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Abstract

The theory and experiment associated with the Standard Model Higgs

boson (HSM ) is reviewed. A search for HSM production at the Tevatron is

conducted in the pp → ZH → µ+µ−bb channel using an artificial neural net-

work (NN) trained on Monte Carlo data to discriminate a small Higgs signal

from a large background. The NN is optimized with respect to variable set,

training method, and number of training epochs and hidden neurons. The

results of this multivariate analysis are compared to the results of a conven-

tional analysis: significant reductions in the integrated luminosity required

for HSM detection are achieved.
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1 Introduction

As the name suggests, particle physics is the study of matter on the smallest scale:

subatomic particles and their interactions. Born in 1897 with Thomson’s discov-

ery of the electron, particle physics developed rapidly during the first half of the

twentieth century through the work of Planck, Einstein, Bohr, and many others.

Scattering experiments led to the subdivision of nuclei into protons and neutrons,

while studies of radiation led to the quantization of light into particles called pho-

tons. The new atomic model came into direct conflict with classical mechanics,

which was replaced in cases involving very small objects by a revolutionary new

theory called quantum mechanics. In cases involving very fast objects, classical

mechanics had already been superceded by special relativity, whose unification

with quantum mechanics subsequently produced quantum field theory [1].

Subatomic particles are produced in several ways. Cosmic rays are high-energy

particles originating in outer space that continuously collide with atoms in the at-

mosphere and, through the conversion of energy into matter (E = mc2), produce

showers of secondary particles. Nuclear reactors are intense sources of particles

that result from radioactive decays. Particle accelerators are machines that accel-

erate beams of particles to high energies then smash them into targets in order to

produce secondary beams of exotic particles; higher-energy collisions can produce

heavier particles and examine smaller distances.

Subatomic particles can be detected with many different devices. Most oper-

ate on the principle that high-energy particles ionize atoms as they pass through

matter, and the resulting charged particles produce easily observable tracks in the

detector medium [2]. The particles’ momenta are calculated from the curvature

of their tracks caused by a magnetic field in the detector. Neutral particles can

not be detected in this manner; instead, their paths are reconstructed by applying

conservation laws to the vertices of visible tracks. Thus, all the subatomic parti-

cles involved in a given collision can be detected.
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Experiments conducted during the mid-twentieth century revealed a multi-

tude of seemingly fundamental1 particles: pions, muons, positrons, neutrinos, and

other members of the so-called “particle zoo.” In 1961, Gell-Mann succeeded in

organizing these particles into groups and soon after proposed the existence of

truly fundamental particles called quarks that, in various combinations, formed

most of the other particles [2]. The collection of related theories that together

describe the fundamental particles of matter and the forces of nature that govern

their interactions came to be known as the Standard Model.

2 Theoretical Background

2.1 The Standard Model

The Standard Model (SM) of particle physics is a quantum field theory that de-

scribes the behavior of the fundamental particles and forces of nature. According

to the SM, matter is composed of two classes of particles: quarks and leptons, col-

lectively known as fermions. There are six types, or “flavors,” of both leptons and

quarks, all of which have spin 1

2
and obey the Pauli exclusion principle stating that

no two fermions can share the same quantum state. Interactions between these

particles are mediated by other particles called force carriers, or “gauge bosons”:

photons (γ) for the electromagnetic force, the W+, W−, and Z0 for the weak

force, and eight gluons (g) for the strong force. These particles have spin 1 and do

not obey the Pauli exclusion principle, so their behavior is fundamentally different

from that of fermions [2].

Organized by mass and charge, fermions fall naturally into three generations,

or “families,” each of which contains two quarks and two leptons. For example,

1A fundamental, or elementary, particle is a particle with no known substructure—that is,

it is not made up of smaller parts. Atoms were once considered fundamental particles until the

discovery of protons and electrons. Similarly, protons were considered fundamental until the

discovery of quarks.

2



Figure 1: The fundamental particles of the SM include 12 matter particles,

grouped by mass into three families, and 4 mediator particles, each corresponding

to a fundamental force of nature.

the first family consists of the up quark (u), down quark (d), electron (e−), and

electron neutrino (νe). Together, these particles make up almost all everyday mat-

ter: up and down quarks combine to form protons and neutrons, which in atoms

are surrounded by clouds of electrons. The second and third families have the

same structure as the first but contain analogous particles of increasingly large

mass that quickly decay into the stable particles of the first family. The SM also

requires the existence of “antiparticles” corresponding to each of the above par-

ticles; they have opposite charge but are otherwise identical to their partners [2].

The standard notation for antiparticles is an overbar (e.g. p for proton and p

for antiproton), though some are denoted by electric charge in the superscript, as

with the positron (e+).

The theory of quantum electrodynamics (QED) describes electromagnetic in-

teractions as the exchange of photons between electrically charged particles. Sim-

ilarly, quantum chromodynamics (QCD) explains the strong force as gluon ex-
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change between particles with one of three strong charges, or “colors”: red, green,

blue. Weak interactions involve the transfer of W± and Z0 bosons between par-

ticles; actually, the weak and electromagnetic forces are now considered two as-

pects of the same, electro-weak force. All particles and their interactions are

described by the SM in terms of quantum fields that obey fundamental symme-

tries of nature, including global spacetime symmetries and local gauge symme-

tries. In fact, another name for the SM is the symmetry group it represents:

SU(3)C ⊗ SU(2)L ⊗ U(1)Y [3].

