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A Deep Neural Network basedBased Level-1

Trigger for the Magnetic Monopole Search in the
SCEP Experiment

Changging Ye, Yunhan Wang, Yifan Qiao, Zhe Cao, Beige Liu, Qing Lin, and Lei Zhao

Abstract—The Search for Cosmic Exotic Particles
(SCEP) experiment proposes a multilayer magnetic
monopole—(MM) detection array with a target exposure of
O m?—yearQ(10%) m” - yr. Continuously recording the
raw waveforms at this scale would generate approximately
O(10) EB of data per year, making full waveform storage
impractical. A Level-1-d1) trigger is therefore required to
reduce the stored-data volume while retaining rare MMmonopole
signals. MMMonopole waveforms vary with particle velocity
and trajectory, so a single filter kernel cannot match all possible
signals. A mismatch between the kernel and the signal waveform
can reduce the detection probability. This work therefore
develops a compact template-bank construction method for
MMmonopole detection. Each incoming waveform is filtered with
all kernels in the bank, and the best-matched kernel is identified
from their responses. A multilayer perceptron-(MEP) trigger is
further developed to combine all template responses and improve
signal detection. With a 31-sample window and a stored-data
fraction of 1073, the MEPmultilayer perceptron increases the
mean net acceptance P, from 6.72% for the conventional
template-bank trigger to 8.79%, a relative improvement of
30.8%. The network is then implemented on a Xilinx AC701
board equipped with a field-programmable gate array—(FPGA)
to process a 20-bit input waveform sampled at 1 MHz using
200 MHz trigger logic. At the target stored-data fraction, the
fixed-point implementation reduces P,.; by only 3/(3.2 x 10°)
relative-tocompared with the floating-point reference. On-board
tests reproduce the bit-accurate reference trigger outputs and
sustain continuous 1 MHz processing without dropped input
samples, verifying the functional correctness and real-time
operation of the FPGA-based-I-thardware trigger.

Index Terms—Field-programmable gate array (FPGA), Level-
1 trigger, magnetic monopole detection, neural network, optimal
filtering, template bank.

I. INTRODUCTION

AGNETIC monopoles (MMs), first proposed by Dirac
in 1931 [1], are hypothetical particles carrying iso-
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lated magnetic charge. Their existence would explain electric-
charge quantization through the Dirac quantization condi-
tion and is also predicted in various grand unified theo-
ries {21-13+—141 [2]-[4]. Searches for MMs have used several
detection strategies. Induction-based searches with supercon-
ducting coils look for the persistent current change induced
by an MM passage [5], [6]. Other searches exploit the energy
loss of MMs in detector media. The Monopole, Astrophysics
and Cosmic Ray Observatory (MACRO) used scintillation
counters, limited streamer tubes, and nuclear track detec-
tors [7]. The IceCube Neutrino Observatory has searched for
relativistic MMs through their Cherenkov-light signatures in
ice [8]. These techniques have placed strong limits on the MM
flux [9], [10], but their operating conditions or detector-scale
requirements make further exposure increases challenging.

Room-temperature induction coils offer a scalable ap-
proach to large-area MM searches. Unlike superconduct-
ing systems, they do not require cryogenic cooling, which
facilitates deployment in large-area, multilayer detector ar-
rays. The Search for Cosmic Exotic Particles (SCEP) ex-
periment proposes a coincidence-detection scheme com-
bining room-temperature induction coils with plastic scin-
tillators. Its proposed multilayer array targets an expo-
sure of O{H0-m%—yearQ(10*) m? - yr. Under the detector-
performance assumptions of the proposal, this exposure would
allow sensitivity comparable to existing MM-flux limits over
a broad velocity range [11].

For a detector system of this scale, recording all wave-
form data continuously would overburden the bandwidth and
storage capacity of the data-acquisition system. For an array
designed to accumulate the target exposure over ten years,
the annual raw-data volume is estimated to be O(10) EB for
the SCEP design. Direct storage of all waveforms is therefore
impractical, and a Level-1 (E-tL1) trigger is required to
suppress noise-induced events while retaining potential signals
for subsequent analysis.

