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ABSTRACT
Exponential increases in scientific experimental data are outpacing silicon technology progress, necessitating heterogeneous computing
systems—particularly those utilizing machine learning (ML)—to meet future scientific computing demands. The growing importance and
complexity of heterogeneous computing systems require systematic modeling to understand and predict the effective roles for ML. We present
a model that addresses this need by framing the key aspects of data collection pipelines and constraints and combining them with the impor-
tant vectors of technology that shape alternatives, computing metrics that allow complex alternatives to be compared. For instance, a data
collection pipeline may be characterized by parameters such as sensor sampling rates and the overall relevancy of retrieved samples. Alterna-
tives to this pipeline are enabled by development vectors including ML, parallelization, advancing CMOS, and neuromorphic computing. By
calculating metrics for each alternative such as overall F1 score, power, hardware cost, and energy expended per relevant sample, our model
allows alternative data collection systems to be rigorously compared. We apply this model to the Compact Muon Solenoid experiment and
its planned high luminosity-large hadron collider upgrade, evaluating novel technologies for the data acquisition system (DAQ), including
ML-based filtering and parallelized software. The results demonstrate that improvements to early DAQ stages significantly reduce resources
required later, with a power reduction of 60% and increased relevant data retrieval per unit power (from 0.065 to 0.31 samples/kJ). However,
we predict that further advances will be required in order to meet overall power and cost constraints for the DAQ.

© 2024 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0232456

I. INTRODUCTION
Progress in many scientific disciplines depends on the ability to

collect and analyze increasingly large volumes of experimental data.
Scientific experiments including x-ray microscopy, radio astron-
omy, characterization of neutrinos, and exploration of high-energy
physics (HEP) will produce more data than in previous decades.1–4

HEP in particular is data intensive: detectors currently produce over
80 TB/s, with future increases planned.5 This growth is a natural
result of progress: refinement of extant knowledge requires higher
precision, and discovery of new phenomena requires searching fur-
ther and in greater detail than previously possible; achieving either
goal in such experiments depends on an increased ability to carry
out experiments and process data.

Historically, increased demand for data processing in scien-
tific experiments was accompanied by multiple improvements in
computing technologies, particularly in the areas of processing and

communication. Processors became faster, memory became less
expensive, and communication links improved in capacity and effi-
ciency.6 These advances enabled processing and transmitting greater
amounts of data without a corresponding increase in power and
space requirements. However, shifts in trends of microelectronic
development—such as the end of Dennard scaling and the slow-
down in Moore scaling—have reduced the rate of improvement in
computing.7

This situation has motivated new trends in computer soft-
ware and architecture. One high-profile advancement has been the
growing capability of machine learning (ML) techniques, which
has motivated a growing variety of ML-focused components to be
brought to market.8 In general, computing components focused
on improving compute performance within certain domains are
becoming commonplace and include graphics processors, network
processors, and neuromorphic systems.9 The broadening availability
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of these components provides new opportunities for the designers
of computing systems, but evaluating their application—where and
how they should be integrated into computing systems to provide
advantages over conventional approaches—remains a novel chal-
lenge. ML-based approaches must ultimately be effective not only in
isolated tests and validation, but provide net gains in efficiency and
effectiveness when integrated into larger computational systems.

We provide an analytical, predictive model to evaluate the
opportunities offered by novel approaches for computing sys-
tems. This “SystemFlow” model utilizes properties from individual
hardware components to estimate the overall flow of information
through a real-time computing system. Identifying these properties
allows researchers from multiple disciplines, from devices to algo-
rithms, to examine the impact their contributions can make toward
improving system-level properties such as total power, effective-
ness at retrieving relevant experimental data, number of computing
devices required, and vectors toward future system improvement.
This empowers researchers to systematically evaluate the role of
emerging devices and architectures within large-scale computing
systems.

We demonstrate the application of this model to examine the
performance of HEP data acquisition systems at the Compact Muon
Solenoid (CMS) experiment at the Large Hadron Collider (LHC),10

and we quantify the benefits of multiple component-level changes.
These include introducing novel ML-based data reduction proces-
sors, improving the skill of classifiers, integrating parallelized algo-
rithms, and varying system-level parameters such as data retention
rates.

II. BACKGROUND
A. Computing trends

The end of Dennard scaling in the mid-2000s and the slow-
down in the scaling of transistors and other devices have moti-
vated numerous shifts in computing. In software, parallelism of
computer programs has become highly important, and ML capa-
bilities have developed into a powerful tool that can introduce
entirely new capabilities into processing systems and approximate
expensive computations using fewer resources.11–13 In hardware,

commercial systems have begun to more broadly leverage special-
ized instructions, representations, and circuit topologies.9

As a result, modern high-performance computing systems are
constructed not only from CPUs but also from a variety of com-
ponents, including graphics processing units (GPUs), AI acceler-
ators, field-programmable gate arrays (FPGAs), and application-
specific integrated circuits (ASICs).8,14,15 However, each of these
components remains fundamentally based on the same technol-
ogy: digital electronics. Therefore, to project each of these hardware
components’ future capabilities, we assume that they will corre-
spond to the gradually slowing improvements in digital electronics.
In particular, we assume that circuit density will continue to increase
while maintaining an approximately constant per-element operat-
ing speed and total power dissipation level. For instance, CPUs,
GPUs, and accelerators will provide more computing through-
put (operations, “ops”) at approximately constant speeds and total
power.

