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Disclaimers
• Disclaimer 1:  

• This is a very exciting and rapidly moving field!  I apologize for any biases I have based 
on my research focus.  I am excited to hear about other work in this space 
(I am member of CMS experiment at LHC and based at Fermilab) 

• Disclaimer 2:  
• Though I will talk about tools, methods, and example applications - it is still early days -  

much is still unexplored 

• Disclaimer 3:  
• I have cut off the scope of this talk at embedded systems — but FPGAs and ASICs are 

also used for heterogeneous computing and have common techniques and lessons,  
see Mia Liu’s talk on Tuesday
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Motivation

• Cutting edge science requires… 

Faster, more precise, bigger, more granular,… 

• Science at the ~MHz scale and beyond creates massive amounts of data 

Online compression, featurization, filtering, feedback, etc. is vital - 
arguably more so than offline machine learning 

• Real-time intelligence can greatly accelerate science allowing us to test 
hypotheses faster, enhance performance of detectors/accelerators, and 
save potentially lost data
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(a biased view that I hope you share!)



CMS real-time processing
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1 ns 1 us 1 s1 ms
Custom electronics 

Latency ~ 25ns - 10 μs
Off-the-shelf computing 

Latency ~ O(1+ ms)

FPGAs/ASICs - high bandwidth low 
latency specialized compute hardware

“standard” CPU computing, 
coprocessors



DUNE upstream DAQ
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DUNE TDR

~Pb/s



Accelerator controls
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Fermilab accelerator complex



Insert your application here
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Internet of things…particle physics
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Pushing intelligence to the edge



Internet of things…particle physics
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Pushing intelligence to the edge



Efficient machine learning
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Efficient machine learning
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{implementations, optimizations, tool flows for}



Machine learning
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Observed (Q, U) Reconstructed (E, κ)

Energy Intensity Cosmic

A. Himmel, E. Niner, F. Pshihas et al. 
https://arxiv.org/abs/1604.01444 

1st deployed in oscillation analysis 
https://arxiv.org/abs/1703.03328 

NOνA event classification Identification of boosted Higgs jet 
decay to two bottom quarks

Reconstruction of CMB polarization 
map from Stokes parameters

J. Duarte et al.,  CMS DP-2018/046 J. Caldeira, B. Nord, et al.,  
https://arxiv.org/abs/1810.01483

Deep learning 
improvement: 

Effective 40% 
increase in 

NOνA active 
volume

2X increase in 
signal 

efficiency over 
“shallow” 
learning

50% less noise vs. traditional methods 
across large range of scales 

ML applications is huge field by itself - see talk by Christof Buehler on Thursday 
Many open opportunities for new applications as well!

https://arxiv.org/abs/1604.01444
https://arxiv.org/abs/1703.03328
https://arxiv.org/abs/1810.01483


NN inference in a nutshell
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NN inference in a nutshell
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Figure 2: A cartoon of a deep, fully connected neural network illustrating the description conventions
used in the text

2.2 Case study: jet substructure

Jets are collimated showers of particles that result from the decay of quarks q and gluons g. At the LHC,
due to the high collision energy, another kind of jet emerges resulting from overlapping quark-initiated
showers produced in decays of heavy standard model particles. For example, the W and Z bosons
decay to two quarks (qq̄) a majority of the time and the Higgs boson decays to two b-quarks (bb̄). The
top quark decays to two light quarks and a b-quark (qq̄b). It is the task of jet substructure [9, 38] to
distinguish the various radiation profiles of these jets from backgrounds consisting mainly of quark
and gluon-initiated jets. The tools of jet substructure have been used to distinguish interesting jet
signatures from backgrounds that have production rates hundreds of times larger than the signal.

Jet substructure at the LHC has been a particularly active field for machine learning techniques as
jets contain O(100) particles whose properties and correlations may be exploited to identify physics
signals. The high dimensionality and highly correlated nature of the phase space makes this task
an interesting testbed for machine learning techniques. There are many studies that explore this
possibility, both in experiment and theory [9, 30–41]. For this reason, we choose to benchmark our
FPGA studies using the jet substructure task.

For the trigger specifically, jet substructure techniques could be used to identify and preserve events
containing interesting physics signatures that would typically be discarded. We give two examples in
Fig. 3: low mass hidden hadronic resonances [42] and boosted Higgs produced in gluon fusion [43].
Both processes are overwhelmed by backgrounds in the current trigger and the introduction of jet

– 6 –

NN inference =  
a bunch of multiplications /additions 

and LUTs (look up tables) for activation 
functions



(Energy) Efficient Neural Networks
• Important engineering field, efficient implementation of NN architecture 

• Parallelization: performing operations simultaneously 

• Compression/Pruning:  
• maintain the same performance while removing low weight synapses and neurons (many 

schemes) 

• Quantization/Approximate math: 
• 32-bit floating point math is overkill 
• 20-bit, 18-bit, …? fixed point, integers?  binarized NNs?
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CHAPTER 3. PRUNING DEEP NEURAL NETWORKS 20
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Figure 3.1: Pruning the synapses and neurons of a deep neural network.

the connections that have been removed. The phases of pruning and retraining may be repeated
iteratively to further reduce network complexity. In e!ect, this training process learns the network
connectivity in addition to the weights — this parallels the human brain development [109] [110],
where excess synapses formed in the first few months of life are gradually "pruned", with neurons
losing little-used connections while preserving the functionally important connections.

On the ImageNet dataset, the pruning method reduced the number of parameters of AlexNet
by a factor of 9! (61 to 6.7 million), without incurring accuracy loss. Similar experiments with
VGG-16 found that the total number of parameters can be reduced by 13! (138 to 10.3 million),
again with no loss of accuracy. We also experimented with the more e"cient fully-convolutional
neural networks: GoogleNet (Inception-V1), SqueezeNet, and ResNet-50, which have zero or very
thin fully connected layers. From these experiments we find that they share very similar pruning
ratios before the accuracy drops: 70% of the parameters in those fully-convolutional neural networks
can be pruned. GoogleNet is pruned from 7 million to 2 million parameters, SqueezeNet from 1.2
million to 0.38 million, and ResNet-50 from 25.5 million to 7.47 million, all with no loss of Top-1 and
Top-5 accuracy on Imagenet.

In the following sections, we provide solutions on how to prune neural networks and how to
retrain the pruned model to recover prediction accuracy. We also demonstrate the speedup and
energy e"ciency improvements of the pruned model when run on commodity hardware.

3.2 Pruning Methodology

Our pruning method employs a three-step process: training connectivity, pruning connections,
and retraining the remaining weights. The last two steps can be done iteratively to obtain better
compression ratios. The process is illustrated in Figure 3.2 and Algorithm 1.

For further reading, start here: https://arxiv.org/pdf/1510.00149v5.pdf



Example: Parallelization

ReuseFactor: how much to parallelize operations a hidden layer
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use 1 multiplier 4 times

reuse = 2
use 2 multipliers 2 times each

reuse = 1
use 4 multipliers 1 time each

Figure 8: Illustration of multiplier resource usage for di�erent values of reuse factor. The left drawing
shows the case of two neuron pairs being connected by 4 connections, implying four multiplications to
be performed. The right drawing shows how to perform these multiplications, from fully serial (top)
to fully parallelized (bottom).

section: compression, quantization, and parallelization. First we discuss the classification performance
of the neural network when implemented in firmware in Sec. 3.1. Then in Sec. 3.2, we quantify the
HLS synthesis in terms of FPGA resource usage and latency. The combination of these two metrics,
classification and firmware performance, define how to optimally implement neural networks into
FPGA hardware for a given application. Finally, in Sec. 3.3, we discuss the implementation for a
specific FPGA and compare the actual resource usage to the estimates from Vivado HLS, which can
be obtained much more quickly.

3.1 Classification performance

In order to quantify the performance of our five-output classifier, we use the AUC metric, or area under
the Receiver Operating Characteristic (ROC) curve. The ROC curve is given by the background rejec-
tion versus signal e�ciency computed from sequential cuts on the classifier output, where background
rejection is (1 � background e�ciency), as illustrated in Fig. 5. We denote the AUC achieved by a
full 32-bit floating point inference of the neural network as Expected AUC. We evaluate the neural
network with fixed point precision denoted by <X,Y> where Y is the number of bits representing the
signed number above the binary point (i.e. the integer part), and X is the total number of bits. We
perform two scans – one where we fix the number of integer bits and one where we fix the number
fractional bits. The results are illustrated in Fig. 9 where the scan of the integer bits is on the left and
the scan of the fractional bits is on the right.