Because MM events are extremely rare and a true event
cannot be recovered once the front-end trigger rejects it,
the E-1L1 trigger must maintain high signal acceptance.
In room-temperature induction-coil detection, coil thermal
noise results in a low signal-to-noise ratio (SNR) for MM-
induced signals. FerJow-velocity MMs,—a—proeessed-signal
SNR—of—approximately —4-5The SCEP_proposal requires_a
processed-signal power SNR_of at least 4.5 for an MM
crossing the coil center perpendicularly at 1077 of the speed

of light [11], and this value is adopted as the reference
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signal level in this work. Such an SNR still leaves the signal
vulnerable to noise fluctuations—H+}. Maintaining high signal

acceptance therefore requires a low trigger threshold, which
produces a large number of noise-induced false triggers. The
stored data are expected to be dominated by neise-induced
false-triggers—rather-thannoise rather than by genuine signals.
The data reduction is quantified by the stored-data fraction,
defined as the number of saved waveform samples divided
by the total number of raw input samples. A target stored-
data fraction of 1073 (a10-PB/year~ 10 PB/yr for the
SCEP design) is adopted as a manageable storage load. In
addition, the E-1L1 trigger should be implemented in front-end
hardware to make trigger decisions in real time and thereby

reduce the data-transfer load —H31 [12], [13].

The E-+L1-trigger design for MM detection can draw on the
approach used in gravitational-wave searches. Induction-based
MM searches in SCEP and compact-binary gravitational-wave
searches with the Laser Interferometer Gravitational-Wave
Observatory (LIGO) [14], [15] share a common challenge:
both seek weak transient signals in noise-dominated data
streams, while the signal parameters are unknown before
detection. For a known signal waveform and noise covariance,
optimal filtering (OF) maximizes the output SNR, whereas a
mismatch between the filter kernel and the signal causes an
SNR loss [16]. A standard way to address unknown signal
parameters is to filter each data window with a bank of
candidate templates and use the template with the largest
response magnitude [17]-[19].

Early template-bank constructions set the template spacing
through a relative loss in SNR [20], [21]. Direct compar-

isons have shown that adding—a—mere—complex—template
familya bank built from a more complex template famil

does not necessarily improve detection performance at a

fixed false alarm rate [22]%ddfﬂghtemp¥a{e&eafrmefeas&fhe

sigﬁalﬂeeepfaﬁee—%, because the additional templates can
increase the largest noise response, which raises the trigger
threshold and reduces the signal acceptance [23]. Template-

bank construction must therefore satisfy the detection-
probability coverage requirement while using as few templates
as possible. In addition, retaining only the largest template
response discards information in the remaining responses that
may help distinguish signals from noise.

To address these limitations, this paper constructs a finite
template bank using the absolute loss in detection probability
as the coverage criterion. This criterion avoids unnecessary
refinement of weakly detectable waveform regions. A multi-
layer perceptron (MLP) trigger is then developed to combine
all template responses at each sampling time, improving signal
acceptance at the same stored-data fraction. The remainder of
this paper is organized as follows. Section II describes the
template bank, the MLP trigger, and the performance evalu-
ation. Section III describes the streaming field-programmable
gate array (FPGA) architecture for the selected network and
its validation procedure. Section IV concludes the paper.

1I. H\L\LTRIGGER ALGORITHM
A. Signal and Noise

In the SCEP induction-coil scheme, the MM signal wave-
form is set by the particle velocity and trajectory. Each
trajectory can be parameterized in a coordinate system fixed
to the induction coil. The coil plane is taken as the xy-plane,
and the z axis is perpendicular to this plane. The physical
parameters are denoted by

V= (vap0797¢7 Q), q € {_]—,+]—}7 (1)

where v is the MM velocity, py is the transverse distance
from the coil center when the MM reaches the coil plane, and
0 and ¢ are the polar and azimuthal angles of the directed
incident trajectory. The parameter ¢ denotes the magnetic-
charge polarity, with ¢ = +1 and ¢ = —1 corresponding to
magnetic charges of +gp and —gp, respectively. Here, gp is
the unit Dirac magnetic charge [1], [9].

No well-established theoretical prior is available for the
MM velocity. Accordingly, v is sampled uniformly on a
logarithmic scale over [107°,107!] ¢, where c is the speed of
light. This choice prevents the sampled trajectories from being
concentrated at high velocities. The dimensionless velocity
B = v/c is used below. The incoming MMs are assumed to

be isotropic, and their straight trajectories are sampled with a

uniform flux through a sphere of radius 10 cm that encloses
the coil. The transverse offset py and the incident angles (6, ¢)

are not sampled independently; they are determined by the
geometrical relation between each isotropic trajectory and the
induction coil. The magnetic-charge polarity ¢ is sampled with
equal probabilities for +1 and —1. The signal parameter space
of the trajectories parameterized in Eg—(1) is denoted by I'.
The MM crossing induces ana transient electromotive force
e, in the coil. The coil is read out by a low-noise amplifier
with high input impedance connected in parallel across its
terminals, as shown in Fig. 1, and the resulting circuit transfer
function shapes the induced waveform. The signal and noise
models use the same coil design and readout-circuit parameters
as those specified in the SCEP proposal [11]. Together with

the parallel capacitance Cj, the coil forms an LCR circuit
with_a_resonance frequency of about 54.2 kHz. Owing to
this_resonance, the circuit-shaped signal oscillates, and the
coil resistance damps_the oscillation so_that its_amplitude
falls_below 1% of its initial value about 2.8 ms after the
crossing, as shown in Fig. 2(a). Fhe-eireuit-shaped-signat
waveform—and—the—noise—are—shown—in+Fig—2- Under room-

temperature operation, the dominant noise contribution is the
coil thermal noise ey, which can overwhelm the MM signal.

