least in the energy region considered so far in this chapter). It is also worth noting that

the model fit to the rate seen in 0 V data predicts a somewhat optimistic long-term behavior of the

background rate as time goes on; as t→ ∞, R(t)→ 0. This implies that if we operated the detectors

for a time much larger than the characteristic decay times given by τ1,2, the background rate in 0 V

data would be negligible. However, from Table 5.1, we can see that the rate model is dominated by

the longer decay constant, τ2, which is on the order of two months, implying that we would have

to operate for close to a year to avoid the background completely. Moreover, CRESST operated

a silicon device for longer than a year and still found a non-negligible excess [83]. Multiple

experiments have also found that the LEE rate “resets” after warming their detector payloads above

a few tens of Kelvin [66].

5.3 Comparison with HV Spectra

At this point in the chapter, we have shown that our observations of the 0 V background match

the features commonly observed of the LEE. In this subsection, we will demonstrate how our

understanding of the 0 V background spectrum is relevant to the HVeV Run 5 ERDM search.
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In particular, comparisons between background spectra taken at 0 V and at HV can be used to

distinguish non-ionizing and ionizing components of the spectrum. Since we aim to search for

DM models that interact via electrons in the substrate, non-ionizing components of the LEE can

be modeled as backgrounds in an ERDM search. Thus, by characterizing the non-ionizing com-

ponents of the spectrum, we can possibly increase our sensitivity to ERDM. We will do this by

modeling HV spectra with a non-ionizing and an ionizing component.

For the ionizing component, we can construct a model based on the leakage of charge carriers

throughout the substrate. This is motivated by the fact that the 1eh peak observed in background

data typically has a mean consistent with the NTL energy expected from a single eh pair (where

ER = 0 eV). “Leakage” refers to the spontaneous excitation of a charge carrier bound by an

impurity in the crystal by the applied electric field. We consider both leakage near the surface

or leakage in the bulk. In the former case, the charge is excited near the surface and is drifted

throughout the entire thickness of the crystal via the electric field and thus mimics a bulk eh event

with 0 recoil energy. In the latter case, the charge is excited in the crystal bulk and thus has

an energy distributed between 0 eV and the NTL energy for a single eh pair. For this case, we

assume that charges are excited uniformly throughout the crystal. Figure 5.6 shows the expected

energy spectrum of both bulk and surface leakage (including effects of charge-trapping and impact-

ionization).

To model the non-ionizing component, let us consider the 0V spectrum shown in Fig. 5.4. The

parts of this spectrum that are non-ionizing will retain the same shape regardless of the HV bias that

is applied. However, we already have reason to believe that the vast majority of the 0 V spectrum

within the region of interest is non-ionizing simply by comparing to HV spectra. To demonstrate,

let’s consider the possibility that the HV spectrum consists of some electron recoils (ERs). For an

ER with initial recoil energy ER, the average number of eh pairs produced in an interaction is given
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Figure 5.6: An example of an energy spectrum (in units of neh) expected from
bulk (surface) leakage shown in red (blue).

by

⟨neh⟩ = Y
ER

ϵ
(5.4)

where ϵ is the average energy required to produce an electron-hole pair in silicon and has been

measured to be ∼3.6 eV [44]. Y is the ionization yield which, for ERs, is 1. From Eqn. 5.4 we

see that, when considering the lower bound of the energy region of interest, 7 eV, the average ER

would produce 2 eh pairs. However, in HV data, we seldom observe events above 2 eh. Figure 5.7

shows what the 0 V spectrum would look like under the application of a 60 V bias if all of the

events were ERs. Comparing this extreme scenario with our observations of the spectrum at 60 V,

we can place an upper bound on the percentage of the 0 V spectrum which could consist of ERs.

In this case, we examine the energy region between 127 eV (corresponding to the 2eh peak plus

the minimum recoil energy from an event in our region of interest) and the upper bound of our
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Figure 5.7: A comparison of the 0 V background model (blue) with data taken
at 60 V. The red dashed line shows the 0 V background under the assumption
that the entire 0 V background consists of ERs. In orange is the 0V background
under the assumption that only 2.4% of the events are ERs which corresponds
to the 90% CL on the percentage of ERs in the 0 V background based on
comparisons to ∼10 hours of data taken at 60 V (black). The shaded region
shows the energy range over which the 90% CL was calculated.

region of interest, 200 eV. We find that at 90% confidence, ERs can make up at most ∼3% of the

0 V spectrum. This represents an upper bound because we consider no other origins for the events

above 2eh. This is significant because from this, we can deduce that the majority of events in the

0 V spectrum are non-ionizing and therefore that a non-ionizing component can be modeled using

the shape of the 0 V spectrum.

Using a combination of the models shown in Figure 5.6 and the shape of the 0 V spectrum, we

attempt to fit the spectra found in HV data at different times throughout the run. The parameters

in the ionizing component (pCT, pII, the relative heights of eh peaks, the fractional contribution
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from bulk [as opposed to surface] leakage, and overall normalization) are left unconstrained. The

locations of the eh peaks, however, are constrained to be within 5 eV of the expected NTL energy.

For the non-ionizing component, the shape is fixed to the model of the 0 V background shown in

Figure 5.4 though the normalization is left unconstrained. We specifically chose to fit data taken

with a 60 V bias since the voltage bias is high enough that we expect less degeneracy between the

ionizing and non-ionizing components of the model.

Figure 5.8: A fit of the detector response model (red) to a background spectrum
at 60 V (grey). The non-ionizing (ionizing) component of the model is shown
in blue (yellow).

At lower voltages, the ionizing component is ”compressed” so that the ionizing background

resides in the same region where the 0 V rate is greatest, and thus the model has less power in

differentiating its components. An example fit is shown in Figure 5.8.

We consistently find that the ionizing model dominates in the energy region beginning close



126

to the 1eh peak through the 2eh peak whereas the non-ionizing component dominates for energies

much lower than the 1eh peak energy or for energies higher than the 2eh peak energy. In fact, we

find that for energies below ∼30 eV, the non-ionizing component contributes the vast majority of

events. We can extract the rate of the non-ionizing component for each data set from the best fit

normalization which is shown as a function of time in Figure 5.9. As can be seen from Figure 5.9,

Figure 5.9: The event rate integrated between 10 eV and 200 eV measured in
0V is shown in black. The non-ionizing rate in HV data is calculated from
the normalization of the non-ionizing component of the fit to HV spectra (see
Figure 5.8) and plotted in red. (Note that the error bars do not account for the
systematic uncertainty related to scaling the calibration.) The rate predicted by
the rate model with a form given by Eqn. 5.3 and parameters given by Table 5.1
are plotted in blue, with corresponding uncertainties shown. The rate model for
0V data is plotted as the dashed blue line. The shaded region indicates the time
window over which the blinded DM search data was taken.

the non-ionizing rate extracted from fits to HV data is in excellent agreement with the rate measured

from 0 V data directly. However, this fact should not be too surprising since by comparing the HV

and 0 V spectra directly, we could already see that the majority of the 0 V background must not

consist of ionizing events. It should be noted that this is also consistent with previous observations

of the LEE by EDELWEISS, which found that the LEE was dominated by non-ionizing events

down to ∼25 eVee [78], and RICOCHET, which similarly found that the LEE was dominated by
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non-ionizing events up to energies on the keV scale [84]. Note that this also seems to imply that

the overall event rate in the region between 10 eV and 200 eV increases with the application of

a high-voltage bias. It is unclear, however, whether the ionizing background is induced by the

application of the HV bias or whether there is an excess of ionizing events at energies below our

region of interest. The latter hypothesis seems less likely since, as stated in the previous section,

we generally find that the 1eh peak observed in background data is consistent with leakage.

In the context of an ERDM search, the implication that the 0 V spectrum primarily consists of

non-ionizing events is a boon for sensitivity—events that do not yield ionization can be treated as

a background since they do not have the expected phenomenology of ERDM! Therefore, we may

use the 0 V background to characterize the contribution of non-ionizing backgrounds to improve

our sensitivity to ERDM. This process will be described in the following chapter.
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CHAPTER 6

THE HVEV RUN 5 ERDM SEARCH

During the construction and operation of the HVeV Run 5 payload, we had considered the possi-

bility of a DM search, but wanted to prioritize studies of the low energy excesses. In spite of this,

while studying the backgrounds in the detectors under different conditions, we observed 1eh rates

that were far lower compared to observations in previous HVeV Runs. When we discovered the

potential to explore new parameter space, the opportunity was too good to pass up. Thus, in spite

of not being optimized for a DM search, we decided to take roughly two weeks of blinded data

with which to set exclusion limits on the DM candidates discussed in Chapter 2. This chapter will

describe the analysis and the results that followed.

