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Abstract—The Fast Tracker (FTK) executes real time tracking
for online event selection in the ATLAS experiment. Data
processing speed is achieved by exploiting pipelining and parallel
processing. Track reconstruction is executed in two stages. The
first stage, implemented on custom ASICs called Associative
Memory (AM) Chips, performs pattern matching to identify
track candidates in low resolution. The second stage, imple-
mented on Field Programmable Gate Arrays (FPGAs), builds
on the pattern matching results, performing track fitting in full
resolution.

The use of such parallelized architecture for real time event
selection opens up a new huge computing problem related to the
analysis of the acquired samples. Millions of events have to be
simulated to determine the efficiency and the properties of the
reconstructed tracks with a small statistical error. The AM chip
emulation is a computationally intensive task when implemented
in software running on commercial resources.

This paper proposes the use of a hardware co-processor to
solve this problem efficiently. We report on the implementation
and performance of all the functions requiring massive com-
puting power in a modern, compact embedded system for track
reconstruction. That system is the miniaturization of the complex
FTK processing unit, which is also well suited for powering
applications outside the realm of High Energy Physics.

Index Terms—Pattern matching, Image processing, Parallel
processing, Real time systems, Trigger circuits, FPGAs, Appli-
cation specific integrated circuits

I. INTRODUCTION

REAL time track reconstruction in hadron collider ex-
periments is often considered an important feature of

the event selection of such experiments. The most interesting
subatomic processes are very rare and lie hidden within an
extremely large amount of background information. Selecting
interesting events from the background in real time is there-
fore essential to fully exploit the physics potential of these
experiments, since only a small fraction of the produced data
can be stored to be used for further analysis. A multi-level
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trigger [1] is an effective solution to select events. The level-1
(L1) has a tight latency constraint (a few microseconds) and is
based on custom processors. It reduces the rate of events from
the machine event production (40 MHz for the Large Hadron
Collider, LHC, at CERN) down to tens of kHz. After the L1,
the high-level trigger (HLT) performs the event reconstruc-
tion (including tracking), using a large dedicated CPU farm.
However the processing power necessary to perform high-
quality tracking for real-time event selection at very high rates
has never been available in the LHC experiments. Real-time
tracking was planned since the beginning for limited detector
regions or on a small subset of events previously selected using
other detectors [1].

The Fast Tracker (FTK) [2], an ATLAS [3] upgrade, and
similar R&D developments performed by the CMS experi-
ment [4], provide full event real-time tracking using massively-
parallel high-performance dedicated hardware.

The key feature of the architecture is a Processing Unit
where track reconstruction is executed in two stages. The
latest generation Field Programmable Gate Arrays (FPGAs)
are interfaced with full-custom ASICs, named Associative
Memories (AM), that provide the majority of the computing
power [5]. Data processing speed is achieved with pipelining
and parallel processing.

The AM implements the first stage processing, by rec-
ognizing track candidates (“patterns”) at low resolution, by
means of pattern matching. The low resolution is obtained
by subdividing each layer of the detector into bins (Super
Strips, SS) of equal size. A pattern is a combination of Super
Strips, one in each layer. The AM chip is suitable for massive
parallelism in data correlation searches. It is able to exe-
cute 5× 1012 comparison instructions per second, featuring an
equivalent memory bandwidth of 2× 1014 GB/s. It takes full
advantage of the intrinsic parallel nature of the combinatorial
problem by comparing, at once, the data under analysis to a
set of pre-calculated “expectations”, or patterns stored in a
large “pattern bank”. Patterns matching the incoming data are
called “roads”. This approach is very efficient and can provide
solutions at the same rate as the data can be loaded into the
system.

The second stage, composed of the Track Fitter (TF) and the
Data Organizer (DO), is implemented in FPGAs. The DO is a
form of smart database, which interfaces the low resolution
pattern matching stage to the high resolution track fitting.
The TF receives track candidates as combinations of high
resolution hits to refine the results of the pattern matching.
“Hit” refers to a particle’s energy deposition cluster centroid,
as the particle traverses the silicon detector layers. Track fitting
is done rapidly by replacing a helical fit with a simplified
calculation that is linear in the local hit position in each
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silicon layer. The calculation is a set of scalar products of
the hit coordinates and the pre-calculated constants that take
into account the detector geometry and alignment. Tracks
satisfying a cut on the fit χ2 are kept.