Shaped by the same circuit, this random noise also oscillates
near the resonance frequency, as shown in Fig. 2(b). The total

noise is modeled as a zero-mean stationary Gaussian process.

Nen-statioparyNonstationary or non-Gaussian disturbances in
a deployed detector are beyond the scope of this study.

B. Optimal Filter and Mismatch

Detecting an MM signal in a noisy waveform can be
formulated as a statistical hypothesis-testing problem.—Each

input-waveform—windowcontains——samples: Under the null
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Induction coil I

1

Fig. 1. Equivalent circuit of the induction-coil readout. The dashed
box encloses the induction coil, represented by its inductance L.,
frequency-dependent resistance R., and capacitance C¢; Cg is the parallel

capacitance formed by the amplifier input capacitance and stray capacitances.

and 4y, are the voltage and current noise of the operational amplifier (OFA)
with input resistance iy
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Clrcult-shaped MM signal and noise_for an on-axis_trajectory
= 10753, (a) Signal over 4.3 ms; the shaded
interval is the window shown in (b). (b) Signal and a simulated realization of
the total noise over 0-600 us. The blue curve shows the circuit-shaped MM
signal, the gray curve shows the total noise (coil thermal noise plus readout-
electronics contributions such as amplifier noise), and the dashed-tine-marks
MWMWWW
crossing time.

hypothesis, o, the input waveform window contains only
noise. Under the alternative hypothesis, i, the window
contains an MM signal plus noise. Expressed mathematically,
Ho: x=n, 2
Hi: x=s,+n,
where x is the input waveform window of L samples, sy
is the circuit-shaped signal waveform for parameter ~, and
n ~ N(0,C) statesindicates that the noise vector n fol-
lows a multivariate Gaussian distribution with zero mean

and covariance matrix C, computed from the noise power
spectral density. This is the sampled form of the Gaussian
noise model introduced in Section II-A. For the hypotheses in
Eg—(2) with a specified signal waveform, the Neyman—Pearson
lemma [24] gives the likelihood-ratio test (LRT) as the optimal
decision rule. In Gaussian noise, it reduces to testing the linear
statistic [25]

s 'x E5Y 3)
Ho

Here )\ is the decision threshold: when the linear statistic

exceeds A, the window is assigned to the signal hypothesis

‘H.; otherwise it is assigned to the noise-only hypothesis H.

Equation (3) has the form of an OF statistic hI x, where the

OF kernel takes the form 25], [26

h, =a,C~ @

where a, is a normalization coefficient chosen so that the
root-mean-square noise after OF is unity.

In a streaming implementation, at each fixed sampling
interval a new sample enters the trigger and the oldest sample
leaves, forming the updated input window on which the OF
is evaluated. The signal is centered within the kernel, and the
filter response peaks when the signal in the current window
aligns with the template. At this alignment, the output SNR is
defined as the squared noise-free signal response divided by
the mean squared noise response. With the normalization of
the kernel in Eg—(4), this gives

1
S,

SNR(y;7) = (hs,)”. (5)

The input waveform, OF kernel, and resulting filter output are

shown in Fig. 3.

(a) Input of the optimal filter
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Fig. 3. ©FOptimal filtering of a signal-plus-noise waveform. Fop—the(a)

The circuit-shaped input waveform, with the signal injected at the window
center marked by the dashed line. Middle—the(b) The normalized OF kernel
h, = a,C~'s, aligned with the signal. Bettom=—the(c) The OF output,
where the matched response forms a peak near the injection time. The red
dashed lines indicate the 10 noise level after normalization, where o is the
noise standard deviation.

In practical detection, the true signal parameters =y are
unknown. When the signal s, is filtered with the kernel h,,,
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where 71 denotes the parameters of the reference signal used
to construct the kernel, the resulting output SNR is denoted
by SNR(~v; 7). It is largest for the matched case 1 = -, where
SNR(v;7) equals the benchmark of Eg—(5).

The SNR loss caused by mismatch can be substantial. Filter-
ing a v-=10=3¢3 = 1072 signal with a +=16=2¢f = 1075
template gives arn power SNR loss of 55.6% relative to the
matched case. The corresponding time-domain waveforms and
filter-response comparison are shown in Fig. 4.

(a) Signal waveform
1.0 !