2.2 The Higgs Boson

The SU(3) ⊗ SU(2) ⊗ U(1) symmetry group of the SM requires that all gauge

bosons are massless; however, this is clearly not the observed state of the uni-

verse. Although both photons and gluons have zero mass, the weak W and Z

bosons have masses nearly 100 times that of the proton2 (MW = 80.4 GeV and

MZ = 90.2 GeV)[5]. According to the SM, massive bosons result when local

gauge symmetry is combined with the phenomenon of spontaneous electroweak

symmetry breaking (EWSB), reducing the electroweak SU(2) ⊗ U(1) symmetry

to electromagnetic U(1) symmetry—the so-called “Higgs Mechanism.”

The simplest form of this mechanism describes a fundamental scalar Higgs

field that permeates the vacuum and acquires a non-zero vacuum expectation

value (VEV) of v = 246 GeV. Thus, in its lowest-energy (vacuum) state, the

Higgs field has a positive energy density that breaks electroweak symmetry. Par-

ticles interact with this field and, in turn, obtain masses equal to the product of v

and the strength of their particular coupling constants. Associated with this field

is a massive scalar particle called the Higgs boson [3].

2The rest mass of a particle is related to its energy by Einstein’s famous formula E = mc2,

where E is energy, m is mass, and c is the speed of light. The electronvolt (eV) is the basic unit

of energy; therefore, the basic unit of mass is eV/c2. In natural units, however, c = 1, so eV

serves as the unit of mass in particle physics. For example, the mass of a proton is 0.938 GeV.
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The characteristics of the SM Higgs boson (HSM ) are, with one exception, well

known. As the quantum excitation of a scalar field, it is a spin 0 particle (making

it the only particle in the SM with no intrinsic angular momentum). It is electri-

cally neutral and CP-even. The decay processes that create Higgs bosons, their

respective branching ratios, as well as coupling constants to the other particles

are all calculated. Its only unknown characteristic is, unfortunately, the key to

detecting it: mass. The mass of the HSM is given by MH = v ·
√

2λ, and since λ is

a free parameter, the SM can not directly predict the value of MH . That said, pre-

cise experimental measurements of electroweak observables and the heaviest SM

particles (which couple most strongly to the Higgs) yield 114 < MH < 186 GeV

at the 95% confidence level (CL) [5].

The Higgs Mechanism is the leading theory for the origin of particle mass,

but it still lacks experimental confirmation. In fact, the Higgs boson is the only

undetected particle in the SM. Worse still, it introduces a serious problem into the

theory: the “Scale Hierarchy Problem.” While the QCD and electroweak energy

scales are comparable to each other (∼ 102 GeV), there is a gap of seventeen orders

of magnitude between that and the gravity (Planck) energy scale (∼ 1019 GeV).

If no new physics exists within this gap and, consequently, the SM is valid all

the way up to the Planck energy, the mass of the Higgs boson diverges to infin-

ity unless certain parameters are precisely, unnaturally fine-tuned [6]. Given the

unlikeliness of this scenario, the final element of the SM also points to physics

beyond it. Although alternate theories provide solutions to this problem and also

predict the existence of several types of Higgs bosons, this paper deals exclusively

with the Higgs boson predicted by the SM.
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3 Experimental Background

3.1 The Tevatron and DØ

At over 6 km in circumference, the Tevatron at Fermilab National Accelerator

Laboratory (FNAL) is the world’s largest and most powerful circular particle ac-

celerator, or “synchrotron.” It collides protons and antiprotons at a center-of-mass

energy (
√

s) of 1.96 TeV. These particles are not accelerated from rest, rather in

a series of phases. Protons are produced by ionizing hydrogen gas, accelerating

the H− ions through oscillating electric fields, then passing them through a car-

bon foil to remove the electrons. In a small synchrotron called the Booster, these

protons are grouped into bunches and boosted to an energy of about 8 GeV; next,

the Main Injector accelerates them to 150 GeV and injects them into the Teva-

tron. Antiprotons are created by the collision of high-energy protons from the

Main Injector with a nickel target; they are collected, cooled, stored, accelerated

to 150 GeV, and finally injected into the Tevatron. With 36 bunches of protons

and 36 bunches of antiprotons travelling in opposite directions around the ring,

the Tevatron simultaneously accelerates them all to a maximum of 980 GeV. The

beams, guided by superconducting magnets, intersect at just two points in the

ring: the centers of the Tevatron’s two particle detectors, CDF and DØ.

DØ is a general purpose particle detector built at Fermilab’s Tevatron to study

pp collisions. Although the SM was essentially complete by the early 1980s, several

elements were in need of experimental confirmation or more precise measurements;

therefore, the primary physics motivation for the new detector was the study of

high mass states and phenomena with large transverse momentum (PT ), includ-

ing the search for the top (t) quark, production of bottom (b) quarks, study of

W and Z bosons to precisely test electroweak theory, and a detailed analysis of

QCD [7]. Another, open-ended motivation was the detection of physics beyond

the Standard Model, such as supersymmetry, leptoquarks, and technicolor.
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Figure 2: The Tevatron accelerator complex at Fermilab National Laboratory is

composed of several stages. Schematic from the DØ Collaboration.

