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Machines are LEARNING

Hard-Code(#% % #4) Machines are LEARNING

- Knowledge Base(%## 17 )
— Design Complicate Rules
« BV ANIHE L /PDEBE St true more or less)

e e.g., cat-dog, ears? shape? size?

\Z

Mis-impression:

e Machines are stubborn, they can never be “creative”

e Machines can only learn/memorize what people teach them
y¢ Self-discovery of the pattern/representation

Simple Concepts = Hierarchy - Complicate Concepts

e Multilayer perceptron (MLP, % = EE141)
or Feed Forward Neural Network(NN)

(BTE 4 B AR ML) Al = Machine Learning(ML) > (=?)NN
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NN Architecture

Dendrite

(W%@)

()
a '73' =
Dendnte(?l‘)'(\T/;jrq)\ Node | 7 Learning
Nucleus(Zf fE4%) - Irllput/Output/Hldden s Parametor
- Float Points A%
- 1D Vector, 2D Matrix, nD Tensor... /W i Y
eights Biasis
Axon(Eh ) Activation Functions ! ? ﬁ
Synapse(Z fit) - Typically Predefined ; f)= (W -X + b)
- Affine Transformation Everywhere  Z l
Complicate Network Stack of Layers Activmtion
(EXCGpt GNN) Function
' Input Hidden Output

i

Essentially a nesting of simple functions
x(@ = fl.(x(L—l); 9)’3 — {Wi:bi}
How to choose f? NN = Nonlinear functions + Affine Transformation
0 |": 0 __ ( %
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Activation Functions

e Principles

e Can be any continuous function

e Typically has threshold/saturation + Varying Region

e Simple Function V.S. Complex Structure

e Some Examples

e Rectified Linear Unit (ReLU, Z&75 22 43
e Piecewise linear function

e Simple but unexpectedly effective (in CV, NLP, etc)

e Nearly dominates NN (not in our work)

e SoftPlus: log(e* + 1)
e Smooth Version of ReLU

e Triangular Functions
® sin, cos, etc...

e That’s All~
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NN Can Approximate “Any” Function

Universal Approximation Theorem (UAT)

e =~ A deep and wide-enough NN can approximate "any" function
with “suitable activation functions”

e Versatile, can do anything

e |ncreasing depth is more efficient than expanding the width
— Deep Learning

WY

e ... With the cost of exploding number of parameters

UAT: Hornik et. al, Neural Networks 2, 359; ibid, 4, 251; ibid, 6, 861
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How to distinguish Good or Bad

In phenomenology:

e a good description = a good fit
o y2-fit, F-test...

What is a good NN? Let loss functions judge!
e NN is nothing but a function: x > NN (x; 0)
) NN(x(i); 6) V.S. y(i)

Regression - Mean Square Error or y?

e MSE = Zi(f’i _f(xiie))z 1200

Loss function Judges All 1000 F
e Different Problems are defined by different loss functions
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Loss function of Classification Problem

e Softmax activation
exp(z;) . c 1.
e SoftMax; —Z exp(z)) Sigmoid : P ——
e Probability summation =1 c,
e Differentiable version of Max ‘
* CrOSS Entropy s z(LatentRe;resentation) 5 H - log07 ~ 0357
e H(p,q) = — Xxp(x)logq(x)
e Generalizations , s, )
feature maps feature maps 5 < F6
e KL Divergence etc c, g, QX0 RQ8xs pros g Output
feature maps  feature maps [%:L‘ 10
( ) Input 6@28x28 6@14x14
32x32 ‘ y
Dk (pllg) = zp(x) log =2 s [F %—% \\
e §§~:~ = F e
S Subsampling Convolutions Subsampling conn:::]tm R
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How to Train a NN

Parameters ~10(<100) >10A5 (even 1079, 10710)
Calculations Integral, Differential, Recursive... Affine Transformation
(Matrix Multiplication)
Type Non-Linear Non-Linear
. \
Difficulty Hard Simple (in some sense)
/
Device (mainly) CPU GPU/TPU
Method “Orthodox” Numerical Methods Automatic Differentiation
(Quasi-) Newton Method Stochastic Gradient Descent
Back Propagation
Tools ROOT/Minuit/D.LY PyTorch/JAX/TensorFlow/MXNet
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How to Train a NN

Every problem is an optimization problem

e Hamiltonian €<= Lagrangian
e Differential Equation €<= Least Action Principle

y= =

Orthodox way
e Newton’s method in Root Finding:

Xnt1 = Xn — f(X)/f'(x) /

e Newton’s Method In Optimization:
Xnt1 = Xn — [ (X)/f"(x)
(%), " (x) may be difficult
e Use approximated "' (x)

4R

e Quasi-Newton methods: e.g. BFGS etc NN tells Newton: &z‘%ﬁmﬁﬂ
. Q\\\\\k\\\‘ I”I % 3

Challenges from NN Don’t pursue perfection ‘.:E&%\}\&g}w',llllé””w /
N tlllliptony

e many saddle points / local minima Just do it Slooowly!
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How to Train a NN

y=fix

Stochastic Gradient Descent (SDG)

Xny1 = Xp — f

() /f" (%)

Xn1 = Xn — € ()

e |n practice: Randomize the data, then mini-batch

e learning rate ¢, (typically ~1073)

(randomly selected )mini batch {x(1), x(2), . x(m)}]

00 —c %ve EL(NN(x(i); 9),y®)
l

. Vé is expensive, rarely used in practice

How to get VgL?

F|_l /ﬁv/\vm\ L T
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Automatic Differentiation + Back Propagation

o VylL is the crux X %f(x-e)

e Back Propagation
e Each activation function is “simple”
e Hierarchy -> Chain rule
° Velf(g(x; 601);0,) = Velg(x; 61) * f'(g(x;0,);65)
e f(x;0):= f(W.X + b) (affine transformation) -> GPU
e Implemented in Pytorch, Mathematica (MXNet)...

e General Technique: Automatic Differentiation (AD)
e Not numerical f(x + §) — f(x), nor symbolic
. e : . : backward
e “Differentiate” the code (including loops): sinx — cos x
e Get f'(x) along the way
e Packages: Jax (Python), NiLang (Julia) ...
e Not sure ROOT has implement this or not

/

Venf(X; On)

'#@- Nilang

See “Deep Learning” Chapter 6.5 for the details
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e Architecture (Whether)

UAT

Cy S, c
feature maps  feature maps 5 Fe

layer
B@10%10 16@6x5 layer
C4 S, _ 120 84

feature maps  feature maps
Input 6@28x28 6@14x14

Full Gaussian
connection  connection
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Short Summary

e Loss Function (What)

(R Yy

University of Chinese Academy of Sciences

(~)

e Optimization (How)
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Architecture Extensions

e ResNet X

weight layer
]—“(X) l relu

weight layer

e Introduce Jump-Link to Accelerate Training & Inference
e Frii(@) =x+E(x)

e Alleviate the Gradient-Vanishing/Exploding Problem

e Make training deep NN possible F(x) +x

X

identity

: § . SRR ~ One small step for a NN

P NN N Lilee  one giant leap for the ML community!

. O NARAARRAAAAAAARARARAAARAAA AR AR A Kaiming He (a2 BB) et. al [arXiv:1512.03385]
B - B KAN. Ziming Liu et. al [arXiv:2404.19756]
H UATSs are still not fully understood!
[ afalsls | Much to explore

size: 14
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AutoEncoder(H ZhZmfS 5

e Dimension Reduction
e Mask Trick

e Denoising, Inpainting

>

e Super Resolution (naive DLSS) () -
e Not Magic, Merge Info in Other Samples 9 ¢ Py
B4

to handle ill-definedness

Encoder Decoder

Encoder

arxiv:1611.09969

B vaswxy
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Encoder-Decoder Examples
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Encoder Decoder Examples

(1) Contrastive pre-training

Text

(2) Create dataset classifier from label text

=

=
o

A photo of Text
Encoder L i i l Encoder
Ty Ty Ty Ty
I LT | LT | LT3 | o | LT
" R e "™ (3) Use for zero-shot prediction vy v v v
—» I LTy | Ty | ITy I, Ty T Ty T3 TN
Image ] . K d K
W Encoder > b 3T | T2 BT ] T E—) Elrr::?)%?ar —> L LTy [ LTy | Ty L | LTy
Ly Iy Ty | InTs [ T3 | o | I T A photo of
Q&A, Programming
)] )
Language . : II Decoder
Translation, Literature, ... —

<

Predict the next word

Large Language Models (LLMs)

ChatGPT
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Encoder

/

[CLIP by OpenAl, arXiv:2103.00020]

/

Decoder
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Good representation is a Treasure

“I am going to reveal the identity of the criminal,

and that person's name is ...” by Sutskever

‘\ Statistical Inference = logic?