Optimal performance with no loss of classification power corresponds to AUC/Expected AUC = 1.
Fig. 9 shows that with fixed point calculations and a su�cient number of bits, the Expected AUCs can
be reproduced with negligible loss in performance. The number of integer bits is chosen to be just

– 14 –



Parallelization, pruning, quantization
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we show the di�erence between our compressed and uncompressed neural network models. In both
cases, we consider the network maximally parallelized (reuse factor of 1). With the weights stored in
programmable logic, sparse matrix multiplication is handled trivially and zero-weight multiplications
are optimized out of the network FGPA implementation. We find this to be a very attractive feature
of HLS though more sophisticated compression techniques like those described in [92] may require
more study.

Figure 11: A comparison between the compressed and uncompressed models, with a reuse factor of
1 for DSP usage (left) and latency in clock cycles for a 200 MHz clock frequency (right). The x-axis
is a scan in the fixed-point precision of the model and demonstrates how resource usage changes as a
function of the precision of the calculations in the network inference.

As shown in Fig. 11 (left), the DSP usage is drastically reduced for the compressed model
compared to the original network by an amount that is proportional to the 70% compression rate
described in Sec. 2.3. In addition, the DSP usage increases as the fixed-point precision increases. The
increases are not smoothly varying because they depend on the DSP design precisions. On the right
of Fig. 11, we present the latency of the algorithm in clock cycles for a 200 MHz clock frequency.
Because the network still has the same structure, in terms of the number of hidden layers, the latency
is approximately the same in the compressed and uncompressed models. Note that the total latency
to infer the model is approximately 15 clock cycles which translates to 75 ns, well within the latency
budgets of the first stages of LHC triggers.

To summarize the results of the HLS synthesis of the compressed and uncompressed models, we
report some vital statistics in Table 2. We note the reduced resources while maintaining the same
performance, latency, and initiation interval.

Compressed three-hidden-layer Model Results

We now consider our compressed three-hidden-layer neural network model as the benchmark model
for our use case and perform detailed scans of FPGA resources versus network precision and reuse
factor. In Fig. 12 and Fig. 13, we examine the DSP, FF, and LUT usage as a function of precision of the

– 17 –

Network Uncompressed network Compressed network
AUC / Expected AUC 99.68% 99.55%

Parameters 4389 1338
Compression factor - 3.3⇥

DSP48E 3329 954
Logic (LUT + FF) 263,234 88,797

Latency 75 ns 75 ns

Table 2: A summary of the vital statistics and HLS resource estimates of the uncompressed and
compressed jet substructure tagging model with a network precision of fixed-point <16,6> and fully
pipelined with clock frequency of 200 MHz synthesized on a Xilinx Kintex Ultrascale FPGA.

fixed point calculations, <X,6>. From the findings in Sec. 3.1, we scan the number of fractional bits
by scanning X while fixing the integer bits at Y = 6, guaranteeing no underflows/overflows. Di�erent
curves are shown for di�erent values of reuse factor.

Figure 12: DSP usage in the compressed three-hidden-layer model as a function of the network
precision. The various curves illustrate resource usage for di�erent resource usage factors.

In Fig. 12, we show how the reuse factor is used to control the number of times a multiplier
is used in the neural network. As the reuse factor increases, we are able to control the DSP usage
proportionally to the reuse factor. The DSP resource usage has steps in the resource usage as a function
of the network precision. This is consistent for all values of reuse and comes from the precision of
the Xilinx FPGA DSPs. In the figure, we also indicate the maximum number of DSPs available in this
particular Xilinx Kintex Ultrascale FPGA. In Fig. 13, the LUT (left) and FF (right) usage is shown.
For both the LUTs and the FFs, the resource usage relative to the FGPA’s capacity is small compared

– 18 –

Unstructured iterative pruning 
with L1 regularization

Increased unroll factor to 
reduce DSP usage 
(at latency cost)
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Figure 2. Multiscale co-design framework. Co-design involves multi-disciplinary collaboration that takes into account the interdependencies among 
materials discovery, device physics, architectures, and the software stack for developing information processing systems of the future. Such 
systems will address future DOE needs in computing, power grid management, and science facility workloads.

The co-design framework would overcome the following obstacles to advancing microelectronics beyond 
the!end of Moore’s Law:

 " The value of new and novel materials or device technologies is not currently understood in a system 
architecture context.

 " Metrics at the application level are not understood in a system context, while metrics at the system context 
are!not currently understood at a device or materials context.

 " Scaling of performance will require 

 { co-design that spans all layers in Figure 2;

 { multiscale modeling among many technology levels (materials, devices, architectures, system software, 
algorithms, and applications);

 { linkage between and across levels (e.g., apply device-scale first-principle models to automate search for 
materials and support algorithm-aware architecture choices; and development of alternative computing 
models, specialized hardware accelerators, and non-von Neumann architectures).

 " Heterogeneity of the system software stack is extreme. 

Materials Co-design
The discussions in this panel included many topics that are described in the deep co-design interactions in 
Figure 3. Materials science thrusts that would form the fundamental science underpinnings of the co-design 
platform could include the use of a computational materials discovery approach (for example, the Materials 
Project) coupled with precise materials synthesis to discover specific sets of materials/phenomena. Challenges 
include new, disruptive interconnect materials for information transport, or new mechanisms for information 
transport that could eliminate the almost 70% of power dissipation in current CMOS due to flowing current in 
interconnects. A second broad thrust is to start to explore bi-stable (and preferably multi-stable and analog) 
states in functional materials, but those that can be manipulated reproducibly and repeatedly with applied 
voltages in the range of 1-100 mV instead of ~1 V. This thrust will require a precise definition of the electronic 

Codesign

20

Intrinsic development loop 
between algorithm design, 

training, and 
implementation 

Acceleration of design 
space exploration is 

important
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Figure 10: Ratios of the fixed point AUC and expected AUC versus fixed point precision. The solid
lines represent the fully connected network, while the dash lines denote the compressed network.

• latency: the time it takes to compute the full network;

• initiation interval: the time before a new set of inputs can be accepted.

At the moment we do not probe the block RAM (BRAM) usage, which is only used to store precomputed
activation function values. Storing and accessing neural network weights from BRAMs, for instance,
leads to latencies longer than the requirements for the first stages of LHC L1 triggers. For longer
latency tasks , e.g. HLT applications, the capabilities of hls4ml can be expanded to allow for weight
storage in BRAMs.

The results presented below are synthesized for a Xilinx Kintex Ultrascale FPGA with part number
xcku115-flvb2104-2-i. The clock frequency is fixed at 200 MHz, which is typical for the first stages of
LHC triggers. There can be variations in results versus clock frequency, but in the O(100 MHz) range,
we find variations are negligible. Resource usage estimates are taken from the Vivado HLS synthesis
step and are found to be conservative in general when compared to implementation as we will discuss
in Sec. 3.3. While conservative, the short time required to make HLS resource estimates makes them
useful for rapidly prototyping di�erent network designs and deriving useful trends. Discussion of our
results’ dependence on the version of Vivado HLS, the specific FPGA, and the final implementation
in the FPGA are discussed in Sec. 3.3.

Resources with compression

We first explore the e�ect of compression on the FPGA resources required by the neural network.
Because the compression is typically part of the training workflow, we consider it separately from
the other optimization handles. Looking at the DSP usage and the algorithm latency in Fig. 11,

– 16 –

Ultra Low-latency, Low-area Inference Accelerators using Heterogeneous Deep�antization with QKeras and hls4ml

Figure 9: Relative accuracy (left) and resource utilization (right) as a function of bit width. The right-hand panel shows themet-
rics for the benchmarkmodels: "Baseline" (B), "Baseline Pruned" (BP), "Baseline Heterogeneous" (BH), "QKeras Optimized" (O).
The relative accuracy is evaluated with respect to the �oating-point baseline model. Resources are expressed as a percentage
of the Xilinx VU9P FPGA targeted.

Table 3: Model accuracy, latency and resource utilization for six di�erent models. Resources are listed as percentage of total,
with absolute numbers quoted in parenthesis.

Model Accuracy [%] Latency [ns] Latency [clock cycles] DSP [%] LUT [%] FF [%]
Baseline 74.4 45 9 56.0 (1826) 5.2 (48321) 0.8 (20132)
Baseline pruned 74.8 70 14 7.7 (526) 1.5 (17577) 0.4 (10548)
Baseline heterogeneous 73.2 70 14 1.3 (88) 1.3 (15802) 0.3 (8108)
QKeras 6-bit 74.8 55 11 1.8 (124) 3.4 (39782) 0.3 (8128)
QKeras Optimized 72.3 55 11 1.0 (66) 0.8 (9149) 0.1 (1781)

at lowest resource cost. This model is referred to as the ‘baseline
heterogeneous (BH)’ model.