In concert with processing, communication technologies play
a crucial role in enabling computational systems. Edholm’s law of
bandwidth describes the scaling of wired and wireless communica-
tion that, similarly to Moore’s law, has demonstrated exponential
growth in the capacity of communication channels.16 Fast and
efficient communication is needed for computing systems across
multiple length scales, as demand for bandwidths between het-
erogeneous computing modules and memories has continued to
increase, particularly in ML where computations are often bound by
accessing data from memory. Developments in packaging, photonic
circuits, and more continue to enable higher bandwidths as well as
novel trade-offs between cost, capacity, efficiency, and transmission
distance.17–19

The design and integration of novel processing and commu-
nication technologies into a computing system require significant
engineering effort. To evaluate the benefits and trade-offs offered
by novel technologies, one must measure their ultimate impact
on system performance in comparison with employing standard
technologies. HEP is one data-driven discipline that has applied
computer-based analysis and experimental control for decades. To
demonstrate the impacts that novel technologies may have on future
experiments, we utilize HEP data acquisition systems (DAQs) as a
case study.

FIG. 1. The amount of data that an experiment produces must be matched with a downstream computational system that meets or exceeds its needs. In high-energy particle
colliders, experimental variables such as luminosity and the resolution of detector systems influence the overall amount of data produced. Systems that analyze and classify
the data require communication and processing systems. The power, area, and scalability of these systems are influenced by the specific technology being deployed.
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B. Data and computing in high-energy physics
The identification of fundamental physical particles and inter-

action mechanisms is a long-standing scientific goal, addressed over
the previous century by refining theoretical models and collecting
evidence to support or refute these theories. In order to accom-
plish this, bunches of particles are accelerated and directed to collide
at precise locations surrounded by detectors. The products of each
collision are measured through properties such as electromagnetic
traces and energy deposits.10,20 These measurements allow for the
identification of individual particles, their energies, and trajectories.
Determining these parameters with high confidence enables a post
hoc analysis to “reconstruct” the full interaction that led to a given
set of products, identifying intermediate stages that are not directly
measured by the detector (Fig. 1).21

The Compact Muon Solenoid experiment is one of two general-
purpose detectors installed at the LHC. Under current conditions,
the detector records ∼2.0 MB of data each time two bunches of par-
ticles cross at the interaction point.5 These samples, termed “events”
in HEP, are produced at the bunch crossing rate of 40 MHz, pro-
ducing a combined output rate of ∼80 TB/s—a volume of data that
cannot sustainably be stored over months of experimental runs.

However, counterbalancing this torrent of data is the scarcity
of results that are believed to contain novel data relevant to cur-
rent physics experiments. For instance, models predict that currently
the LHC produces a Higgs boson only once every few seconds.22 In
order to maintain a sustainable output, the CMS detector’s current
(phase-1) DAQ is configured to ultimately save only 1 out of every
40 000 events, selecting for later analysis only those with specific
signatures.4,23 Currently, most DAQ systems utilize multiple pro-
cessing stages to carry out this selection process in real time; to select
events of interest, the DAQ must achieve a sensitivity on the order
of parts per billion (Fig. 1).

The objective of the CMS DAQ is to maximize the capture of
novel information for physics experiments, such as characterizing
the Higgs boson and searching for evidence of supersymmetric par-
ticles. These data may be rare; with samples being produced at a
rate of 40 MHz, this implies that the selectivity of the DAQ must
exceed parts per billion. This leads to strict requirements for algo-
rithms that can detect relevant features from sensor data with high
confidence and speed. The CMS DAQ utilizes two major processing
stages to achieve this high selectivity: the Level-1 Trigger (L1T) and
High-Level Trigger (HLT).

In its current phase-1 DAQ configuration, the L1T utilizes
information from the CMS muon and calorimetry systems to infer
the presence of particles with high momenta (such as muons, tau
leptons, electrons, and photons), as well as groups of particles with
high energy (such as hadronic jets). These markers indicate that a
rare, high-energy interaction may have taken place. Algorithms to
examine detector data for these features are implemented in FPGA
hardware located near the detector but in a radiation-safe zone.
These results are used to down select samples produced by the detec-
tor, with algorithms calibrated to pass, on average, one in every 400
samples to the next stage of analysis.

The HLT utilizes more complex algorithms and all available
data from CMS detector systems to “reconstruct” the event that led
to the patterns recorded by the detector. This is a much more energy-
intensive process than the simple feature detection used in the
L1T; in the phase-1 HLT, software implementing the reconstruction

algorithms is run on commodity hardware (CPUs) in a conventional
datacenter. This process further down selects samples by a ratio of 1
to 100, leading to a final sample output rate of 1 kHz.

Numerous strategies for advancing the capabilities of DAQ sys-
tems leverage growing ML capabilities for tasks such as momentum
prediction, track reconstruction, jet flavor tagging, and anomaly
detection.24–26 These capabilities may be applied to reduce the
latency of an analysis and improve its throughput and performance
while reducing the amount of energy and material it requires to exe-
cute. In order to evaluate the impact novel hardware and algorithms
may have on performance of DAQ and other real-time comput-
ing systems, a systematic evaluation model is needed. Applying our
performance model, we perform a case study on the CMS DAQ to
estimate the impact of novel technologies, including an ML-based
data reduction method.

III. THE SYSTEMFLOW MODEL
A. Overview

Most modern scientific experiments produce digital data that
must be analyzed and stored by a computing system. In order to
avoid losing valuable data, a computing system must be matched
to meet the requirements of an experiment. We utilize several key
descriptors to capture both the needs of a scientific experiment and
the attributes of technologies that may be deployed to meet those
needs. These descriptors are shown in Fig. 2.

B. Experimental characterization
A scientific experiment that produces digital data has several

basic properties that predict the basic needs a computing system
must meet. We predict these needs through the metrics of sen-
sor occupancy (the proportion of sensing elements producing a
non-zero result), the maximum number of experimental samples
produced per second (Hz), and the proportion of samples that are
relevant to scientific goals (%).

C. Technological characterization
A computing system’s components may be partitioned into

four major categories: input, communication, processing, and out-
put. Inputs collect information from the environment. Communi-
cation technologies enable the transport of information between
different locations. Processing technologies utilize algorithms to
transform information. Outputs may store information or present
it to the environment.