6.1 Data Acquisition and Analysis Strategy

After taking the initial data sets wherein we discovered the low rate in the 1eh peak, we took

two weeks of blinded data for the ERDM search. We operated the detectors with a bias of -35 V, far

lower than the 100 V bias used for the ERDM searches in the last two HVeV Runs. The reason was

that throughout HVeV Run 5, we observed that higher bias voltages seemed to be correlated with

higher rates in the 1eh peak.1 We chose a magnitude of 35 V so that we could keep the bias as low

as possible while still positioning the 1eh peak above the region where the LEE dominated. The

reason for the negative polarity was purely a matter of circumstance—at the time we were testing

the detector response with negative polarities and comparing to data taken with positive polarity.

1More work is needed to determine whether the apparent decrease in the 1eh rate was truly due to the lower voltage.
We have previously observed that the 1eh rate is highly dependent on the biasing history of the detectors and so it is
possible that the lower rate was induced by holding the detector at higher voltages for a long period of time rather than
simply operating with a lower voltage.



129

By the time we decided to conduct a DM search, we happened to be biasing with negative polarity

and so there was no reason to switch back.

In the two weeks of blinded data, we unblinded one out of every ten minutes of data so that

we could monitor operating conditions and check for obvious problems. While these data were

not used in setting the final exclusion limits, they were also not used to develop an analysis. Ad-

ditionally, every 2-3 days, we would pause low background data and take 20 minutes of LED data

to confirm that the calibration was stable; these data were also unblinded. To develop the analysis,

we used the ∼24 hours of live time taken at -35 V (henceforth referred to as the “open data”) that

we took prior to the decision to conduct a blinded DM search.

6.2 Data Selection

The data selection shown in the following section was designed to exclude events in which

the detector’s response differed significantly from the signal template (see Section 3.2) or was

inconsistent with the phenomenology expected from DM. These criteria can be separated into two

categories: 1) live time cuts in which periods of time are removed from the analysis, and 2) quality

cuts in which specific events are removed and the resulting live time is weighted by an overall

“efficiency” specific to the nature of the cut.

6.2.1 Live Time Cuts

6.2.1.1 Mean Baseline Cut

The “baseline” refers to the detector response in the absence of an energy deposition in the

crystal and can be used to monitor changes in temperature or noise performance. As such, we

define a criterion based on the mean baseline for each half-second trace. The mean baseline is

calculated as the mean of all samples in a given trace that are not included in the analysis window

of a triggered pulse. In the absence of any large temperature fluctuations or vibrational coupling to



130

the detectors, the distribution of mean baselines for a given series can typically be well described

as Gaussian (see Fig. 6.1.)

Figure 6.1: An example distribution of mean baselines for a series taken with
a -35 V bias. (Note that, in general, the mean baseline does not depend on
the HV bias). The Gaussian fit to the distribution is shown in red. The green
shaded region corresponds to the region within ±3σ of the mean, where both
the mean and σ are determined via the Gaussian fit.

Our observations of the unblinded data taken throughout the two weeks of exposure showed

that operating conditions seemed to remain stable throughout the DM search and thus we expect

very little live time to be removed from the mean baseline cut. For example, in the open data set,

the mean baseline cut removed less than 1% of the live time.

6.2.1.2 Coincidence Cut

The interaction cross-sections for DM have been bounded such that it is highly improbable for

a single DM particle to interact with two different detectors. Therefore, coincident events are not
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consistent with the phenomenology expected for DM events and are thus removed. Since NFHSO

and NFCSO share an optical cavity and therefore have many open lines of sight between them,

we construct a coincidence cut which removes events in the detectors that occur within 0.5 ms of

each other. (See Fig. 6.2 for an example of such an event.) We choose not to apply this cut using

coincidence with other detectors in the payload because there were no coincident events observed

in the open data set, which is consistent with the lack of lines of sight between them. Despite the

small amount of live time removed by the cut (<1%), we find that a number of events between

∼10-30 eV are removed solely by the coincidence cut.

Figure 6.2: An example of a coincident event found in the open data set. The
response of NFCSO (NFHSO) is shown in orange (blue). Credit: Julius Viol

6.2.1.3 Burst Event Cut

The most significant contribution of events that are considered background in the context of

an ERDM search are the so-called “burst events”. These events are characterized by a high en-

ergy event that typically saturates the detector, called a “primary,” followed by many lower energy
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events (≤ 1eh) referred to as “secondaries.” Burst events are typically associated with a signifi-

cantly increased trigger rate, which can persist for as little as a few minutes or up to a few hours (see

Fig. 6.3) and, as such, there is little argument against this being the most important data selection

criterion with regard to improving sensitivity.

Figure 6.3: The event rate as a function of time in the open data. Regions
shaded in red were identified as burst events. Note that a large spike in event
rate is often associated with a burst event. The dashed line shows the estimated
rate without bursts and the dotted line shows the estimated rate + 1σ where σ
is determined via a Poisson fit to the event rate. Credit: Mason Buchanan.

To identify burst events, we first estimate the event rate in their absence. We do this by binning

the time between successive triggers (referred to as “dt”) and fitting a Poisson distribution to the

resulting histogram. In general, the low dt bins have an abnormally high number of counts due to

the presence of bursts and so are excluded from the fitting region (see Fig. 6.4a). We then define

the start of a burst event when two criteria are satisfied: 1) We observe a high energy (>200 eV)

event and 2) the event rate is higher than 5 σ from the average event rate determined by the fit to the

dt spectrum shown in Fig. 6.4a. The burst is considered over when the trigger rate falls below one

standard deviation above the mean rate as determined by the Poisson fit to the dt spectrum. The
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(a) Before applying the burst cut. (b) After applying the first pass of the burst cut.

Figure 6.4: Left A histogram of dt before applying the burst cut. The presence
of bursts inflates the counts in bins with dt ∼ 0 and are thus excluded when
fitting a Poisson to the histogram (shown in red.) Right The histogram of dt
after applying the first pass of the burst cut using the result of a. Note that
the bins with dt ∼ 0 more closely follow the trend of the Poisson fit shown
in red, which demonstrates the effectiveness of the burst cut. Credit: Mason
Buchanan.

time windows wherein a burst is identified are then excluded from further analysis. After applying

the cut, a second fit to the remaining dt spectrum is performed and is expected to give a lower mean

rate which is more representative of the mean rate without contamination from bursts. The results

of the second fit to the dt spectrum are then used once more to search for remaining burst events.

The effect of the final cut on the open data is shown in Figure 6.5. This cut removes a significant

amount of live time—about 55% of the total—but comes with a vast improvement in sensitivity.

Understanding these burst events is of utmost importance for future HVeV runs as they pose a

significant hindrance on sensitivity. They have been observed with similar behavior in HVeV Run

4 [63] and have similar characteristics to the burst events seen in HVeV Run 3, though these were

found to originate from luminescence in materials close to the detectors [65]. In particular, despite

the success of the described cut in removing visible contributions from bursts, there is evidence that

the bursts contribute events to the 1eh peak region and below that cannot be removed with 100%

efficiency—for more information on this see Appendix A. In light of this, locating the origin of
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Figure 6.5: The energy spectrum in open data before (blue) and after (black)
the burst cut. The bins are 1 eV wide. Credit: Mason Buchanan.

burst events and developing methods by which they can be prevented is necessary for future DM

searches using HVeV detectors.

6.2.1.4 Excess Rate Cut

Following the application of the burst cut, one could in principle more easily spot jumps in the

trigger rate that are not initiated by a high energy event. Though we do not observe this in the open

data, we define a selection criterion to remove jumps in the trigger rate that would not otherwise

be removed with the burst cut described in Section 6.2.1.3.

After applying all other cuts listed above, the average event rate is determined by dividing the

remaining number of events by the surviving live time, which we call µr. Surviving events are

then binned in time in intervals of 5 s. We then define a cut that excludes events with a number of

counts for which the probability predicted by a Poisson distribution with mean µr is less than or
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equal to 10−6.