We then train several models using quantization-aware training
with QKeras based on the baseline model architecture. The �rst,
referred to as "QKeras optimized (QO)", is heterogeneously quan-
tized to a per-layer precision maximizing model accuracy while
minimizing area. It uses a reduced number of neurons per layer: 32,
16 and 16 instead of the original 64, 32 and 32. Additionally, three
layers of full-precision batch normalization is added.

A summary of the per-layer quantizations for the baseline (and
baseline pruned) and optimized model is given in Table 2. Finally,
we train a range of homogeneously quantized QKeras models in
order to quantify the impact of a given bit width on resources and
accuracy.

3.5 Performance
Each model is trained using QKeras version 0.7.4, translated into
�rmware using hls4ml version 0.2.1, and then synthesized with
Vivado HLS (2019.2), targeting a Xilinx Virtex Ultrascale 9+ FPGA
with a clock frequency of 200 MHz. We compare the resource con-
sumption and latency on chip for each model, to the model accuracy.
The resources at disposal on the FPGA are digital signal processors
(DSPs), lookup tables (LUTs), memory (BRAM) and �ip-�ops (FF).

The BRAM is only used as a LUT read-only memory for calculating
the �nal Softmax function and is the same for all models, namely
1.5 units corresponding to a total of 54 Kb. The estimated resource
consumption and latency from logic-synthesis, together with the
model accuracy, are listed in Table 3. A fully parallel implemen-
tation is used, with an "initiation interval" of 1 clock cycle in all
cases. Resource utilization is quoted in percentage of total available
resources, with absolute numbers quoted in parenthesis.

The most resource e�cient model is the QKeras optimized (QO)
model, reducing the DSP usage by ⇠ 98%, LUT usage by ⇠ 80%,
and the FFs by ⇠ 90%. The drop in accuracy is less than 3% despite
using half the number of neurons per layer and an overall lower
precision. The extreme reduction of DSP utilization is especially
interesting as, on the FPGA, DSPs are scarce and usually become
the critical resource for ML applications. DSPs are used for all
multiply-add operations, however, if the precision of the incoming
numbers are much lower than the DSP precision (which, in this
case, is 18 bits) multiply-add operations are moved to LUTs. This
is an advantage, as a representative FPGA for the LHC trigger
system has O(1000) DSPs compared to O(1) million LUTs. If the
bulk of multiplication operations is moved to LUTs, this allows for
deeper and more complex models to be implemented. In our case,
the critical resource reduces from 56% of DSPs for the baseline to

Post-training quantization

Quantization-aware training

14-bit

6-bit

qkeras paper

arxiv:2006.10159
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Ultra Low-latency, Low-area Inference Accelerators using Heterogeneous Deep�antization with QKeras and hls4ml

Figure 9: Relative accuracy (left) and resource utilization (right) as a function of bit width. The right-hand panel shows themet-
rics for the benchmarkmodels: "Baseline" (B), "Baseline Pruned" (BP), "Baseline Heterogeneous" (BH), "QKeras Optimized" (O).
The relative accuracy is evaluated with respect to the �oating-point baseline model. Resources are expressed as a percentage
of the Xilinx VU9P FPGA targeted.

Table 3: Model accuracy, latency and resource utilization for six di�erent models. Resources are listed as percentage of total,
with absolute numbers quoted in parenthesis.

Model Accuracy [%] Latency [ns] Latency [clock cycles] DSP [%] LUT [%] FF [%]
Baseline 74.4 45 9 56.0 (1826) 5.2 (48321) 0.8 (20132)
Baseline pruned 74.8 70 14 7.7 (526) 1.5 (17577) 0.4 (10548)
Baseline heterogeneous 73.2 70 14 1.3 (88) 1.3 (15802) 0.3 (8108)
QKeras 6-bit 74.8 55 11 1.8 (124) 3.4 (39782) 0.3 (8128)
QKeras Optimized 72.3 55 11 1.0 (66) 0.8 (9149) 0.1 (1781)

at lowest resource cost. This model is referred to as the ‘baseline
heterogeneous (BH)’ model.

We then train several models using quantization-aware training
with QKeras based on the baseline model architecture. The �rst,
referred to as "QKeras optimized (QO)", is heterogeneously quan-
tized to a per-layer precision maximizing model accuracy while
minimizing area. It uses a reduced number of neurons per layer: 32,
16 and 16 instead of the original 64, 32 and 32. Additionally, three
layers of full-precision batch normalization is added.

A summary of the per-layer quantizations for the baseline (and
baseline pruned) and optimized model is given in Table 2. Finally,
we train a range of homogeneously quantized QKeras models in
order to quantify the impact of a given bit width on resources and
accuracy.

3.5 Performance
Each model is trained using QKeras version 0.7.4, translated into
�rmware using hls4ml version 0.2.1, and then synthesized with
Vivado HLS (2019.2), targeting a Xilinx Virtex Ultrascale 9+ FPGA
with a clock frequency of 200 MHz. We compare the resource con-
sumption and latency on chip for each model, to the model accuracy.
The resources at disposal on the FPGA are digital signal processors
(DSPs), lookup tables (LUTs), memory (BRAM) and �ip-�ops (FF).

The BRAM is only used as a LUT read-only memory for calculating
the �nal Softmax function and is the same for all models, namely
1.5 units corresponding to a total of 54 Kb. The estimated resource
consumption and latency from logic-synthesis, together with the
model accuracy, are listed in Table 3. A fully parallel implemen-
tation is used, with an "initiation interval" of 1 clock cycle in all
cases. Resource utilization is quoted in percentage of total available
resources, with absolute numbers quoted in parenthesis.

The most resource e�cient model is the QKeras optimized (QO)
model, reducing the DSP usage by ⇠ 98%, LUT usage by ⇠ 80%,
and the FFs by ⇠ 90%. The drop in accuracy is less than 3% despite
using half the number of neurons per layer and an overall lower
precision. The extreme reduction of DSP utilization is especially
interesting as, on the FPGA, DSPs are scarce and usually become
the critical resource for ML applications. DSPs are used for all
multiply-add operations, however, if the precision of the incoming
numbers are much lower than the DSP precision (which, in this
case, is 18 bits) multiply-add operations are moved to LUTs. This
is an advantage, as a representative FPGA for the LHC trigger
system has O(1000) DSPs compared to O(1) million LUTs. If the
bulk of multiplication operations is moved to LUTs, this allows for
deeper and more complex models to be implemented. In our case,
the critical resource reduces from 56% of DSPs for the baseline to

Quantization-aware training

ric cannot comprehensively reflect the performance of deep
learning (DL) accelerators. They investigate the impact of
various frequently-used hardware optimizations on a typi-
cal DL accelerator and quantify their effects on accuracy
and throughout under-representative DL inference workloads.
Their major conclusion is that high hardware throughput is
not necessarily highly correlated with the end-to-end high
inference throughput of data feeding between host CPUs and
AI accelerators. Finally, Baskin et al. [3] propose to gener-
alize FLOPS and OPS by taking into account the bitwidth
of each operand as well as the operation type. The resulting
metric, named BOPS (binary operations), allows area estima-
tion of quantized neural networks including cases of mixed
quantization.

The aforementioned metrics do not provide any insight on
the amount of silicon resources needed to implement them.
Our work, accordingly, functions as a bridge between the
CNN workload complexity and the real power/area estima-
tion.

3. COMPLEXITY METRIC
In this section, we describe our hardware-aware complexity

metric (HCM), which takes into account the CNN topology,
and define the design rules of efficient implementation of
quantized neural networks. The HCM metric assesses two
elements: the computation complexity, which quantifies the
hardware resources needed to implement the CNN on silicon,
and the communication complexity, which defines the mem-
ory access pattern and bandwidth. We describe the changes
resulting from switching from a floating-point representation
to a fixed-point one, and then present our computation and
communication complexity metrics. All results for the fixed-
point multiplication presented in this section are based on the
Synopsys standard library multiplier using TSMC’s 28nm
process.