7



Figure 3: DØ’s liquid-argon/uranium calorimeter is divided into electromagnetic

and fine/course hadronic sections. The central tracking system can be seen in the

middle of the detector. Schematic from the DØ Collaboration.

The apparatus itself consists of three main subsystems layered concentrically

around the beam pipe. The central tracking detectors occupy the innermost

ring of DØ and are primarily tasked with achieving good spatial resolution as

well as energy/momentum measurements. Accurate tracking is required to study

top/bottom and electroweak physics, as well as new phenomena such as the Higgs

boson. The detector’s middle layer is composed of an electromagnetic calorimeter

along with fine and course hadronic calorimeters; alternating layers of a dense

material (i.e. depleted uranium) and an active material (i.e. liquid argon) initiate

a particle shower then absorb and measure the particles’ energies, aiding in their

identification. The outermost layer of the detector is the muon detection system.

This is composed of several toroidal magnets and sets of proportional drift tube

chambers (PDTs) that identify muons produced in the pp collisions then deter-

mine their trajectories and momenta [7]. Taken together, these three detector

subsystems are able to reconstruct all the particles involved in a given collision.
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The Tevatron and DØ performed extremely well during “Run I” (1992-1996);

nevertheless, both were upgraded significantly before the start of “Run II” (2001-

present). In the Tevatron,
√

s increased, the number of bunches increased, and

spacing between bunches decreased, resulting in more numerous and more ener-

getic pp collision events. Various components in DØ were replaced or repaired,

including the entire central tracking system, which extended the physics reach of

the experiment. Integrated luminosity, a measure of the total number of events

recorded, has units of inverse barns3. The total integrated luminosity at DØ dur-

ing Run I was 120 pb−1; the expected total for Run II is greater than 4 fb−1 [7].

3.2 Higgs Boson Production and Detection

Production cross-sections of the HSM are extremely small (< 1.0 pb) at the

Tevatron’s operating energy [8]. Although it is produced dominantly by gluon

fusion (gg → H), this Higgs signal is swamped by an enormous QCD di-jet back-

ground; therefore, the most promising channels for DØ are pp → WH → ℓνbb,

pp → ZH → ℓ−ℓ+bb, and pp → ZH → ννbb. For MH < 135 GeV, the HSM de-

cays into bb about 85% of the time; for MH > 135 GeV, the HSM decays primarily

into two W bosons. This paper focuses on the pp → ZH → µ−µ+bb channel, in

which a proton-antiproton collision produces a Z boson and a Higgs boson; the

former decays into a muon-antimuon pair, the latter into a b quark and anti-b

quark pair4.

Even in this promising channel, SM background processes are overwhelmingly

large relative to the Higgs signal; thus, HSM detection relies heavily on accurate

modeling of background processes and efficient b-tagging in order to discriminate

between background (non-HSM) and signal (HSM ) events. While simulations can

3One barn (b) is 10−28 m2, a cross-sectional area roughly equal to that of a uranium atom.

An inverse barn (b−1), then, is an extremely large number that applies to the number of events

in a particle physics experiment.
4The methods applied to this channel can be extended to ZH → e−e+bb and other channels.
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Figure 4: The Higgs boson is produced dominantly by gluon fusion, but production

in conjunction with a weak boson is also significant [9].

Figure 5: The Higgs boson decays primarily into bb if its mass is sufficiently low,

but H → WW becomes dominant above 135 GeV [10].
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demonstrate how data should, in theory, appear if the HSM is produced in a given

event, the only way to test these predictions is by comparing them to as much

actual data as possible. Current estimates of the very minimum integrated lumi-

nosity required for HSM detection at the Tevatron are greater than 2 fb−1 [11].

4 Data Analysis

4.1 Simulated Data

In recent years, particle physicists have developed increasingly sophisticated com-

puter models of particle collisions such as those that occur at the DØ detector,

which are then used to test and optimize data analysis techniques before the real

data—or enough of it—is available. Comparisons between simulated and actual

data are a way to check how well the particles’ and detector’s behaviors are under-

stood; the closeness of the comparison depends on the accuracy of the computer

program, underlying theory, and experimental apparatus.

Monte Carlo (MC) methods use random (or pseudo-random) numbers to sim-

ulate the behavior of the particles produced in a collision. They are particularly

well-suited to systems involving many coupled degrees of freedom, as in a collision

event. In the case of pp → ZH → µ−µ+bb, a large number of background SM

processes can produce similar final states; in order to detect the HSM , both back-

ground and signal must first be modeled as accurately as possible. The following

processes were included in this analysis:

11



Sample Cross-section x BR Simulator

ZH(→ µ−µ+bb), MH = 105 GeV 40 fb Pythia

ZH(→ µ−µ+bb), MH = 115 GeV 28 fb Pythia

ZH(→ µ−µ+bb), MH = 125 GeV 18 fb Pythia

ZH(→ µ−µ+bb), MH = 135 GeV 11 fb Pythia

ZH(→ µ−µ+bb), MH = 145 GeV 5 fb Pythia

ZH(→ µ−µ+bb), MH = 155 GeV 2 fb Pythia

ZZ Inclusive 3.6 fb Pythia

WZ Inclusive 1.4 fb Pythia

tt(→ 2ℓ) 7.0/9 fb ALGPEN+Pythia

Z(→ µ−µ+) + 0 lp 173.5 fb ALGPEN+Pythia

Z(→ µ−µ+) + 1 lp 52.5 fb ALGPEN+Pythia

Z(→ µ−µ+) + 2 lp 20.1 fb ALGPEN+Pythia

Z(→ µ−µ+) + 3 lp 7.04 fb ALGPEN+Pythia

Z(→ µ−µ+) + 2b + 0 lp 0.97*1.35 fb ALGPEN+Pythia

Z(→ µ−µ+) + 2b + 1 lp 0.39*1.35 fb ALGPEN+Pythia

Z(→ µ−µ+) + 2c + 1 lp 0.63*1.35 fb ALGPEN+Pythia

The “branching ratio” (BR) for a decay is the ratio between the decay rates of

particular decay modes and the total rate of decay. “Light partons” (lp) are either

the lightest flavor quarks (u, d, s), their antimatter counterparts (u, d, s), or gluons

(g). Those samples modeled with ALGPEN were passed through Pythia for show-

ering and fragmentation; all samples were run through full detector simulation,

digitization, and reconstruction [12].

4.2 Event Selection

Not surprisingly, phenomena that are poorly understood or not yet observed—

“interesting” physics—are difficult to detect. Unfortunately, their discovery often
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requires higher-energy collisions and larger amounts of data through increased

luminosity, higher efficiency in the detector, and longer run-times. In the case of

the ongoing search for the HSM , both the Tevatron and DØ were upgraded before

Run II in hopes of detecting a signal; nevertheless, optimizing event selection is a

formidable obstacle to discovery.

The detection of a signal amid a much larger background is aided by making

cuts on variables. In a “conventional” analysis, cuts can be applied to certain

variables in order to exclude regions of background in which no signal is expected

to be found; in some cases, entire processes can be eliminated from the background.

With other variables, cuts can be made independently at values for which most

events above are signal and most events below are background, or vice-versa; thus,

those events passing all cuts are the most likely to be signal events.

In this analysis, several loose cuts were utilized to determine a base sample.

All MC and data samples were required to have

• At least two muons (µ) with PT > 10 GeV,

• A Z boson reconstructed from two muons with PT > 15 GeV whose mass is

70 < MZ < 110 GeV,

• At least two jets with PT > 15 GeV and pseudo-rapidity |η| < 2.5.

The final state in the pp → ZH → µ−µ+bb channel includes two b quarks that sub-

sequently decay into jets of less massive particles, while the final states of several

background processes include similar jets produced by other quarks. Therefore,

two jets in each signal event were required to be b-tagged.

These cuts, while useful in increasing the potential for HSM detection, are

insufficient. They are not “optimal” in the sense that they don’t minimize the

probability of mis-classifying events, which is essential in a search for such an

elusive signal. In all cases, however, a multivariate analysis can achieve optimal

signal/background separation while maximizing the signal significance [13].
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4.3 Artificial Neural Networks

An artificial neural network (NN) is a system of simple, interconnected processing

nodes, or “neurons,” whose weighted, adaptive connections depend on the input

parameters as well as the neurons themselves—similar to a biological brain, and

deliberately so. A NN “learns” by changing the weights of the connections between

neurons. The output (yi) of a single neuron is given by

yi = A(
∑

j

xij + θi), (1)

where A is a nonlinear normalizing function5, θi is some threshold particular to

the neuron, and xij represents the inputs to the neuron [14].

There are many types of NNs: feed-forward networks allow information to

flow in only one direction, from input neurons, through any hidden neurons, and

on to output neurons; recurrent networks enable information to flow forward or

backward so that every neuron receives input from every other neuron in the

network; modular networks are conglomerations of smaller NNs either working

together or competing to solve problems; and so on. The simplest and most

common NNs are feed-forward.

Although there are several learning algorithms available, the most widely used

is a supervised learning technique in which the mean-square error of the actual

and desired NN output is minimized by changing the weights between neurons

such that the local error of each neuron is lowered after each iteration. This is the

well-known “backpropagation” (backwards propagation of errors) algorithm. The

error function to be minimized is given by

χ2 =
1

N

N
∑

i=1

(Oi − ti)
2 , (2)

5For example, the sigmoid function f(x) = 1/(1 − e−x), where x is the weighted sum of the

inputs to the neuron.
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Figure 6: This simple, three-layer, feed-forward network allows information to flow

from the input layer, through the hidden layer, and on to the output layer, but

not in reverse. Each arrow represents a weighted connection between neurons.

where Oi is the actual NN output for input i and ti is the target NN output [14].

In particle physics, NNs are extremely useful in classification—specifically,

discriminating between signal and background distributions given a set of data

containing both. Faced with several correlated variables that only moderately

discriminate between signal and background, a NN is able to discern these corre-

lations and use them to maximize signal/background separation. In this way, a

fully multivariate analysis through the use of a NN is superior to the conventional

methods described previously.
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5 A Higgs Boson Search

5.1 NN Setup

5.1.1 ROOT and the Multilayer Perceptron

ROOT is an object-oriented framework designed for large-scale data analysis and

simulation. Although it was designed by particle physicists specifically for upcom-

ing experiments on the high-energy frontier, it can be used equally well in other

fields. The command language, scripting language, and programming language are

all in C++. The ROOT package includes histogramming and graphing, statistics

tools, standard mathematical functions, distributed computing, multivariate data

analysis, and much more [15]. In this analysis, the TMultiLayerPerceptron class,

based on the MLPfit package, was implemented using ROOT 5.10/00. It includes

facilities for training the NN, using its output, and evaluating its performance.