6.2.2 Quality Cuts

6.2.2.1 χ2 Cut

The only selection criterion implemented as a quality cut is a selection based on the χ2, com-

paring the signal template to a given pulse in frequency space. In general, the pulse shape can

vary depending on the energy deposited in the crystal, hence we implement an energy-dependent

threshold cut based on the χ2 of a pulse, though we did not notice an appreciable change in the

shape of the average pulse over the energy region of interest. To determine the threshold above

which events will be excluded as a function of energy, we calculate the distribution of χ2 for pulses

that are expected to match the signal template. To do this, the signal template shown in Fig. 3.5

is scaled to various energies and added to noise traces sampled from data. We then apply the OF

Figure 6.6: A 2D histogram of the frequency-based χ2 vs. OFL for injected
pulses. Data shown in red shows the χ2 located 3σ from the mean as a function
of OFL. The dashed line shows the best fit of Eqn. 6.1 to the data shown in red.
Credit: Mason Buchanan.
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to each injected pulse and plot the distribution of the resulting χ2 as a function of OFL (see Fig-

ure 6.6). To define a cut threshold that is a function of OFL, T (AOFL), we first bin the χ2 in OFL

and calculate the χ2 at 3σ from the mean (as determined via a Gaussian fit) for each bin. We then

fit a line of the form shown in Eqn. 6.1 to the cut thresholds calculated for each bin.

T (AOFL) = a+ (AOFL + b)c (6.1)

The best fit parameters are found to be a = 0.3, b = 0.05, and c = 0.03.

In principle, the efficiency of the χ2 cut is set by construction—by defining the cut threshold

at 3σ from the mean χ2 at a given energy, we expect an efficiency of ≳ 95%. We confirm this to

be the case by directly calculating the fraction of injected pulses that pass the cut. We find that

the efficiency is consistent with a constant value of ∼98.1% across our energy region of interest as

shown in Figure 6.7. The efficiency is taken into account through multiplication with the remaining

live time.

Figure 6.7: The passage fraction of injected pulses when subjected to the χ2

cut given by Eqn. 6.1 plotted as a function of OFL. The red line shows the
constant value, which best describes the data shown in black and corresponds
to a 98.1% efficiency. Credit: Mason Buchanan.
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6.2.2.2 Final Spectrum After Cuts

The final spectrum after selections is shown in Figure 6.8 along with the passage rates on open

data which are shown in Table 6.1. Most cuts remove very few events in the energy region of

interest with the exception of the burst cut, which accounts for nearly all the live time removed.

Figure 6.8: The energy spectrum before (blue) and after (black) all the data
selections. The bins are 1 eV wide.

Live Time Remaining After Data Selections
Cut % Remaining Live Time

Mean Baseline 99.57
Burst 44.90

Coincidence 99.93
Excess Rate 100.00
Combined 44.69

Table 6.1: Summary of the remaining live time in open data after each data
selection.
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6.3 Limit Setting using the Profile Likelihood Ratio Method

The exclusion limits for the DM candidates introduced in Chapter 2 are calculated using the

profile likelihood ratio (PLR) method. The PLR method relies on the comparison of model fits to

the observed energy spectrum where the DM cross-section (or equivalent parameter) is included

as a fitting parameter. Specifically, one first conducts the fit with a fixed signal cross-section,

which I will refer to as the “reference” or “local” fit. The resulting likelihood is then compared

to the globally maximized likelihood obtained by including the signal cross-section as a fitting

parameter. Thus, the PLR is defined as

λ(µ) =
L(µ,

ˆ̂
θ)

L(µ̂, θ̂)
(6.2)

where L is the likelihood of a model to the observed energy spectrum that depends on the signal

cross-section µ as well as any other “nuisance” parameters, which are represented by the vector θ.

The numerator in Eqn. 6.2 is the conditionally-maximized likelihood assuming the reference cross-

section µ. Here, ˆ̂θ are the nuisance parameters that maximize the likelihood under this assumption

and are thus the conditionally-maximum likelihood estimators of θ. The denominator in Eqn. 6.2

is the global maximum of the likelihood corresponding to a maximum-likelihood estimator of the

cross-section µ̂ and the maximum-likelihood estimators of the nuisance parameters θ̂.

For setting upper bounds on µ, we consider a test statistic of the form shown in Eqn. 6.3 which

depends on the PLR [85].

qµ =


−2ln(λ(µ)) µ̂ ≤ µ

0 µ̂ > µ

(6.3)

Smaller values of qµ indicate that the reference cross-section µ is more compatible with the ob-

served data set. Since we are only interested in setting upper bounds on µ, we set qµ = 0 when
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µ ≤ µ̂. One can calculate the 90% confidence level on the cross-section by calculating the prob-

ability distribution of qµ, f(qµ|µ′). However, calculating f(qµ|µ′) directly is often prohibitively

expensive and requires thousands of model fits to simulated data sets in order to marginalize the

distribution over all the nuisance parameters. Thankfully, there are certain conditions under which

the distribution can be reliably approximated. It was shown by Wald [86] that when there is only

a single parameter of interest (i.e. µ is the only parameter we wish to place bounds on), which is

normally distributed with a mean µ̂ and standard deviation σ, the test statistic can be written as

−2ln(λ(µ)) =
(µ− µ̂)2

σ2
+O(1/

√
N) (6.4)

where N is the data sample size. Assuming that N is sufficiently large such that the term with

O(1/
√
N) can be ignored and that µ̂ is normally distributed, then the distribution tµ = −2ln(λ(µ))

can be written as

f(tµ; Λ) =
1

2
√

2πtµ
(e−

(
√

tµ+
√
Λ)2

2 + e−
(
√

tµ−
√
Λ)2

2 ) (6.5)

which is a non-central χ2 distribution with non-centrality parameter Λ. A result by Wilks [87]

showed that this can be further simplified in the case where the reference cross-section is equal to

the maximum likelihood cross-section, in which case tµ follows a χ2 distribution with a single de-

gree of freedom. Thus, assuming that µ̂ is normally distributed and the sample size N is sufficiently

large, we have

f(qµ|µ̂) =
1

2
δ(0) +

1

2
χ2(1) (6.6)

where δ(x) is a Dirac-delta function centered at x (and originates from the fact that qµ = 0 for

µ < µ̂) and χ2(1) is a χ2 distribution with one degree of freedom.
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We can rule out a particular cross-section µ at 90% confidence when we have that

0.1 =

∫ ∞

qµ′

f(qµ|µ)dqµ (6.7)

Thus, if we can assume that f(qµ|µ) has the functional form given by Eqn. 6.6, we simply need to

find the value of µ′ for which Eqn. 6.7 holds. Using the functional form given in Eqn. 6.6, one can

find that Eqn. 6.7 holds when qµ′ ≈ 1.64, thus, the condition above can be equivalently stated as

we must find µ′ such that qµ′ ≈ 1.64.

6.4 Fitting the Observed Energy Spectrum

We model our energy spectrum using the combination of three components:

1. Non-Ionizing Component: In Chapter 5, we found that the shape of a non-ionizing com-

ponent in HV data could be modeled after the shape of the background spectrum taken at

0 V. We also showed that we can predict the rate of the non-ionizing component at any given

time and therefore can include a prior on the normalization of this component. In the context

of an ERDM search, non-ionizing events are inconsistent with signal and therefore includ-

ing this component improves our sensitivity by limiting the number of events which can be

attributed to DM interactions.

2. Ionizing Component: The spectrum we observe in open data cannot be described with just

the combination of the ERDM signal models and the non-ionizing component. Thus, we

include an ionizing component that is constructed based on our knowledge of leakage and

has the same form as the model used to fit HV data in Section 5.3. It is important to note that

we have no way of constraining the parameters in this model, including the normalization. It

is this fact that prevents the ionizing component from being treated as background; in places
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(a) DM-electron Scattering (Heavy Mediator) (b) DM-electron Scattering (Light Mediator)

(c) Dark Photon (d) Axion-Like Particle

Figure 6.9: Signal models for a) DM-electron scattering assuming a heavy
mediator, b) DM-electron scattering assuming a light mediator, c) Dark photon
absorption, d) Axion-like particle absorption. Different colors correspond to
different masses of the DM particle in each panel.

where the signal model is degenerate with the ionizing model, all events are automatically

considered consistent with signal in the PLR method. This is demonstrated in Appendix B.

3. Signal Component: We model the observed spectra using four different types of signal

models corresponding to ERDM candidates described in Chapter 2. We constrain the var-

ious nuisance parameters included in the model (see Table 6.2) using the results from the
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calibration. In general, signal models for the considered candidates are similar to the spectra

expected from LED events in that they are expected to have peaks which correspond to the

NTL energy plus the energy imparted by the DM particle during the recoil. For DM-electron

scattering models, the recoil energy is given by a spectrum which depends on the DM mass

under consideration. For absorption models (i.e. dark photons and ALPS), the recoil energy

is mono-energetic and corresponds to the energy of the DM candidate. However, unlike the

spectra from LEDs, we do not expect a significant number of surface-trapped events since

DM particles would not necessarily interact near the surface; the probability of any given

DM particle interacting with the crystal is low and so it is more likely that interactions will

occur in the bulk, which makes up the majority of the volume in the crystal. Because of

this, the reader will notice the lack of a “0th peak” in the models shown in Figure 6.9. For a

detailed discussion on ERDM signal models, see Chapter 2.