3.1 The impact of quantization on hardware
implementation

Currently, the most common representation of weights and
activations for training and inference of CNNs is either 32-
bit or 16-bit floating-point numbers. The fixed-point MAC
operation, however, requires significantly fewer hardware
resources, even for the same input bitwidth. To illustrate this
fact, we generated two multipliers: one for 32-bit floating-
point1 and the other for 32-bit fixed-point operands. The
results in Table 1 show that a fixed-point multiplier uses ap-
proximately eight time less area, gates, and power than the
floating-point counterpart. Next, we generated a convolution
with a k ⇥ k kernel, a basic operation in CNNs consisting of
k2 MAC operations per output value. After switching from
floating-point to fixed-point, we explored the area of a single
processing engine (PE) with variable bitwidth. Note that ac-
cumulator size depends on the network architecture: the maxi-
mal bitwidth of the output value is bwba+ log2(k2)+ log2(n),
where n is number of input features. Since the extreme values
are very rare, however, it is often possible to reduce the accu-
mulator width without harming the accuracy of the network
[6].

1FPU100 from https://opencores.org/projects/fpu100
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Figure 2: Area (A) vs. bitwidth (b) for a 3 ⇥ 3 PE with a
single input and output channel. All weights and activations
use the same bitwidth and the accumulator width is 4 bit
larger, which is enough to store the result. The quadratic fit
is A = 12.39b2 + 86.07b � 14.02 with goodness of fit R2 =
0.9999877.

Fig. 2 shows the silicon area of the PE as a function of
the bitwidth. We performed a polynomial regression and ob-
served a quadratic dependence of the PE area on the bitwidth,
with the coefficient of determination R2 = 0.9999877. This
nonlinear dependency demonstrates that quantization impact
a network hardware resources is quadratic: reducing bitwidth
of the operands by half reduces area and, by proxy, power ap-
proximately by a factor of four (contrary to what is assumed
by, e.g., Mishra et al. [20]).

3.2 Computation
We now present the BOPS metric defined in Baskin et al.

[3] as our computation complexity metric. In particular, we
show that BOPS can be used as an estimator for the area
of the accelerator. The area, in turn, is found to be linearly
related to the power in case of the PEs.

The computation complexity metric describes the amount
of arithmetic “work” needed to calculate the entire network
or a single layer. BOPS is defined as the number of bit opera-
tions required to perform the calculation: the multiplication
of n-bit number by m-bit number requires n ·m bit operations,
while addition requires max(n,m) bit operations. In partic-
ular, Baskin et al. [3] show that a k ⇥ k convolutional layer
with ba-bit activations and bw-bit weights requires

BOPS = mnk2�babw +ba +bw + log2(nk2)
�

(1)

bit operations, where n and m are, respectively, the number
of input and output features of the layer. The formula takes
into account the width of the accumulator required to accom-
modate the intermediate calculations, which depends on n.
The BOPS of an entire network is calculated as a sum of
the BOPS of the individual layers. Creating larger accelera-
tors that can process more layers in parallel involves simply
replicating the same individual PE design.

In Fig. 3, we calculated BOPS values for the PEs from
Fig. 2 and plotted them against the area. We conclude that
for a single PE with variable bitwidth, BOPS can be used to
predict the PE area with high accuracy.

3

BOPS definition

arxiv:1804.10969

Area & power go quadratically with bit width

6-bit



E.g. deeper ML questions
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stochastic gradient descent?
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Lorentz Group Equivariant Neural Network for Particle Physics

We compare the performance of our network to some of the
other competitors (for a review see [6]). For each of these
binary classifiers, we report four characteristics: the accuracy,
the Area Under the Curve (AUC) score, the background re-
jection 1/✏B at the signal efficiency of ✏S = 0.3 (✏B , ✏S are
also known as the false positive and the true positive rates,
respectively), and the number of trainable parameters. Higher
accuracy, AUC and 1/✏B are considered better. The mean and
standard deviation in these metrics for LGN are reported based
on 4 independent trained instances of the model.

Table 1. Performance comparison between LGN and other top taggers
that were measured in [6]. Each performance metric is an average
over an ensemble of networks, with the uncertainty given by the
standard deviation.

Architecture Accuracy AUC 1/✏B #Param

ParticleNet 0.938 0.985 1298 ± 46 498k
P-CNN 0.930 0.980 732 ± 24 348k
ResNeXt 0.936 0.984 1122 ± 47 1.46M
EFP 0.932 0.980 384 1k
EFN 0.927 0.979 633 ± 31 82k
PFN 0.932 0.982 891 ± 18 82k
TopoDNN 0.916 0.972 295 ± 5 59k

LGN 0.929 0.964 435 ± 95 4.5k
± .001 ± 0.018

The references for the algorithms listed here are: ParticleNet
[37], P-CNN [11], ResNeXt [46], EFP [28], EFN and PFN
[29], TopoDNN [36]. We should highlight EFP which con-
structs a special linear basis of polynomial observables that sat-
isfy the so-called IRC-safety requirement in particle physics,
and EFN which extends this idea to deep neural networks.

While our results do not match the state of the art, our model
uses between 10 � 1000⇥ fewer parameters. More analysis
of training and performance is provided in the Supplementary
Material.

8. Conclusion
We have developed and successfully applied a Lorentz-
equivariant architecture for a classification task in particle
physics, top tagging. We believe this is the first application of
a fully Fourier space equivariant architecture in physics, fol-
lowing an chemistry application in [1], and an important early
step in building a family of physics-informed machine learning
algorithms based on group theory. Symmetries have always
been a central part of model-building in physics, and this work
only further demonstrates the sharp need for symmetry- and
geometry-based approaches to machine learning for scientific
applications.

The performance of our neural network shines especially in
terms of the number of learnable parameters. The trade-off
is that an equivariant architecture takes more time to develop
and its evaluation is more computationally intensive. However,

Figure 3. A comparison of an averaged ROC for LGN, against a
sample of other top taggers. Higher is considered better. The ROC
for LGN was sampled over the 4 trained instances of the model, with
the error band width given by the standard deviation.

once developed for a specific symmetry group, such as the
Lorentz group or SL(2,C) in our case, it is broadly applicable
to many problems with the same symmetry at a very low
development cost.

This network allows for many promising extensions in the con-
text of particle physics. Future work will explore additional
particle information such as charge and spin. The parameters
of the model, which are Lorentz-invariant by construction,
should be interpreted as physical quantities describing the par-
ticle decays. Permutation invariance can be further extended to
permutation covariance. Another exciting problem is applying
the network to regression tasks such as measuring masses of
particles, or even 4-momenta. Finally, one could combine mul-
tiple symmetries such as the symmetry group of the Standard
Model of physics (which includes U(1), SU(2) and SU(3)).
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Figure 3.33: Left: endcap trigger rate comparison of the Phase-1 EMTF and the Phase-2
EMTF++ algorithms as a function of pT threshold for events with 200 average pileup. Right:
Trigger rate comparison as a function of PU for a pT > 20 GeV threshold.

The same 6 h zones are retained for a total of 54 patterns per 0.5-degree in f, as for the prompt
muon patterns. Figure 3.31 (right) shows these patterns.

The TP information in the stations from stubs that satisfy a displaced pattern are input to a NN
that in this case has been trained to perform a regression that returns simultaneously values for
1/pT and d0 of displaced muons. The NN configuration used is the same as that for prompt
muons, using 3 hidden layers with 30/25/20 nodes each. Batch normalization is inserted after
each layer, including the input layer. A total of 23 inputs are used in the NN, these are:

• 6 Df quantities between stations: S1-S2, S1-S3, S1-S4, S2-S3, S2-S4, S3-S4
• 6 Dq quantities between stations: S1-S2, S1-S3, S1-S4, S2-S3, S2-S4, S3-S4
• 4 bend angles: set to zero if no CSC stub is found and only RPC stub is used
• For ME1 only: 1 bit for front or back chambers and 1 bit for inner or outer h ring
• 1 track q taken from stub coordinate in ME2, ME3, ME4 (in this priority)
• 4 RPC bits indicating if ME or RE stub was used in each station (S1, S2, S3, S4)

At the time of this writing, information from the new Phase-2 detectors (GE1/1, GE2/1, ME0,
iRPC) has not been incorporated into the study, and neither has the more precise CSC bend
information described above. As such, this study is geared towards possible implementation of
this algorithm during Run-3. An update to incorporate new Phase-2 detector information is in
progress. The already positive conclusions on triggering on standalone displaced muons in the
endcap with only the Phase-1 detectors, as shown below, is expected to improve significantly
when all Phase-2 information is included.

