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(HL-)LHC AND THE TRIGGER 4

A CHALLENGE TO MAINTAIN PHYSICS IN  
INCREASINGLY COMPLEX COLLISION ENVIRONMENTS  

• detector design, object performance, physics sensitivity, 
lose untriggered events forever 

2016: <PU> ~ 20-50 
2017 + Run 3: <PU> ~ 50-80 

HL-LHC: 140-200



(HL-)LHC AND THE TRIGGER 4

A CHALLENGE TO MAINTAIN PHYSICS IN  
INCREASINGLY COMPLEX COLLISION ENVIRONMENTS  

• detector design, object performance, physics sensitivity, 
lose untriggered events forever 

2016: <PU> ~ 20-50 
2017 + Run 3: <PU> ~ 50-80 

HL-LHC: 140-200

Need sophisticated techniques to preserve the physics! 

e.g. Dedicated advanced reconstruction algorithms,  
Particle Flow and PUPPI, and machine learning algorithms



(HL-)LHC AND THE TRIGGER 4

A CHALLENGE TO MAINTAIN PHYSICS IN  
INCREASINGLY COMPLEX COLLISION ENVIRONMENTS  

• detector design, object performance, physics sensitivity, 
lose untriggered events forever 

2016: <PU> ~ 20-50 
2017 + Run 3: <PU> ~ 50-80 

HL-LHC: 140-200

Need sophisticated techniques to preserve the physics! 

e.g. Dedicated advanced reconstruction algorithms,  
Particle Flow and PUPPI, and machine learning algorithms

See poster by Ben Kreis on  
PF + PUPPI in the trigger 

this talk



THE TRIGGER @ ATLAS AND CMS
Goal:  
reduce event rate from 40MHz to 500 Hz 

How: multi-tier system 
custom hardware (“L1”) 

latency, O(μs) 
rate in/out: 40 MHz / 100 KHz 

computing farm (“HLT”) 
latency, O(100 ms) 
rate in/out: 100 KHz / 500 Hz 

n.b. all numbers approximate 

For HL-LHC upgrade: latency and 
output rates go up ~5

5



THE TRIGGER @ ATLAS AND CMS
Goal:  
reduce event rate from 40MHz to 500 Hz 

How: multi-tier system 
custom hardware (“L1”) 

latency, O(μs) 
rate in/out: 40 MHz / 100 KHz 

computing farm (“HLT”) 
latency, O(100 ms) 
rate in/out: 100 KHz / 500 Hz 

n.b. all numbers approximate 

For HL-LHC upgrade: latency and 
output rates go up ~5

5

Latencies necessitate  
all-FPGA design!



MORE OPPORTUNITIES

In the era of big science, more sophisticated triggers and DAQ 
systems are required 

Even in traditional “low” rate experiments 
Other LHC applications, like LHCb, and ATLAS/CMS HLT and cosmic 
and intensity frontier experiments
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Machine learning algorithms are ubiquitous in HEP  

FPGA usage broad across HEP experiments 
Centered on DAQ and trigger development 
Some early adaptions of ML techniques in trigger [1] 
FPGA development becoming more accessible 

High Level Synthesis, OpenCL 

FPGA interest in industry is growing 
Programmable hardware with structures 
that maps nicely onto ML architectures  

MACHINE LEARNING & FPGAS 7

FPGA 
“programmable hardware” 

DSPs (multiply-accumulate, etc.) 
Flip Flops (registers/distributed memory) 

LUTs (logic) 
Block RAMs (memories)

[1] Carnes et al., https://indico.cern.ch/event/567550/contributions/2629686/
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high level synthesis for machine learning 
hlsfml 

hls4ml 
neural networks in HLS 

case study: jet substructure 
results

1st application:  
Focus on L1 trigger  

What can we do in < μs on one FPGA? 

Discussion on other applications at the end
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NN inference =  
a bunch of multiplications /additions 

and LUTs (look up tables) for activation functions



CASE STUDY: JET SUBSTRUCTURE 10

Just an illustrative example, lessons are generic! 
Might not be the best application, but a familiar one


ML in substructure is well-studied



CASE STUDY: JET SUBSTRUCTURE

5 output multi-classifier:  
Does a jet originate from a quark, gluon, W/Z boson, top quark? 