The described real time tracker provides the required per-
formance for relatively low cost, low power consumption and
small space demands compared to the CPU farm needed
to provide equivalent results. However, even if the trigger
problem is strongly mitigated by the dedicated hardware,
the offline computing task executed by CPU farms, remains
extremely complex. In fact, for each kind of trigger selection
implemented in the experiment, the FTK, like any other system
that performs computations in real-time, has to be simulated
in detail, since its effects on the efficiency and background
rejection of the acquired samples have to be carefully studied.
In addition, real time tracking is very important at the trigger
level, and it will be involved in almost all sample selections
for more than 20 years, making the problem of Monte Carlo
production for studies of trigger performances a “Big Data”
problem that requires an extremely efficient solution. The
emulation of the functionality of such parallelized hardware
on conventional CPUs is slower compared to the performance
on the dedicate hardware since the high parallelism of the
hardware needs to be emulated in a large number of sequential
steps on the CPUs. The large AM bank emulation in particular
is quite resource-demanding: it requires a large memory and
CPU time for the processing of entire events [6]: almost 6
minutes are needed at the highest pileup level foreseen for
the Large Hadron Collider (LHC) before 2020. This is to be
compared with 10 µs on the real time hardware [2]. Given
that hundreds of events are written on tape each second and
simulated samples should amount to a volume comparable to
that of the acquired samples, emulating the AM in software is
impractical.

We propose as a solution the use of a hardware co-processor,
made of the actual AM chips and FPGAs, to implement a
software / hardware co-simulation environment. Consequently,
the computational load is carried out by the hardware. Using
the chip itself will guarantee the offline algorithm to be
perfectly equal to the online one. Simulating the behavior of
the AM chip is rendered useless, since the chip itself is used
to provide the results.

We present here a novel, miniaturized implementation of the
real time processing unit, the mini-PU, that is an embedded
system able to handle efficiently a set of AM chips (or any
other pattern matching system), and able to be interfaced with
general purpose computing systems like a multi-core CPU or
a GPU. The following elements are required for the mini-PU:
(1) at least one powerful FPGA interfaced to a low-latency
memory chip and directly connected to a pattern matching
system, (2) Ethernet & PCI Express I/O for connection with
general-purpose computers, (3) A configuration protocol, to
configure and control the pattern bank and its behavior, (4)
Processing functions (in particular data sorting and track
fitting) implemented on an FPGA, to be executed in real-time.

Fig. 1 shows a candidate mini-PU, where the elements (1),
(2), (3) and (4) are successfully implemented and currently
used for AM chip tests in FTK [7] and CMS [8], based on

Fig. 1. EK-U1-KCU105-G Kintex Ultrascale Development board used to
implement the mini-PU.

a latest generation Xilinx Ultrascale evaluation board (Xilinx
KCU105). We present in this paper the implementation of the
fourth element, the most complex functions complementary to
the pattern matching, showing much better performance than
obtained in the past [2], [9].

II. BEYOND THE STATE OF THE ART FOR MONTE CARLO
PRODUCTION

Large Monte Carlo productions simulating thousands of
events in the complex High Energy Physics (HEP) detectors
have been always executed by large CPU farms. Tracking
devices, and in particular the silicon detectors which are be-
coming the predominant tracking technology, play an essential
role in the observation of interesting events. In fact, they
provide very detailed information for charged particles and
they can separate most of the different particle trajectories
in the overlapping collisions recorded in the same event.
However, these detectors contain hundreds of millions of chan-
nels, making the problem of complete tracking a formidable
challenge even for large computing farms [10].

The amount of produced data has increased dramatically
over the last years, outperforming even Moore’s law. The gap
between the data growth compared to transistor scaling has
started becoming obvious over the last 5 years. The “Data
Deluge” is increasing computation requirements, demanding
new processing and computing methods, new storage devices
to tackle the increasing gap between the growth of data and
processing power.

