GPU £S5 88128 aI N A

<A

EINKF

hcai@whu.edu.cn

GPU f£5EMIBEISPRIATNAEERA:

RUHmER
EREELIEEREH T ARARIMMERZ T, IARAFRTATIEEEM. GPU BT ERENTLILEEMERZEX, a5t EadE.
N=BF>

MEEFIESAPELIRE ZHRA, MHFRE. Bk, ESAESE, GPU FHTIHERED T LUINEN R F I EIEN| I GA0HERT, 1RSRE
RIMERERORER.

SERJALIE
SEYIESIG PR LN IR ESIATAIESEE, WAL, MARSSE. GPU NS BRI TAIERE AT AR B SERTA BRI K.

i e E b Ly
SHEELI AR RER, FEHTEREIRMIENSHT. GPU AFHTITEREATLUNEEIRMEERE, ReSIRoTHIRNER,

Pt (Partial Wave Analysis)
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Example: Consider the reaction pp - K¥K ™ n"
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Large Hadron Collider beauty experiment (LHCb)

What you see is
- always the same .,
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Beijing Spectrometer (BESIII) Experiment

i E
i c-
g’:: B
% :E b Y T TR T B TR
E v
= : o | 8%
.;ﬁwumimg E £ 3
E . : Sw S wi
T £ 2 ¥
H E i E 42 14 uu 4 a2
M, (GeVic?)
— —

“BESIIABLZc(3900)” NE20134F B “rp ERLAH Rt

BAMIZAET (Maximum Likelihood Estimation)
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Convex vs. Nonconvex Optimization

@ Unique optimum: global/local. @ Multiple local optima

@ In high dimensions possibly
exponential local optima

How to deal with non-convexity?
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GPGPU (General-purpose computing on graphics processing units)

GPGPU (BREfAMESTT) RiEFIMRERAERE (GPU) HTERITEESIRA. GPURIIENTHEEERMZIHY, EEEETERERN
1EA0, GPU thisRINEEMITEESS, AIIRZFIE. HFES. BiEFESE.
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GPGPU MIMFFEEAFREI 2, BETEREDZE. DFNNFEIN. REMES, ATER. REFY. BERGESNE. BE GPU AR
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GPGPU it HitEs
CUDA: H NVIDIA FF&RH) GPGPU i+&1E58, XKFC. C++ # Fortran fRiZiE=.
OpenCL: H Khronos Group FFRIIFREUEFE GPGPU 185, XIFEftimiEiss, BiE C. C++. PythonfllJava %,
HIP: H AMD FF&HJ GPGPU #2258, 37#% C++ fRIZIES, A5 CUDA KiB#=A.
SYCL: H Khronos Group FFRHIETF C++ B GPGPU 1E%E, SRRt E, A7 CPU 1 GPU Z @B &S EHES.
ROCm: H AMD FF&RHIFFIR GPGPU I+EIELR, XIFZMmEIES, 845 C. C++. Python fllJulia &,
TensorFlow: H Google FFRRIATEREESE, 285 GPGPU itH, RIESMEHFE LIET.
PyTorch: M Facebook FFRAGREFIMELR, S2if GPGPU itH, TIESHE(GTEA LIET,
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CUDA (Compute Unified Device Architecture)
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Table 3.1: Geometry, properties and latency of the memory hierarchy on the
Volta, Pascal, Maxwell and Kepler architectures. All data in this table are mea-

sured on PCI-E cards.

Volta V100 Pascal P100  Pascal P4 Maxwell M60 Kepler K80

GV100 GP100 GP104 GM24 GK210
| Global memory Memory bus HBM2 HBM2 GDDR5 GDDR5 GDDR5 |
Size 16,152 MiB 16,276 MiB 8,115 MiB 8,155 MiB 12,237 MiB
Max clock rate (fi) 715MHz 3,003MHz 2,505 MHz 2,505 MHz
Theoretical bandwidth 900 GiB/s 2GiB/s 192 GiB/s 160 GiB/s 240 GiB/s
Measured bandwidth 750GiB/s J10GiB/s 162 GiB/s 127 GiB/s 191 GiB/s
Measured / Theoretical Ratio 83.3% 69.6% 84.4% 79.3% 77.5%
Ne——

Dissecting the NVIDIA Volta GPU Architecture via Microbenchmarking, Zhe Jia, Marco Maggiont,
Benjamin Staiger, Daniele P. Scarpazza, arXiv:1804.06826

FALLS ¥ Tesla V100 _FB# TG T35 ! %6}
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. Tpp) = Tp + ﬁzg

o HHEH—TERATOHEEY f(2)
o Sy = V(zeia) — VIax)