The arrangement of these components into a computing sys-
tem may be represented as a directed graph, where inputs, outputs,
and processing are represented by nodes and are connected via
communication links (edges). In the case of data analysis systems
for experiments, these graphs may take the form of trees, where
information flows “upward” from input sensors to intermediate pro-
cessing stages, eventually coalescing at the system’s outputs. The
requirements and performance of the system depend on the inter-
action of each part as information flows up from the sensors toward
storage, implementing a processing pipeline.

We model the propagation of information through such a pro-
cessing pipeline. This is accomplished by identifying the amount of
information produced by each node and propagating it up the tree.
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FIG. 2. In a SystemFlow model, components of a computing system are classified into inputs, processing, and communication. Each category utilizes metrics and functions
to capture how it transforms information and the requirements needed to do so. Each alternative technology for sensing, communication, and processing will have a unique
set of attributes. By simulating the flow of messages containing information through this system, the attributes of each component interact to estimate component and
system-level outputs, costs, and productivity metrics (such as processing power, communication channels, and number of true positive samples produced per second).

Information is contained in discrete “messages” that originate at
input nodes with a given frequency. Communication links transport
these messages to processing stages. These stages implement algo-
rithms that can change the amount of information in the message,
increasing it by providing new analyses or reducing it by applying
compression or removing irrelevant data. In addition, information
from analysis may be used to make a decision such as to discard a
message. The propagation and modification of messages are simu-
lated until each one either is discarded or reaches an output node.
Since this model describes the flow of messages through a computing
system, we term this approach the “SystemFlow” model.

1. Inputs
We define an input as a node that records information from the

environment with a set number of elements (resolution) and preci-
sion. Examples include a camera recording an image from millions
of pixels with 8-bit color or a spectrometer recording 1024 frequen-
cies with 16-bit precision. The constants defined by the experimental
characterization and input design determine the size of messages

(bits), proportion of messages relevant to the experiment (%), and
the rate at which they are introduced into the system (Hz). These
parameters are determined empirically (experimental environment)
or by the system designer (sensor design).

2. Communication
Communication links are responsible for transporting infor-

mation between different logical units in a computing system. These
may take many different forms, from buses implemented via metal
traces in a silicon wafer to long-range photonic links. Each is
characterized by several parameters, chiefly latency (s), bandwidth
[bits/(second ⋅ channel)], efficiency (J/bit), and area requirements
or “shoreline” (mm/channel). These are determined empirically for
each available technology.

3. Processing
Processors implement algorithms chosen by system designers

to carry out analyses relevant to a given message. Examples include
classical algorithms such as binning, peak detection, and graph
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analysis, as well as ML techniques for object recognition and classifi-
cation. In hardware, each algorithm is realized by discrete processing
steps that are taken for it to execute (ops). The number of ops may
vary with the size of an incoming message and the algorithm. In
the best case, ops remain constant with the size of an input; more
often, they will scale linearly, polynomially, or even more aggres-
sively. Furthermore, each algorithm may require greater or fewer
ops for messages of identical size based on its contents (i.e., more
“complex” data incur more branching and processing steps). We
avoid the latter complexity by assuming that the number of mes-
sages passing through the system is large, and an average processing
time per message of a given size suffices to estimate a functional
relationship between the two metrics (bits and ops). Empirically or
theoretically capturing the functional complexity for an algorithm
on a processing technology translates informational requirements
into hardware requirements; capturing this relationship is necessary
to estimate how changing experimental conditions will induce new
requirements for processing hardware. Knock-on requirements for
each op, such as silicon area, power, and cost, can then be estimated
for each hardware system. Functional scaling of ops and knock-on
requirements varies for different technologies (e.g., CPU, GPU, and
ASIC) and may be modeled empirically and/or theoretically.

After executing the necessary algorithm, a processing node will
pass a message containing a result to the next node up the tree via
a communication link. The size of this message will vary based on
the processing stage; analyses may add information (such as high-
level objects recognized) or remove information (transforming a full
vector of wavelengths into a small list of peaks). This is measured in
bits and may remain constant or vary with the size of the input.

One subset of algorithms induce an additional consideration:
classification algorithms can determine whether an incoming mes-
sage is relevant to an experiment. When irrelevant, a message is
dropped at the given processing node and does not propagate up
the tree toward the output. In order to capture the performance of
this classification process, the distribution of scores produced by the
classifier analyzing relevant and irrelevant populations is modeled.
Capturing this relationship is necessary to estimate how modifying a
classifier to vary its sensitivity threshold will impact the performance
of the overall system. These score distributions may be estimated
empirically or parametrically and produce a confusion matrix for
each selected threshold.

4. Output
The messages that propagate up the processing tree are cap-

tured as the system’s output. This supplies the rates that must be
sustained by the storage system (bits/s), as well as the number of
relevant and irrelevant messages (true and false positives) that have
propagated up the processing tree. These statistics may be used to
estimate the overall productivity of the pipeline by calculating accu-
racy, precision, and the statistics normalized by the overall cost
(operational and capital expenditure). In contrast to the other sys-
tem components, output characteristics are not defined as a part of
the system’s definition but estimated as a response to it.

D. Model outputs
To summarize, the propagation of messages through the system

models the knock-on effects of multiple processing stages, each with

unique costs and performance characteristics. These properties may
be investigated in the model at each stage or across the system as
a whole. For instance, the power of a single processing stage or the
number of channels in one communication link may be inspected, as
well as the power of the system as a whole or its overall performance
at separating significant and insignificant samples.

Furthermore, these estimates scale to different system-level
design parameters, such as the technology utilized at each stage
and varying experimental conditions. This capability enables system
architects to not only model a system in its current configuration
but also estimate how its requirements and performance will vary as
system technologies or experimental conditions are altered.