Figure 3.34 shows, for events with single muons and no pileup, the q/pT and the d0 resolutions
as determined by the NN estimate of these quantities. The pT resolution is about 60%, which
is large compared to the 20% resolution obtained from EMTF++ for prompt muons. A bias
towards underestimating the pT can be observed. However, the d0 resolution is very good,
⇠ 5 cm. Figure 3.35 shows the trigger rates of the displaced muon algorithm for PU 200 events.
In order to keep the rates at approximately the same 10 kHz level as those from prompt muons,
reasonable L1 thresholds of, for example, pT > 20 GeV and |d0| > 20 cm can be applied.
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with ⇠ 1 cm r � f resolution and ⇠ 2 ns timing resolution, and cathode strip chambers (CSC),
with ⇠ 75 � 150 µm r � f resolution. In the barrel region, fully covering the pseudorapidity
range |h| < 0.83, the detectors are placed parallel to the CMS axis and consist of four DT+RPC
layers arranged radially outwards in four stations MB/RB1,2,3,4 and longitudinally in five
wheels labeled with �2,�1,0,1,2, with the sign corresponding to the sign of h. The four stations
are separated by four layers of steel of the magnet yoke (see Fig. 3.19). In the region of the two
endcaps, fully covering the range 1.24 < |h| < 2.4, the detectors are placed perpendicular
to the CMS axis and comprise four CSC+RPC layers arranged longitudinally in four stations
ME/RE1,2,3,4 on each side and separated again by four layers of steel, as shown in Fig. 3.19. In
Phase-2, the endcap muon detectors will be upgraded with three GEM chambers ME0, GE1/1,
GE2/1 and two improved RPC (iRPC) chambers RE3/1 and RE4/1 on each side (see Fig. 3.19)
for improved resolution in forward directions. The ME0 chamber, combined with the silicon
tracker, will also extend the pseudorapidity range up to |h| = 2.8. The overlap region, defined
by the pseudorapidity range of 0.83 < |h| < 1.24, is covered partly by the barrel and partly by
the endcap detectors.
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Figure 3.19: Schematic view of the Phase-2 CMS muon detector system. A quadrant cross
section with h > 0 and f = 90� is shown. The new Phase-2 detectors (in orange, red, and
purple) are installed in the most forward region of the detector.

The design of the CMS muon detector system naturally leads to consider three distinct h re-
gions, barrel, overlap, and endcap, featuring different detector technologies and geometries
and thus posing different challenges to L1 muon reconstruction. Additional challenges to the
detector design arise from the different profile of the magnetic field, turning smoothly from
nearly uniform in the barrel to highly nonuniform in the endcaps, and from the particle occu-
pancy, which increases rapidly in going from the barrel to the endcaps. Based on the experi-
ence of successful L1 muon tracking in the Phase-1 Upgrade, the same regional approach of the
muon track finding is retained in Phase-2. Three baseline muon track finders are considered in
the three h ranges of the barrel, overlap, and endcap detector regions, aiming both to improve
standalone prompt muon track finding relative to the Phase-1 track finders and to provide the
new muon types required in Phase-2. Optimal algorithms are developed in each of the three
regions. These developments do not preclude some future consolidation, and even newer al-
gorithms to be developed, but given the Phase-2 challenges the diversity of algorithms is a
strength at the present stage.
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Figure 3.33: Left: endcap trigger rate comparison of the Phase-1 EMTF and the Phase-2
EMTF++ algorithms as a function of pT threshold for events with 200 average pileup. Right:
Trigger rate comparison as a function of PU for a pT > 20 GeV threshold.

The same 6 h zones are retained for a total of 54 patterns per 0.5-degree in f, as for the prompt
muon patterns. Figure 3.31 (right) shows these patterns.

The TP information in the stations from stubs that satisfy a displaced pattern are input to a NN
that in this case has been trained to perform a regression that returns simultaneously values for
1/pT and d0 of displaced muons. The NN configuration used is the same as that for prompt
muons, using 3 hidden layers with 30/25/20 nodes each. Batch normalization is inserted after
each layer, including the input layer. A total of 23 inputs are used in the NN, these are:

• 6 Df quantities between stations: S1-S2, S1-S3, S1-S4, S2-S3, S2-S4, S3-S4
• 6 Dq quantities between stations: S1-S2, S1-S3, S1-S4, S2-S3, S2-S4, S3-S4
• 4 bend angles: set to zero if no CSC stub is found and only RPC stub is used
• For ME1 only: 1 bit for front or back chambers and 1 bit for inner or outer h ring
• 1 track q taken from stub coordinate in ME2, ME3, ME4 (in this priority)
• 4 RPC bits indicating if ME or RE stub was used in each station (S1, S2, S3, S4)

At the time of this writing, information from the new Phase-2 detectors (GE1/1, GE2/1, ME0,
iRPC) has not been incorporated into the study, and neither has the more precise CSC bend
information described above. As such, this study is geared towards possible implementation of
this algorithm during Run-3. An update to incorporate new Phase-2 detector information is in
progress. The already positive conclusions on triggering on standalone displaced muons in the
endcap with only the Phase-1 detectors, as shown below, is expected to improve significantly
when all Phase-2 information is included.

Figure 3.34 shows, for events with single muons and no pileup, the q/pT and the d0 resolutions
as determined by the NN estimate of these quantities. The pT resolution is about 60%, which
is large compared to the 20% resolution obtained from EMTF++ for prompt muons. A bias
towards underestimating the pT can be observed. However, the d0 resolution is very good,
⇠ 5 cm. Figure 3.35 shows the trigger rates of the displaced muon algorithm for PU 200 events.
In order to keep the rates at approximately the same 10 kHz level as those from prompt muons,
reasonable L1 thresholds of, for example, pT > 20 GeV and |d0| > 20 cm can be applied.
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with ⇠ 1 cm r � f resolution and ⇠ 2 ns timing resolution, and cathode strip chambers (CSC),
with ⇠ 75 � 150 µm r � f resolution. In the barrel region, fully covering the pseudorapidity
range |h| < 0.83, the detectors are placed parallel to the CMS axis and consist of four DT+RPC
layers arranged radially outwards in four stations MB/RB1,2,3,4 and longitudinally in five
wheels labeled with �2,�1,0,1,2, with the sign corresponding to the sign of h. The four stations
are separated by four layers of steel of the magnet yoke (see Fig. 3.19). In the region of the two
endcaps, fully covering the range 1.24 < |h| < 2.4, the detectors are placed perpendicular
to the CMS axis and comprise four CSC+RPC layers arranged longitudinally in four stations
ME/RE1,2,3,4 on each side and separated again by four layers of steel, as shown in Fig. 3.19. In
Phase-2, the endcap muon detectors will be upgraded with three GEM chambers ME0, GE1/1,
GE2/1 and two improved RPC (iRPC) chambers RE3/1 and RE4/1 on each side (see Fig. 3.19)
for improved resolution in forward directions. The ME0 chamber, combined with the silicon
tracker, will also extend the pseudorapidity range up to |h| = 2.8. The overlap region, defined
by the pseudorapidity range of 0.83 < |h| < 1.24, is covered partly by the barrel and partly by
the endcap detectors.
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Figure 3.19: Schematic view of the Phase-2 CMS muon detector system. A quadrant cross
section with h > 0 and f = 90� is shown. The new Phase-2 detectors (in orange, red, and
purple) are installed in the most forward region of the detector.

The design of the CMS muon detector system naturally leads to consider three distinct h re-
gions, barrel, overlap, and endcap, featuring different detector technologies and geometries
and thus posing different challenges to L1 muon reconstruction. Additional challenges to the
detector design arise from the different profile of the magnetic field, turning smoothly from
nearly uniform in the barrel to highly nonuniform in the endcaps, and from the particle occu-
pancy, which increases rapidly in going from the barrel to the endcaps. Based on the experi-
ence of successful L1 muon tracking in the Phase-1 Upgrade, the same regional approach of the
muon track finding is retained in Phase-2. Three baseline muon track finders are considered in
the three h ranges of the barrel, overlap, and endcap detector regions, aiming both to improve
standalone prompt muon track finding relative to the Phase-1 track finders and to provide the
new muon types required in Phase-2. Optimal algorithms are developed in each of the three
regions. These developments do not preclude some future consolidation, and even newer al-
gorithms to be developed, but given the Phase-2 challenges the diversity of algorithms is a
strength at the present stage.
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FIG. 2. PS Output Voltage.

of the magnetic field, which is an important input to the
GMPS regulator. Powered with the other gradient mag-
nets and housed in a low-radiation environment without
charged particle beam passing through it, this reference
magnet provides an accurate representation of the mag-
netic field under control throughout the accelerator.

Timing information related to ~̇B = 0 synchronizes the
GMPS regulator system to the minimum and maximum
values of the magnetic field and provides a TTL-based
15 Hz master clock signal which drives the timing system
for the rest of the accelerator complex. The minimum
and maximum values of the magnetic field are digitized,
fitted, and used as the primary feedback mechanism for
the GMPS regulator system. Reducing the errors of the
regulation system is of primary concern in the operational
performance and e�ciency of the Booster. The details
of the present and proposed regulation systems will be
discussed here.