YRS

Quasi Newton Method
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h (£*(a+h)-£f'(a))/h
10" (- 0) -0.8068453682952281
107 (- 1) -0.522469845165574
10*(- 2) -0.4838129896711507
10%(- 3) -0.4798939023942239
10" (- 4) -0.4796163466380676
10" (- 5) -0.48294701571194304
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Broyden—Fletcher—Goldfarb—Shanno algorithm
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x' Hyy defines a scalar product. By Cauchy-Schwarz we

(201 < (x 20l

for any x, y € R" and with strict inequality if x and y aren't linear dependent. Now let x € R" \, {0},

(%, x)yyy = ' Hisrx

Error 4

g o Hy85' H,
6.82942e-01 =X Hu P
8.97831e-02 1 1
9.15148e-03 —<r-x=.+ﬂfvm‘x— G (% @), x)e
9.76927e-04 =y *L(x:ql:_;ha}:
3.97993e-04 T @80 L

7.34520e-03
4.20812e-02
1.57868e-01
-1.00000e+00
1.14787e+02

(2,34 > (2
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Otherwise, if, say x = 48, then X' = if'n

1f now x and & aren't linear dependent, then we can estimate further using Cauchy-Schwarz:

1
(6. &),

2 +0- {x. x),(8.8),

# 0, and, hence

-1.00000e+00
-1.00000e+00 (x.xhy = (xx) + %{x‘q}z = Ié) (x.x)y (6.8
1.15786e+05 L o
~1.00000e+00 =
-1.00000e+00 >0
1.15787e+08 8o {x,x}y,; > Ofor x # 0, and H. is positive definite.
1.15787e+09

Autograd

GitHub - HIPS/autograd: Efficiently computes derivatives of numpy code.

>>> from autograd import elementwise_grad as egrad # for functions that vectorize over inputs fin]
>>> import matplotlib.pyplot as plt
>>> X = np.linspace(-7, 7, 200)

>>> plt.plot(x,
X
X
x
Xy
X,
X
>>> plt.show()

tanh(x),

egrad(tanh) (x), # first derivative
egrad(egrad(tanh))(x), # second derivative
egrad(egrad(egrad(tanh)))(x), # third derivative
egrad(egrad(egrad(egrad(tanh))))(x), # fourth derivative
egrad(egrad(egrad(egrad(egrad(tanh)))))(x}, # fifth derivative
egrad(egrad(egrad(egrad(egrad(egrad(tanh))}))))(x)) # sixth derivative
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Note: Autograd is still being maintained but is no longer actively developed. The main developers (Dougal Maclaurin, David Duvenaud,
Matt Johnson, and Jamie Townsend) are now working on JAX, with Dougal and Matt working on it full-time. JAX combines a new
version of Autograd with extra features such as jit compilation.
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Forward Accumulation

Backward propagation
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Auto Gradient and Deep Learning

* HAEREREEIERBE LA RS (TensorFlow, PyTorch...)
¢ AT EAMEMGEERE MM, FEEEIELMEHM ARSI K, FXRESIE LML,
o ERx i TSR B Shi a1k 3 .

v / X AUTOMATIC
: / /' . .‘_ . SCHEDULER Differerlﬁable
4 tgt X \ HALIDE forward and backward }’mgrm;mmg ‘for
forward Halide program AUTOMATIC ! COMPILER CPU/GPU code mage I'rocessing
DIFFERENTIATION . — tgt d_tgt and Deep Learning
. . et in Halide, Tzu-Mao
. Li, etc., ACM Trans.
3 thesized backward SCHEDULE d 1
DR et il pre Graph., Vol. 37, No.
y ; : : ; . 4, Article 139.
Fig. 3. Overview of our compiler. The user writes a forward Halide program as they would normally, Then, they specify the set of outputs and gradients the ik
system should produce. Our automatic differentiation generates new Halide functions that implement the requested gradients. The user can either manually Publication date:
schedule the pipeline or use our automatic scheduler. Finally, the Halide compiler generates machine code for the scheduled forward and backward algorithms. August 2018.

H s By 2 8L

autodiff.org

Technique Advantage(s) Drawback(s)
Hand-coded analytical Exact and often fastest Time consiuming to code, error prone, and not
derivative method. applicable to problems with implicit solutions, Automatic Differentiation (AD) is a set of
Not automated. techniques based on the mechanical
Finite differentiation Easy to coda. Subject to floating point precision errors and slow, app]jcation Of the chain m.le to Obta_in
especially in high dimensions, a3 the method requires  derjvatives of a function given as a computer
at least D evaluations, where D is the number of rogram AD ex ].Oitﬁ the fact that ev
partial derivatives required. PEOBTAML. P Y
computer program, no matter how
Symbolic differentiati Exact, g ymboli Memory intensive and slow. Cannot handle Ii ted te f
expressions. statements such as unbounded loops. mmp ca , EXECULES A Sequerlce o

Automatic differentation

Exact, spoed is comparable
to hand-coding derivatives,
highly applicable.

arXiv:1811.05031v2 [cs.MS] 14 Jan 2019

Needs to be carefully implemented, alhough this
is already done in several packages.

elementary arithmetic operations such as
additions or elementary functions such as
exp(). By applying the chain rule of derivative
calculus repeatedly to these operations,
derivatives of arbitrary order can be computed
automatically, and accurate to working
precision.