IV. CASE STUDY: THE CMS DAQ
A. Current (phase-1) DAQ

The phase-1 configuration (described in Sec. II B) is utilized as
the baseline against which alternative systems are compared.

B. Future HL-LHC experiments
Currently, the LHC is undergoing its final experimental run

(run-3) before upgrades are made to its accelerator systems. The
objective of these upgrades is to increase the precision with which
bunches are collided in the detector, leading to more high-energy
collisions per bunch crossing. This will increase the overall lumi-
nosity of the LHC, leading to its “high-luminosity” (HL-LHC)
configuration. In subsequent HL-LHC runs in 2028 (run-4) and
2032 (run-5), the stated goal is to achieve pileups of 140 and 200,
respectively.5

Under the HL-LHC configuration, the CMS detector will
record more data per sample: an increase in pileup leads to more
particles yielded from each collision, causing the tracker to regis-
ter more charged tracks and the calorimeter to record more energy
deposits. This will lead to an increased size of 8.0 MB per sample
and a total detector data rate of 320 TB/s during run-5.5 Increasing
the number of particles also leads to greater complexity in anal-
ysis. Simulations show that the HLT analysis of run-5 events will
take ∼16 times longer than the analysis of run-3 events with current
algorithms and hardware.5 Moreover, the number of events passed
from the L1T to HLT is planned to increase 7.5 times, increasing the
L1T output rate from an average of 100 to 750 kHz. The motiva-
tion behind this change is to utilize the higher selectivity of the HLT
to retain events that might otherwise be rejected by the L1T and to
provide more experimental data.

These factors will increase the computational load that the
DAQ must sustain. To quantify this increase, we adapt the current
(phase-1) CMS DAQ into a SystemFlow model. The parameters of
this model are then shifted to simulate the conditions under the final
planned HL-LHC configuration, run-5.

C. SystemFlow DAQ model
The CMS DAQ is adapted into a SystemFlow model by utilizing

a breakdown of CMS detector subsystems to identify all input nodes
and the amount of data they produce. Processing nodes are created
for each detector subsystem, the L1T, and HLT. The HLT provides
the output of the system that is archived.5,10,27,28 This SystemFlow
model of the CMS DAQ is shown in Fig. 3.
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FIG. 3. Illustration of the CMS DAQ sys-
tem adapted into a SystemFlow model.
Samples originate at sensors providing
input to the computing system (left).
These samples are transported via com-
munication links to processing nodes
(middle), where they may change in size
and/or be discarded. These changes
propagate downstream to further pro-
cessing nodes and, eventually, the out-
put (right). The metrics necessary to
characterize each node and edge in the
SystemFlow model are taken from public
documentation.

1. Detectors
All detector subsystems within the CMS are included as input

nodes in the SystemFlow model. The effect of pileup on amount of
incoming data is included by scaling the bits recorded by each sensor
by pileup according to CMS estimates.5 A new detector system, the
high-granularity calorimeter will be installed in the CMS after run-3
and incorporated into the detector for run 4 and run 5. The signifi-
cant amounts of data produced by this subsystem are included in the
estimates for both runs.

2. L1T
Data are transported from sensors to the L1T by a custom

radiation-hardened link, the low-power gigabit transceiver. Pub-
lic data place the efficiency of this link at 22 pJ/bit.28 Algorithms
used within the L1T identify features such as high-energy particles
and “jets.”4 These relatively simple algorithms search for clusters
and peaks, and we estimate that the resources required for these
algorithms will scale approximately linearly with the amount of
incoming data from sensors. The performance of these algorithms
at classifying the incoming samples as “relevant” or “irrelevant” is
modeled in detail on the performance of identifying each high-
energy feature. For details, see Subsection 1 of the Appendix. The
power efficiency of the L1T is scaled to its current needs, ∼120 kW.28

Currently, the L1T retrieves tracking data only after identifying a
feature of interest from other data—this feedback behavior is not
included in the current model, but it produces no significant differ-
ence in the metrics predicted by the SystemFlow model, impacting

only communication costs from the detector to the trigger, which
are less than 1% of overall system usage.

3. HLT
Data accepted by the L1T are transmitted to the HLT data-

center by standard 100 gigabit Ethernet over fiber; commercially
available medium-link transceivers require ∼25 pJ/bit.29 Complex
algorithms are utilized within the HLT to identify particle tracks,
associate them with calorimeter hits, identify intermediate particles
produced by the collision, and more. The scaling of these algorithms
with increased incoming data is modeled empirically by collating
data from CMS and ATLAS experiments estimating the runtime
of HLT reconstructions under increasing pileup.5,20 The power effi-
ciency of the HLT is scaled to its current consumption, ∼1.6 MW.5
The HLT is much more complex than the L1T, with hundreds of
separate “paths” allowing an event to be selected for offline stor-
age. The overall performance of the HLT as a classifier is modeled
by utilizing public results detailing the performance of six different
trigger paths used for different experiments within the CMS (e.g.,
Higgs, supersymmetry, and exotica—see details in Subsection 4 of
the Appendix).

V. RESULTS
A. Phase-1 system

First, we examine the characteristics of the current (phase-1)
CMS DAQ as if it were scaled to meet the desired experimental goals
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TABLE I. SystemFlow estimates of phase-1 DAQ productivity by pileup and L1T reduction ratio.