“All models are wrong, but some are usefu

(~)

|Il

-- aphorism in statistics.
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e |atent Feature Interpretation
e Disentangle latent factors

e Realized by Statistical Independence
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variance

0.08 0.08 0.22 0.50 0.51
pos.Y pos.X  scale rotation rotation

Higgins et.al

—» Decoder

argmax Eq,,(z1x) [10g o (x12)] — Dy, ( 44 (210)|1p(2) )
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https://openreview.net/forum?id=Sy2fzU9gl

BVAE in Physics

Statistical

PhysRevLett.124.010508
Independence

A\ x7(6) + bx'(8) + kx(t) = 0] T~ _—
0.5:— ] §
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“Perfection is achieved,
not when there is nothing more to add,
but when there is nothing left to take away.”

Antoine de Saint-Exupéry
ZIRE1E- R AE




Parameter Number is Huge

Modern NN is wide & deep
e 1998:LeNet-5, 6 X 10*
e 2022:DALL-E2, 3.5 % 10°

”  University of Chinese Academy of Sciences

C3 84
feature maps  feature maps
16 @ 10x 10 16@5x5
C‘| S2 @ox e x
feature maps  feature maps o
Input 6@ 28 x 28 6@ 14x14

32x 32 ! |
\ I [

120 Output
——— 794 10

Full Gaussian
connection  connection

Rl

Convolutions
Subsampling Convolutions Subsampling connection

<

CLIP objective _ img
encoder

“a corgi
playing a
flame 0
throwing S )
trumpet” T addcol 1

- O 0O

"""""""""""""""""""" N — O+ O+ —=
O O

prior




Possible Questions from Physicists

e 10™parameters?! That’s Toooooo Many!
e Explainability/Interpretability, can be partially explained.
e Personal comment at the end of this talk.

” University of Chinese Academy of Sciences




Possible Questions from Physicists

e 10™parameters?! That’s Toooooo Many!
e Explainability/Interpretability, can be partially explained.
e Personal comment at the end of this talk.

e Difference between NN and fitting?
e Fundamentally the same but somehow not that trivial
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Possible Questions from Physicists

e 10™parameters?! That’s Toooooo Many!
e Explainability/Interpretability, can be partially explained.
e Personal comment at the end of this talk.

e Difference between NN and fitting?

e Fundamentally the same but somehow not that trivial

e Why bother?

e Vague idea becomes solid
e |n the spirit of Duck Test -> NN=Underline Function




Motivation of Our Work

e QCDis hard
e Phenomenological models/ ChiPT etc.
e LQCD
e |sthere a model-independent link
between model-dependent quantities?
e Hard/Impossible? Martin Lischer did it in 1986

Phase (%)

Commun. Math. Phys. 104, 177,
Commun. Math. Phys. 105, 153,
Nucl. Phys. B 354, 531

e One Workflow in LQCD | Bas
513 \ } n\‘
? « (0:0;) > E(L) - 8(E) e
n/2 E
6(E) = arctan| g ~7/2
_ Loo(1;9%) ©
: = Loo(1; q* L Z(ﬁZ — ) N
- Van & VA ~ L =48
" 0] —esetX L=32

0.25 0.30 0.35 0.40 0.45
aF

> University of Chinese Academy of Sciences
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Fig. from Eur. Phys. J. A 56, 61 jJE
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Hamiltonian Effective Field Theory(HEFT)
& Data Generation J.J. Wu et al. Phys.Rev.C.90.055206

nm — T, s wave elastic scattering Lippmann-Schwinger equation » T — §(E)
H=H0+HI frorrrrreTeTe ot tl ______'_'__
H, = |oym (o] + fdk(lk)w/m% n k2<k|) /
H, = f dk(|k) g(k){o| + h.c.) + f dkdk'|k) v(k, k"){k'| ; /
g(k) o £00),wlie, k') o £2(a, k) f2(a, k) /
flak) = 1 N eeui
A: (1 + (ak)z) 300 400 00 IGO(GMCV:D 200 Q00 1000
B: (1 + (ak)?) ™",
C: e—(ak)? Discretization, Eigenfunction:
H(L)|y) = E(L)|$)

T—A ROO.
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600+
500 -
400 ¢
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E (MeV)
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Hamiltonian Effective Field Theory(HEFT)
& Data Generation J.J. Wu et al. Phys.Rev.C.90.055206

e
0 ——
20
R i B A A B ! g
1501
o '
u 100+
2 0
= |
.‘.ﬂ:
400 s00 12 7 300

ooB0

oflo

e O(E) contains the full information
e SoftPlus Not ReLU

e Lowest 10 Energy levels
e LossFunction: mean square error

e 2500 6(E) for each model, batch siz
e 1074, 4*10”4 epoch

® reavRRy
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Model-dependent * Check 6(E}) against LF
/  Model B: NN tries to drag the points towards LF