B

ARG A: iS5 FALLSH) B 2y

ESBESRELTENESNEENEN.

RAEFRN (AR SEFSEALAERSNN, E4RABTHNESHIIRBEN ...

/WAL EEE

int printx{const char* fmt, ...
printx{“hello world"); // &
printx("a=%d b=%d", a, b); //

A4 Ant printy(...,
printa(..

£ int

—_—

Vi A R

EHHER
const char* fmt); // @H: ... HFAGERSE
b 4 Rl . BAMMEL—TRESH

EESERT, STRTELPEIIR—-BIOBPHLRHENMS MR MRER.
GCEBEHERRESNN, ZLEPHOWHFAM <stdarg.h> ETRBKE:
BUF LA <stdarg.h>

FHERBBLIGEEES R

va_start (@)

va_arg %fg‘;)—?ﬁ!ﬁl!’ﬂ

ve_copy co, BERBTESHIMS

BRENFAESHNGRE

ya_and (RER)

i %7 va_start . va_arg . va_end & va_copy Fif{E8

va_list {typeden)

Method Benefits Limitations

Source Can be optimized by hand or with Can only differentiate functions

transformation a compiler. which are fully defined at compile
time.

Operator Can handle most programing Memory handling requires

Overloading statements. some care.

Retaping Fast when we differentiate through Applicable only if the expression
the same expression graph graph is conserved from point
multiple times. to point. When the graph

changes a new tape can be
created.

Checkpointing Reduces peak memory usage. Longer runtime. An optimal
placement is binary partition, but
this scheme does not always
apply.

Region-based Improves speed and memory. Makes the implementation less

memory transparent. Some care is
required for nested AD.

Expression Removes certain redundant operations,

templates whereby the code becomes faster and

more memory efficient, and allows
user to focus on code clarity.

ARFECHAE R SEFRRLHE R T RE
SCHLE B sy iE A

EAfSMEE, AT EE—TAESPH.

o R IE T S AR R,
FURE N BT A

o 1] LI Rl — @ BE A R 2R
HURERE A ] i 1 5 SR P 22 7 1L
HET $2 5B 528 %

H it B it

Packages

AdiFor, TAC++
Tapenade

All the packages
listed below.

Adol-C, Cpphd

|
Adol-C, CppAD :
(Tapenade for so
transformation).

Adept, Sacado,
Stan Math

Adept, CoDiPack
Sacado (with
some work).

arXiv:1811.05031v2 [cs.MS] 14 Jan 2019
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s O [ VE—
O——0 o——0
" PR— O [ Y——-
recompute-all approach store-all approach

Fortunately, recompute-all and store-all constitute two ends of a spectrum: in between methods can be used by selecting a
subset of the checkpoints where the values are stored. Such checkpoints constitute snapshots, and give us more control

on peak memory usage.
arXiv:1811.05031v2 [cs.MS] 14 Jan 2019
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LASSO

Least Absolute Shrinkage and Selection Operator

¢ Lasso&— A I BEATRFAEERERUENIME (B2F) MR35, B e MG T it 0 vl v e ] A

.
Regression shrinkage and selection via the Lasso, Robert Tibshirani, |. R. Statist. Soc. B(1996) 58, No. 1, pp.267-288
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Results: JAX Dominates with matmul,
PyTorch Leads with Linear Layers
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GitHub - google/jax: Composable transformations of Python+NumPy programs: differentiate, vectorize, JIT to GPU/TPU, and more



Automatic differentiation with grad

JAX has roughly the same API as Autograd. The most popular functionis grad for reverse-mode gradients:

from jax import grad i

import jax.numpy as jnp
def tanh(x): # Define a function
y = jnp.exp(-2.8 * x)
return (1.8 - y) / (1.0 + y)
grad_tanh = grad{tanh) # Obtain its gradient function

print{grad_tanh(1.0)) # Evaluate it at x = 1.9
# prints 0.4199743

You can differentiate to any order with grad .

prlnl(grdd(grad(grad (tanh)))(1.0)) i

# prints 0.62162673
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« With the chain rule, we can construct a multi-GPU computing model:
OF G By,
ami’.’ m aym 8:B'H.