The nuisance parameters included in the model are summarized in Table 6.2. We constrain

the nuisance parameters for the signal and non-ionizing components according to the results from

the LED Calibration (see Table 4.2) and 0V background modeling (see Fig. 5.4) respectively. The

parameters in the ionizing component are left unconstrained since we have no way to measure the

behavior of this component independently. To reduce the large parameter space shown in Table 6.2,

we fix the impact-ionization probability in the ionizing component of the model pII,bkg to 1.2%, the

value obtained from the LED calibration since the impact ionization has been previously observed

to be small and thus is not expected to have a large effect on the modeling.

It is worth noting that we differentiate between the charge-trapping probabilities for the ioniz-

ing component and the signal model, pCT, bkg and pCT, DM respectively. This is due to the fact that

fits to HV spectra similar to that done in Section 5.3 yield higher charge-trapping probabilities than

found from fits to LED spectra. This effect was most prominent at lower voltages and is likely due
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Nuisance Parameters
Component Parameter Gaussian Prior

Non-Ionizing

λ1 [eV] µ = 6.23, σ = 0.08
λ2 [eV] µ = 71, σ = 11

C µ = 0.995, σ = 0.001
Normalization µ = 677, σ = 39

Ionizing

pCT,bkg None
σeh None
fbulk None

Normalization None

Signal

pCT,DM µ = 27.2%, σ = 0.2%
pII,bkg µ = 1.1%, σ = 0.4%

Eloss, constant [eV] µ = 0.92, σ = 0.02
Eloss, fraction [eV] µ = 0.55, σ = 0.01

σres [eV] µ = 0.589, σ = 0.005
ϵeff µ = 98.1%, σ = 0.2%

All
Components σcalibration µ = 0, σ = 1

Table 6.2: Nuisance parameters for each of the three components that are used
to model the observed energy spectrum. The values of µ and σ given in the
“Gaussian Prior” column correspond to the mean and standard deviation of the
prior placed on the parameter. The priors for the signal and non-ionizing com-
ponents are based on the results of the modeling discussed in Chapters 4 and
5, respectively. The parameters Eloss, constant and Eloss, fraction are only included as
fitting parameters depending on the model for energy loss we are considering
and are otherwise fixed (see text for details). Finally, a parameter that accounts
for the calibration uncertainty is applied to all components of the model and is
in units of uncertainty of E in Eqn. 4.2.
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to contributions from burst events, which contribute significantly to lower energy regions in the

energy spectra in data taken with lower voltage biases. Thus, we do not assume that the ionizing

and signal components of the model must have the same charge-trapping probability.

Figure 6.10: The uncertainty on the calibration as a function of energy in the
region of interest.

We also include the calibration uncertainty, σcalibration as a fitting parameter which is applied to

all three components in the model. This is a unitless parameter that scales the calibration according

to Eqn. 6.8.

E ′ = E + σcalibrationσE(E) (6.8)

In Eqn. 6.8, E is the calibrated energy in Eqn. 4.2 and σE(E) is the uncertainty on the calibrated

energy resulting from uncertainties in c1 and c2, which depends on the energy E (see Fig. 6.10).

E ′ is the calibrated energy adjusted by σcalibrationσE . From Eqn. 6.8, it can be seen that σcalibration

can be thought of as the number of uncertainties the best fit calibration is away from the original

calibration. Since we interpret the error on our calibration to be Gaussian with a standard deviation

of σE at each energy E, we constrain the value of σcalibration using a Gaussian prior centered at 0
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with a standard deviation of 1.

Finally, we include parameters that account for the energy loss mechanism observed from the

calibration described in Chapter 4, which we call Eloss, constant and Eloss, fraction. These parameters

are only included as fitting parameters situationally, depending on the scenario we are considering.

The different scenarios in which the energy loss can manifest are described below.

1. Constant Energy Loss: We can consider that the energy loss manifests as a constant loss

per eh pair produced. In this case, we include Eloss, constant (which characterizes the amount

of energy lost per eh pair produced) as a fitting parameter constrained by the prior shown in

Table 6.2 and fix Eloss, fraction to 1.

2. Fractional Energy Loss: We can also consider the case that the energy loss is a fractional

loss of the initial recoil energy deposited in the crystal. In this case, we include the fitting

parameter Eloss, fraction, (which characterizes the fraction of the recoil energy that is kept) and

fix Eloss, constant to 0.

3. No Energy Loss: The simplest case we can consider is one where the energy loss observed

in the LED calibration is only associated with events near the surface and thus would not

affect DM events occurring in the bulk. In this case, Eloss, constant and Eloss, fraction would be

fixed to 0.

By considering each of these cases separately, we will end up with three different exclusion plots

corresponding to the different possible ways that the energy loss behaves. More work will be

needed in the future to determine which scenario describes the actual physics of the detector.

The unbinned likelihood of the model (the parameters for which are summarized in Table 6.2)
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can be written as

L(µ, θ) = e−N
[ N∏

i

f0Q(xi, θ0Q) + fion(xi, θion) + fχ(xi, µ, θχ)
]∏

j

p(θj) (6.9)

where f0Q, fion, and fχ are the non-ionizing, ionizing, and signal components of the model (which

respectively depend on the nuisance parameters contained in the vectors θ0Q; θion, and θχ); p(θj)

is the prior on the nuisance parameter θj; xi are the energies of observed events; and N is the total

number of observations. Recall from Section 6.3 that to calculate the test statistic, we maximize

this likelihood when assuming a reference cross-section, L(µ, ˆ̂θ), and again including the signal

cross-section µ as a fitting parameter, L(µ̂, θ̂). Figure 6.11 shows examples of both such fits.

(a) Reference Fit (b) Global Fit

Figure 6.11: a) The reference fit to the observed energy spectrum in open data.
b) The global fit to the observed energy spectrum in open data. In both panels,
the ionizing component is shown as the green dotted line, the non-ionizing
component is shown as the dark blue dotted line, the signal component is shown
as the light blue dotted line, and the combination of all the components is
shown as the red solid line.

We would then like to find the test statistic that corresponds to a 90% CL on µ. Recall that if

N is sufficiently large (such that 1√
N
<< 1) and if µ̂ follows a Gaussian distribution, we can use
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the result from Wilks’ theorem, which tells us that qµ is distributed according to Eqn. 6.6. For the

first condition, we have ∼2000 observations in the open data set. Already, this is sufficiently large

since 1√
N

≃ 0.02 << 1. Moreover, the blinded data set consists of roughly two weeks of live

time—more than ten times the live time included in the open data set—so it is safe to assume that

this condition will also hold when we calculate the limit on blinded data. For the second condition,

we can estimate the form of the likelihood as a function of µ while the nuisance parameters are

held at their maximum-likelihood estimators (θ = θ̂.) We want to see that in the region near µ ∼ µ̂,

the likelihood can be reasonably approximated as Gaussian. Figure 6.12 shows the likelihood of

the open data set around µ̂ while θ = θ̂ where it can be seen that the likelihood is roughly parabolic

near µ̂. As such, the conditions for Wilks’ theorem are satisfied.

Figure 6.12: An example of a profile of the negative log likelihood (NLL) of
the model fit to open data (black) plotted as a function of µ in the region near
µ̂ when θ = θ̂. Note that in the region near µ̂ (where the NLL is minimized),
the profile of the NLL can be approximated by the gaussian shown in red.

From Wilks’ theorem, we have that qµ90%
≃ 1.64. Thus, to calculate the 90% CL on the

cross-section, µ90%, we can simply repeat the fits shown in Fig. 6.11 for a number of reference

cross-sections until we find one for which the test statistic is equal to 1.64. In practice, this is done
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by sampling the test statistic for a number of reference cross-sections and interpolating between

the samples as is shown in Fig. 6.13. Our final exclusion limits, presented in Section 6.5, can

then be calculated for each DM candidate under consideration by repeating this process for many

different DM masses.

Figure 6.13: The test statistic for a DM model sampled at a number of reference
cross-sections. The dashed horizontal line corresponds to qµ = 1.64.