L1T DAQ power Precision Recall F1 score Productivity
Pileup Reduction ratio (MW) (%) (%) (%) (1/kJ)

60 400:1 0.32 28 28 28 0.86
200 400:1 7.0 23 24 24 0.034
200 53:1 52 40 40 45 0.060

for run-5: a collider pileup of 200 and a decrease in the rejection
ratio of the L1T from 400:1 to 53:1 (increasing the effective level-1
”trigger rate” from 100 to 750 kHz and overall output of the DAQ
to 7.5 kHz). Hardware and algorithms within the system are held
constant, but hardware during run-5 (2032) is modeled as being
6.5 times more energy-efficient than at present (2024) based on a
corresponding increase in the areal density of integrated circuits
operating at constant power (see Sec. II A). DAQ productivity is
measured in the expected number of relevant samples produced per
second normalized by the power taken to acquire them (1/J). This
is produced from each SystemFlow model by multiplying the total
output rate by its system-level F1 score (1/s), normalized by power
used across the entire pipeline (J/s),

productivity = output rate
power

⋅ 2 ⋅ precision ⋅ recall
precision + recall

.

Meeting the run-5 experimental goals will have a large impact
on the DAQ. Increasing pileup from 60 to 200 greatly lengthens the
amount of runtime needed to process a sample within the HLT,
due to the increased complexity of the underlying data. In partic-
ular, processes such as reconstructing particle tracks scale poorly
with increasing pileup.28,30 Furthermore, in order to retain increased
amounts of relevant information, 7.5 times more samples will be

sent from the L1T to the HLT. Combining these changes causes
overall DAQ power requirements to increase significantly, from 0.32
to 52 MW, with the increase almost entirely stemming from CPU-
based HLT processing (Table I). The productivity experiences a net
drop from 0.80 to 0.065 1/kJ due to the greatly increased power
requirements for a moderately increased rate of relevant samples
retrieved by the system (Fig. 4).

Scaling the baseline DAQ system to the needs of run-5 is
thus undesirable, representing approximately a 20 times increase in
power expenditure compared with the phase-1 DAQ during run-
3. This motivates the changes to the system whose impacts we
investigate next.

B. Next-generation systems
We quantify and compare the impact of three major changes

proposed to improve the CMS DAQ as it scales to satisfy run-5
conditions: incorporating tracking information into the L1T, uti-
lizing GPU-based hardware in the HLT, and utilizing ML-based
detector-integrated data filtering in the CMS Inner Tracker (“smart”
sensing). The impact of these individual changes on the overall DAQ
system is modeled by introducing corresponding changes into the
SystemFlow model.

FIG. 4. Increasing the pileup of collisions
within the detector and increasing the
number of samples passed from the L1T
to the HLT significantly changes the pro-
ductivity of the overall DAQ system. As
conditions shift from run-3 (bottom left)
to run-5 (top right), net productivity first
increases by reducing the L1T’s rejec-
tion ratio. However, the energy cost of
processing more samples within the HLT
as pileup increases causes productivity
to drop steeply.
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FIG. 5. Productivity of a DAQ system
operating on an experiment with an aver-
age pileup of 200 is plotted as the reduc-
tion ratio of the L1T is reduced and
its skill is increased. Introducing higher
skill into the L1T is highly beneficial for
the overall system productivity, yielding
greater gains than simply passing more
samples to the HLT.

1. L1 Tracks
Tracking information is not utilized in the phase-1 L1T, mak-

ing certain analyses infeasible, such as distinguishing charged and
uncharged particles (e.g., electrons and photons). Future upgrades
to the L1T system focus on incorporating tracking information
and making other algorithms available to improve the selectivity
and capabilities of the L1T system.28 We explore the impact that
improved L1T classification skill has on the DAQ by increasing the
separation between scores produced by positive and negative sam-
ples in a model of the phase-1 L1T classifier (see Subsection 1 of the
Appendix for details).

Our model predicts that improving the performance of classifi-
cation within the L1T can lead to significant improvements in overall
system performance; improving the separation of scores between
positive and negative samples within the L1T by 40% can lead to the

same improvement in overall system classification performance as
increasing the number of samples sent from the L1T to the HLT by
750% (Fig. 5). Since the L1T is responsible for discarding the major-
ity of samples collected from the detector, any improvement to it
significantly improves the entire DAQ.

2. GPU HLT
Many algorithms utilized within the event reconstruction car-

ried out in the HLT can be effectively parallelized, allowing software
to take advantage of hardware such as GPUs to increase throughput.
Experiments using parallelized routines running on GPU hardware
for CMS event analysis show an increase in the number of sam-
ples that can be processed per second by using a GPU (such as an
approximate 50% increase using an NVIDIA A100).5 This change is

TABLE II. System-level power consumption, classification performance, and overall productivity as various changes are
implemented into the CMS DAQ. “GPU” corresponds to the utilization of GPU hardware to parallelize HLT algorithms for
event selection. “L1 tracks” corresponds to the introduction of tracking information in the L1T, improving the performance of
its classifier. “Smart pixels” corresponds to the introduction of smart sensing elements within the inner tracker that remove
unnecessary data from samples.

System
DAQ power

(MW)
Precision

(%)
Recall

(%)
Productivity

(1/kJ)

Phase-1 52 40 40 0.059
GPU HLT 26 38 39 0.11
L1 tracks 52 100 79 0.10
Smart pixels 41 40 40 0.074
GPU and L1 (phase-2) 26 100 79 0.20
Smart GPU 41 100 79 0.13
Smart L1 20 38 39 0.14
Smart phase-2 20 100 79 0.26
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captured in the SystemFlow model by adjusting the complexity func-
tion of the HLT processing node to match the throughput results
of the parallelized algorithms. Simultaneously, the power for the
node is modified to match the average dissipation of the NVIDIA
SXM4 A100 accelerator (400 W). Incorporating this change into the
DAQ system would roughly double the system productivity to 0.13
1/kJ, because HLT consumes the vast majority of processing energy
(Table II). Aggressive improvements to GPU hardware could further
improve the energy efficiency of traditional HLT algorithms; how-
ever, this approach may be limited by development trends in GPUs
focusing on limited-precision numerical representations adapted to
artificial intelligence (AI) system needs.31

3. Smart sensing
Processing adapted to specific sensors has been proposed as

a method to reduce the amount of data that must be transported
from detector systems while simplifying subsequent processing. For
instance, high-resolution pixel sensors with on-chip neural networks
can be used to detect and reject data from low-momentum parti-
cles irrelevant to later analysis.24 The impact of this change on the
DAQ is modeled after this result by assuming that neural network
ASICs integrated into next-generation tracking modules (smart pix-
els) could reduce the amount of data from an inner tracker pixel
module by 54% or more, dissipating 300 μW to analyze 256 pix-
els. We assume that this approach could scale effectively to the
CMS Inner Tracker, which has 2 × 109 pixels and would require at
least 2.3 kW to implement a classification algorithm co-located with
detection elements.

