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Outline
• Goal: Use FFT as a means of exploring feasibility of GPUs-Enable Algorithms for LBNE. 

• FFT might not be a good choice because it’s highly optimizable/parallelizable 

• GPU Basics 

• Our Setup 

• FFT in LBNE 

• FFT CPU vs GPU 

• HEP’s (Unique?) Computing/Software Complexities 

• Illustration of HEP GPU computing issues 

• Solutions: 

• Concurrency Frameworks 

• Data Parallel Task Manager (DPTM) 

• DPTM Design/Prototype 

• Workplan 

• Final thoughts
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GPU Basics
• GPU=Massively Parallel co-processor (Lots of little cores) 

• Evolved from Fix Function to General Purpose Computing. 

• Originally driven by gaming. General Computing on GPUs pushed by 
NVidia. Now everyone does it. 

• GPUs can’t replace CPUs… they are co-processors. 

• Developing software for GPUs is more complex than for CPUs. 

• Exponential Increase in computing power (eg FLOPS) wrt to CPUs. 

• One 2013 Mac Pro (7 TFLOPS from GPUs) would be world’s 8th fastest 
supercomputer 10 years ago. 

• Today: Oak Ridge’s Titan (and most other supercomputers) rely on GPUs.
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Setup
Cores/

Threads

Peak!
Single 

Precision 
GFLOP/s

Peak!
Double 

Precision 
GFLOP/s

Memory Cost

Mac Pro !
(2.66 GHz 

Xeon X5650)! 2 x 6 / 24 Estimate:  
~ 150

Estimate: 
~ 85 26 GB ~$5000 (full 

system)

NVidia 
GTX650 384 / 2 x 2048 812 X 1 GB $120

NVidia!
GTX780

2304 / 12 x 
2048 3977 166 3 GB $550

NVidia Titan 2688 / 14 x 
2048 4500 1500 6 GB $1250
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FFT in LBNE
35t! 10kt 34kt

Wires 2,048 307,200 ~1,044,480

Samples 6.55 Million 983 Million 3.3 Billion

Data Size!
(MB) 25 MB 3.75 GB 

(2 GB from Tom) 
12.750 GB 
(6.8 GB)

Cosmics/Readout!
(Surface) ~0.25 ~70 ~2400

Estimated deconvolution 
Time/ readout !

(no 0 suppression)
~ 7 sec 30 mins ~1.5 hours

Potential deconvolution 
Time/ readout on GPU!

(no 0 suppression)
O(milliseconds) ~1 min ~3 mins

Surface Zero-suppressed 
samples/readout ~8000 2.24 Million 7.6 Million

Estimated deconvolution 
Time / readout !

(with 0 suppression)
tiny ~4 sec ~14 sec

Potential deconvolution / 
readout time on GPU!
(with 0 suppression)

very tiny O(milliseconds) ~0.5 sec ~8���������	
��
������������������  samples/hit
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FFT on CPU and GPU
• Let’s compare performance: 

• Fastest FFT in the West (FFTW) really is the fastest. 

• We used FFTW3 on CPU… same as ROOT (which is used by LBNE). 

• We used FFTCU on GPU… based on FFTW3.  

• We checked and the results are nearly identical. 

• We generated Random Vectors to FFT (use same vector for CPU and GPU). 

• Data has to be transferred between CPU and GPU: 

• Can be done asynchronously (ie transfers simultaneous with computations)… 

• AMD’s APU (and other future GPU’s) share memory/pointers between CPU/GPU 
and require no transfer 

➡ We will just time the compute performance, not the transfer. 

• Benchmark as function of number of wires… 3200 samples per wire.



FFT CPU vs GPU
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Estimate of Floating Point Operations: 
MFLOP/s = 2.5 Nsamples log2 (Nsamples)/time (μs) 

(see http://www.fftw.org/speed/method.html)
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http://www.fftw.org/speed/method.html


Great… how do we get it?
• FFT in LArSoft: 

• CalWire uses SignalShapingService to deconvolve Raw ADC into 
"Wires". 

• SignalShapingService uses SignalShaping, which uses the LArFFT 
util, which uses Root's FFTW3 wrappers. 

• GausHitFinder then finds hits on the deconvolved wires.  

• Just need to wrap CUFFT in a class inheriting from TVirtualFFT… and 
we are done! 

• Be a bit more clever and we can do the whole hit finding on the GPU! 

• Best to merge CalWire and GaussFitFinder to minimize GPU/CPU 
data transfers.