0.5}

0.0

Normalized amplitude

-1.0 i
-3000 0

Time (us)

(b) Optimal-filter output
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Fig. 4. Example of a large template mismatch for two on-axis trajectories
with po = 0 = ¢ = 0. Fhe-upper—panetPanel (a) compares the time-domain
waveforms for +—=-+6="¢e8 = 1075 (blue) and v==16=2¢8 = 1073 (or-
ange); the signals are normalized to facilitate the comparison of the

two waveform shapes. Fhe—tower—panelPanel (b) shows that filtering the
v=10=32¢8 = 1073 signal with the mismatched v=36=2¢8 =10"°
template (blue) yields a much smaller peak than filtering it with its self-
matched template (orange), corresponding to an power SNR loss of 55.6%.

C. Template Bank

The preceding example shows that a filter kernel can incur
a substantial SNR loss when its waveform does not match the
signal. Because the true signal parameters are unknown and
the parameter space I" is continuous, a finite template bank B
is constructed to cover the sampled signal distribution within
this space. Each input window is filtered with every kernel in
B. Templates that differ only in magnetic-charge polarity have
opposite kernels, so one kernel is retained for each waveform
shape. The template-bank trigger uses the largest response
magnitude,

(6)

max ‘th| @ A
neB n 7f0 ’

Although this bank statistic no longer retains the

Neyman—Pearson optimality of the fixed-parameter LRT
in (3), it is widely used as a practical approximation to that

test, for example in LIGO searches [18], [19].

The bank construction has two objectives. First, the tem-
plates should cover the sampled signal distribution with a
controlled loss in detection probability. Second, the number
of templates should be kept small. In addition to increasing
the filtering cost, adding templates can increase the probability
of a noise-induced trigger under Eq—(6).

Coverage is quantified using the theoretical detection prob-
ability for a single normalized template response in Gaussian
noise [25]. At a specified FPRfalse-positive rate (FPR), the
detection probability is determined by the signal SNR, as
shown in Fig. 5. For each signal, its own waveform is
used as the ideal matched template and defines the reference
detection probability. A signal is considered covered when, at
every FPR from 106 to 0.1, the absolute loss in detection
probability obtained with the best-matched template in B
is less than 0.5 percentage points (pp). Here, pp denotes
the absolute difference between probabilities expressed as
percentages; a loss of 0.5 pp corresponds to a probability
difference of 0.005, not a relative loss of 0.5%. Unlike the
relative SNR-loss criterion commonly used in LIGO template-
bank construction [20], [21], this absolute criterion relates
coverage directly to detectability and prevents signals with
self-matched detection probabilities close to the noise-only
level from driving further refinement of the bank.

To satisfy this coverage criterion while limiting the num-
ber of templates, the bank is constructed iteratively using a
farthest-first rule [27]. The construction set is generated using
the sampling distribution of Section II-A. It provides a Monte
Carlo representation of the continuous signal parameter space
T" under this distribution. At each step, the coverage of the
current bank is evaluated over the construction set, and the
trajectory with the largest current absolute loss in detection
probability is added to the bank. The iteration stops when the
loss is below 0.5 pp for every construction trajectory. By pri-
oritizing the worst-covered trajectory, this rule avoids adding
templates for waveforms that are already well represented.

The window length L affects the construction result. For
L = 31 samples, the construction stops at 113 templates

T W t O OCIOW I oU PP

when the maximum loss over all 10° construction trajectories
falls below 0.5 pp, as shown in Fig. 6(a). An independent audit

is then performed using another 10 diserete-trajectories drawn
from the same sampling distribution. The empirical coverage
rate exceeds 99.99%, with 15 trajectories falling outside the
coverage bound; the largest observed loss is 0.57 pp, as shown
in the—lower—panel-of-Fig. 6(b). These results demonstrate
empirical coverage under the stated sampling distribution.
For comparison, a 601-template bank is constructed for
L = 31 using the stochastic template-placement method
employed in LIGO [28], applied to the same MM waveform
model. This method controls the relative loss in matched-
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Gaussian response as a function of SNR. The curves correspond to the FPR

values in the legend, and the SNR is the power SNR defined in (5).
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Fig. 6. Construction and independent audit of the 113-template bank. Upper:
maxtmum(a) Maximum detection-probability loss over the 108 construction
trajectories as templates are added. Eower—ess(b) Loss distribution for 108
independent audit trajectories. The dashed lines mark the 0.5-pp coverage
bound. The fewer—herizental-axishorizontal axis of (b) shows the base-10
logarithm of the self-matched response amplitude.

filter response amplitude by requiring a minimum normalized
match of 0.97, corresponding to a maximum amplitude loss

of 3%. The triggers using the 113-template and 601-template
banks are referred to below as the compact and conventional
template-bank triggers, respectively.