Network architecture 
16 expert inputs 

jet masses, multiplicity 
ECFs (β=0,1,2)

11

• 3-layer model trained 
without regularization


• No pruning applied


• Resulting distribution of 
weights 
 
 
 
 
 
 
 

3-layer model: no reg., no pruning

4

hls4ml preliminary

Fully connected deep 
neural network

16 inputs

64 nodes 
activation: ReLU

32 nodes 
activation: ReLU

32 nodes 
activation: ReLU

5 outputs 
activation: SoftMax



ML IN FPGAS? 12

FPGA

How many resources? DSPs, LUTs, FFs? 
Can we fit in the latency requirements?



(ENERGY) EFFICIENT NEURAL NETWORKS

Emergent engineering field, efficient implementation of NN architecture 
Compression:  

maintain the same performance while removing low weight synapses and 
neurons (many schemes) 

Quantization: 
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 effect, 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 efficient 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 efficiency 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



PROJECT OVERVIEW 14

compressed 
model

Keras 
TensorFlow 

PyTorch 
…

tune configuration
precision  

reuse/pipeline

HLS  
project

HLS  
conversion

Co-processing kernel

Custom firmware 
design

model

Usual ML  
software workflow

hls  4  ml

hls4ml

HLS  4  ML



IOType: parallelize or serialize 
ReuseFactor: how much to parallelize  
DefaultPrecision: inputs, weights, biases
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} Keras inputs

python keras-to-hls.py -c keras-config.yml
Translation in one line!
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} Keras inputs

python keras-to-hls.py -c keras-config.yml
Translation in one line!

hls  4  ml

hls4ml

HLS  4  ML

FIRMWARE IN MINUTES, 
FAST DEVELOPMENT CYCLES!



TUNING YOUR NETWORK: PARALLELIZATION

ReuseFactor: how much to parallelize operations a hidden layer

16

# of multiplications per clock (DSPs usage)

time

parallel 
8 multipliers in 1 clock

reuse factor = 1

serial 
1 multiplier in 8 clocks

parallel 
4 multipliers in 2 clocks

reuse factor = 2

less resources/less throughput

time

time

defines the Pipeline Interval = when new inputs are introduced to algo



STUDY DETAILS

Xilinx Vivado 2017.2 
Clock frequency: 200 MHz 
FPGA: Xilinx Kintex Ultrascale (XCKU115-FLVB2104) 
[We’ll come back to these later] 

A note on inputs: 
We assume network inputs have already been computed 
Not a good assumption in the jet substructure case 
We ignore this here, but the choice to use “raw” or “expert” features will 
depend on the problem 

On the coming plots: resource usage comes from HLS estimates 
discussion on differences w.r.t. implementation later

17



COMPRESSION 18

There are many schemes for compression 
We do a simplistic, iterative version 

Training with “L1” regularization, down-weight unimportant synapses 
Remove X% of weights and retrain 
Rinse, repeat 

Our case study: 70% weight reduction with no performance loss

< total bits, integer bits >

Reaches 32-bit floating 
point performance with 
16-bit fixed point!

Distribution of weights in NN  
with L1 regularization

Figure 6: Distribution of the absolute value of the weights relative to the maximum absolute value of
the weights in each layer after training normally (top left), after training with L1 regularization (top
right), and after five iterations of pruning and retraining with L1 regularization (bottom).

Parallelization

The trade-o� between latency and FPGA resource usage is determined by the parallelization of the
inference calculation. In hls4ml this is configured with a multiplier “reuse factor” that sets the number
of times a multiplier is used in the computation of a layer’s neuron values. With a reuse factor of one,
the computation is fully parallel. With a reuse factor of R, 1/R of the computation is done at a time
with a factor of 1/R fewer multipliers.