“Not so fast kemosabe…”
• Some issues: 

• We saw that we need to simultaneously FFT about 2000 wires to get maximal performance. 

• That’s OK… we can refactor CalWire… not so hard. 

• As GPUs get faster, we’ll need to simultaneously process more and more wires to be optimal.  

• Maybe 1 event doesn’t have enough data. 

• Probably OK for FFTs in 34t LBNE… but this may be true of other algorithms (e.g. tracking). 

• Example: Tracking (eg ATLAS trigger). 

• Our embarrassingly parallel HEP code serially processes one event at time…  

•  

data to and from global memory on the GPU, as well as the inital and final data transfers to the
GPU, which are typically around 0.5 MB in total. These memory transfers are reflected in the
times listed below. When running multiple trigger jobs, each job holds an individual execution
context consisting of host and GPU memory bu↵ers as well as a texture memory bu↵er for the
detector geometry and readout representation. The kernels are executed in parallel, and if there
are no free multiprocessors available, the kernels are serialized by the CUDA runtime.

Table 2. Test machine specifications.

Component Specification

CPU Dual Quad-Core Intel Xeon E5620 @ 2.40 GHz
Memory 24 GB
GPU NVIDIA Tesla C2050 @ 1.3 GHz, 3 GB RAM

PCI Express Bus PCI 2.0 - 16 Lanes - 8 GB/s Maximum Theoretical Throughput

As can be seen from Figure 7, the GPU-based processing results in an approximately 26x
decrease in data preparation processing time for high-luminosity tt samples. As expected from
the complexity analysis, the GPU processing time has very little dependence on input data
volume. This is a common feature of GPU-based algorithms, and the processing time is limited
only by the available bandwidth of the PCI Express bus and the multiplicity of processing cores
on the GPU, both of which improve “for free” with new hardware once the algorithm has been
parallelized.

Input data volume [MB]
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Figure 7. Performance improvement for
data preparation steps.
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Figure 8. Performance improvement for
tracking steps.

Track reconstruction time is also reduced with respect to the CPU. Figure 8 shows tracking
time as a function of the number of input spacepoints, which is linearly proportional to input
data volume. A modest 2-3x speedup is seen when using the GPU-based parallel algorithms.
The computation time still has a large dependency on data input volume because the clone
track merging/removal step of SiTrack is still performed on the CPU in all cases. These parts of
the SiTrack algorithm are not dominant contributors to processing time when data preparation
and tracking are run on the CPU, but when running the parallelized algorithms on the GPU,
these steps take several times longer to run than the entirety of the GPU-parallelized portion.

8

From: http://iopscience.iop.org/1742-6596/396/1/012018/pdf/1742-6596_396_1_012018.pdf and 
http://www.stfc.ac.uk/PPD/resources/pdf/ppd_seminar_111005_talk_Abdeslem_Djaoui.pdf

5) New approaches in Track 
finding/fitting

• Challenges in CBM

– 107 Au-Au col/sec

– 1000 particles/col

• At L1

– Track reconstruction

– Vertex search

• Cellular Automaton CA as 
track finder

– Ideal for many core CPUs 
and GPUs

– Using Opladev35 node: 
– 4 CPUs AMD E6164HE, 12 

cores/cpu
Larger groups of events per thread use the CPU more efficiently
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• More issues: 

• For most applications (eg image processing or even HEP 
trigger), a machine can just run one GPU algorithm at a time… 
but for HEP reconstruction, many algorithms have to smartly 
share the GPU. 

• HEP applications are very complex, running 100’s of 
algorithms, dozens of which may benefit from GPU. 

• # CPU processes (∼ # cores) ≠ # of GPUs 

• CPU processes will compete for GPU resources…  

• Ultimately CPU and GPU will wait for each other! 

• Must be clever to fully utilize both GPU and CPU. 

• Let’s demonstrate… 
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Multiple Processes
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Solutions?
• Large concurrency effort in HEP…  

• See: http://concurrency.web.cern.ch 

• Designing a concurrent framework. Example: 

• Each algorithm becomes a thread 

• Every algorithm can simultaneously process multiple events worth of data. 

• Not just a solution for GPU efficiency… also maximizes CPU efficiency. 

• But this probably requires complete rewrite of HEP frameworks and/or algorithms. 

