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Abstract

We develop and study FPGA implementations of algorithms for charged particle
tracking based on graph neural networks. The two complementary FPGA designs
are based on OpenCL, a framework for writing programs that execute across
heterogeneous platforms, and hls4ml, a high-level-synthesis-based compiler for
neural network to firmware conversion. We evaluate and compare the resource
usage, latency, and tracking performance of our implementations based on a
benchmark dataset.

1 Introduction

In high energy physics (HEP), charged particle tracking [1, 2] is a crucial task necessary for the
accurate determination of the kinematics of the particles produced in a collision event. The object
of tracking algorithms is to identify the trajectories of charged particles created in the collisions
that bend in a magnetic field and ionize the material of detectors, providing position measurements

⇤These two authors contributed equally.
†Also at Institute of Physics Belgrade, Belgrad, Serbia
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INTRODUCTION AND PREVIOUS WORK
▸ GNN tracking [arXiv:1810.06111, 

arXiv:2003.11603] may scale better 
than traditional tracking algorithms 
and may be more easily parallelized 
on heterogenous computing 
resources like FPGAs 

▸ Previous work [arXiv:2008.03601] 
has implemented simple GNNs on 
FPGAs for particle  
energy regression 

▸ This talk: two FPGA implementations 
of GNN segment classifiers using 
hls4ml and OpenCL
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Maps nicely onto FPGA 
resources: high IO, 

DSPs, LUTs, etc.
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FPGAS: REPROGRAMMABLE HARDWARE
ALL FPGA ARCHITECTURE 16

FPGA 
“programmable hardware” 

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

LUTs (logic) 
Block RAMs (memories)

Typical modern FPGA: 

(Kintex ultrascale+)

1.3M FFs 

700k LUTs

5500 DSPs 

2200 BRAMs

O(50-100) optical 
transceivers 

running at  

~O(15) Gbs

▸ Pros:  

▸ Reprogrammable interconnects  
between embedded components that  
perform multiplication (DSPs), apply logical  
functions (LUTs), or store memory (BRAM) 

▸ High throughput connections to other  
FPGAs: O(100) optical transceivers running  
at O(15) Gbps 

▸ Parallelization and pipelining 

▸ Low power 

▸ Cons: 

▸ Usually requires domain knowledge to program (using VHDL/Verilog)
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reuse = 4
use 1 multiplier 4 times

reuse = 2
use 2 multipliers 2 times each

reuse = 1
use 4 multipliers 1 time each

1. Compression 
1.1.   Smaller architectures 
1.2.   Pruning 
▸ Remove redundant connections  

2. Quantization 
2.1.  Post-training  
‣ Reduce precision of trained model from 32-bit floating point to 16-bit fixed point, … 

2.2.  Quantization-aware training (QAT) 
‣ Clip weights/activations during forward pass (but not backward pass) of training to 

emulate quantization  
‣ Can achieve as low as 6-bit, 4-bit, ternary, binary 

3. Parallelization 
▸ Balance parallelization (how fast) with resources needed (how costly)
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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.

6Bold = methods used here
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‣ Kaggle TrackML dataset: https://www.kaggle.com/c/
trackml-particle-identification/ 
‣ Hits → nodes 
‣ Plausible track segments → edges 
‣ Good track segments (black) → edge classification 

targets 
‣ Full event graphs of inner  

layers including barrel and  
endcaps with , 

, and  
 

‣ Contains ~1,100 nodes  
and ~1,500 edges 

‣ Segment in  and   
for placement on FPGAs

pT > 2 GeV
Δz < 15 cm
Δϕ/Δr < 2.62 × 10−4

ϕ η

https://www.kaggle.com/c/trackml-particle-identification/
https://www.kaggle.com/c/trackml-particle-identification/
https://www.kaggle.com/c/trackml-particle-identification/


HLS4ML

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

▸ hls4ml for physicists or ML experts to translate ML algorithms into FPGA firmware