In addition, further scaling of transistor leads to steadily
increasing power consumption (Dennard scaling law), high
power density and high clock frequencies, heading away from
the operating points of the most efficient computing system,
the biological brain [11].

Compared to CPU / GPU implementations, FPGA-based
hardware accelerators can achieve up to 25x higher perfor-
mance per watt and 50–75x smaller latencies [12]. FPGAs can
provide much higher energy efficiency in several applications
like sliding-windows applications and in some cases orders of
magnitude better than CPUs and GPUs [13]. The fine-grain
programmable logic elements of FPGAs can provide high
flexibility but they come with a need of a large area for the
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switching elements that connect the configurable blocks. When
targeting specifically dataflow-based applications, an efficient
utilization of the programmable elements can further reduce
the power consumption by 4x–8x.

Our mini-PU is in line with the innovative ideas of new
brain-like architectures and cognitive computing systems re-
cently proposed to face the Data Deluge [11]. This technology,
that was developed for the trigger systems of hadron collider
experiments, is based on a very efficient pattern matching al-
gorithm implementation, exploiting the low level parallelized,
dedicated hardware for an extremely efficient pre-processing
step. This organization is similar to models of the vision
processing task performed by the brain. The most convincing
models that try to validate brain functioning hypotheses are
extremely similar to the real-time architectures developed
for HEP. A multilevel model seems appropriate to describe
the brain organization for image processing [14]: “the brain
works by dramatically reducing input information by selecting
for higher-level processing and long-term storage only those
input data that match a particular set of memorized patterns.
The double constraint of finite computing power and finite
output bandwidth determines to a large extent what type of
information is found to be meaningful or relevant and becomes
part of higher level processing and longer-term memory”.

Our mini-PU has been used for image pre-processing [15].
The goal of this work, instead, is to provide the same advan-
tages and organization to the offline computing. It is a co-
processor that reduces strongly the amount of information for
the high level algorithms, providing a very efficient dedicated
hardware solution for a specific task, the full simulation of
the online tracker, that would require enormous resources if
executed on general purpose computers.

III. THE MINI-PU HARDWARE IMPLEMENTATION

The new embedded system (mini-PU) has to perform the
two main algorithms executed by the FTK Processing Unit [2]:
the Pattern Matching (PM) and the track fitting. They are
executed in a pipeline, and interfaced by the Data Organizer
(DO) that provides reduced resolution hits to the Pattern
Matching and well organized full resolution hits to the TF.

Fig. 1 shows our mini-PU based on a latest generation
Xilinx Ultrascale evaluation board. A mezzanine with devices
performing Pattern Matching can be connected to the large
connectors on the top of the board. The mezzanine organiza-
tion offers flexibility: it allows using the system in different
configurations and with different AM chip versions (parallel or
serial I/O, different pattern densities). This system is scalable,
since the needed number of mini-PUs can work in parallel to
obtain the required pattern bank size or timing performance.

The Data Organizer and the Track Fitter have been imple-
mented on the Kintex Ultrascale. The implementation does
not depend on the type of pattern matching device used
on the mezzanine. Fig. 2 shows the diagram of the FPGA
logic with all the connections to the needed external devices:
(a) the IPbus [16] for communication with the CPU; (b) high
frequency serial links (GTX) to communicate with the AM
pattern bank (AM); (c) a RAM controller to handle a large
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Fig. 2. Simple firmware block diagram.

external look-up table (AMMap) that, when addressed by a
found road, is able to provide the addresses needed to recover
the full resolution hits associated to the road.

A. The Data Organizer

The Data Organizer is a core component of the FPGA
firmware, interfacing the pattern matching step with the gener-
ation of hit combinations and the full-resolution track fitting. It
stores the full resolution hits (writing phase, whose data paths
are shown in red in Fig. 2) according to their 16-bit Super-Strip
identifiers (SSIDs, representing low resolution hits), and later
retrieves them (reading phase, whose data paths are shown in
green in Fig. 2) according to the pattern matching results.