D. Streaming Trigger and Acceptance Evaluation

After the template bank has been constructed, its practical
trigger performance must be evaluated on a continuous wave-

form stream. «Pfﬂﬁ@iﬁgmﬁﬂﬁﬁﬂﬂl%ﬂ%%dﬁ%—hﬁ%&tkﬁﬁ%

evemﬂ—defee&e&—peﬁemmee—[%%} At each samphng step,
the current L-sample window is filtered with every template
in the bank, and the largest absolute response in Eg—(6) is
compared with the threshold. When the threshold is exceeded,
the corresponding L raw samples are retained. In practice,
an event often produces several consecutive above-threshold
windows rather than a single isolated trigger. These consec-
utive windows are grouped into one event cluster. Because
the windows are shifted sample by sample, a cluster spanning
Nirig consecutive trigger windows retains

Lsavea = L+ Ntrig -1 @)

raw samples. If the saved intervals from neighboring clusters
overlap, they are merged before storage, so that no raw sample
is stored twice. The storage rule in Eg—(7), including merging
of overlapping intervals, is illustrated in Fig. 7.

(a) Input of the optimal filter

‘Signal |nject|on

— Signal + noise

o \/ /\ r\\/\/ \Q \/ /‘\V"«\ A ,”\ ,\ ‘ u
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Amplitude (uV)
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22
3E0r
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= (c) Event clustering and storage

" — No trigger === Trigger
Discarded
0 200 400 600

Time (us)

Fig. 7. Streaming evaluation of the template-bank trigger. Fop:—the(a) The
signal-plus-noise waveform, with the injected signal highlighted around its

center time. Middle-representative(b) Representative template responses and

the maximum response magnitude, which is compared with the trigger thresh-
old shown by the red dashed line. Bottom:—econseeutive(c) Consecutive above-
threshold windows are grouped into an event cluster, and their overlapping
intervals are merged into the saved waveform segment.

Under this storage rule, the acceptance of a template bank
can be evaluated at a specified stored-data fraction. For each
trigger method, the threshold is first calibrated on the negative
set D_, taken as a simulated continuous background-only
noise stream of 2.01 x 10% raw samples. The threshold is
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chosen so that the stored-data fraction € on D_ reaches the
target value g9 = 1073,

After the threshold is fixed, the corresponding trigger is
evaluated on the positive set D, . This set contains 3.2 x

10% signal-plus-noise records. Each record is paired with a
noise-only record that contains the same noise realization

without the injected signal. Because the MM crossing is
asynchronous with the sampling clock, each injection is given

a random sub-sample timing offset 6 € [—0.5, 0.5] samples, so
that the evaluation reflects arbitrary sampling phases. A signal
is counted as detected if its event cluster contains at least one
trigger sufficiently close to the true crossing time. The allowed
timing deviation accounts for the spread introduced mainly by
noise fluctuations and the random sub-sample timing offset.
The relevant quantity is the trigger offset

At = ttrig - tOv (8)
where iz denotes the center time of an above-threshold trig-
ger window and ¢y is the true crossing time. The distribution of
At defined in Eg—(8) is obtained from an independent timing-
calibration set generated from the same signal distribution as
D. . All above-threshold positions are included, and noise-only
background is subtracted statistically. For each trigger method
and target stored-data fraction, Wyg is calibrated separately
in each velocity bin using the frozen threshold. The symmet-
ric interval [—Wog, Wog] contains 99% of the corresponding
background-subtracted distribution. FigareFig. 8 shows the At
distribution of the compact template-bank trigger at a stored-
data fraction of 1073,

A signal-plus-noise record is classified as correctly triggered
if at least one above-threshold position satisfies |At| < Wog;
otherwise, it is classified as missed. The velocity-dependent
Wag_is used only in this offline evaluation; the online trigger
does not use it. The net acceptance P, is the fraction of cor-
rectly triggered signal-plus-noise records minus the fraction of
paired noise-only records satisfying the same timing criterion.

The mean P, is evaluated over all records of D_ and thus

averages over the sampled velocity distribution.
Using the calibrated threshold and the timing criterion

above, Fig. 9 shows the velocity-dependent net acceptance
P,et of the compact template-bank trigger and the con-
ventional template-bank trigger at a stored-data fraction of
1073, For the compact template-bank trigger, Pyc; is lowest
in the slowest velocity bin and increases from 0.96% to
approximately 8.25%-9.27% over the intermediate and higher

velocity bins. Because the trajectories are sampled through the
10-cm sphere, Py also includes the geometric acceptance of
the coil. Many of these trajectories pass outside the coil or
cross only part of its turns, so only a small fraction of them
produce detectable signals, and the values of Py are relatively
small. The compact template-bank trigger gives higher Pt

than the conventional template-bank trigger in every velocity
bin. Its mean Py is 7.52%, compared w1th 6.72%for—the

conventional-template-bank-trigger, corresponding to an 11.9%

relative improvement while using fewer templates. The 95%

confidence-interval half-width of each mean P, value is
about 0.05 well below the differences between the triggers.