6.5 Exclusion Limits

The results of the PLR method on open data are shown in Figures 6.14 and 6.15. Note that

we must consider three cases depending on the nature of the energy loss discovered in Chapter 4

and therefore we obtain three limits: a limit where we assume no energy loss (as would be the

case if only surface events were affected and so bulk DM events would be unaffected), one where

we assume we lose a constant amount of energy per eh pair produced, and one where we lose a

percentage of the recoil energy. In general, in either scenario the considers energy loss, the signal

regions of interest appear at lower energies and so are closer to the regions of our spectrum dom-

inated by backgrounds. For this reason, the limits set while considering energy loss are generally

worse than the limits set where no energy loss is considered. Despite this, it can be seen in Fig-
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(a) Heavy Mediator (b) Light Mediator

Figure 6.14: Exclusion limits calculated on open data for the DM-electron
scattering cross-section, σ̄e for FDM = 1 (left) and FDM = 1/q2 (right).

ure 6.15 that there are some mass points for which considering an energy loss mechanism seems to

improve the limits. We found that this is a purely statistical effect—running the limits on many toy

data sets show that the limits between the different scenarios of the energy loss are generally com-

patible for masses where the limit without energy loss does not set the strongest limit. The reason

this effect is only observed for absorption models is due to the signal model being concentrated

over small energy ranges as compared to the DM-electron scattering models, which are distributed

more broadly over the analysis range (see Figure 6.9). Especially when considering higher mass

dark photons or ALPs, the signal becomes concentrated in the ≥2eh region, where we have few

observations. Thus, depending on the specific location of the signal peaks in relation to the few

observations above the 1eh peak, the limit we set may fluctuate.

Regardless of the energy loss scenario we consider, we improve on the limits set by Run 4

for low masses by about an order of magnitude. While encouraging, this is not unexpected—the

decision to take blinded data for an ERDM search was motivated by the lower rate in the 1eh peak,

where most of the signal for lower mass models is concentrated.
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(a) Dark Photon Absorption (b) Axion-like Particle Absorption

Figure 6.15: Exclusion limits calculated on open data for the kinetic mixing
parameter, ϵ for dark photon absorption (left) and on the axio-electric coupling
parameter, gaee, for ALP absorption (right).

For the higher masses, HVeV Run 4 generally sets better limits, which can be attributed to

the higher amount of live time included in their data set. (The final limits of Run 4 were set

using ∼6 g-days while our open data contains ∼0.4 g-days after cuts.) For these higher mass DM

models, most of the signal is concentrated above the 1eh peak where our backgrounds are low and

thus by accumulating more exposure, we can set higher limits. This is also generally the region

where HVeV detectors are not competitive with other dedicated DM search experiments, notably

the CCD experiments like SENSEI and DAMIC, which utilize large arrays of detectors designed

for large exposures.

With this in mind, before unblinding the full data set, we had a good idea of where our limits

would improve and where they would stay largely unchanged: For low mass models where the

signal was concentrated in regions with high backgrounds (near the 1eh peak), we expect that the

limit will not improve outside of statistical fluctuations. In the higher mass regions, we are limited

by the exposure we have, and thus by including more data, we expect to set a better limit.
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6.5.1 Final Limits

The limits calculated with the full unblinded data sets are shown in Figures 6.16 and 6.17.

Note that our earlier prediction was largely correct—for lower masses where the limits are limited

by backgrounds, we see little to no improvement compared to the open data. For higher mass

regions, however, the inclusion of an additional ∼3 g-days (after data selections were applied)

greatly improved the limits so that we now surpass HVeV Run 4 for all masses considered. Note

that at the time of writing this thesis, these results are not yet published and should be considered

a work in progress.

(a) Heavy Mediator (b) Light Mediator

Figure 6.16: The final exclusion limits on the DM-electron scattering cross-
section, σ̄e for FDM = 1 (left) and FDM = 1/q2 (right).

Importantly, the exclusion limits we set here explore some new parameter space. To demon-

strate this, I have potted the exclusion limits we set on the DM-electron scattering cross-section

(considering a heavy mediator) next to the most recent results from SENSEI [88] and DAMIC-

M [89], which are the experiments with the best sensitivity in this low mass region (Fig. 6.18).
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(a) Dark Photon Absorption (b) Axion-like Particle Absorption

Figure 6.17: The final exclusion limits on the kinetic mixing parameter, ϵ for
dark photon absorption (left) and on the axio-electric coupling parameter, gaee,
for ALP absorption (right).

Figure 6.18: A comparison of the final exclusion limits for DM-electron scat-
tering (heavy mediator) to those from SENSEI [88] (red) and DAMIC-M [89]
(pink). Note that the limits from SENSEI and DAMIC-M have been digitized
and so may slightly differ from the official limits reported in their correspond-
ing references.
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CHAPTER 7

CONCLUSION

In this thesis, I have described the latest dark matter result from HVeV detectors. To show this

result in the broader context of HVeV runs, I have reproduced Figure 2.19 from Chapter 2, where

I first showed the progress of HVeVs, now updated with HVeV Run 5 (Fig. 7.1).

Figure 7.1: The exclusion limits on DM-electron scattering (light mediator) for
past HVeV runs now updated to include Run 5. The limit shown from HVeV
Run 5 does not consider energy loss. Please note that the Run 5 limit should
still be considered a work in progress.

Figure 7.1 paints an encouraging picture. HVeV Run 5, despite not being a dedicated DM
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search, continues the history of improvement seen thus far from HVeV detectors. In addition,

even in our R&D capacity, we set limits that are complementary to those set by SENSEI and

DAMIC-M—experiments that have historically lead the field in terms of sensitivity. Thus, one of

the takeaways from this thesis is proof that SuperCDMS HVeV detectors, while young and still

developing, are emerging as world-leading tools for searching for low-mass DM.

However, while the DM exclusion limits obtained in this thesis are an excellent benchmark for

HVeV detectors, Run 5 was not intended to be a DM search. Rather, the data taken at SNOLAB

were intended to be used to investigate the excesses at low energy and further our understanding of

the detectors’ response. Dr. Runze Ren—who is, in a way, my predecessor as the “HVeV student”

at Northwestern—noted in the conclusion of his thesis [41] two key mysteries that needed further

investigation following HVeV Run 4: 1) the discrepancy in the 0 V and HV calibrations and 2)

the low-energy excesses in both 0 V and HV spectra. The work presented in this thesis, while far

from providing a thorough explanation, represents a step towards understanding these still open

questions.

7.0.1 Calibration and Energy Loss

As discussed in Chapter 4, HVeV Run 4 observed a significant discrepancy in the calibration

obtained while operating the detectors at HV compared to operating them at 0 V. Runze pointed

out that there were two categories of explanations for this discrepancy: either the response of

the detector was changing with voltage (as in, the same phonon energy would register a different

response depending on the voltage bias) or the estimations of the phonon energy in one or both of

the calibrations was incorrect.

The calibration conducted in HVeV Run 5 tentatively favors the latter hypothesis—the en-

hancement in detector resolution in Run 5 (0.589 eV compared to the ∼2 eV obtained in Run 4)

enabled observations of the finer structure in the photon calibration peaks and ultimately led to the
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discovery of a mechanism for energy loss that had previously escaped observation. If this same

energy loss was present in HVeV Run 4, it could resolve the discrepancy between the calibrations.

In fact, the scale of the observed energy loss (∼0.9 eV per photon, a value suspiciously close to

the ionization bandgap of silicon) hints at a possible explanation that was also proposed by Runze:

that charges freed during an interaction may not recombine on sufficiently fast time scales for the

phonons produced by recombination to contribute to the energy of the initial event.

However, there is still work to be done in order to understand the nature of the energy loss

observed in Run 5 and to determine whether we can assume that the same mechanism was present

in Run 4. We could consider, for example, that trap states introduced by the SiO2-Si interface

were responsible for the loss of energy in which case a different explanation would be required

to resolve the discrepancy observed in Run 4. One possible way to test this would be to operate

detectors capable of sub-eV resolutions but without the SiO2 layer and check the structure of the

calibration peaks for evidence of the energy loss. The HVeV detectors required for such a test are

already fabricated and are currently being operated.

If the energy loss is consistently observed in detectors with and without the SiO2 layer, then

there is additional work required to understand its behavior. Our current ignorance regarding the

physics behind the energy loss is evidenced by our inclusion of three different exclusion limits

to cover for its dependence on recoil energy or proximity to the detector’s surface. In particular,

it would be beneficial to understand whether or not the loss is associated with surface effects (in

which case we would not need to consider the energy loss when constructing DM signal models)

and whether or not the loss in energy scales with the recoil energy. For the latter question, while the

consistency in the energy loss observed for the different photon calibrations shown in Figure 4.11

may imply that the energy loss does not depend on the recoil energy at first glance, the large errors

on the measurement conducted at SLAC leave room for a possible scaling. Thus, more precise
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calibrations are needed to pin down the dependence on recoil energy. Beyond just HVeV detectors,

evidence of an energy loss that is not associated with the SiO2 layer would have profound impli-

cations for the field of experiments searching for DM with similar detectors, such as TESSERACT

and CRESST.