Training ML methods such as neural networks can be a
costly stage of development that can require large and special-
ized resources. However, given the small network used for the
task—a multilayer perceptron with only 145 neurons and 2176
synapses—the training cost in this case is quite low. Even using
nonoptimal training conditions, we estimate that the energy dis-
sipated for training would be overtaken by inference within the
detector after 160 s of operation in experimental runs that last 12 h
or more. As a result, in this case, training the network requires less
than 1% of the total energy used by the ML system, even where the
network is retrained for calibration twice a day (see Subsection 1 of
the Appendix for details).

We estimate that for the cost of dissipating several kilowatts
of power in the detector, a “smart pixels” approach discarding
low-momentum particles constituting 54% of tracking data could
ultimately lead to a net reduction of 6 MW over the next-best DAQ
system, greatly increasing the overall system performance (Table II).
This saving is enabled by leveraging a simple algorithm adapted
to specialized hardware utilizing local information to avoid more
complex analysis later in the pipeline.

C. Discussion
1. Prospects for future DAQ systems

Through our case study, we have demonstrated that depend-
ing solely on Moore’s law scaling to meet the future demands of
HEP experiments would require greatly increased capital and oper-
ational expenditures if changes to the processing system (DAQ) are
not implemented. As the cost of computing becomes a larger issue

in society, simply accepting these increased expenditures is not an
acceptable solution to meet these future demands.

In anticipation of this challenge, several approaches are being
developed. We modeled the impact of improving the DAQ’s L1T,
utilizing GPU-based processing in the HLT datacenter, and imple-
menting ML-based “smart” detector elements in the front-end of
the system. Each of these changes carries unique consequences;
improvements to the L1T greatly improve the quality of results sent
to the next stage of processing, the HLT, sending fewer false posi-
tives and discarding fewer false negatives with minimal impacts to
system power. The HLT’s efficiency can be improved through the
use of parallelized computation carried out on GPUs, roughly halv-
ing the amount of power utilized by the DAQ. The net system power
can be further reduced by eliminating unneeded data from samples
by using ML-based “smart” sensing strategies.

Overall, including these three changes greatly boosts the over-
all productivity of the DAQ to 0.31 1/kJ (Table II); this exceeds our
estimate of the current productivity of the phase-1 HLT, 0.13 1/kJ.
However, given the objective of the DAQ not only to process more
complex samples created under the conditions of increased pileup
but also to produce more samples of interest to experimenters, this
productivity must be further improved. To reach the goal of produc-
ing a relevant sample rate of 7.5 kHz without significant increases to
power, the DAQ must reach 0.98 1/kJ. Achieving this three times
improvement may require more aggressive changes to the DAQ,
such as adapting approximate or limited-precision computations as
well as utilizing ML-assisted triggers.

2. Guiding future ML research
ML has been demonstrated as a tool that can improve existing

algorithms or enable entirely new approaches toward problem-
solving: dozens of application areas for ML in HEP have been
demonstrated. The potential incorporation of each ML strategy into
a processing pipeline represents a large space of discrete changes that
would be difficult to comprehensively evaluate for the most promis-
ing directions.32 However, individual SystemFlow models contain
valuable information that can be used to find development vectors
that can be targeted by ML systems and predict the outcome of
design decisions.

For instance, ML techniques may potentially be applied to
improve the skill of HLT classifiers via improved jet tagging, or
potentially reducing the cost of HLT classification by replacing
many individual triggering paths via a unified anomaly detection
network.33,34 In the context of a SystemFlow model, the former
approach could potentially increase the effectiveness of the HLT
classifier, while the latter could decrease its energetic cost. To iden-
tify the relative merits of each trade-off, the gradient between the
model’s productivity and these input parameters is measured. Gra-
dients between system parameters and overall productivity from the
final evaluated system configuration (smart phase-2, Table II) esti-
mate that reducing the energetic cost of HLT evaluation by a Joule
would be approximately twice as effective in raising system pro-
ductivity as improving the skill of the HLT classifier by an entire
point. This simple metric quantitatively highlights the relatively high
performance and cost of the extant HLT and suggests that effec-
tive approaches in ML for HEP should more aggressively target this
energetic cost rather than improving classification performance.
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Rather than applying ML-based jet tagging to the HLT, we
suggest that further improvement of the level-1 trigger’s skill via
ML-augmented methods could provide greater utility to a DAQ sys-
tem. Model gradient estimates show that improving one point in
classifier skill of the L1T vs HLT contributes 75% more to over-
all system productivity, although this must be accomplished under
a constant or smaller-than-present energy envelope. However, this
should be feasible given that even very small neural networks can
identify advanced features.35

To summarize, gradient information present in individual Sys-
temFlow models can be used to quantitatively predict the relative
merits of targets for ML techniques: we estimate that methods for
utilizing anomaly detection to lessen the cost of HLT evaluation
would be more effective than those aimed at improving the HLT’s
skill via jet-tagging and that instead very small and efficient ver-
sions of these techniques would be more beneficial when applied
to the L1T.

