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Our open-source app: fitgrid v0.4.10 Python, numpy, scipy, pandas, statsmodels,

Hackathon Proposal

channels

y=XB+e

fitgrid.1lm(
epochs_fg,
LHS=channels,
RHS="~ A + B + A:B",
parallel=True,
ncores=4

)

Problem: sweep models across EEG
Embarassingly parallel
Target: LMM bottleneck
Constraint: stay in Python

FIT linear models at each cell in the Time x Channel GRID

y=XpB+2Zb+e

fitgrid.lmer(
epochs_fg,
LHS=channels,
RHS="~ A + B + A:B + (AIS) + (AID)",
parallel=True,
ncores=4

)

y, X = patsy(LHS, RHS, data)
statsmodels.Results = statsmodels. OLS(y, X)

pymerd.Results = pymerd(LHS, RHS, data)

9750 cells

y=XB+Zb+e
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channels

Pivot
* LMM optimization not readily parallelizable

* New target: Large N LM bootstrap resampling

FIT linear models at each cell in the Time x Channel GRID
y=XB+2Zb+e

y=XB+e

fitgrid.lm(
epochs_1fg,
LHS=channels,
RHS="~ A + B + A:B",
parallel=True,
ncores=4

statsmodels. OLS(y, X

)

fitgrid.lmer(

epochs_£g,

LHS=channels,
RHS="~ A + B + A:B + (A|S) + (AlI)",
parallel=True,

ncores=4

)

pymerd.Results = pymer4(LHS, RHS, data)
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LM bootstrap resampling

* numpy -> cupy

* no learning curve

* no new code

* N0 memory penalty

cupy

numpy

Xeon 48 cores
12 mkl threads
Ll B results (667, 250, 10000)
> ﬂtar;gggscal results (667, 250, 10000)
results (666, 250, 10000}

A

[—
1100 ms 42 ms

90 s = 80 iterations 90 s = 2000 iterations

New Targets:

* Multivariate regression
* Frequency domain
* EEG classification

EEG data (250M)

Grid cells (10,000)
= time x channel

Epochs {(25,000)

Y=XA+E
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Time-Frequency Analysis: fft, wavelet
(Rapids/cuSignal, CuPy)
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Multivariate models (CuPy)

. n-D QR decomposition (CuPy)

CPU-GPU scaling up (Dask)

Machine learning (PyTorch)
EEG data classification

recording = brain + non-brain sources

alpha eye
burst blink
~20 pvV ~200 pv

transient

stimulus

response
~2 WV




Multivariate Regression cupy

numpy

Xeon 48 cores
12 mkl threads.

* R->numpy -> cupy L ——
* no learning curve
* 2 hr cupy API workaround (stride_tricks)

Y (25000, 256) = X (25000, 250) + E

Y=Xx2

t = 1000 sweeps

numpy in

t=100):

numpy out

results (1000, 250, 256)

vectorized multivariate regression QR solve
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Time-frequency our applications

* scipy.signal -> cuSignal
* no learning curve cupy

* no recoding il

Xeon 48 cores
12 mkl threads.
S00GE

cuSignal benchmarks > 1000X

In [1):

In [2]:

In [3):

In [4):

In [6):

In [7):

In [8]):

In [10]:

In [11]:

import cupy as cp
2 import cusignal

from scipy import signal
1 import nutpy as np

cp.cuda.Device(s).use()
mempool = cp.get_default_memory_pooli)

Cross Power Spectral Density

1 ex = np.random.rand(int{led]}
€y = np.randon. rand(int{1e8]}
fs = int(les)

Wtimeit
2 cesd = signal.csdicx, cy, fs, nperseg=1024)
7.37 5 = 932 ms per loop (mean = std. dev. of 7 runs, 1 loop each)

| mempoal.free_sll_blocks()

g% = cp.random.rand(int{1e8) }
2 gy = cp.random.rand(int{1e8])
fs = int(1e6)

Wtimeit

gesd = cusignal.csd(ge, gy, T8, nperseg=l0zd);

The slowest run took 4.03 times longer than the fastest. This could mean that an intermediate result is being cached.
5.78 ms = 2.79 ms per loop [mean = std. dev. of 7 runs, 1 leoop each)

mempool. free_all_blocks()

Periodogram

©sig = np.random. rand(int(les))
fs = int(1e6)

Wtimeit
f, Pax_spec = signal.periodogramicsig, fs, ‘flattop’', scaling='spectru’)
18.3 5 = 122 ms per loop (mean = std. dev. of 7 rums, 1 loop each)

gsig = cp.randem. rand(int{1e8))
fs = intlles)

1 wtimeit
of . gPxx_spec = cusignal.periodogramigsig, fs, ‘flattep’, scaling='spectrum'}

1.53 ms = 84.5 us per loop (mean = std. dev. of 7 runs, 1 leop each)

Short-time Fourier Transform (STFT)

Kutas Lab EEG data recording
1/2 hour x 32 channels

20 lines of Python
265 ms

*timeit -nl -rl

f. t, Zxx = stft_cpleeg dfEEG_CHANS]. to_numpy(}, 250, axis=0)
print{Zxx.shape)

freqs = slice(o, 15h
times = [

172 hour continuous recording®, slice(0, Zxx.shapel-11)1,
G 100 ms*, slice(1900, 2000)),

1
for title, times in times:

fig, axs = plt.subplots(4, 1, figsize=(&,12))
for axi, chan in enumerate([*MiPf*, "MiCe®, *MiPa®", "MiOc®])):
ax = axs[axi]
Af axi == 0
ax.gset_title(title, fontsize=1g)
X ax.pcolormeshi (np.Lleginp. abs{Zxx[fregs. cLlchan], times])l)};
ax.set (ylabel=chan)

(65, 32, 7B33)
255 ms = 0 ns per loop {mean = std. dev. of 1 rum, 1 loop each)

EEG 1/2 hour continuous recording EEG 100 ms

midline channels

1/2 hour



EEG classification

Book work

April 2019 21595

downloads
Journal of Neural Engineering

Bench work

TOPICAL REVIEW * OPEN ACCESS 21595 Total downloads

Deep learning for electroencephalogram (EEG)
classification tasks: a review 309 G} .
: i Jose L Contrer da

blishing Ltd

Vieu: 3.048 s
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Abstract
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Progress

* GPU accelerated 3 of 5 targets without leaving Python
* 5X - 25X at realistic scales

* Scientific advance: randomization methods applicable at scale

Obstacles

* Usual environment, driver, package dependency wrangling

Tom Urbach 2:51 pi

° 1 ViSit tO CUPy PythOI’l g'thUb repO tO |00k at source Hi who all is running GPU code and what number now? thx

andrey 2:52 BM
@Qin Zhang @Wen Chan can | grab GPU 2 for now?

Next Steps

Lauren Liao 2:52 pM
| was running GPU code just now on GPU 2

* Scaling up, automagic resource distribution: Dask

andrey 2:52 pi
. oh
* fine-tune GPU memory management ok Il use GPU 3

Lauren Liao 2:53 P
alright thanks!
Thanks = @

* everyone for the interesting projects, problems, solutions
* Julia, Andi, Tom P., Sneha, mentors Suhas, Marty, Max

* Kutas Lab: Andrey, Qin, Wen, Lauren and Marta for the green light