7.0.2 Future Investigations of Excesses at Low Energy

The investigation of the low energy backgrounds observed in Runs 4 and 5 should be the highest

priority. These backgrounds are not just a limitation for HVeV detectors but for the entire field of

experiments searching for low mass DM.

The work presented in this thesis demonstrates an effective, but short-term method for reducing

the impact of the non-ionizing component of the LEE on sensitivity to ERDM. While this method

seems to have pushed us into an exposure-limited regime for the higher masses of each DM can-

didate examined in Chapter 6, sensitivity at low masses remains fundamentally limited by the rate

in the 1eh peak. Similarly, searches for low-mass DM interacting via nuclear recoils are limited by

the non-ionizing component of the LEE. Thus, until these excesses at low energy are understood

and can be mitigated, sensitivity to low mass DM has a hard limit.

However, the vast majority of the data taken during HVeV Run 5 was taken with the intent of

studying how the rate of these excesses is affected by operating conditions. Prior to any dedicated

DM search using HVeV detectors that may be conducted in the future, the remaining data should be

analyzed for insights into how the LEE can be mitigated in order to maximize gains in sensitivity.

Below, I summarize the highest priority studies that may yield insights on the behaviors of both

the ionizing and non-ionizing backgrounds using the data taken at SNOLAB.
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7.0.2.1 The Ionizing Background

The improvement in the ERDM exclusion limits obtained in Run 5 compared to Run 4 can be

attributed to the inclusion of the non-ionizing component of the LEE as well as an overall lower

rate in the 1eh peak. However, the reason for this reduction in rate is still unclear. For the detector

used in the DM search, NFCSO, it is unclear as to whether the reduction in rate can be attributed

to the cleaner environment, the increased overburden, the SiO2 layer, or a combination of these

effects. Moreover, HVeV Run 4 observed a strong dependence of the 1eh rate on the biasing

history of the detector—operating the detector at a given voltage appeared to lead to higher rates

in the 1eh peak compared to the rate obtained by first “pre-biasing” at a higher voltage for a period

of time. We observed a similar effect in Run 5 but also found that lower bias voltages seemed to

lead to lower rates in the 1eh peak in general. During Run 5, we had taken many long exposures

at a variety of voltage biases and with varying levels of pre-bias so that the dependence of the rate

on both the bias voltage and the pre-bias can be better understood, but this has yet to be analyzed

in detail. Before designing and operating a dedicated DM search with HVeV detectors, this data

ought to be analyzed to determine the optimal biasing conditions.

The largest contribution to the rate in the 1eh peak in HVeV Run 5 came from the burst events

described in Section 6.2.1.3. We found evidence that the rate of these burst events seemed to

depend on the voltage bias though this was possibly due to a voltage dependence in the efficiency

of the burst identification algorithm; see Appendix A for a more in-depth description. These bursts

contribute heavily to the event rate for energies at and below the 1eh peak over long time scales,

which prevents us from removing their contribution with 100% efficiency. With this in mind, if

one compares data taken at -35 V to the data taken at 0 V (in Fig. 7.2, I have chosen two data sets

close in time so that the LEE rate is similar between the two), one can see that the two spectra are

similar except that the rate in HV is higher for energies between ∼5 eV and 1eh peak—the same
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region where burst events contributed most heavily, as evidenced by the spectrum before and after

the burst selection shown in Figure 6.5.

Figure 7.2: The comparison of the 0V (blue) and the HV (V = −35 V) spec-
trum taken from open data (black) after data selections have been applied. The
shaded green region gives the energy distribution on noise triggers and is pro-
vided to give a scale for the trigger threshold. Both data sets include ∼12 hours
of live time.

It is possible, then, that contributions from the burst events are responsible for the difference

between the two spectra in the region below the 1eh peak and perhaps account for the majority of

remaining events in the 1eh peak. Thus, future DM searches using HVeV detectors would benefit

considerably by identifying and mitigating the source of bursts. In HVeV Run 4, during which

these bursts were also observed, it was proposed that the bursts are caused by highly energetic

events originating from radioactive elements embedded in the copper housing. The same could be

true for HVeV Run 5, however, a much higher rate of bursts was observed prompting the additional

hypothesis that perhaps the SiO2 luminesces as a response to high energy events absorbed near

the surface (see Appendix A for a more detailed discussion of either hypothesis). If the latter
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hypothesis is correct, sensitivity could be improved by operating detectors without the SiO2 layer.

7.0.2.2 The Non-Ionizing Background

Chapter 5 of this thesis showed that the background at 0 V observed by NFCSO between 7 eV

and 200 eV was

1. Mostly composed of non-ionizing events.

2. Had an event rate that exponentially rose towards lower energies.

3. Had an overall rate which decayed over time.

These three traits are common among the vast majority of limiting backgrounds observed by ex-

periments in the field—the previously referenced review by Baxter, et. al. [66] synthesizes the

observations of the LEE for a large sample of experiments in the field. Thus the work in this

thesis, beyond its utility for the ERDM search, merely confirms that the LEE observed by our

detectors matches the characteristics of the LEEs observed across the field and thus, gives another

observation to compare to.

However, there is far more data from HVeV Run 5 that can be used to understand the LEE.

First and foremost, future work is needed to characterize the low energy background observed by

NFCSO down to trigger threshold, which based on the resolution of 589 meV, should be ∼3 eV. We

neglected this region in the DM search since there is little signal in that region. More interestingly,

the shape of the spectrum for energies below ∼7 eV seemed to change slightly throughout the

course of the run, making it more difficult to characterize. The reason for this change is yet to be

understood and could perhaps provide hints on the origin of the background. Secondly, we have

not formally examined the 0 V rate and spectral shape in NFCSO before the partial warm-up to

20 K on June 15th, 2026, after which the detector’s reponse slightly changed. An examination
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of how the LEE rate depends on time before and after the partial warm-up would help add to the

observations of the LEE rate “resetting” upon warming up (see observations by CRESST-III [83],

for instance) and perhaps allow us to better understand the mechanism behind this behavior.

Most importantly, however, are the 0 V observations from the five other detectors included in

HVeV Run 5 that have yet to be formally characterized. The payload featured a number of different

detector mask designs, which have differing fractions of the detector surface covered by Al and/or

W from the QETs. Thus, comparisons in the LEEs observed by each detector could shed light on

the role stress from the relaxation of thin-films deposited on crystal substrates in contributing to

the excess rate. This is a mechanism suggested as a possible contribution to the LEE [90] and has

yet to be formally tested. Along a similar vein, it would be beneficial to formally compare the LEE

rate observed by the detectors used in Run 4 and in Run 5 to see whether the excess we observe

depends on the overburden or operating history of the detector.

7.0.3 Outlook

The SuperCDMS HVeV program has reached an exciting stage of development. Over the past

five years, HVeV detectors have matured significantly, positioning them at the forefront of the

search for sub-GeV DM. However, like other experiments in the field, we face a fundamental limit

on sensitivity due to excesses at low energy with unknown origin. The goal of the work presented

in this thesis was to study and mitigate these excesses. The analysis presented herein characterizes

the non-ionizing components of the LEE, which we used to increase our sensitivity to ERDM.

However, future studies—including analyses of the remaining data from the work underpinning

this thesis—should aim to characterize these backgrounds completely. Thus, HVeV detectors are

poised to overcome the obstacles facing not only SuperCDMS, but the field as a whole.
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APPENDIX A

BURST EVENTS

Burst events, characterized by energetic primaries followed by multiple lower energy secondaries,

have been observed in a number of HVeV runs beginning in HVeV Run 3. In every HVeV run

since, burst events have been one of the main limitations on sensitivity due to their association

with lasting increases in event rate. Thus, identifying, characterizing, and mitigating burst events

in future HVeV runs is of utmost importance. This appendix compiles the observations of burst

events from HVeV Runs 3, 4, and 5.

A.1 HVeV Run 3

HVeV Run 3 observed a large population of events consisting of multiple pulses occurring

within quick succession, which the analysts referred to as burst events. These events could be

readily identified by a jump in event rate and were characterized by an energetic primary followed

by secondary events with energies distributed mostly among the 1st, 2nd, and 3rd eh peaks [65].