3. Automated design
The gradients provided by SystemFlow models could poten-

tially be combined with optimization systems to discover what
appear to be optimal design points. That is, given the number of
system-level parameters or “dials” that can be turned on by the
model, optimization tools could be used to automatically discover
system configurations that maximize metrics such as productivity.
While such an approach is appealing, we argue that this is not an
appropriate use of the tool on several grounds.

First, we have applied SystemFlow to explore a set of dis-
crete design choices that belong to a larger, innumerable space. We
introduced new changes to the CMS DAQ including GPU imple-
mentations and neural-network-based data filtering, but many other
system-level changes are under consideration and could be intro-
duced. Therefore, the ability to tune the “dials” of a single system to
what appears optimal does not allow for the larger design space to be
considered. To make an analogy to neural networks, we may “train”
a system to reach a minimum on a metric, but the larger—and often
more important—process of architecture search is not addressed.

Second, each design choice carries with it a number of assump-
tions that may be valid at one operating point but not another. For
instance, including the “smart pixel” data filtering assumes that the
tracking data that are removed do not significantly affect the per-
formance of classifiers within the L1T and HLT systems, which is
based on the work carried out by Yoo et al. to establish the opti-
mal operating point for this data-filtering technique.24 Automated
optimization of a system with this data reduction could not find the
optimal point for how much data to remove, since this high-level
model cannot evaluate the validity of the underlying assumption that
is based on the physics, experimental setup, and sensors involved in
the design.

For these reasons, we promote the use of SystemFlow and other
system evaluation tools for use in evaluating systems with intention-
ally set parameters that can be validated as meaningful and in line
with underlying assumptions that can guide future decisions, rather
than as a tool for use within automated discovery. However, future
tools that could be informed by physics and system design decisions
may be able to address this possibility.

VI. CONCLUSION
The amount of data collected by scientific experiments will con-

tinue to grow, as will the need to process the data. Simultaneously,
the capabilities of computing workflows will become increasingly
dependent on the application and integration of novel algorithms
and specialized hardware, creating heterogeneous systems. How-
ever, the design, validation, and integration of new algorithms and
specialized hardware can require significant investment. In order to
justify the design of a heterogeneous system, the opportunities and
trade-offs it offers over conventional approaches must be rigorously
projected.

To address this need, we describe the SystemFlow framework,
an approach that allows computational workflows to be modeled
using high-level characteristics. This allows for rapid investigation
of alternative system configurations using preliminary data and
results. We apply this approach to characterize a high-energy physics
experiment and to project the impact of integrating GPU process-
ing, improved early-stage classification, and ML-based front-end
data reduction into this system. We show that these integrations
could provide major reductions in the power required for the sys-
tem to operate (∼60%) but that more advances will be required
in order for the system to match or surpass the productivity of
earlier experiments running under less challenging experimental
conditions.
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APPENDIX: RESEARCH METHODS
1. Smart pixels training cost

To compare the amount of energy used by training vs inference
for the multilayer perceptron (MLP) network used in the “smart
pixels” approach, we establish an upper bound on the amount of
energy a reasonable implementation would require for training.
Using code and data shared by the smart pixels project, we imple-
mented the MLP network in TensorFlow and trained it on the data
to reach a similar level of performance. Using a commonly avail-
able processor (Mac M1 Max) without leveraging GPU features, this
training took under an hour. The worst-case thermal design power
(TDP) of the M1 Max and similar laptop processors is ∼100 W.
Using an upper bound of 1 h for training and this TDP, we esti-
mated an energetic cost of 360 kJ for the network. Given that we
estimate the “best-case” inference situation for the smart pixels in
which power scales linearly with the number of chips to reach
2.3 kW for the entire inner tracker system, the amount of power
used for training is not significant compared with the amount
of power used for inference by the classifier over a run of the
detector—∼12–24 h, based on experimental conditions and how
long the beam remains stable within the accelerator.

2. Classifier model
Messages that represent data that should be retained by the

data acquisition system (DAQ) and messages that should be dis-
carded represent two distinct populations. Each processing node in
the system may implement a classifier that seeks to determine which
population a message is a member of, tagging it either to be retained
and sent to the next node in the workflow graph or to be discarded.

Various strategies may be used to implement a classifier, seek-
ing to trade off accuracy for speed or processing requirements. In
order to avoid the need to reimplement specific details of each
system, each is interpreted as fundamentally being capable of pro-
ducing a “score” for each incoming message. Ideally, messages to
be discarded will produce a score of zero, producing a distribution
of statistics that represent the “false” samples. Ideally, “true” mes-
sages to be retained produce score values that are high and easily
distinguishable from scores in the false distribution. The cumula-
tive distribution function (CDF) of each population’s scores may be
calculated from parametric or empirical distributions,

CDFZ(z) = P(Z ≤ z),

where Z represents scores produced by the classifier on a given
population and z represents an individual score.

Each classifier must independently determine whether to pass
or reject a message based on the score it produces, requiring a
“threshold” to be set. Messages producing scores above this thresh-
old will be accepted; those falling below it will be rejected. The value
of this threshold will affect both the amount of data sent by one
node in the workflow to the next node and the classifier’s perfor-
mance. The independent variable, determined by the system-level
requirements, is the amount of data that the classifier sends to the
next processing node; classification performance responds to this
parameter.

In order to determine the performance of each classifier, the
distribution of scores for the false and true message populations is
weighted by the number of incoming true and false messages,

CDFnode(z) =
ntrue ⋅ CDFtrue(z) + nfalse ⋅ CDFfalse(z)

ntrue + nfalse
.

The threshold for classification (zT) will be set at a score that
rejects the desired number of samples,

zT = arg min(∣nrejected

ninputs
− CDFnode(z)∣).