Density (%)

-20 0 20 40
Trigger offset, At (us)

Fig. 8. Background-subtracted trigger-offset distribution in 1-us bins for the
compact template-bank trigger at eg = 10~3. The dotted lines mark the
pooled descriptive value Wog = 10.75 us.
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Fig. 9. Velocity-dependent net acceptance Phet of the compact template-
bank trigger (113 templates) and the conventional template-bank trigger (601
templates) at a stored-data fraction of 1073, Both methods use separately
calibrated thresholds and timing windows. The evaluation uses the same 3.2 X
10% signal-plus-noise records.

E. MLP Trigger

ffae&eﬂ‘Mefeevefﬁ:efefﬂpaeHemphm-bafﬂﬁﬂggefAs noted
in Section II-C, the compact template-bank trigger is not

Neyman—Pearson optimal, and it retains only the largest
response magnitude in Egq—(6), discarding the information

carried by the remaining template responses. To address these
limitations, the MLP trigger is trained to approximate a
likelihood-ratio decision rule based on the vector of absolute
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responses from all templates, thereby learning how to weight
and combine all template outputs rather than relying only on
their maximum [29].

At each sampling time, the absolute responses of all filters
in the template bank form the input vector to the MLP trigger.
The network maps this vector through two fully connected
(FC) hidden layers with 16 and 8 units, respectively, followed
by one output logit. Both hidden layers use the rectified linear
unit (ReLU) activation [30], as illustrated in Fig. 10.

Input MLP

Optimal-filter Flatten

600

Sample index
N
8
8

)
=3
S

0 0 10 H
Amplitude (nV)

Fig. 10. Architecture of the MLP trigger. The absolute responses of all 113
templates form the input vector, which is processed by FC layers with 16 and
8 hidden units and one output logit. The hidden layers use ReLU activations.

Only the MLP weights and biases are trained, whereas
the template bank is kept fixed. The training set contains
2 x 10° positive and 4 x 10° negative waveform windows,
generated with the signal and noise models of Section IL-A.
A signal-injected window is labeled positive when its center
lies within 3 us of the true crossing time. Pure-noise windows
are labeled negative, as are signal-injected windows whose
centers are more than 10 ps from the true crossing time;
signal-injected windows with offsets between 3 and 10 us are
excluded. An independent validation set of 4 x 10° positive
and 8 x 10° negative windows, with the same signal distri-
bution and labeling rules, is used to monitor overfitting and
select the checkpoint. The-networks-aretrained-with-erdinary
binary-eross-entropy.The network is trained in 32-bit floating
point by minimizing the binary cross-entropy with the AdamW
decay of 10”", and a batch size of 1920 windows. The learning
rate is halved whenever the validation loss has not improved

for three epochs, and the training runs for 24 epochs.
EachThe frozen network is evaluated using the same stream-

ing procedure as in Section II-D. FigureFig. 11 compares the
MLP trigger with both template-bank triggers for L = 31.
The MLP trigger provides higher net acceptance P,¢¢ in every
velocity bin, with increases of 0.42-1.46 pp over the compact
template-bank trigger. Over—the—complete—evaluation—set;The
mean P, increases from 7.52% to 8.79%, corresponding to
a relative improvement of 16.8%.

The waveform-window length creates a tradeoff in stream-
level triggering. An above-threshold window causes its cor-
responding L-sample interval to be retained, so increasing L
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Fig. 11. Velocity-dependent net acceptance Pret of the MLP trigger, compact
template-bank trigger (113 templates), and conventional template-bank trigger
(601 templates) for L = 31 at a stored-data fraction of 10~3. All three
methods are evaluated using the same 3.2 x 10° signal-plus-noise records.

increases the amount of data saved per trigger. In contrast,
an excessively short window captures less signal energy and
makes signal-noise discrimination more difficult. An interme-
diate value of L may therefore provide the highest accep-
tance at the fixed stored-data fraction. The-candidatetengths
areL-c{ 1152153141554 7101}-samples;To determine this
length, MLP triggers are trained for seven window lengths

between 11 and 101 samples, with three random seeds for
each length. The frozen networks for all lengths are eval-

uated on the same 3.2 x 10° signal-plus-noise records, and
the length giving the largest mean net acceptance P, is
selected. FigureFig. 12 summarizes the length scan; for each
length, the three networks give mean P, values within about
0.01 pp. The L = 31 configuration gives the largest mean net
acceptance P, in the length-selection study and is selected
for the subsequent FPGA implementation.