Events such as these were found in multiple detectors and thus were believed to be caused by an

external background. Evidently, as shown in Ref. [65], the distribution in the energy and arrival

time of secondaries in these bursts matched expectations from luminescence in SiO2—the primary

component of the PCB boards that were used to mount the detectors. For this reason, future

HVeV payloads avoided using scintillating materials near the detectors and replaced the mounting

scheme that used PCBs with the copper housings that were used in HVeV Runs 4 and 5. The

massive reduction in the 2eh and 3eh rate observed in HVeV Run 4 compared to that of Run 3 was

attributed to this redesign of the detector housing.
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Figure A.1: An example of a (filtered) burst event observed in Run 3 shown in
blue (orange). Vertical dashed lines correspond to points at which the filtered
trace exceeds the trigger threshold. Figure taken from Ref. [65].

A.2 HVeV Run 4

The burst events observed during HVeV Run 4 differed slightly from those seen in HVeV

Run 3. In general, the primary event was at a far higher energy (≳1 keV) and usually saturated the

detector. Moreover, the burst events in HVeV Run 4 were associated with increases in the event

rate lasting for up to 10 hours after the primary event. The events were generally not associated

with coincidence in other detectors and usually occurred at a rate of ∼1-2 per day. Interestingly,

Dr. Imran Alkhatib points out in his thesis that the events were not observed after the copper lids

that enclosed the detectors’ housings were switched [70]. Because of this fact, it was proposed

that the events may originate from radioactive impurities in the copper, specifically 210
82Pb, which

produces alpha particles in its decay chain. The alpha particle, if ejected from the copper lid and

subsequently implanting near the detector surface, would initially deposit a large amount of energy

in the detector and possibly dislocate atoms in the crystal lattice. Thus, the increased event rate

following the initial collision could be explained by the relaxation of the lattice. While not tested
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explicitly, this hypothesis was generally accepted as the likely cause of the burst events.

A.3 HVeV Run 5

In general, the burst events observed by NFCSO in HVeV Run 5 exhibit similar behaviors

to those seen in Run 4; the primary event generally saturates the detector, and the energies of

secondaries are typically at or below the 1eh peak energy. We also observe an increased event

rate following a burst event though the time scale over which the rate is increased was seen to be

anywhere between a few minutes to several hours in Run 5, whereas the time scale was on the

order of ∼10 hours in Run 4.

The frequency of the burst events in NFCSO, however, differed significantly from the obser-

vations of HVeV Run 4 and seemed to depend on the voltage bias. While operating with voltage

biases ≳60 V, the rate of burst events was roughly consistent with HVeV Run 4—we observed

usually 1-2 per day. When operating with voltages ≲20 V, bursts were never observed. However,

for voltages between 20-60 V, the rate of bursts increased significantly—at 40 V, the rate was more

than 50 times the rate observed in HVeV Run 4. While this appears to suggest that the mechanism

behind the burst events depends on the voltage bias, and would therefore disfavor the hypothesis

suggested during Run 4, I will present evidence in this section to show that the apparent depen-

dence is related to our ability to identify bursts as opposed to a physical relationship. Additionally,

our results suggest that the contribution from burst events to the event rate cannot be removed with

near 100% efficiency and therefore burst events pose a significant limitation on DM sensitivity to

HVeV Run 5 and future HVeV runs.

A.4 Triggering Efficiency of Burst Events in Run 5

In this section, I will show how we conclude that burst events can not be removed with 100%

efficiency. Here, I will formally define burst events as events with energies ≳300 eV and with
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Figure A.2: The observed rate of saturated (burst) events plotted against the HV
bias applied to the crystal is shown in black (red). Vertical error bars represent
the statistical uncertainty of the measured rates from Poisson statistics. Here,
saturated events are defined as events with energies exceeding ∼300 eV. Burst
events are defined as saturated events in which at least three additional pulses
are observed in the 260 ms time window following the saturated event.

at least three pulses occurring within 260 ms after the initial event. The choice to examine a

window of 260 ms was somewhat arbitrary but was chosen to be long enough for the detector to

return to its operating point. To test our ability to identify bursts as a function of voltage bias,

I examined the triggering efficiency of secondaries at a number of voltage biases. The ability to

trigger on secondaries is directly related to the ability to identify burst events since both in the

analysis shown here and in the burst event cut defined in Section 6.2.1.3, burst events are identified

by the existence of secondaries following a saturated event. I found that the triggering efficiency

of the secondaries was strongly affected by both the energy of the secondaries and the duration for

which the detector is saturated after the primary event, both of which depend on the voltage bias

as described below.
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1. Energy Distribution of Secondaries: We found that for voltage biases ≥50 V, the energies

of secondaries associated with bursts were generally distributed at the 1eh peak. Secondaries

with energies above or below the 1eh peak were found to occur at rates roughly consistent

with the levels of charge-trapping and impact-ionization measured from calibration data. An

example of the spectral contribution from bursts at 60 V can be seen in Fig. A.3a. However,

(a) HV = 60 V (b) HV = -35 V

Figure A.3: The energy spectrum in units of neh before (blue) and after (black)
applying the burst cut described in Section 6.2.1.3 for data taken at 60 V (left)
and at -35 V (right). The difference in the distributions shown in each panel
can be interpreted as the contribution from secondaries from burst events.

for voltages below ∼40 V, the distribution of secondaries appreciably changed; rather than

being concentrated at the 1eh peak, the energy distribution of secondaries formed a broad

“shoulder” ranging between 0 eV and the 1eh peak energy as shown in Fig. A.3b. Notably,

the rate at which events appeared below the 1eh peak was too high to be consistent with

charge-trapped 1eh peak events. Possible reasons for this difference will be discussed later

in this appendix.

2. Time Saturated after Primary: The time for which the detector is saturated after a primary

event scales with the energy of the event. As such, it is not surprising that for higher voltages,
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primaries in burst events generally saturate the detector for longer times and thus have larger

integrals (see Fig. A.4). This is relevant for the trigger efficiency of secondaries since events

that occur while the detector is saturated yield no change in the measured current and thus

are not triggered.

Figure A.4: The mean integral of saturated events plotted as a function of
HV bias. Vertical error bars represent the standard deviation of integrals for
saturated events.

To estimate how the effects described above affect the triggering efficiency of secondaries I

simulate bursts by adding the pulse template to saturated events sampled from data for a number

of voltage biases. The energy of the simulated secondaries is randomly sampled from a distri-

bution between 0 and 1 neh, where the probability to get an energy below 1 neh is based on the

charge-trapping probability calculated by fitting a detector response model to LED data taken at

the corresponding voltage bias. To capture the effects of saturation on the triggering efficiency,

the amplitude of the simulated secondaries is reduced by a factor, α, which depends on the mean

baseline, Ī , of the secondary and is given by Eqn. A.1.

α =

√
Īmax − Ī√
Īmax

(A.1)
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The functional form of Eqn. A.1 was determined through an empirical fit to the maximum

energy of secondaries as a function of the mean baseline for burst events observed in data. The

maximum baseline at which the detector is completely saturated, Īmax, is also extracted from data.

For simulated burst events, the triggering efficiency is calculated via the ratio of triggered

secondaries to simulated secondaries as a function of time after the primary event (see Fig. A.5a).

The triggering efficiency is then averaged over the first 5000 samples (∼32 ms) (see Fig. A.5b).

The averaged triggering efficiency for secondaries can be thought of as a proxy for the efficiency

in identifying bursts since burst events are identified by the proximity of pulses occurring after

saturated events.

(a) Triggering efficiency for secondaries. (b) Average triggering efficiency for secon-
daries.

Figure A.5: Left: The triggering efficiency of secondaries as a function of
time (1 sample ∼ 6.4 µs). Different lines correspond to different voltage bi-
ases. Right: The average triggering efficiency for secondaries calculated over
the first 5000 samples after the primary event. This can be interpreted as the
efficiency of identifying bursts.

The limited triggering efficiency for secondaries at low voltages is due to the low energy of

secondaries, whereas at high voltages it is caused by the longer lasting saturation. This leads to

the dependence shown in Fig. A.5b which displays a strikingly similar dependence on voltage as
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the observed rate of burst events shown in Fig. 6.3. This suggests that the cause of the voltage

dependence of the observed burst event rate is due to the efficiency in the identification of bursts

depending on voltage. Additionally, Fig. A.5b tells us that we likely fail to identify a significant

fraction of burst events due to our inability to reliably trigger on secondaries occurring soon after

primaries. Since burst events are associated with long-lasting increases in event rate, it is possible

that a significant fraction of the events observed in HV data are associated with unidentified burst

events. The inability to trigger on secondaries for higher voltages may also explain the qualitative

difference in the contribution of bursts to the energy spectra at high voltages compared to low

voltages as shown in Figure A.5. If at higher voltages, the detector is saturated for longer times

after primary events, then it is possible that low-energy pulses occurring soon after the primary are

lost. As we go to lower voltages, near ∼30-40 V, however, the detector is saturated for less time

and thus it is possible to trigger on these lower energy events with a higher efficiency, thus giving

rise to the increased event rate for energies below the 1eh peak.