J. Instrum. 13, P07027 (2018) 8

https://fastmachinelearning.org/hls4ml/
https://arxiv.org/abs/1804.06913
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ATCA Processor: APx
● Powered by a VU9P FPGA with 

2.5M logic cells 

● 100 bidirectional links up to 28 Gbps
● 76 to the front directly connected to mid-

board optics

● 24 to the rear transmission module via 

high density connector

– Rear transmission module supports 

interfaces for legacy links and 

generic serial I/O

● Control, management, and  

monitoring by an embedded linux 

mezzanine (ELM) on-board 
● Featuring a ZYNQ system-on-chip with 

dual core ARM processor and FPGA 

logic

● Large 128GB memory mezzanine  

for look-up table applications

● Shelf management via custom IPMI 

mezzanine running real time OS ELM IPMC Memory

LUT

https://fastmachinelearning.org/hls4ml/
https://arxiv.org/abs/1804.06913
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‣ Simplified Exa.TrkX NeurIPS 2019 segment classifier  
[arXiv:2003.11603] 
‣ Encoder transforms node and edge features into  

an 8-dim latent space 
‣ Edge block computes “messages” (updated edge features) between nodes 
‣ Node block updates node features based on these messages 
‣ Decoder transforms edge features into edge weight classifier 

‣ IN may be iterated, but we use 1 iteration + small latent space to keep model small

HLS4ML MODEL
(vi, ek)

Node 
block

Edge 
blockEncoder Decoder

(v! ! i , e! ! k )

e! k = !e
1(ek)

v! i = !v
1(vi)

e! ! k = !e
2(e! k, v! rk

, v! sk
)

ē! ! i = "e"v(E! i)
v! ! i = !v

2(ē! ! i , v! i)

(v! i, e! k) (e! ! ! k )

e! ! ! k = !e
3(e! ! k )

!e
1 :NN(4,8,ReLU,8,ReLU)

!v
1 :NN(3,8,ReLU,8,ReLU)

!e
2 :NN(24,8,ReLU,8,ReLU)

!v
2 :NN(16,8,ReLU,8,ReLU)

!e
3 :NN(8,8,ReLU,8,ReLU,8,ReLU,1,sigmoid)

Interaction network

ϕe
1 :NN(8,ReLU,8,ReLU)

ϕv
1 :NN(8,ReLU,8,ReLU)

ϕe
2 :NN(8,ReLU,8,ReLU)

ϕv
2 :NN(8,ReLU,8,ReLU)

ϕe
3 :NN(8,ReLU,8,ReLU,8,ReLU,1,sigmoid)

https://arxiv.org/abs/2003.11603
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‣ Implementation: https://github.com/vesal-rm/hls4ml/tree/graph_pipeline/
example-prjs/graph/gnn_simple  
‣ “Receiver” and “sender” arrays used to dynamically index node feature matrix 
‣ “Zero-padding” used to set max graph size (edges and nodes) 
‣ Pipelining with initiation interval = reuse factor at edge/node-block-level

HLS4ML IMPLEMENTATION
(vi, ek)

Node 
block
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blockEncoder Decoder
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2(e! k, v! rk

, v! sk
)

ē! ! i = "e"v(E! i)
v! ! i = !v

2(ē! ! i , v! i)

(v! i, e! k) (e! ! ! k )

e! ! ! k = !e
3(e! ! k )

!e
1 :NN(4,8,ReLU,8,ReLU)

!v
1 :NN(3,8,ReLU,8,ReLU)

!e
2 :NN(24,8,ReLU,8,ReLU)

!v
2 :NN(16,8,ReLU,8,ReLU)

!e
3 :NN(8,8,ReLU,8,ReLU,8,ReLU,1,sigmoid)

Interaction network

https://github.com/vesal-rm/hls4ml/tree/graph_pipeline/example-prjs/graph/gnn_simple
https://github.com/vesal-rm/hls4ml/tree/graph_pipeline/example-prjs/graph/gnn_simple
https://github.com/vesal-rm/hls4ml/tree/graph_pipeline/example-prjs/graph/gnn_simple
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‣ Small GNN can correctly classify track segments with AUC ~ 0.983 
‣ First, scan the fixed point precision bit width <total,integer> = <X,6> 
‣ Good performance with <12,6>  
‣ Note: QAT can likely reduce this to 6 bits or less