Multilayer perceptrons are simple feed-forward NNs that have at least one

“layer” of hidden neurons, as shown in Figure XXX. The first layer of neurons

receives inputs in the form of a TTree6: this “tree” consists of many “leaves” that

each store the signal and background values for a particular variable. The layer

normalizes these values then forwards them to the next layer. The neurons in

subsequent layers compute a combination of the outputs from the previous layer

then output the function of that combination with f being linear for input/output

neurons and a sigmoid for hidden layers. The inputs of layer n + 1 are related to

the outputs of layer n by a weight matrix (wij):

xn+1
ij = wijy

n
j . (3)

6
TTree is a class made for storing large amounts of information while keeping file size low and

access speed fast. It can hold all sorts of data, including objects, arrays, floating point numbers,

and other simple variables.
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5.1.2 Event Variables

In the search for the Higgs boson, many variables are associated with each collision

event, most of which are kinematic quantities directly measured by the DØ detec-

tor. The following is a complete list of the variables considered in this analysis as

inputs to the NN:

• Mjj (mjj): The invariant mass of the two leading jets (those with the highest

transverse momentum). This variable should peak at MH in signal events

but not in background events. It can be defined as
√

s =
√

∑

(E2
i − P 2

i ).

• 6ET (met): The missing transverse energy. DØ does not detect this energy

(presumably carried away by neutral particles, i.e. neutrinos), rather it is

determined by conservation of energy and momentum. It should be small

for signal events.

• P 1
T (pt1): The transverse momentum of the leading (highest PT ) jet. Signal

events should have slightly higher values than background events.

• P 2
T (pt2): The transverse momentum of the second-leading (second-highest

PT ) jet. As above, signal events should have slightly higher values than

background events.

• N0
tr (Ntr0): The number of tracks of the leading jet.

• N1
tr (Ntr1): The number of tracks of the second-leading jet.

• EMF1 (emf1): The electromagnetic fraction of the leading jet.

• EMF2 (emf2): The electromagnetic fraction of the second-leading jet.

• η1 (eta1): The pseudo-rapidity of the leading jet. This is a spatial coordinate

describing the direction of the jet relative to the axis of the pp beam given

by η = − ln
(

tan
(

θ
2

))

with θ as the jet’s longitudinal angle in spherical

coordinates. η is preferred over θ because it is relativistically invariant.
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• η2 (eta2): The pseudo-rapidity of the second-leading jet.

• ∆η (deta): The difference between the pseudo-rapidities of the leading and

second-leading jets—that is, ∆η = η1 − η2.

• η0
W (etaW0): The η width of the leading jet.

• η1
W (etaW0): The η width of the second-leading jet.

• φ1 (phi1): The azimuthal angle of the leading jet.

• φ2 (phi2): The azimuthal angle of the second-leading jet.

• ∆φ (dphi): The difference between the azimuthal angles of the leading and

second-leading jets—that is, ∆φ = φ1 − φ2.

• φ0
W (phiW0): The φ width of the leading jet.

• φ1
W (phiW0): The φ width of the second-leading jet.

• ∆R(j1, j2) (dr): The distance, in the (η, θ)-plane, between the two jets pro-

duced in the decay of the HSM , where ∆R =
√

∆η2 + ∆φ2.

• Nj (nj): The number of jets in the event above 15 GeV.

• P1b (p1b): The probability of an event having one b-tagged jet.

• P2b (p2b): The probability of an event having two b-tagged jets. Since the

channel being analyzed in this paper has two b jets in its final state and many

of the background processes do not, P2b should differ significantly between

signal and background.

• ηZ (zeta): The pseudo-rapidity of the Z boson.

• MZ (zm): The mass of the Z boson.

• φZ (zphi): the azimuthal angle of the Z boson.
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• PZ
T (zpt): The transverse momentum of the Z boson.

• ∆R(µ−, µ+) (zdr): The ∆R distance between the two muons produced in

the decay of the Z boson.

5.1.3 Training

The weights of the NN are determined through a process called “training,” in

which data with known ti are input into the network. For background examples,

ti = 0; for signal examples, ti = 1. In training, the NN is presented with the

background and signal examples many times—one “epoch” is a loop over all the

examples—during which the weights are adjusted according to the backpropaga-

tion algorithm. Training ends when additional epochs no longer improve the NN’s

ability to discriminate between background and signal. Ideally, the NN outputs

background and signal events with values close to 0 and 1, respectively. Several

different training methods can be implemented by the TMultiLayerPerceptron:

• Stochastic minimization: Weights are updated after each example by the

formula wij(t + 1) = wij(t) + ∆wij(t).

• Batch learning: Weights are updated by the Stochastic formula after each

epoch instead of each individual example.

• Steepest descent algorithm: Weights are minimized along the line defined

by the gradient.