B. GMPS Regulation

The present GMPS regulation system seeks to mini-
mize the impact of disturbances due to environmental
factors such as ambient temperature; nearby high-power,

FIG. 3. Existing GMPS regulation loop.

pulsed RF systems; and ramping power supplies with in-
ductive loads. Variations in the AC line frequency and
amplitude are also significant sources of error, and are
due in part to other particle accelerators in the complex
changing currents in their own high-current electromag-
nets as part of their normal operations. Minimization of
these GMPS regulation errors is accomplished with a tra-
ditional implementation of a PID control scheme. Each
cycle, the reference system samples readings of the mag-
netic field at high rate around the minimum, returning
the fitted minimum magnetic field value. This measured
minimum reflects the set point, the compensation applied
by the regulator for that cycle, and any new influence of
other nearby electrical loads. It may be as much as a
few percent. Calculated estimates for the the minimum
and maximum values of the changing magnetic field of
the previous 15 Hz cycle are used to adjust the power
supply program and decrease errors of the system. See
Figure 3 for a block diagram of the existing GMPS reg-
ulation loop.
The environmental errors discussed above increase the

distributed long-term steady-state errors of the GMPS
system. A traditional PI regulation loop, given a su�-
cient amount of time will decrease the steady-state error
of a system to zero. In reality, and within the timescale
of the Booster beam cycle, the PI loop will decrease the
steady-state error to �e. E↵orts to decrease the steady-
state error further by adjusting the closed-loop gains will
come at the cost of overall system stability. Therefore,
a balance between the steady-state error and stability of
the system should be determined. A distribution of mea-
sured errors for the minimum value of the magnet current
can be seen in Figure 4.

IV. DATASET

We amassed a dataset for the Fermilab accelerator
complex to provide cycle-by-cycle time series of read-
ings and settings from di↵erent particle accelerator de-
vices within the Booster. This data contains a small
subset of values for the 200,000 entries that populate the
device database of the accelerator control network (AC-
NET) [26]. Data was sampled at 15 Hz for 54 accelerator
devices that pertain to the regulation of the GMPS dur-
ing two separate periods: from June 3, 2019 to July 11,
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FIG. 10. Schematics of the supervised PID algorithm (left) and a generic ML solution (right).

TABLE IV. GMPS model architecture. The first dense layer
receives 5 input values.

Layer Outputs Activation Parameters MACs

1 56 ReLU 336 280

2 56 ReLU 3192 3136

3 56 ReLU 3192 3136

4 7 Linear 399 392

Totals 7119 6944

B. NN inference on FPGAs

An FPGA consists of an array of logical gates that
may be programmed to emulate any circuit (up to the
physical resource constraints of the specific hardware de-
vice). This allows FPGA designs to profit from the many
advantages of custom application-specific integrated cir-
cuits (ASICs) including massive parallelization and low
power consumption while maintaining reconfigurability.
However, a significant advantage of the FPGA architec-
ture lies in the fact that it is not simply a homogenous
fabric of low-level gates (e.g. NAND gates). Rather,
modern FPGAs are a heterogeneous structure including
more complex logical blocks, each specialized for a ded-
icated task repeated many times. In this way, FPGA
designs can simultaneously exploit both the flexibility of
a programmable architecture and the performance of a
dedicated printed circuit.

An e�cient implementation of the NN model in
firmware requires a design that exploits the FPGA’s spe-
cialized computational units to perform each step of the
NN calculation. Digital signal processor (DSP) slices are
flexible ciruits for addition, mulitplication, wide-array
bitwise logical operations, and more, which may be fur-
ther chained to accomodate more complex operations. In
the Intel Arria 10 FPGA to be deployed in the GMPS
control system, DSP blocks may be configured to mul-
tiply and accumulate fixed-point numbers up to 27 bits,
providing a solution for the linear component of Equa-
tion 1. The a�ne map from m to n dimensions re-

quires mn scalar multiplications and sums that, in a full-
parallelized design, may be accomplished with mn cas-
cading DSPs. To evaluate arbitrarily complex activation
functions in FPGAs, it is more e�cient to store a pre-
computed table of values than re-calculate the function
many times per inference. This may be accomplished
using block RAM (BRAM), embedded memory that is
configurable for read/write access. BRAMs are available
in segments of 20Kbi in the Arria 10 to store, for exam-
ple, a bank of 1024 function values at 20-bit precision.
In addition to this, registers and small configurable mod-
ules of combinatorial logic (ALMs) are general-purpose
resources used throughout the design, for example to im-
plement simple arithmetic operations, record temporary
values, and facilitate signal routing across the major com-
putational blocks of the design.

C. Implementation of the GMPS control model

The GMPS control model described in Section §Vmust
be converted to firmware in a manner that takes full ad-
vantage of the FPGA’s architectural features described
in Section §VIB. This is accomplished through the trans-
lation of the Keras description of the NN function into
high-level synthesis (HLS) code using the hls4ml [40]
toolkit, whose functionality has been recently extended
to Intel FPGAs [41]. The HLS design is converted to
firmware using Intel Quartus [? ]. [TODO: BROKEN
CITATION] The use of hls4ml brings the significant ad-
vantage of enabling a fast development cycle from model
prototyping to implementation in firmware. Thus the
present work has focused not only on achieving an opti-
mal design for the benchmark ML algorithm proposed in
Section V but also on more generic design space explo-
ration. Establishing scalable strategies is critical for the
implementation of more complex ML models that will
inevitably become necessary as larger data sets allow for
increasingly nuanced treatments of the control problem.
The conversion of the Keras model to firmware requires

a number of implementation choices. Chief among these
are the numerical precision to which the calculation is
carried out and the degree of parallelism incorporated
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TABLE II. Fermilab Booster Surrogate Models.

Architecture

Layer type (LSTM,LSTM,LSTM,Dense)

Nodes per layer (256,256,256,X)

Activation functions per layer (tanh,tanh,tanh,linear)

Total params: 1,776,387

Trainable params: 1,775,875

Non-trainable params: 512

FIG. 7. Original test data vs prediction values from stacked
LSTM model.

exhibited predictive power and were used to build the
Booster model. The Main Injector model was built us-
ing I:IB, I:MDAT40 as input variables to predict future
values of the same variables.

The total number of data samples used for the analysis
was 1,225,367 observations, for which we split into two
orthogonal data sets composed of 857,757 observations
for training and 367,610 observations for testing. The
training samples was further split using a K-fold cross-
validation method. This technique is used in order to
estimate how the model is expected to perform in gen-
eral. We defined five cross-validation folds that split the
training and validation in a 80%/20% split. The esti-
mated loss values from the validation sample were used
to determine if the learning rate should be reduced and
if the model has stopped learning.

The results of the surrogate model for a select time
window is as shown in Figure 7.

The variation between the data and the predictions
are shown in Fig. 7. Based on these results the surrogate
model is adequate to use for initial training of the RL
policy model.

TABLE III. Reinforcement Learning DQN MLP Policy
model.

NN model parameters

Architecture DNN

NN nodes per layer (56, 56, 56)

Activation functions per layer

B. Reinforcement Learning For Control

We developed a DRL workflow based on the double
DQN algorithm [29] using Keras [36] to optimize B:VIMIN
settings dynamically to minimize GMPS error. We use
the OpenAI gym package [37] to develop the environ-
ment that serves as wrapper around the Virtual Accel-
erator Complex Model described above to interact with
the RL agent. The observation state space is defined
by the aforementioned 5 variables in the Virtual Com-
plex model section, which have the highest correlation
with the B:IMINER. The action state space only contains
one control nob, the B:VIMIN. Seven discrete control op-
tions on the previous B:VIMIN are 0, ±0.0001, ±0.005,
and ±0.001. DQN training converges the Q-value of
each discrete action option from the B:IMINER error re-
turn from the Virtual Complex model. When the train-
ing converges, the DQN agent picks the action option
that has the highest Q-value under the given observation
state. DRL algorithms learns from the reward provided
by the environment. The Virtual Complex model envi-
ronment uses the negative absolute value of B:IMINER

as the reward to guide the training. Additionally, there
is a penalty term that is proportional to the number of
steps taken in a specific episode to ensure that the agent
learns to perform the steps in an episode. We formulate
the problem into an episodic Markov Decision Process
(MDP), where every episode contains 100 steps. The
agent, thus would learn to achieve the highest reward
during the horizon of an episode. Once trained, the agent
could execute through episodes continuously.
To further increase the stability of the training, we de-

veloped an ensemble method, which have been proven to
provide lower variance, converge more stably and achieve
higher rewards [38, 39].
The ensemble technique is composed of multiple agents

that train autonomously on the environment data. When
the environment requests an action, the agent requests
the prediction from each model and calculates the aver-
age values for each potential action. The highest average
values is then used to determine the next actions.
Figure 10 (left) demonstrates the baseline GMPS con-

trol model where the ML algorithm acts as a supervisor,
dynamically adjusting the hyperparameters of the PID
loop algorithm. Configuration through the ACNET sys-
tem allows the prescription set by the ML algorithm to be
bypassed in favor of expert-set parameters. At right, the
more generic case is illustrated where the ML model is
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FIG. 10. Schematics of the supervised PID algorithm (left) and a generic ML solution (right).