III. FPGA IMPLEMENTATION OF THE NEURAL-NETWORK
TRIGGER

A. Overall Architecture

To process the continuous waveform stream in real time,
the MLP trigger described in Section II-E is implemented
board [32], [33]. The target input is a 20-bit waveform
sampled at 1 MHz, whilewhereas the trigger logic operates
at 200 MHZ%—&—XH—W&A@?@%%&—SQbH—pped’—iHﬂ%—&H
XCTA200-FPGA—321:1331.

Each input sample is assigned a sample index and sent
to two paths. The waveform-cache path continuously writes
the raw samples to a circular random-access memory (RAM).
In the trigger path, a shift register maintains the current
+£—=-3+-sampleL = 31-sample window. The 113 OF kernels
are stored on chip and applied to this window. Their abso-
lute responses at the current sampling time form the 113-
dimensional input to the MLP trigger. The resulting output
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Fig. 12. Mean net acceptance Ppet of the MLP trigger in the length-selection
study as a function of the waveform-window length at a stored-data fraction
of 1073, All lengths use the same 3.2 x 10 signal-plus-noise records.
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implemented on the FPGA, L = 31.

logit is compared directly with a programmable threshold
to produce the trigger decision. When the logit exceeds the
threshold, the corresponding window start index is passed
to the cluster-merging logic. Consecutive accepted windows
are merged into one event cluster. A first-in, first-out (FIFO)
queue stores the cluster boundaries and trigger metadata, and
the waveform reader retrieves the corresponding raw samples
from the circular RAM. The event formatter then combines
the metadata and waveform samples into the record sent to
the downstream data-acquisition system. FigureFig. 13 shows
the overall FPGA data flow.

Template-bank Filtering + MLP Inference

|
< ADC ’——| sample Index }—ool Shift Registers
|
Template Bank
Filtering

Buffer A

Template ROM

MLP Weights / Bias ROM

MLP Inference

.H.M.

Buffer B

]I

|
|
|
|
|
|
|
|
|
|
|
|
: Ping-pong Buffer
|

|

|

Trigger Cluster Cluster Descriptor|
Merge FIFO
Waveform

Fig. 13. Overall FPGA architecture for the streaming MLP trigger. ADC:
analog-to-digital converter; FC: fully connected; ROM: read-only memory.

Circular Buffer

B. Template-Bank and MLP

Evaluationnference

For each template 7, the OF response is computed as

L-1

T

hnX: E hnﬂ'xi;
=0

where z; is an input sample and h,; is the corre-
sponding discrete-time filter coefficient. In the fixed-point

implementation, the input samples are signed 20-bit values, the
filter coefficients are quantized to signed 18-bit integers, and

the products are accumulated in 48 bits. With 113 templates
and L = 31, evaluating Eg—(9) requires 3563113 x 31 = 3503

coefficient multiplications for each new sample. The 113
signed responses are converted to their absolute values before
entering-the-neurat networkand stored as signed 20-bit values

The 113-dimensional response vector is processed by FC
layers with dimensions 113 — 16 — 8 — 1, with ReLU

activations after the two hidden layers. The—FClayers—are

®

(BSP)-bloeks 1341 Each neuron computes
y=> wpuk+Db,
k

(10)

where wuy_ are the inputs of the neuron, wy _are the
corresponding weights, and b is its bias. The inputs of the
first layer are the absolute template responses, and the output
of the last layer is the output logit. The weights are signed
18-bit integers, and the products are accumulated in 48 bits
together with the biases, which are stored at the accumulator
scale, The hidden activations use the same 20-bit format as
the template responses, and the output logit has 32 bits with
18 fractional bits. Evaluating (10) for all neurons requires
ﬂlrﬂlerﬂwmmmmmmfw—ﬂ)%rnwpl&aﬂ%u
sample. Fi

Because the input is sampled at 1 MHz and the trigger
logic runs_at 200 MHz, 200 clock cycles are available for
processing each input sample. The computation is organized as
a two-stage pipeline, with the template-bank filter followed by
the MLP, and the multiplications of both stages are performed
by DSP48EIL slices [34] that are reused over these clock
cycles.

In the first stage, the template bank is evaluated one template
template are multiplied by the window samples in 31 parallel
multipliers, which occupy 31 DSP48EI slices. A five-level
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pipelined adder tree sums the 31 products, and the absolute
value of the sum is rounded, saturated, and written to a feature
buffer. Each multiplier therefore performs 113 multiplications
per sample. Including the delay of the adder tree and the output

In_the second stage, the MLP is evaluated by 16
multiply-accumulate (MAC) lanes, which occupy 16 DSP48E1
slices and are reused across the three FC layers. FC1, FC2, and
FC3 take 113, 8, and 1 clock cycles, respectively. Including
the delay of the memory reads, bias addition, rounding. and
the ReL.U activations, the second stage has a latency of 161
clock cycles.