There are a number of requirements that have to be met by
the DO, making the design of a fast and compact implementa-
tion challenging. First of all, it has to support the AM Chip’s
Don’t Care capability [4]. Each pattern and each detector layer
within a pattern is able to use the global SS width, but we can
use the “don’t care” feature to increase the width when that
is more appropriate. Patterns are able to match a maximum
of 8 consecutive SSs per detector layer. The Data Organizer
must be able to handle a variable number of consecutive SSs to
select hits belonging to a road that can have variable size. This
improves the overall efficiency of the pattern bank, effectively
allowing variable shape patterns. Furthermore, there should be
no hard limit imposed on the number of hits that can be stored
for a Super-Strip (SS). Finally, there should be no restriction
on the order in which the full resolution hits arrive.

A simplified block diagram of the DO and its role within the
system can be seen at Fig. 2. The basis of the DO architecture
is the DO core, which is replicated for each detector layer. In
this way, all cores are working in parallel and independently
to each other. Inside the DO core, there is a set of BRAM-
based memories working together to form the equivalent of a
“collection of linked lists” in hardware; one linked list for each
SSID. The DO core is built around three main memories: the
Hit List Memory (HLM), the Hit List Pointer (HLP), and the
Previous Address Memory (PAM). The full resolution hits are
written in the HLM in the order in which they arrive (in Fig. 2
this is represented by the “counter 10b” which is incremented
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at each hit arrival). The HLP memory locations have a one-to-
one correspondence to all possible SSIDs. At the same time
the hit arrives to the HLM, the corresponding SSID arrives
to address the HLP memory, whose memory content is then
updated with the address of the last hit arrived to the HLM
for that specific SS. At the same time, the PAM, having the
same size as the HLM, is updated with the invalidated address
the HLP held for that SS. Thus, the PAM holds the address in
the HLM of the previous hit that belongs to the same SSID, if
there is one; or zero, if the first hit of the SSID is concerned.

To read the contents of a SS, when a road is received, the
HLP is addressed by the SSID generated by the AMMap,
producing the address in the HLM of the last hit that appeared
for that SS. The PAM initially gets addressed by that and then
by its own content, producing one by one the HLM addresses
of the rest of the hits belonging to that SS, until it produces
an address of zero, when there are no more hits to be read. At
that point, the HLM / PAM memory combination is ready
to process the next SS. To keep the read bandwidth high,
the HLM / PAM memories are replicated, and two ports per
memory are used. Thus, when one unit is busy reading the
hits of a SS, the next SS can be read out by other memory
ports.

To account for the case of a missing layer and support
the Don’t Care pattern matching capability, the HLP contents
have to be reset across events. That is due to the fact that in
these cases, the DO may be requested to read the contents
of SSIDs for which no data have been written in an event.
If no provision is made for that fact, and the HLP memory
contents are not reset, leftover HLP data from previous events
may be read instead, erroneously. However, BRAM memory
contents cannot be reset in a single clock cycle. To overcome
this, a Region Valid (RV) register file is used, which is reset
at the beginning of each event. To reduce the size of the
register file (2k instead of 64k, which would be necessary
to accommodate all possible 16-bit SSIDs), the HLP memory
width has been selected in such a way that each HLP memory
location actually covers 32 SSIDs. Thus, each bit of the RV
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register file indicates if current event data have been written
in any of the 32 SSIDs that make up its corresponding region;
only a subset of the 2k regions are activated in any event. The
first time in an event that data are written in a region, the
whole region gets reset before the writing. On the read phase,
if data are requested from a non activated region, the request
is ignored. This also has a favorable impact on performance:
it makes it possible to read in one clock cycle, all the possible
hit locations of the SSIDs requested by patterns with Don’t
care bits enabled. Hence, on the reading phase, the HLP can
fetch all the addresses for each pattern, on each clock cycle.
As mentioned before, the dual-port HLM / PAM memories are
duplicated, so there are four channels reading at the same time.
That provides the necessary memory bandwidth to support the
fast, parallelized HLP output.

The maximum operating frequency of the Data Organizer
is fmax,DO = 400 MHz. When writing it accepts batches
of 8 hits, followed by idle periods of 8 clock cycles. In
the first set of 8 cycles, the RV and the HLP contents are
read. All possible collisions within the batch of 8 hits are
examined, and in the following 8 clock cycles the correct data
are written to the memories. Thus, the input rate for the hit
writing phase is 200 MHits/layer/s. Thanks to the parallelism
and replication of the memory structures, the hit reading phase
has a maximum output rate of 1600 MHits/layer/s.