• Not practical for legacy software such as current experiment reconstructions and GEANT4 

• Our (AF + Box Leangsuksun) idea: Data Parallel Task Manager (DPTM) 

• Addresses all problems as well as … 

• It’s hard for typical physicist to parallelize their code, then optimize, etc…  

• Machines on the GRID could have different GPUs… GPU code typically has to be 
optimized for every  

“Ex
per

tis
e���������	
��
������������������  

���������	
��
������������������  pr
obl

em
”

“He
ter

oge
neo

us���������	
��
������������������  

GP
U���������	
��
������������������  p

rob
lem

”

Are���������	
��
������������������  you���������	
��
������������������  ready���������	
��
������������������  to���������	
��
������������������  give���������	
��
������������������  up���������	
��
������������������  LArSoft���������	
��
������������������  for���������	
��
������������������  a���������	
��
������������������  new���������	
��
������������������  framework?

http://concurrency.web.cern.ch


DPTM Idea
• Run large instances of existing application (eg serial reconstruction)… memory permitting. 

• Application processes requests processing of various data using various algorithms. 

• DPTM collects requests 

• Determines optimal configuration of GPU algorithm at runtime. 

• Collects (aggregates) data from CPU multiple processes and simultaneously processes on GPU.  

• Optimizes resources dedicated to each GPU algorithm at runtime.“He
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Full DPTM Design
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Figure 3: High-level design schematic. Independent components names are are bolded. Plug-ins
are indicated in italics. Third party components are in boxes with rounded sides.

have provided models for computing completion cost. They also categorize solutions to this problem
into optimal algorithms for some restricted cases and heuristic algorithms for more general cases.
Palis et al. [44] have presented greedy algorithm to find the path with minimum completion cost
while considering execution time in each task and communication delay between tasks. Ranaweera
et al. [46] have discussed the task duplication in order to minimize the communication delay and
consecutively achieve the optimal completion cost.

Another problem we will like to eventually tackle is the aggregation of data from di↵erent events
in order improve kernel e�ciency. In order to aggregate the independent data, the data will have
to be classified into sets of dependent data, where the data in each set are independent. This
problem can be solved by adopting solutions for graph coloring problem. One of the most popular
applications of graph coloring problem in computer science is registration allocation [47]. It is a
compiler optimization problem that aims to map variables in an intermediate language to limited
physical registers. In our case our goal is to map the data into device memory with minimum global
memory accesses in the device and minimize the memory transfers between host and device.

3.3 Design

Figure 3.3 shows a preliminary high-level design schematic of the various components of the pro-
posed hybrid task/data parallel computing infastructure. The remainder of this section walks
through this schematic.

The design of these software components will follow a few general principles. First, in order
to support developers and researchers who choose to utilize only a portion of our infrastrucure,
we will attempt to make each component (indicated by bold letters in the schematic) standalone.
For example, users should be able to use the OpenACC Optimizing Compiler to generate OpenCL
kernels, but nothing else. Or they can just use the Performance Modeler and Device Profiler and
study the cost functon of their own OpenCL kernels. Or they can just use the Data Parallel Task
interface and representation as a standardized method of defining DP computations, but execute
the tasks without using DPTM runtime service. Second, in order to establish a community to
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DPTM Prototype
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Proof that DPTM Resolves 
Issues

HOPEFULLY BY END OF THE W
EEK!



Workplan
• Finish DPTM Prototype demonstration. 

• Build LBNE LArgSoft on Mac (thanks Brett et al). 

• Or use the FNAL GPU nodes… 

• Wrap CUFFT in class inheriting from TVirtualFFT 

• Study impact on LBNE deconvolution… 

• Scaling studies (N wires, M processes, …) 

• Integrate with DPTM prototype… 

• Rewrite CalWire to batch deconvolve. 

• Rewrite GPU Kernel (in CUDA) for GaussHitFinder 

• …



Final Thoughts
• Imagine today’s 8th most powerful supercomputer on 

your desk in 10 years. 

• The potential for using GPUs in LBNE can’t be ignored.  

• LArg TPC is potentially very well suited for GPU 
reconstruction. 

• Massively parallel/uniform data. 

• Reconstruction algorithms similar to image 
processing.  

• We can quickly get some benefit in 
reconstruction… but not optimal.  

• Lots of R&D required here… determine if and 
when does it make sense for us to rely on GPUs. 

• We should understand the issues, time-
scale, … 

• GPUs are a moving target… performance 
and available technologies evolving very 
rapidly..

• GPUs for back-end electronics / Trigger? 

• Imagine streaming reconstruction… trigger on full reconstructed events. Is there a case for this in LBNE? 

• Using OpenCL you can use the exact same algorithm on CPU, GPU, DSP, FPGAs, and ASICs. 

• Greatly simplifies everything.
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