• Conjugate gradients with the Polak-Ribiere updating formula: Weights are

minimized along the line defined by the conjugate gradient.

• Conjugate gradients with the Fletcher-Reeves updating formula: Weights

are minimized along the line defined by the conjugate gradient.

• Broyden, Fletcher, Goldfarb, Shanno (BFGS) method: Computes an NxN

matrix and steps through the error function to find the minimum.
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A NN can be “overtrained” if it is trained with too many input parameters, too

many epochs, or too few events. In effect, the network comes to “know” the

training sample too well and discriminates based on statistical fluctuations of the

events rather than actual differences between signal and background. Additionally,

the number of hidden neurons has a significant effect on the NN’s performance:

too many needlessly complicates the network, and too few hinders its ability to see

the connections between variables. The process of determining the ideal structure

and implementation of a NN is called “optimization.”

5.2 NN Optimization

In order to produce the greatest signal/background discrimination and signal sig-

nificance, a NN must be optimized for variable set, training method, and number

of training epochs and hidden neurons. During this process, other network pa-

rameters came to be included in the optimization.

5.2.1 Variable Set

The variables used as inputs to the NN should be minimally correlated with each

other and maximally differentiated between signal and background. These vari-

ables must be well modeled—that is, the distributions of the MC samples must

closely resemble the data. Additionally, the number of variables should be kept to

a minimum in order to avoid an overly complex NN. With these considerations in

mind, the following variable set was selected: 6ET , Mjj, MZ , ∆R(µ−, µ+), P 1
T , P 2

T ,

∆η, ∆R(j1, j2). See Figure 7 for histograms of the background7, signal, and data

distributions for each of these variables. Although the signal/background discrim-

ination for the individual variables is slight, their combined values will enable the

NN to do its job.

7The contribution from QCD processes is included within the background distribution and as

a separate distribution with slightly different weighting.
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Figure 7: Those variables that met the criteria discussed previously were used

as NN inputs. The background, signal, and data distributions for each of these

variables are plotted.
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Figure 8: The NN reduces the mean-square error after each epoch through a

backpropagation algorithm. Certain learning methods work better under certain

conditions, so the minimal error reached varies between methods.

5.2.2 Training Method

As previously discussed, the TMultiLayerPerceptron class can implement several

different training methods. The “learning error” of the NN is given by Eq. (2)

and represents the quantity that the NN reduces after each epoch. The value of

this error as a function of number of epochs was compared for many NNs trained

using the different methods, as shown in Figure 8. The Stochastic minimization

method performed so poorly that it was omitted from this analysis.

A better indicator of NN performance, however, is given by a comparison of the

maximal signal significance for each NN. Signal significance is defined as S/
√

B,

where, in this analysis, S is the NN weight of the signal sample and B is the

NN weight of the background sample8. The greater the signal significance, the

greater the discrimination between signal and background, and the better the NN.

8The number of signal events (NS) and the number of background events (NB) are commonly

used values in calculating the signal significance.
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Figure 9: The comparison of these values confirms the comparison made in Fig-

ure 8 using the learning error.

Figure 9 shows the values given by NNs trained with the various methods—at this

stage, the absolute values for S/
√

B are not as important as the relative values.

Based on this comparison, the BFGS method is clearly the best choice for training

method. As such, it is used throughout the rest of the optimization.

5.2.3 Number of Training Epochs and Hidden Neurons

The number of hidden neurons has a direct effect on the optimal number of training

epochs: a NN with more hidden neurons requires more training epochs in order to

minimize the learning error and, in turn, maximize the signal significance. First,

NNs were trained with 4, 8, 12, and 16 hidden neurons until additional epochs had

no effect on the error; the number of epochs at this “cut-off” point was then con-

sidered optimal for the corresponding number of hidden neurons. See Figure 10.

Next, NNs were retrained with 4, 8, 12, and 16 hidden neurons using the opti-

mal number of training epochs averaged over several trials, determined previously
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Figure 10: The signal significance achieved by the NN was at a maximum for these

combinations of number of hidden neurons and number of training epochs.

to be 98, 175, 247, and 165, respectively. The maximum signal significance given

by these NNs is compared in Figure 11. Although NNs with 8 and 16 hidden neu-

rons performed equally well, 8 hidden neurons was deemed optimal for the sake

of minimizing the complexity of the network.

5.2.4 NN Weighting

Not all of the events input into the NN have the same importance, or “weight.”

The TMultiLayerPerceptron is able to set the event weights individually, paying

closer attention to those events that are more relevant to this search. When

deciding on how best to weight the NN, the following considerations were taken

into account:

• Sample weight: Each process has a known cross-section—essentially, a mea-

sure of how often it occurs—and sample weight is proportional to this value.

Processes that occur very infrequently (have very small cross-sections) are
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Figure 11: NNs with different numbers of hidden neurons were trained for the

optimal number of epochs. Signal significance varies drastically over the number

of hidden neurons.

given less weight. The sample weight of both signal and data samples are set

equal to 1. The individual background processes are given sample weights

based on their relative cross-sections, though the total background’s sample

weight sums to 1.

• P2b: Instead of being used as a variable, the probability of having two b-

tagged jets is incorporated into the NN weighting. Since the HSM decays

into a bb pair and, subsequently, two b jets, those events that are double

b-tagged should be more heavily weighted.