Because both stages are shorter than the 200-cycle sample
interval, ping-pong feature buffers allow the MLP to process
next. The trigger therefore accepts one sample every 200
clock cycles. with a latency of 289 cycles (1.445 us) from
the arrival of the last window sample to the trigger decision,
including_one cycle for the buffer handoff. In_total, the
two stages use 31+ 16 =47 DSP48EIL slices, whereas the

remaining additions, such as the adder tree, are implemented in
general logic. The internal filter and neural-network datapath

is illustrated in Fig. 14.

C. On-Board Validation

The on-board test waveforms are—represented—by—signed
20-bit samples-and-are replayed from a host computer over
Gigabit Ethernet using SiTCP [36]. On the FPGA, the
received samples are buffered in a FIFQ and released to_the
trigger at a fixed interval of 200 clock cycles, emulating
an_analog-to-digital converter sampling at 1 MHz, and the

trigger records are returned to the host over the same link.
The same quantized inputs are supplied to the bit-accurate

software reference, which reproduces the fixed-point template-
bank and MLP datapaths. The floating-point model provides
the performance reference.

timing constraints at 200 MHz on _the AC701 board, and its
trigger-core resource utilization is summarized in Table I.

TABLE I
FPGA TRIGGER-CORE RESOURCE UTILIZATION. BRAM: BLOCK
RANDOM-ACCESS MEMORY; DSP: DIGITAL SIGNAL PROCESSING; LUT:
LOOK-UP TABLE.

Resource Used  Utilization (%)
LUT 06069458 8:237.03
Register +5:35712,770 574474
BRAM tile 12514 342384

FigureFig. 15 shows a representative signal-plus-noise
record used in the on-board validation. All 27 above-threshold
FPGA seoresoutputs and their window indices agree exactly
with the bit-accurate fixed-point reference. Relative to the
floating-point output, the maximum absolute seereoutput dif-
ference is 4.12 x 10~%.

without-dropped-samples-The FPGA trigger is evaluated with
the same D_ and D as in Section II-D. All samples of
both sets are replayed through the board without any dropped
sample, using the threshold calibrated for a stored-data fraction
of 1077, The above-threshold outputs and window indices, the
event boundaries, and the saved waveforms returned by the

board agree exactly with the bit-accurate fixed-point reference.
FigureFig. 16 compares the velocity-resolveddependent net

acceptance P, of the floating-point reference and the FPGA
fixed-point implementation. The fixed-point implementation
gives a net acceptance lower than the floating-point refer-

ence by only 3/(3.2 x 10%) in absolute terms, and onl

8 of the 3.2 x 10% signal-plus-noise records are classified
differently. The everaHmean values of P are 8.7911%

for the floating-point reference and 8. 7910% for—the FPGA
fixed-point-configurationmeasured on the board. These tests
verify the functional correctness and real-time operation of
the FPGA trigger.

IV. CONCLUSIONS

A compact template-bank construction method has been
developed for the SCEP E-1L1 trigger using the absolute loss
in detection probability as the coverage criterion. By adding
the worst-covered waveform at each iteration, the method
constructs a 113-template bank for L = 31 samples, with
empirical coverage above 99.99% on an independent audit
set. Compared with the conventional template-bank trigger, the
compact template-bank trigger increases the mean P,e; from
6.72% to 7.52% at the same stored-data fraction, an 11.9%
relative improvement.

To exploit the information beyond the largest template
response, an MLP trigger combines the absolute responses of
all templates. A waveform-window length scan then identifies
L = 31 as the configuration with the highest mean net accep-
tance. At a stored-data fraction of 10~3, the MLP improves the
mean P, from 7.52% to 8.79%, corresponding to a relative
increase of 16.8% over the compact template-bank trigger.

The resulting network is implemented on a Xilinx AC701
FPGA platform for real-time processing of 20-bit wave-
forms sampled at 1 MHz, with trigger logic operating at

200 MHz. The template-bank filter and the MLP_ form a
two-stage pipeline_that uses 47 DSP48EL slices and has
a latency of 1.445 us. On the board, all samples of D
and D, are processed without any dropped sample, and
the_returned outputs agree exactly with the bit-accurate
fixed-point reference. Evaluation-using-the-same-P—and-D
gives a reduction in P of only 3/(3.2 x 100} relative to
the—floating-point—reference-The fixed-point implementation
reduces Py by only 3/(3.2x10°) in_absolute terms

compared with the floating-point reference. Together, the
acceptance comparison, on-board validation, and #ming

verifieationtiming_closure at 200 MHz demonstrate the cor-
rectness and real-time operation of the FPGA-based £1L1
trigger.
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