B. The Combiner and the Track Fitter

Between the DO module and each TF unit, a Combiner
module is necessary to compute all the possible hit combina-
tions that can form valid tracks.

The Combiner’s function is simple, but in order to be able
to process one combination per clock cycle, the hardware
implementation has a long critical path, which prevents its
operating frequency from matching that of the TF. To effec-
tively utilize the computing resources, two combiner units are
assigned to each TF, each running at a frequency exactly half
that of the TF (fmax,Comb = 250 MHz), with their results
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being multiplexed on its input. Every clock cycle, a Combiner
unit produces exactly one combination. It’s worth to note that
between successive roads, there is no downtime, making it
possible to process a different one-track road on each clock
cycle.

The block diagram of the Combiner unit core can be seen
in Fig. 3. Each hit memory is split into sectors, each one
filled with the hits from a specific road. During the read
state, the sector data are written by the DO, asynchronously
to the Combiner, in a cyclic way. That is similar to the way
an asynchronous FIFO memory handles its data, with empty
and full flags being generated for their corresponding clock
domains to protect the hit data from being overwritten. Due
to its simple structure, the architecture is easily adaptable
for an arbitrary number of layers. Since increasing the num-
ber of layers will bring the operating frequency down from
fmax,Comb = 250 MHz in the case of 8 layers, one can exploit
higher level parallelism by changing the ratio of Combiner
units per TF.

The TF units extract the five helix parameters from the
local hit coordinates by employing linear functions and using
a χ2 cut as a goodness of fit indicator. The resolution of the
resulting fit approaches that of a full helical fit, as long as
the fit coefficients are generated for a narrow sector of the
detector.

Making extensive use of dedicated DSP units in modern
FPGA devices, one can realize a very fast implementation.
The block diagram of the TF architecture can be seen in
Fig. 4. The architecture tries to strike a balance between low
latency and resource usage (both DSP and register), while
maintaining a high operating frequency and exploiting the
parallelism capabilities of FPGAs. Each TF unit operating at
fmax,TF = 500 MHz can output a fit every 2 ns, after an
initial latency of ∼90 ns. Four units can fit in a modern mid-
range device, providing a maximum fitting performance of
2 GFits/s. Such a high performance can help in maintaining
the trigger efficiency in a high occupancy environment.

IV. EVENT PROCESSING TIME AND VALIDATION

While the AM chip performance is well known since the
chip is an ASIC and has a fixed hardware configuration and has
been used extensively in the FTK project [17], the performance
of the algorithms implemented on the FPGA is much more
sensitive to the specific design and working conditions.

The FPGA design performance has been studied using
the simulation of a “toy” detector that resembles the silicon
detector geometries of the LHC experiments. The detector
simulation is strongly simplified compared to the LHC de-
tector simulations (e.g. detector material and noise are not
simulated), however it is appropriate for our main goals which
are: (a) to measure the mini-PU processing speed as a function
of number of roads to be processed in the event and fits
per real track to be executed; and (b) to verify that the
algorithms implemented in the FPGA do not have any loss
of precision compared to the equivalent ones executed in the
CPU. The simulated events reproduce the occupancy generated
by crowded, energetic jets. Inside those jets the number of fits
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Fig. 5. The detector geometry with concentric cylindrical layers, with a z
axis coinciding with the axes of the cylinders, along the beam direction.

to be executed increases exponentially due to the fact that two
or more tracks can enter inside the same road [18]. Detector
details are not relevant for our study since the overload caused
by jets is enough to produce the desired exponential grow of
found roads and fits. Fig. 5 shows a cross-section transverse
to the beam. The three inner cylindrical layers represent pixel
detectors and the five outer layers, strip detectors.