• Event count: The number of events in the simulations of each process are

not the same. A sample with more representative events would receive more

weight than a sample with fewer events based on sheer numbers rather than

relevance; therefore, the event counts of the samples need to be normalized.
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Based on these factors, the following weighting schemes were explored:

• Full P2b weighting: Each event is assigned a weight calculated from its sample

weight, the individual P2b value, and the event count.

• Average P2b weighting: Each event is assigned a weight as above, except the

average P2b value of all the events within the same sample is used in the

weight calculation.

• P2b as a variable: Each event is assigned a weight calculated from its sample

weight and event count. P2b is used as a variable, forcing the network to do

all the work in discerning its relevance in signal/background discrimination.

• P2b and P1b as variables: Each event is assigned a weight as above, except

both P2b and P1b are used as variables.

Figure 12 shows the maximum signal significance achieved with NNs using these

different weighting schemes; evidently, the NNs are able to achieve comparable

results independent of weighting. Although the full P2b weighting appeared to

perform slightly better, only 7 data events—far too few—had a high enough P2b

to be given any weight in the NN. Thus, the average P2b weighting scheme was

used instead.

5.2.5 Other Considerations

This search for the HSM ranges over several likely values of its mass: distinct

MC signal samples have been generated for MH = 105, 115, 125, 135, 145, and

155 GeV. Because the kinematics of an event associated with Higgs production

are different depending on the value of MH , individual NNs must be trained for

each signal sample. The optimization process described above was completed only

for the NN trained with a MH=105 GeV signal. It is assumed that optimization

would produce the same results for NNs trained with other signal samples; thus,
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Figure 12: The events input into a NN are not all equally relevant, so some are

given more weight than others. The NN, however, is apparently able to figure

much of this out on its own.

each network uses the same variable set and training method and has the same

number of training epochs and hidden neurons. The only difference between them

is the signal samples used for training.

Another cut, in addition to the base cuts listed earlier, was imposed on the

background and signal samples before training the final NNs. As mentioned, the

Mjj of the signal samples has a narrow peak close to the MH for each particular

sample9, while that of the background has a broader distribution with a peak close

to the MZ . It is potentially beneficial to a NN to cut on the invariant mass in

such a way as to reduce the number of background events while maintaining as

many signal events as possible; therefore, the width of the search window around

the signal mass peaks was optimized for each NN.

First, the Mjj distribution of each signal sample was fit to a Gaussian curve.

9The mass peaks are systematically lower than MH for some reason.
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Figure 13: The mass distributions for signal samples vary over the range of the

Higgs boson’s mass. Note that the peaks shift to the right and the widths increase

as MH increases.
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The mean of the curve and the width of 1 standard deviation (σ) was calculated

automatically. As MH increases, the tail of the mass peak becomes more promi-

nent and the gaussian fit becomes less accurate. Additionally, the width of the

distribution increases. Next, the various search windows of each signal sample

were calculated by adding and subtracting some multiple of σ, as summarized

below (all values have units of GeV):

Sample Mjj Mean Mjj Width ±1σ ±2σ ±3σ

MH = 105 83.3 19.0 64.3-102.3 45.3-121.3 26.3-140.3

MH = 115 90.8 20.7 70.1-111.5 49.4-132.2 28.7-152.9

MH = 125 98.4 22.3 76.1-120.7 53.8-143.0 31.5-165.3

MH = 135 105.9 24.3 81.6-130.2 57.3-154.5 33.0-178.8

MH = 145 113.7 26.2 87.5-139.9 61.3-166.1 35.1-192.3

MH = 155 121.1 28.3 92.8-149.4 64.5-177.7 36.2-206.0

Finally, several NNs were trained for MH=105 GeV, varying the values of the

Mjj required for an event to be used in the NN; the wider the search window, the

more events used in the NN. See Figure 14. NNs trained from signal events with

Mjj between ±2σ of the mass peak yielded the highest signal significance.

5.2.6 The Optimal NN

After this series of tests, it can be concluded that the optimal NN for this HSM

search has the following characteristics:

• 8 input variables (6ET , Mjj, MZ , ∆R(µ−, µ+), P 1
T , P 2

T , ∆η, ∆R(j1, j2))

• 8 hidden neurons

• Training with the BFGS method

• Training over 175 epochs
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Figure 14: NNs trained over different search windows and, in turn, different num-

bers of events, yielded varying signal significance.

• Average P2b weighting of events

• An invariant mass window of ±2σ

5.3 NN Results

An optimal NN was trained on one half of the MC signal and background events

and then tested on the other half to ensure reliability. Next, this trained network

was input 840 pb−1 of actual data collected at the DØ detector; each event was

ouput as a value from 0 to 1 for its probability of being either background or

signal, respectively. This procedure was repeated for each of the signal samples

corresponding to the various values of MH included in this analysis. See Figures

15-20 for the results.
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Figure 15: The results of the network trained for MH = 105 GeV. The graph in

the upper left shows the minimization of the learning error; in the upper right,

the relative strengths of the variables in the NN’s training; in the lower left,

the structure of the NN, with darker lines representing connections given greater

weights; and in the lower right, the NN output of signal and background.
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Figure 16: The results of the network trained for MH = 115 GeV. The graph in