A.5 Discussion

The observations on the efficiency of identifying bursts have interesting implications regarding

the bursts observed in Run 4. For example, it is possible that the bursts observed by NFCSO share

an origin with those observed in Run 4. In that case, the reason for the far lower rate of burst events

observed in Run 4 detectors may be due to the fact that Run 4 operated with a higher voltage bias

(100 V) and have a worse energy resolution. Based on the study shown in this appendix, both the

high voltage bias and the worse resolution would contribute to a lower efficiency in identifying

burst events, leading to a lower observed rate. If this is the case, then it’s possible that many of

the 1eh events observed by Run 4 are actually associated with unidentified bursts and may actually

explain the higher overall rate in the 1eh peak compared to NFCSO. On the other hand, it is

possible that the bursts in Run 5 have a different origin than those in Run 4. For example, it may
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be that the burst events observed by NFCSO are associated with luminescence in the SiO2 layer

induced by energetic events. At the time of writing this thesis, there are ongoing tests of HVeV

detectors capable of sub-eV resolution but fabricated without the SiO2 layer, which may help prove

or disprove this hypothesis. In any case, further work is needed to determine the origin of these

burst events. Identifying and mitigating this background would be a boon for sensitivity to ERDM

and thus should be a top priority for future HVeV runs.
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APPENDIX B

THE PROFILE LIKELIHOOD RATIO WITH DEGENERATE SIGNAL AND

BACKGROUND MODELS

The models to the observed energy spectra shown in Chapter 6 include a background ionizing com-

ponent that is degenerate with the signal component (i.e., the models share features—the 1eh peak

being the most prominent—that often overlap.) Under these conditions, one might be concerned

that the exclusion limit will be overly optimistic due to some events which could be consistent with

signal in the spectrum being attributed to the ionizing component. In this appendix, I will demon-

strate that this is not the case by showing that as the signal and background models approach 100%

degeneracy (i.e., the background and signal models are functionally identical), the exclusion limit

calculated by the PLR is equivalent to that of Poisson counting under the signal-only hypothesis.

To demonstrate this, I simulate 2000 events that are sampled from a DM signal model with

a known cross-section, µtrue, which results in the energy spectrum shown in Figure B.1. We

can calculate the 90% cross-section, µ90%, under a signal-only hypothesis from Poisson statis-

tics: interpreting the number of “observations” as the mean of a Poisson distribution, then the 90th

percentile of that distribution is ∼2057 events. Equivalently, this means that in 90% of experi-

ments under these conditions, we would observe fewer than 2057 events, which corresponds to

µ90% = 3.22× 10−31 cm2.

We now want to see if we would obtain this same limit using the PLR method when using a

“background” model that occupies the same parameter space as the signal model. As such, we

will consider a background model that has the same functional form as the signal model but with

parameters that are allowed to fluctuate independently of the parameters included in the signal
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Figure B.1: The simulated energy spectrum sampled from a DM signal model
with a known cross-section of µtrue ≃ 3.13× 10−31 cm2 is shown in gray. The
DM signal model is shown in red.

model. Importantly, the normalization of the background model is unconstrained; constraining the

normalization would imply that we understand our backgrounds well enough to predict the number

of events that are not attributable to signal.

First, let us consider the case where the reference cross-section is less than the true cross-

section, µ < µtrue. When this is the case, the local fit will find that the number of signal events

Nsignal is less than the total number of observations, N. Thus, we can expect that the likelihood in

the reference fit will be maximized when the normalization of the background model corresponds

to a number of background events Nbkg such that Nsignal + Nbkg = N. Similarly, in the global fit,

the model is free to choose how many events to attribute to signal or background with no cost to

the likelihood and so will choose some normalizations for the signal and background such that the

total number of observations predicted is consistent with observations: N’signal + N’bkg = N. In other

words, the likelihood is only sensitive to the total number of counts—it cannot distinguish between
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the signal and background. We want to then check that the limit that is set is representative of all

the observations being counted as signal. Thus, we have that L(µ, ˆ̂θ) = L(µ̂, θ̂) when µ < µtrue.

Or, equivalently

qµ = 0, µ < µtrue (degenerate signal and bkg) (B.1)

Since here we consider µtrue to be the cross-section that is consistent with all the observations

originating from signal, this is completely consistent with the condition that qµ = 0 when µ̂ > µ

in our definition of the test statistic given in Eqn. 6.3.

When µ > µtrue, the reference fit begins to predict a number of counts larger than the number

of observations. For the local fit, the likelihood will be maximized when Nbkg = 0 but we still have

Nsignal > N. The global likelihood, however, will be free to lower the total amount of signal so that

N’signal + N’bkg = N. Thus, we will find that L(µ, ˆ̂θ) < L(µ̂, θ̂), in which case qµ > 0. The value of

qµ will continue to increase for larger values of µ. This is exactly what we observe to be the case

when we calculate the test statistic for a number of reference cross-sections, as shown in Fig. B.2.

Again, this behavior is consistent with our definition of the test statistic given by Eqn. 6.3.

Now that we have established the behavior of qµ, we would like to see that we can still apply

Wilks’ theorem. Recall that for Wilks’ theorem to hold, we require, 1) the number of observa-

tions is large and 2) µ̂ is Gaussian distributed. In this model, the first condition is satisfied by

construction—we simulate a spectrum of 2000 events which is a sufficiently large sample size.

This is also true for our real data as the open data contains a number of observations on the or-

der of thousands. The second condition, however, we have already shown is not generally held.

Because the signal and background are completely degenerate, the likelihood can be maximized

for µ̂ anywhere between 0 and µtrue with an appropriate choice for Nbkg, thus µ̂ is not Gaussian

distributed.

Despite this, the total number of observations, N = Nsig + Nbkg that maximizes the likelihood
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Figure B.2: A plot of qµ as a function of the reference cross-section. For each
reference cross-section, ∼50 toy data sets are simulated with the test statistic
calculated for each one. The 1- and 2-σ bands indicated by the green and yel-
low shaded regions correspond to the mean qµ plus 1 or 2 standard deviations.

is Gaussian distributed in the limit that the number of observations is large.1. Thus, we may still

apply Wilk’s theorem to the total number of observations rather than specifically the signal. This

is equivalent to the case of Poisson counting, where we do not attempt to model the background or

signal at all, but instead, calculate a limit simply using the total number of observations. The PLR

ends up doing this “automatically”—since the likelihood is only sensitive to the total number of

observations, then L(µ, θ) = L(N, θ′) where θ′ is θ without Nbkg since it is not included in N.

To show that this is the case, applying the PLR method to the simulated data set yields a

µ90% = 3.23 × 10−31 cm2 (Figure B.2) which is in excellent agreement with the exclusion limit

expected from Poisson counting. Thus, we have shown that the exclusion limits calculated by the

PLR method using degenerate signal and background models are consistent with the result from

1In general, the total number of observations would be Poisson distributed. However, if the number of observations
is large enough, then the Poisson distribution can be well approximated by a Gaussian
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Figure B.3: The distribution of qµ=µtrue calculated from ∼100 toy experiments
assuming degenerate signal and background models is shown in red. The dis-
tribution expected from Wilk’s theorem (Eqn. 6.6) is shown as the dashed black
line.

Poisson counting under the signal-only hypothesis. In the context of the ERDM search shown in

Chapter 6, we conclude that degeneracy in the signal and background models does not violate the

assumptions implicit in the PLR method.

Before concluding, one final remark I will make is that sensitivity in the case of degenerate

signals and backgrounds will always be worse compared to sensitivity in the case where you can

differentiate the two. To make this explicit, note that in the example considered in this appendix,

I considered µtrue as the cross-section that yields Nsig = N where N is the number of observations

in the simulated data. However, I could have just as easily considered the case where µtrue yields

Nsig < N and assumed that the remaining counts were from background. If this were the case,

obviously the limit set by the PLR does not change—the likelihood cannot differentiate signal and

background and is only sensitive to the total number of observations. Thus, in the presence of a

degenerate background, the exclusion limit we set will be higher than the “true” 90% confidence
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level.
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