FPGA multpliers are pipelined; therefore, the latency of one layer computation, Lm, is approxi-
mately

Lm = Lmult + (R � 1) ⇥ I Imult + Lactiv, (2.3)

where Lmult is the latency of the multiplier, I Imult is the initiation interval of the multiplier, and Lactiv
is the latency of the activation function computation. Equation 2.3 is approximate because, in some
cases, additional latency can be incurred for signal routing.

– 11 –



COMPRESSION 19

75 ns inference!
Big reduction in 
DSP resources



3-LAYER PRUNED MODEL - UNDER THE HOOD 20

Reuse = 1 BRAM DSP FF LUT

Total 13 1116 47k 35k

% Usage ~0% 20% 3% 5%

time
15 clocks [75 ns]

16 x 64
64 x 32

32 x 32

softmax (5)

Let’s take our 3-layer pruned neural network as a 
benchmark and study it in more detail

32 x 5



PERFORMANCE VERSUS PRECISION 21

Scan decimal bitScan integer bit

General strategy, avoid overflows in integer bit; 
then scan the decimal bit until reaching optimal performance

Good performance  
With <16,6> bits



RESOURCE USAGE 22

Tuning the throughput with reuse factor  
will reduce the DSP usage



TIMING 23

Behavior of pipeline 
interval controlled well 

by the reuse factor

Additional latency 
introduced by reusing 

the multipliers



RESOURCE USAGE 24

Steady increase of LUTs and FFs vs. bit precision 
Spikes in LUTs at the DSP precision transitions 

Will come back to these estimates later in final implementation



STUDY DETAILS

Xilinx Vivado 2017.2 
Results are slightly different in other versions of Vivado 
e.g. 2016.4 optimization is less performant for Xilinx ultrascale FPGAs 

Clock frequency: 200 MHz 
Latency results can vary (~10%) with different clock choices 

FPGA: Xilinx Kintex Ultrascale (XCKU115-FLVB2104) 
Results are slightly different in other FPGAs  
e.g. Virtex-7 FPGAs are slightly differently optimized 
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IMPLEMENTATION EFFICIENCY 26

How optimal is the HLS design?   
For DSPs, one can get an optimal “back-of-the-
envelope” estimate  
DSPs are the dominant resource usage 

HLS resource estimates are great for quickly 
getting an estimate of resources 

Final firmware implementation gives actual 
resource usage 

This depends on what else is in the rest of the 
firmware design 
We implement the network in a “barebones” 
design and compare 
Does not always meet timing (see bonus)



HLS VS. SYNTHESIS RESOURCES 27

FFs are overestimated 
by a factor of 2-4 

LUTs are overestimated 
by a factor of ~2

DSPs are estimated 
fairly well 

Around DSP precision transition, 
Vivado does further optimizations

n.b. small hidden 1-layer network for testing implementation
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status and outlook



#TRENDING 29

Catapult/Brainwave
Specialized co-processor hardware 
for machine learning inference



#TRENDING 30

Catapult/Brainwave
Specialized co-processor hardware 
for machine learning inference

hls  4  ml

hls4ml

HLS  4  ML

The same NN libraries can be adapted for other applications 
From μs to ms timescales and small to large networks 



STATUS

https://hls-fpga-machine-learning.github.io/hls4ml/
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BETA VERS
ION IS

 LIV
E!

Watch for arXiv preprint in a few weeks



OUTLOOK

More network architectures 
Library for convolutional layers are implemented, in testing 

Similar to deep neural networks, more parameters 
Prototype libraries exist for recurrent layers and LSTM 

 Similar to DNN for in multiplication, different data flow paradigm 

More ML codes 
Support currently for Keras and TensorFlow 
PyTorch has a first implementation, in testing 
Others? 

More FPGAs 
Support planned for Altera Quartus HLS

32



SUMMARY

We introduce a software/firmware package, hls4ml 

Automated translation of neural networks into firmware using HLS 
Case study present with jet substructure in L1 trigger 

Tunable configuration for a broad range use cases 

More info here: 
https://hls-fpga-machine-learning.github.io/hls4ml/ 
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https://hls-fpga-machine-learning.github.io/hls4ml/
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Bonus



MEETING TIMING 35
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LUTS IN IMPLEMENTATION 36