Z dQG Oyn aym + Z oG 82 Ym
8:1' 5£J OYm Oyn Oz; Ox; - Oym Oz;0x;

m

* The calculations related to y,,, could be distributed on different computing equipments

Il lif-{almultithreading fe]@multiprocessing}

e They could run on multiple cards simultaneously to increase the computational efficiency.

e Or they could run on a single card one by one to break through the memory limit.



Project Links ® ®
Donate J I I I, a
PyPI Releases

Source Code

Issue Track o . . . . . . -
BTG Jinja is a fast, expressive, extensible templating engine. Special placeholders in the template allow writing code

Chat 4o .
similar to Python syntax. Then the template is passed data to render the final document.
Quick search
Contents:
Go 1
« Introduction
Installation
—=i RN « API
— -_——
=t @ ft— Basics

High Level API
_T f f f 1 1 r Autoescaping
Codeium: Free Al for Devs Notes on Identifiers

Code Completions, Chat, Undefined Types
and Search Use Codeium The Context
today. Yes, it's really free. Loaders
Bytecode Cache

Ad by EthicalAds - &8
Async Support

Jinja — Jinja Documentation (3.1.x) (palletsprojects.com)

Jinja RYHEM BRI RRTIENRIAIE Python 158 -RREIE .,

dicts.py

hon3

jinja2 Template

person = { "name': 'Person', 'age':

Template("My name is {{ per name }} and I am {{ per.age }}")

Template "f'»"1_\-‘ name

(msg)

BMNAE—FAEH, BRIMERRSEMAHEFHREE,

tm = Template("My name is {{ per.name }} and I am {{ per. age }}")

# tm = Template("My name is {{ per['name'] }} and I am

A ARAERA AR, /RESELE.
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scipy.optimize.minimize

* 'Nelder-Mead' (see here)
* 'Powell’ (see here)

* 'CG’ (see here)

* '‘BFGS' (see here)

* 'Newton-CG’ (see here)

* 'L-BFGS-B' (see here)
e 'TNC’ (see here)

e 'COBYLA' (see here)

» 'SLSQP’ (see here)

e 'trust-constr'(see here)
+ ‘dogleg’ (see here)

e 'trust-ncg’ (see here)

* ‘trust-exact’ (see here)
e ‘trust-krylov' (see here)
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Table 1: The partial wave analysis model Ry used to generate the data.

Ry Name F; (%) Mass(GeV) width
1 fo(980) 39.5 0.979 0.107
2 f2(2340) 37.1 2.548 0.324
3 £2(1525) 24.7 1.5223 0.0858
4 fo(1710) 8.30 1.6762 0.1627
5 £2(1270) 3.16 1.200 0.196
6 f2(2150) 2.22 2.162 0.159
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Table 2: Fitting results of the partial wave analysis model R, using —InL. Table 3: Fitting results of the partial wave analysis model Ry using L .
Ry MName F; (%) Mass(GeV) Width(GeV) Ry Name F; (%) Mass(GeV) Width{GeV)
1 fo(980) 302+ 1.5 1.015 + 0.043 0.102 + 0.030 1 fo(980) 393+16 1.017 £ 0.039 0.101 + 0.035
2 f2(2340) 375+ 1.6 2.571 +£0.015 0.281 + 0.017 2 fg[?.:MG) 37.5+18 2.571 £0.016 0.282 4+ 0.018
3 £2(1525) 235+1.0  1.5233+0.0015  0.0841 + 0.0031 3 £2(1525) 23.6+1.0  1.5233+0.0015  0.0842 + 0.0031
4 fu(lﬂ{)) 8.66 + 0.93 1.6714 + 0.0047 0.159 £+ 0.010 4 fn(lTli}) 8.72 4+ 0.96 1.6712 4 0.0047 0.159 + 0.010
5 f2(1270) 2.68 + 0.57 1.288 + 0.013 0.181 + 0.027 5 fg(lZTB) 2.72 £ 0.58 1.288 + 0.014 0.182 £+ 0.026
6 f2(2150) 2.52 + 0.63 2.152 +£0.012 0.170 £ 0.026 6 f2(2150) 2.52 + 0.62 2.152 +0.012 0.170 + 0.027
SF 114.0 SF 114.3
SF = 120% X= 102
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Table 4: Results of fitting using the model R4 .

Name F; (%) Mass(GeV) Width(GeV)
0 £2(2340) 40.0 2,577 0.296
1 f0(980) 34.3 1.007 0.094
2 £,(1525) 248 1.524 0.088
3 Jo(1710) 9.88 1.666 0.162
4 £2(1270) 2.92 1.279 0.184
L5 f(2150) 223 2.140 0.134
6 £2(2010) 0.37 2.011 0.202
7 fo(1500) 0.20 1.507 0.112
8 f0(1370) 0.15 1.347 0.200
9 f2(1640) 0.08 1.639 0.099
SF 115.0
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Event generation and statistical sampling for physics
with deep generative models and a density information
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