the upper left shows the minimization of the learning error; in the upper right,

the relative strengths of the variables in the NN’s training; in the lower left,

the structure of the NN, with darker lines representing connections given greater

weights; and in the lower right, the NN output of signal and background.
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Figure 17: The results of the network trained for MH = 125 GeV. The graph in

the upper left shows the minimization of the learning error; in the upper right,

the relative strengths of the variables in the NN’s training; in the lower left,

the structure of the NN, with darker lines representing connections given greater

weights; and in the lower right, the NN output of signal and background.
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Figure 18: The results of the network trained for MH = 135 GeV. The graph in

the upper left shows the minimization of the learning error; in the upper right,

the relative strengths of the variables in the NN’s training; in the lower left,

the structure of the NN, with darker lines representing connections given greater

weights; and in the lower right, the NN output of signal and background.
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Figure 19: The results of the network trained for MH = 145 GeV. The graph in

the upper left shows the minimization of the learning error; in the upper right,

the relative strengths of the variables in the NN’s training; in the lower left,

the structure of the NN, with darker lines representing connections given greater

weights; and in the lower right, the NN output of signal and background.
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Figure 20: The results of the network trained for MH = 155 GeV. The graph in

the upper left shows the minimization of the learning error; in the upper right,

the relative strengths of the variables in the NN’s training; in the lower left,

the structure of the NN, with darker lines representing connections given greater

weights; and in the lower right, the NN output of signal and background.
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6 Discussion

The number of simulated and actual events used as inputs was different for each

network, as summarized below:

Sample # of Bkgd. Events # of Signal Events # of Data Events

MH=105 GeV 9500 9999 1803

MH=115 GeV 9263 10866 1665

MH=125 GeV 8858 11189 1551

MH=135 GeV 8228 11877 1460

MH=145 GeV 8086 12571 1331

MH=155 GeV 7731 13128 1258

As a direct result of the Mjj cuts imposed on the NN variables, the number

of background events decreases and the number of signal events increases with

increasing MH . While the invariant mass distribution of the background sample

remains the same for each NN, the signal samples’ distributions shift to higher

values (see Figure 13). For Higgs masses close to MZ , signal and background

samples are almost kinematically identical; higher values of MH , however, give

greater signal/background discrimination.

The original goal of using NNs to search for a HSM signal was to improve

upon the discrimination achieved by a cut on Mjj alone; therefore, the NNs had

to function even better for higher Higgs masses. Fortunately, the NNs were able to

take this greater discrimination and use it to increase the signal significance even

more. The table below shows the signal significance achieved by a conventional

Mjj cut, the value of the best cut on the NN output and the significance yielded

by that cut, the improvement of a network cut over an invariant mass cut, and the

percentage of integrated luminosity required for Higgs detection given by using a

NN instead of an Mjj cut.
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Sample Mjj S/
√

B NN Cut NN S/
√

B ∆S/
√

B L Reduction

MH=105 GeV 13.8161 0.79 16.8590 1.22025 67.1591%

MH=115 GeV 14.3922 0.89 18.9281 1.31517 57.8147%

MH=125 GeV 14.5788 0.84 17.8874 1.22695 66.4274%

MH=135 GeV 14.9600 0.86 19.9172 1.33136 56.4168%

MH=145 GeV 14.8266 0.90 21.6839 1.46250 46.753%

MH=155 GeV 15.2824 0.84 23.0521 1.50841 43.9502%

The real significance of the multivariate analysis used in this paper is revealed

in the last column: the total integrated luminosity required for Higgs detection

decreases significantly when a NN is used to discriminate between signal and

background instead of a cut on invariant mass distribution alone. For example, at

MH = 105 GeV a cut on Mjj achieves S/
√

B = 13.8161 while a cut on the NN out-

put achieves S/
√

B = 16.8590, which is a 22% improvement; at MH = 155 GeV,

the improvement is 51%. The decrease in L is correspondingly impressive.

For lack of time, the actual number of fb−1 required for a 1σ, 3σ, and 5σ obser-

vation of the HSM was not calculated. As described above, though, a multivariate

analysis requires far fewer events than a conventional analysis to make an equiva-

lent signal detection. In other words, the reduction in L translates into a greater

chance for the DØ experiment to discover the Higgs boson in a shorter period of

time. With the startup of the Large Hadron Collider10 (LHC) in Switzerland fast

approaching (currently planned for early 2008), the time for DØ to make the first

discovery is running out.

10The LHC is the next-generation particle accelerator, currently under construction. Its center-

of-mass energy is several times larger than the Tevatron’s, and its luminosity is two orders of

magnitude larger. According to the SM, the LHC should be a Higgs boson “factory.”
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7 Conclusion

In this paper, it was shown that a multivariate analysis using an optimized neural

network discriminates between signal and background considerably better than a

conventional analysis using a cut on the invariant mass distribution. That said,

much more data is needed before any significant observation of the SM Higgs boson

can be claimed—with or without a neural network. Further improvements in the

modeling of background processes and the tagging of b-jets would also be beneficial

to this search. If the Higgs boson is discovered as expected, it will represent a

triumph of the Standard Model; however, for reasons previously discussed, it may

also represent the onset of new physics and, in turn, a new age of particle physics.
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