LF +o(e™™) = E(L) * NN captures model-independent link (to some degree)
LF NN Model

Model-independent
ey ModelC

., Model A . ModelB

80 \\‘ \\ A .\\ N\ ."\ | - 80 \‘\ .
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~ ool , \' \ \\\\ \ \ \ _ ~ _ - 90 _\ ,._5- '
g 0 N : * PR v :u-f, [ g 0 ‘ i |
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o \\\ ANERN - \\ R ! \
St ronge r EVIde nce? 00 40 s 600 700 so0 900 300 400 se0 600 700 ‘500 900 o0 a0 s e 700 so0 900
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ModelA v ModelB e ModelC
R 3 NG : “\ 3 N y N : \, \,\ VNN \
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T
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_——
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* Go Far beyond training set & challenge the NN with constant § (E)

180

90

LF is Numerically Reproduced

Phase (°)

-90

-180

G
o4

Phase (°)

L L L L L L L
300 400 500 600 700 800 900 1000

E MeV)

L=10 fm, Energy Level Corrected

OOV
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Phase
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600 700 s 900

What We Learned

Even 6 (E), E(L) are both model-dependent,
NN can extract model-independent link (LF)

R —— |

| 111k

Model-dependent

/

LF + o(e™™L) - E(L)

Model-independent

Where there is a link,
there is a NN :)




Personal Remarks

Essentially Optimization Challenges ML is a game changer
It peeks the correct answer!
Orthodox Way
Yes But e ———— iprper ) Ho
G - |
Beautiful Equation/Theory Difficult to Solve 3
(SM, Einstein Equation) [reren ame e |
Perturbation Theory Limited Usage *P:_. %
(ChiPT) S [ S I
Beyond Perturbation Various Artifacts o 4 FL) }
(LQCD)
AlphaFold2 [Nature 596, 583]
\l/
. . - ]
Huge Searching Space "!:"é Plenty Protein Data
7|\
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Outlook

- Sensible mathematics involves neglecting

- | a quantity when it is small, » % Renormalization

- not neglecting it just because it is infinitely
great and you do not want it! f

Schwinger, Feynman, Tomonaga; Wilson, ‘t Hooft, ...

With four parameters | can fit an elephant,

® More is different? @

\ 4

@ ' and with five | can make him wiggle his trunk

PW. Anderson, J. Hinton & You audience @

f{ﬂ'ﬂf/? X5

4 University of Chinese Academy of Sciences @ ’ L [ W 5’:%







Cheese Paradox

Bigger Cheese
Bigger Holes
Smaller Cheese




All models are wrong, but some are useful

Huge Searching Space Plenty Protein Data

Orthodox Way ML Way
Yes But Yes But
Beautiful Equation/Theory Difficult to Solve Simple Idea Many GPU time To Train
(SM, Einstein Equation) (Relatively) Resource Hungry
Perturbation Theory Limited Usage It Works! Black Box +
(ChiPT) (mostly) Adversarial Examples
Beyond Perturbation Various Artifacts Plenty of Data Data Cleaning

(LQCD)
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Result Analysis

Model C
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Model B

AE (MeV)

Decently trained on model A, C
e AE(L) < 1MeV, E(L) ~300—900 MeV

For model B,
e as a test set, slightly worse
e AFE has heavier-tail on the right

Signifies the existence of link
Under the hood, LF is in charge
-> Check against LF

ST Sal

AE = Epnpger — Enn




Phase (°)

BackUp

Results after level correction
Model B

Model A Model C

— o
-1.0 -0.5 0.0 0.5 1.0 -2 -1 0 1 2 -3 -2 -1 0
AE (MeV) AE (MeV) AE (MeV)
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Phase (°)
Phase (°)

S(E) is evenly sampled by 100 points in [2m, 1GeV]
_€[350,700], a — ¢, d € [0.5,2]
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Phase (°)

L=10 fm, Trained on model A

180 180
~ 90 90
[0}
A
2 0 10
3
<
(o™ _9() —90
~180 1180
900

AN A A AKX AAVA DN A NA AVNAVA A NN
[WARVALY AVANVARN BRVA R A VAL VARVARN R T A\ AVARVARVART T