This determines the proportion of samples from the underlying
distribution that will be retained or rejected,

TN = nfalse ⋅ CDFfalse(zT),

FP = nfalse ⋅ (1 − CDFfalse(zT)),

TP = ntrue ⋅ (1 − CDFtrue(zT)),

FN = ntrue ⋅ CDFtrue(zT).

The rate of true and false negatives and positives may be used to
construct a contingency matrix for the classifier at a given threshold.
Messages classified as false are discarded, and messages classified as
true are passed to the next classifier.

In order to obtain the contingency matrix for the system as
a whole, true negatives and false negatives are summed across the
entire system, and positives are produced only by the final output
where messages are saved to disk.

3. Level-1 trigger
Accurately capturing a distribution of scores produced by clas-

sifiers analyzing messages is key to implementing a model that can
faithfully produce system-level performance. For this reason, the
Level-1 Trigger (L1T)’s performance is captured in detail to produce
these scores.

The phase-1 L1T centers on detecting the existence of cer-
tain features—electrons, photons, muons, tau leptons, and hadronic
jets—with momenta or energy sums above given thresholds (30
GeV for electrons and photons, 22 GeV for muons, 38 GeV for
tau leptons, and a total of 320 GeV for hadronic jets). The L1T
does not directly produce scores but accepts any event with one
or more of these signatures. To instead produce scores, we exam-
ine the efficiency curves of each of these object detections (“trigger
paths”) and interpret them as a probability that a particle with a
given momentum will be correctly detected. To produce a distribu-
tion of near-threshold events, an exponential distribution of particle
momenta is fitted to reproduce the trigger rates produced by the L1T
during the LHC run-2 (2018),

rateobject(λ) = ∫
∞

0
ef f iciencyobject(p) ⋅ PDFobject(λ, p) ⋅ dp,

PDFobject(λ, p) = λ ⋅ exp (−1 ⋅ λ ⋅ x) ⋅ (x > 0),
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λobject = arg min (∥rateobject(λ) − rateobject,empirical∥).

In order to generate a model of scores produced by classifying
objects within the HLT, particles are randomly generated from the
distribution of object momenta fit to the triggers. Objects that fall
below the selection threshold represent the null distribution (sam-
ples to be discarded), and objects with momenta above the threshold
represent the positive distribution (samples to be retained). By arbi-
trarily generating many samples (n = 50 000), the distribution of null
and positive scores for each L1T object detection trigger is generated.
These null and positive distributions are summed to calculate over-
all L1T scores for each sample and used to produce the confusion
matrix of the L1T at a given selection threshold.

4. High-level trigger
The high-level trigger (HLT) contains hundreds of different

features (the HLT “menu”) that may lead to a sample being retained
for offline storage and analysis. Modeling in full each segment of
this menu is beyond the scope of this work. Instead, the HLT is
approximated by utilizing results from the accepted run-2 (2018)
performance of the CMS HLT. Six representative triggering paths for
different physics objects (B2G/Exotica, Higgs, SUSY, Muons, Track-
ing, and Tau) are selected, and the efficiency curves of each path are
fit to an exponential distribution of objects in the same manner as
the L1T. However, each path is selected independently, and scores
are not summed across each trigger but taken one at a time to gen-
erate the distribution of null and positive scores applied to generate
a confusion matrix for a given selection threshold.

5. Quantifying the cost of classifier errors
Discarding a data sample that should have been retained (a false

negative) carries a different energy cost from that when retaining a
sample that should have been discarded (false positive). This differ-
ence of energy within the data-processing system can be quantified
by using the SystemFlow model.

As messages pass through the system, they may be discarded at
any processing node. As a message propagates, the amount of energy
used to process and transmit it increases. The total energy (TE) uti-
lized to reach any node n in the computational graph 𝒢 can be found
by traversing the paths available to reach it,

TE(𝒢, n) = En +∑TE(predecessor(𝒢, n)).

The mean energy taken to reach a node is the average of the
total energy taken by each of its predecessor nodes, weighted by the
number of messages N from each node,

MTE(𝒢, n) = 1

∑predecessors(𝒢,n)
p Np

⋅
predecessors(𝒢,n)

∑
p

TE(𝒢, p).

Using the energy taken to reach a given node, we may calculate
the differential in power between errors of type I (false positives)
and errors of type II (false negatives). These differentials are made in
comparison with correct outputs (true positives and true negatives).

In the case of a true positive, a true message reaches the output
node (root node of the tree graph). The energy taken is thus the mean
total energy (MTE) of the output node,

ETP =MTE(𝒢, root(𝒢)).

True negatives may be found not only at the output node but
also at any processing node. The amount of energy produced by
a true negative result is thus variable, but the expected value over
many messages may again be found. The MTE of each classifier node
is weighted by the number of messages it discards, producing an
average energy consumed by each true negative,

ETN =
1

∑c classi f iers(𝒢)Nc
⋅∑

c
classi f iers(𝒢)Nc ⋅MTE(𝒢, c).

The cost of false (incorrect) decisions is estimated in compari-
son with that of true (correct) decisions. In the case of a false positive,
the message consumes the cost of a true positive while providing
no useful information. Its cost is thus the differential between the
amount of energy it consumed during processing and the amount it
should have consumed,

EFP = ETP − ETN.

In the case of a false negative, a message consumes the expected
energy of a true negative while valuable information is discarded.
In this case, the data processing consumes less energy, but this is
countered by the fact that the system must keep running longer to
provide true, useful samples. The cost of a false negative is thus esti-
mated as the cost of processing a true negative plus the estimated
cost of acquiring a “replacement” true positive. This replacement
comes with both the cost of processing a true positive and several
false positives, multiplied by the ratio of true negatives to one true
positive at the output node,

EFN = ETN +
TN(root(𝒢))
TP(root(𝒢)) ⋅ ETN + ETP.
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