A stand-alone simulation program has been used to generate
tracks in a restricted phase space. The generated tracks have a
flat PT distribution (momentum transverse to the beam axis,
z) starting from a minimum of 2 GeV, a uniform impact
parameter in the transverse plane, d0[mm] ∈ (−1, 1), and a
uniform distance from the center of the detector along the
beam, z0[mm] ∈ (−2, 2). The direction of the tracks with
respect to the z axis, η = − ln(tan(θ/2)) ∈ (0.1, 0.2), and
with respect to the x axis on the transverse x − y plane,
φ0[rad] ∈ (0.69, 0.88), represents a narrow region, as shown
in Fig. 5. Quasi-realistic resolutions are used in the “toy”
experiments to generate the hit positions in the detector layers:
8 µm for the pixel layers in both directions, and 20 µm for the
strip layers.

A. The processing time as a function of the detector occupancy

The simulation program performs the two fundamental steps
to reconstruct the event, in order to reproduce the behavior
of the hardware procedure: (1) coarse track (road) finding:
all roads are found by simulating the pattern matching; (2)
track fitting: each found road is processed to compute the track
parameter values of the best quality tracks and to reject the
fake ones.

Because of the low resolution used for the PM, a road may
contain physical hits belonging to different particles. Also,
depending on the road size and on the event hit density,
there is a level of combinatorial background consisting of
fake roads, i.e., track candidates that will be rejected at full
resolution. Therefore, the processing time of the track fitting
strictly depends on the following quantities:

• occupancy: the track density, which is the average number
of tracks in the area handled by a mini-PU
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• roads per track: the average ratio between the number of
matching roads and the number of actual tracks per event;

• combinations per road: the average number of hit com-
binations to be fitted per road.

The average number of fits executed per real track is calcu-
lated as the product of the roads per track and the combinations
per road, and is strongly dependent on the occupancy of the
detector: when many tracks are in a small phase space, like
inside high energy jets, the number of fits to be executed
increases substantially, and with it, the time needed to process
such events.

The effect of the detector occupancy on the processing
time is shown in Fig. 6. The processing time is studied as
a function of the main parameter of the system, the track
density in the region processed by a mini-PU, a cone of size
∆η × ∆φ ≈ 0.1 × 0.2 for this study. For each different
occupancy value, many equivalent events are generated and
processed by the mini-PU. For five and ten tracks in this
narrow space, a histogram of the processing time can be seen
in Fig. 7. The processing time adheres very well to the formula
tproc = 290 + 2Nfits[ns], which describes two components: a
fixed initial latency; and a factor that depends on the number
of fits to be performed. The distribution for five tracks is
asymmetric, as the initial latency is a significant component
of the distribution, skewing it to the right. Both distributions
have long tails towards high values, corresponding to the
cases of large number of fits to be processed. The average
number of roads for five tracks is Nroads,5 = 34 and for ten
tracks it is Nroads,5 = 197; while the average number of fits
is Nfits,5 = 683 and Nfits,10 = 25403, respectively. The
Super-Strip size is a constant in the system, and chosen for
each detector layer to be: SSpix[mm] = {(1, 1), (2, 1), (3, 1)},
SSstrip[mm] = {2, 3, 10, 22, 44}

For each fixed detector occupancy the processing time of
the mini-PU is measured, and the average for a large number
of events is calculated. Fig. 6 shows the average processing
time for each detector occupancy. For 1-3 tracks per event the
processing time is almost constant, just ∼300 ns. For crowded
events it increases and it becomes ∼50 µs in the case of events
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Fig. 7. Histogram of the processing times for 5 and 10 tracks inside the phase
space ∆η ×∆φ ≈ 0.1× 0.2.

with an occupancy of 10 tracks, which means that ∼5 µs are
needed per track. This is a very good result, considering that
the last point represents a really extreme case, that can be
compared to the most energetic and crowded jets [19]. Real
events are more complete since they contain additional hits
from spurious other collisions, low pT particles, and detector
noise, however for a rough estimation of number of fits to
be executed, latency and number of fakes, the contribution of
stiff, collimated, very near tracks is the most relevant.

B. Hardware Validation and Tracking Performance

The simulation produces input test vectors for the FPGA
(the detector hits, the roads found by the AM, and the fitting
constants) and generates the expected output, fitted tracks, to
check the hardware functionality and to validate the tracking
quality of as a function of track density.