TABLE IV. GMPS model architecture. The first dense layer
receives 5 input values.

Layer Outputs Activation Parameters MACs

1 56 ReLU 336 280

2 56 ReLU 3192 3136

3 56 ReLU 3192 3136

4 7 Linear 399 392

Totals 7119 6944

B. NN inference on FPGAs

An FPGA consists of an array of logical gates that
may be programmed to emulate any circuit (up to the
physical resource constraints of the specific hardware de-
vice). This allows FPGA designs to profit from the many
advantages of custom application-specific integrated cir-
cuits (ASICs) including massive parallelization and low
power consumption while maintaining reconfigurability.
However, a significant advantage of the FPGA architec-
ture lies in the fact that it is not simply a homogenous
fabric of low-level gates (e.g. NAND gates). Rather,
modern FPGAs are a heterogeneous structure including
more complex logical blocks, each specialized for a ded-
icated task repeated many times. In this way, FPGA
designs can simultaneously exploit both the flexibility of
a programmable architecture and the performance of a
dedicated printed circuit.

An e�cient implementation of the NN model in
firmware requires a design that exploits the FPGA’s spe-
cialized computational units to perform each step of the
NN calculation. Digital signal processor (DSP) slices are
flexible ciruits for addition, mulitplication, wide-array
bitwise logical operations, and more, which may be fur-
ther chained to accomodate more complex operations. In
the Intel Arria 10 FPGA to be deployed in the GMPS
control system, DSP blocks may be configured to mul-
tiply and accumulate fixed-point numbers up to 27 bits,
providing a solution for the linear component of Equa-
tion 1. The a�ne map from m to n dimensions re-

quires mn scalar multiplications and sums that, in a full-
parallelized design, may be accomplished with mn cas-
cading DSPs. To evaluate arbitrarily complex activation
functions in FPGAs, it is more e�cient to store a pre-
computed table of values than re-calculate the function
many times per inference. This may be accomplished
using block RAM (BRAM), embedded memory that is
configurable for read/write access. BRAMs are available
in segments of 20Kbi in the Arria 10 to store, for exam-
ple, a bank of 1024 function values at 20-bit precision.
In addition to this, registers and small configurable mod-
ules of combinatorial logic (ALMs) are general-purpose
resources used throughout the design, for example to im-
plement simple arithmetic operations, record temporary
values, and facilitate signal routing across the major com-
putational blocks of the design.

C. Implementation of the GMPS control model

The GMPS control model described in Section §Vmust
be converted to firmware in a manner that takes full ad-
vantage of the FPGA’s architectural features described
in Section §VIB. This is accomplished through the trans-
lation of the Keras description of the NN function into
high-level synthesis (HLS) code using the hls4ml [40]
toolkit, whose functionality has been recently extended
to Intel FPGAs [41]. The HLS design is converted to
firmware using Intel Quartus [? ]. [TODO: BROKEN
CITATION] The use of hls4ml brings the significant ad-
vantage of enabling a fast development cycle from model
prototyping to implementation in firmware. Thus the
present work has focused not only on achieving an opti-
mal design for the benchmark ML algorithm proposed in
Section V but also on more generic design space explo-
ration. Establishing scalable strategies is critical for the
implementation of more complex ML models that will
inevitably become necessary as larger data sets allow for
increasingly nuanced treatments of the control problem.
The conversion of the Keras model to firmware requires

a number of implementation choices. Chief among these
are the numerical precision to which the calculation is
carried out and the degree of parallelism incorporated
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TABLE II. Fermilab Booster Surrogate Models.

Architecture

Layer type (LSTM,LSTM,LSTM,Dense)

Nodes per layer (256,256,256,X)

Activation functions per layer (tanh,tanh,tanh,linear)

Total params: 1,776,387

Trainable params: 1,775,875

Non-trainable params: 512

FIG. 7. Original test data vs prediction values from stacked
LSTM model.

exhibited predictive power and were used to build the
Booster model. The Main Injector model was built us-
ing I:IB, I:MDAT40 as input variables to predict future
values of the same variables.

The total number of data samples used for the analysis
was 1,225,367 observations, for which we split into two
orthogonal data sets composed of 857,757 observations
for training and 367,610 observations for testing. The
training samples was further split using a K-fold cross-
validation method. This technique is used in order to
estimate how the model is expected to perform in gen-
eral. We defined five cross-validation folds that split the
training and validation in a 80%/20% split. The esti-
mated loss values from the validation sample were used
to determine if the learning rate should be reduced and
if the model has stopped learning.

The results of the surrogate model for a select time
window is as shown in Figure 7.

The variation between the data and the predictions
are shown in Fig. 7. Based on these results the surrogate
model is adequate to use for initial training of the RL
policy model.

TABLE III. Reinforcement Learning DQN MLP Policy
model.

NN model parameters

Architecture DNN

NN nodes per layer (56, 56, 56)

Activation functions per layer

B. Reinforcement Learning For Control

We developed a DRL workflow based on the double
DQN algorithm [29] using Keras [36] to optimize B:VIMIN
settings dynamically to minimize GMPS error. We use
the OpenAI gym package [37] to develop the environ-
ment that serves as wrapper around the Virtual Accel-
erator Complex Model described above to interact with
the RL agent. The observation state space is defined
by the aforementioned 5 variables in the Virtual Com-
plex model section, which have the highest correlation
with the B:IMINER. The action state space only contains
one control nob, the B:VIMIN. Seven discrete control op-
tions on the previous B:VIMIN are 0, ±0.0001, ±0.005,
and ±0.001. DQN training converges the Q-value of
each discrete action option from the B:IMINER error re-
turn from the Virtual Complex model. When the train-
ing converges, the DQN agent picks the action option
that has the highest Q-value under the given observation
state. DRL algorithms learns from the reward provided
by the environment. The Virtual Complex model envi-
ronment uses the negative absolute value of B:IMINER

as the reward to guide the training. Additionally, there
is a penalty term that is proportional to the number of
steps taken in a specific episode to ensure that the agent
learns to perform the steps in an episode. We formulate
the problem into an episodic Markov Decision Process
(MDP), where every episode contains 100 steps. The
agent, thus would learn to achieve the highest reward
during the horizon of an episode. Once trained, the agent
could execute through episodes continuously.
To further increase the stability of the training, we de-

veloped an ensemble method, which have been proven to
provide lower variance, converge more stably and achieve
higher rewards [38, 39].
The ensemble technique is composed of multiple agents

that train autonomously on the environment data. When
the environment requests an action, the agent requests
the prediction from each model and calculates the aver-
age values for each potential action. The highest average
values is then used to determine the next actions.
Figure 10 (left) demonstrates the baseline GMPS con-

trol model where the ML algorithm acts as a supervisor,
dynamically adjusting the hyperparameters of the PID
loop algorithm. Configuration through the ACNET sys-
tem allows the prescription set by the ML algorithm to be
bypassed in favor of expert-set parameters. At right, the
more generic case is illustrated where the ML model is
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FIG. 10. Schematics of the supervised PID algorithm (left) and a generic ML solution (right).

TABLE IV. GMPS model architecture. The first dense layer
receives 5 input values.

Layer Outputs Activation Parameters MACs

1 56 ReLU 336 280

2 56 ReLU 3192 3136

3 56 ReLU 3192 3136

4 7 Linear 399 392

Totals 7119 6944

B. NN inference on FPGAs

An FPGA consists of an array of logical gates that
may be programmed to emulate any circuit (up to the
physical resource constraints of the specific hardware de-
vice). This allows FPGA designs to profit from the many
advantages of custom application-specific integrated cir-
cuits (ASICs) including massive parallelization and low
power consumption while maintaining reconfigurability.
However, a significant advantage of the FPGA architec-
ture lies in the fact that it is not simply a homogenous
fabric of low-level gates (e.g. NAND gates). Rather,
modern FPGAs are a heterogeneous structure including
more complex logical blocks, each specialized for a ded-
icated task repeated many times. In this way, FPGA
designs can simultaneously exploit both the flexibility of
a programmable architecture and the performance of a
dedicated printed circuit.