HLS4ML BIT PRECISION
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0.7
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C

   112 nodes, 148 edges
hls4ml
Expected (0.983)
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12HLS4ML LATENCY & RESOURCES
1 cycle = 5 ns

Note: LUTs are 
overestimated in HLS

Xilinx KU115 FPGA
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‣ To iterate faster, show results for 1/64 of a detector (fixed graph size of 28 nodes, 
37 edges with zero-padding — corresponds to the 95th percentile of graph sizes)

‣ hls4ml implementation has < 1 μs latency
‣ Scan versus bit precision shows lower bit width results in smaller area, faster 

execution

HLS4ML LATENCY & RESOURCES
1 cycle = 5 ns

Note: LUTs are 
overestimated in HLS

Xilinx KU115 FPGA
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‣ To iterate faster, show results for 1/64 of a detector (fixed graph size of 28 nodes, 
37 edges with zero-padding — corresponds to the 95th percentile of graph sizes)

‣ hls4ml implementation has < 1 μs latency
‣ Scan versus bit precision shows lower bit width results in smaller area, faster 

execution
‣ Scan versus reuse factor shows trade-off between resource usage and latency

HLS4ML LATENCY & RESOURCES
1 cycle = 5 ns

Note: LUTs are 
overestimated in HLS

Xilinx KU115 FPGA



OPENCL
▸ OpenCL is a C-based platform-agnostic language framework for writing programs that 

execute across heterogeneous platforms like CPUs, GPUs, DSPs, FPGAS, and other 
processors or hardware accelerators 

▸ Host CPU with “kernels” that are accelerated on the FPGA 

▸ Some methods to improve efficiency: 

▸ 2D local memory tiling and 2D register blocking to reduce the redundancy and 
latency of reading from globally shared off-chip memory  

▸ Matrix multiplication kernels pad each matrix  

▸ Double buffering allows host to process  
and transfer data while kernel executes  
concurrently 

▸ All loops iterations executed in the kernels  
are “unrolled” to run in parallel 

▸ Tested with an Arria 10 GX 1150 FPGA

13
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‣ Similar to HEP.TrkX CTD 2018 segment classifier [arXiv:1810.06111] 
‣ No encoder/decoder step, but same edge block and node block  
‣ Edge (node) block uses a larger latent space of 250-dim (200-dim)

OPENCL MODEL

e! k = !e
2(vrk

, vsk
)

ē! i = "e"v(Ei)

(vi, ek)
Edge 
block

Node 
block

v! i = !v
2(ē! i, vi)

(e! ! k )
Interaction network

Edge 
block

e! ! k = #(!e
2(e! k, v! rk

, v! sk
))

(v! i, e! k)

ϕe
2 :NN(250,ReLU,250,ReLU,250,ReLU,1,ReLU/sigmoid)

ϕv
2 :NN(200,ReLU,200,ReLU,3ReLU)

https://arxiv.org/abs/1810.06111
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‣ OpenCL implementation scales up more easily to larger graph sizes 
(smaller minimum pT) 

‣ Latency is longer (includes CPU—FPGA I/O), but resource usage is quite 
manageable 

OPENCL LATENCY & RESOURCES
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‣ Two complementary implementations of GNNs on FPGAs 
‣ Current performance is promising both for trigger-level applications 

(hls4ml) and coprocessing applications (OpenCL and hls4ml) 
‣ OpenCL implementation can scale more easily to larger graphs/models, 

while hls4ml implementation may have a latency/throughput advantage 
‣ Future work 
‣ Extend and scale up the implementations to make them more flexible to 

test different types of GNNs 
‣ Benchmark the implementations and architectures against each other

SUMMARY AND OUTLOOK
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