The simulation was run over thousands of tracks to validate
the hardware, and there was a bit-level agreement between
the simulation and the hardware results for all the relevant
quantities: the fitted parameters and the χ2 values, used to
select the real tracks and reject the fakes. Fig. 8 shows
the theoretical χ2 distribution (for 6 degrees of freedom),
superimposed to the χ2 distribution of fits executed by a
floating point calculation (CPU task), and by a fixed point
calculation (mini-PU task) on events with a single track inside
the cone, to exclude fakes and only consider good tracks. The
distributions overlap perfectly. Requiring a χ2 of less than 20,
retains 99.5 % of the tracks; this is the cut used to reject the
fake tracks.

Fig. 9 shows the track efficiency and the percentage of
fakes as a function of the occupancy in the region shown
in Fig. 5, ∆η × ∆φ ≈ 0.1 × 0.2. The efficiency is flat and
high (greater than 99 %) for any detector occupancy, while
the number of fakes is very low for a small occupancy (<2 %
for a track density less than 3) and reaches 8 % for a high
detector occupancy. The last point in the plot corresponds to
10 tracks in a region equivalent to a jet cone of radius ∼0.22.
This is a very high density of tracks and the increase of fakes
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is an expected effect. The χ2 cut can be tuned choosing lower
values to reduce the fakes at the price of a lower efficiency.

Fig. 10 shows that the resolution of the fitted curvature
(1/PT ) and impact parameter (d0), for tracks that have a
good χ2 (below the cut at 20) in a minimum occupancy
environment, is in excellent agreement between the CPU
and mini-PU calculations. The resolutions shown in Fig. 10
(σ1/PT

= 6.5× 10−4, σd0
= 9 µm) reflect the quasi-realistic

resolution used in the “toy” experiments (8 µm for the hit
positions on the pixel layers, and 20 µm for the strip layers).

V. TRACK RECONSTRUCTION PERFORMANCE
COMPARISON

The new implementations of the DO and TF algorithms
is quite improved even with respect to the FTK [2]. The
presented firmware runs at frequencies of 250 MHz, 400 MHz
and 500 MHz (see Section III) well above the 200 MHz clock
of the same FTK functions.

An interesting technology which recently has attracted the
attention of the high energy physics community for real-time
applications is GPU processing. Both ATLAS [17] [20] and
CMS [21] are studying the performance of real time tracking
at LHC executed on modern GPUs. Even if the comparison
with the CPU performances is promising, the latency to
execute tracking is at least tens of milliseconds for simplified
algorithms and lower detector occupancy, with a fast grow
above hundreds of milliseconds when the occupancy increases.
In conclusion, our hardware approach is today thousands of
times faster than any available commercial computing device.

The short latency achievable by the parallelized AM system,
in conjunction with the FPGA implementation presented here,
is today thousands times faster than any commercially avail-
able device. Therefore, both CMS and ATLAS consider its
possible application at the first level trigger (L1) [4] for the
future accelerator upgrades, when the LHC luminosity will
cause hundreds of pile-up collisions and will require much
faster and more efficient trigger selections.
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Fig. 9. The track efficiency and the number of fake tracks as a function of
the number of generated tracks inside the phase space ∆η×∆φ ≈ 0.1×0.2.

VI. CONCLUSIONS

The implementation and performance of a hardware co-
processor for the simulation of online, very parallelized track-
ing have been described. All the functions complementary to
the pattern matching, have been implemented on an FPGA
device, using a development board. A python program imple-
menting a simplified toy detector model was designed to help
with the characterization and validation of these functions.
The hardware was successfully validated, with the hardware
results matching the software results perfectly for thousands of
events. The performance of the implemented system in terms
of speed is many times faster than any other existing solution.
The DO runs at 400 MHz, providing a maximum output rate of
1600 MHits/layer/s to the TF that running at 500 MHz is able
to output 1 fit each 2 ns. This performance surpasses even that
of the original FTK system. The resolution of the fixed-point
implementation of the fitting algorithms is also very close to
that of the floating-point CPU implementation. In conclusion
the mini-PU is a good candidate to speed up the simulation of
thousands of Monte Carlo events needed to study the trigger
efficiency in experiments that are planning the use of highly
parallelized online tracking devices.
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