An e�cient implementation of the NN model in
firmware requires a design that exploits the FPGA’s spe-
cialized computational units to perform each step of the
NN calculation. Digital signal processor (DSP) slices are
flexible ciruits for addition, mulitplication, wide-array
bitwise logical operations, and more, which may be fur-
ther chained to accomodate more complex operations. In
the Intel Arria 10 FPGA to be deployed in the GMPS
control system, DSP blocks may be configured to mul-
tiply and accumulate fixed-point numbers up to 27 bits,
providing a solution for the linear component of Equa-
tion 1. The a�ne map from m to n dimensions re-

quires mn scalar multiplications and sums that, in a full-
parallelized design, may be accomplished with mn cas-
cading DSPs. To evaluate arbitrarily complex activation
functions in FPGAs, it is more e�cient to store a pre-
computed table of values than re-calculate the function
many times per inference. This may be accomplished
using block RAM (BRAM), embedded memory that is
configurable for read/write access. BRAMs are available
in segments of 20Kbi in the Arria 10 to store, for exam-
ple, a bank of 1024 function values at 20-bit precision.
In addition to this, registers and small configurable mod-
ules of combinatorial logic (ALMs) are general-purpose
resources used throughout the design, for example to im-
plement simple arithmetic operations, record temporary
values, and facilitate signal routing across the major com-
putational blocks of the design.

C. Implementation of the GMPS control model

The GMPS control model described in Section §Vmust
be converted to firmware in a manner that takes full ad-
vantage of the FPGA’s architectural features described
in Section §VIB. This is accomplished through the trans-
lation of the Keras description of the NN function into
high-level synthesis (HLS) code using the hls4ml [40]
toolkit, whose functionality has been recently extended
to Intel FPGAs [41]. The HLS design is converted to
firmware using Intel Quartus [? ]. [TODO: BROKEN
CITATION] The use of hls4ml brings the significant ad-
vantage of enabling a fast development cycle from model
prototyping to implementation in firmware. Thus the
present work has focused not only on achieving an opti-
mal design for the benchmark ML algorithm proposed in
Section V but also on more generic design space explo-
ration. Establishing scalable strategies is critical for the
implementation of more complex ML models that will
inevitably become necessary as larger data sets allow for
increasingly nuanced treatments of the control problem.
The conversion of the Keras model to firmware requires

a number of implementation choices. Chief among these
are the numerical precision to which the calculation is
carried out and the degree of parallelism incorporated
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FIG. 13. FPGA resources required for the implementation of
the RL MLP are shown as a function of the fixed-point pre-
cision utilized for internal NN operations. All resources are
normalized to the total available in a benchmark Arria 10 de-
vice (see Table VIC). Results are shown for implementations
with reuse factors of 128 (solid lines) and 1568 (dashed lines).

TABLE V. The required FPGA resources and correspond-
ing latency for the NN algorithm is shown for three possible
implementations corresponding to various reuse factors RF.
In addition to design parameters, the maximum available re-
sources are shown for an Intel Arria 10 benchmark FPGA.
Memory logic array blocks (MLABs) are configured from ten
ALMs and hence no device maximum is shown.

RF DSP BRAM MLAB ALM Register Latency

128 130 114 229 21.4 k 51.2 k 2.8µs

224 74 100 1420 40.2 k 78.3 k 4.1µs

1568 26 38 357 24.9 k 54.9 k 17.2µs

Available 1518 2713 - 427 k 1.7M -

Table VIC compares several implementations for con-
stant precision (20 total bits) and various re-use factors.
In general the algorithm latency varies directly versus
the RF while the numbers of DSPs and BRAMs required
are inversely proportional to the RF. Variations in the
required registers and ALMs are generally not significant
by comparison. These results demonstrate a range of
feasible firmware implementations of the algorithm that
fit within the resource and latency budget of the GMPS
control board. The ability to tune resource usage pro-
vides significant flexibility to accommodate potential fu-
ture scenarios where the NN algorithm will inevitably co-
exist on a single FPGA with additional control logic that
may present inflexible resource constraints of its own.

D. Extensions to more complex algorithms

To this point, the discussion of the hardware imple-
mentation has centered around the three-hidden-layer
MLP architecture found to be optimal for the GMPS
control problem in the context of RL studies described
in Section V. However, the conclusions of the studies de-
scribed above may be extended to more complex NN
algorithms providing improved GMPS performance in
tandem with the experience gained through future data-
taking campaigns.
The simplest extension to the single MLP solution,

well-motivated in the context of RL studies, is to run
inference with multiple copies of the network in paral-
lel on the FPGA. Each NN may be programmed with a
unique set of weights, allowing for disagreement among
the models, where additional voter logic determined the
final action to be taken by the control system. This may
not be di�cult to achieve in practice for models with
similar complexity to the one studied in Section VIC.
Achieving designs that consume 6% of all available re-
sources suggests that an ensemble of O(10) models is
feasible.
In addition to multiple copies of a relatively simple al-

gorithm, more complex networks can be pursued. The
MLP architecture studied can be extended to additional
layers and larger numbers of nodes per layer maintain-
ing an acceptable footprint through corresponding ad-
justment of the re-use factor. The theoretical scaling
behavior was shown in the calculations of Section VIA
and observed in the implementation using Quartus HLS.
As an illustrative example, one could consider a refine-
ment of the baseline architecture where the number of
nodes per layer is uniformly increased by a scaling fac-
tor k. In this case, the number of required multipliers
may be kept constant by simultaneously increasing the
RF by a factor of k2, at the expense of a corresponding
increase in algorithm latency. More sophisticated archi-
tectures such as convolutional and recurrent NNs may
also be considered, taking advantage of their represen-
tations as compositions of multiple dense sub-layers. A
detailed study of such possibilities is left for future work.

VII. SUMMARY AND OUTLOOK

[TODO: conclude: Hoped-for gains in injection field
stability, future directions for ML, implementation .]
In this report we have described a method for con-

trolling an important subsystem of the Fermilab Booster
accelerator using reinforcement learning. We addition-
ally demonstrated a proof-of-principle by reproducing an
expert-built and by-hand tuned system. Although many
open questions remain, this proof-of-principle provides
confidence to test our proposed on “live” hardware. The
results of this work will be the subject of a future report.
It is exciting to note that the authors of Ref. [22] also

adopted Open AI Gym [37] as a programming interface
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What about ASICs?
• Putting a neural network on the detector front-ends for data compression 

• Application: CMS HGCal ECON (concentrator) ASIC 
• ASIC required due to radiation tolerance and power requirements 

• Fully reconfigurable ASIC to address: 
future unknown unknowns’ including evolving LHC conditions (pileup, beam bkgs), detector performance 
(noise, dead channels), performance metrics (resolution, substructure, new physics signatures)
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• Encoding network is implemented on ECON-T

• Values in latent space transmitted on lpGBT to backend

• Backend would work from latent space

• Conceptually simplest approach, 1st stage of backend decodes 

back to initial trigger cells

• Does not have to be the case, for resource optimization backend 

could work with latent space (processing trigger data from latent 
space)

Autoencoder in HGCAL

5

In ECON-T In Backend

Transmitted on lpGBT

See poster here by Manuel Blanco Valentin

Talks at IEEE NSS (Christian Herwig, Farah Fahim)

Auto-encoder design:  
Conv2D + Dense 

Performance metrics defined based on 
Energy Mover’s Distance and physics 

resolutions/rates

Quantization aware training very important!



ASIC workflow
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Workflow

10Slide from F. Fahim, August 25 

First implementation of AI in an ASIC for particle physics 
TSMC 65nm process: ~95 mW,  3.6mm2, 25ns latency, 40M img/s, ~4000 ops, 200 MRad spec

See poster here by Manuel Blanco Valentin

Talks at IEEE NSS (Christian Herwig, Farah Fahim)
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Summary and outlook

• Real-time intelligence can greatly accelerate science allowing us to test 
hypotheses faster, enhance performance of detectors/accelerators, and 
save potentially lost data 

• I look forward to seeing exciting tools, techniques, and applications of 
real-time machine learning at this conference 

• Early days towards smart sensors, autonomous detectors, and accelerated 
experimental loops
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Fast ML for Science Workshop

https://indico.cern.ch/e/fml2020


Join us! Nov 30-Dec 3

https://indico.cern.ch/e/fml2020

