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Applying to real applications
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F#5K)7: Learning Transferable Architectures for Scalable Image Recognition[2], 77/ & #¢
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def Setup():

Multiplicative Interactions

o e def Learn(): # sO=label (SGD)
oIt weignts 3 =sl/s2# Scal dict. N ‘
vl = gaussian(0.0, 0.01) :1 _ :0 i :3 # Ciranpitgrsrigr Multiplicative Interactions
B O v2 = s1 * v0 # Gradient (flawed SGD? )
0.9, def Predict(): # vO=features vi = vi + v2 # Update weights  Cradient Normalization e
s1 = dot(v0, vl1) # Prediction )—/w'—
. Random Weight Init /
Linear Model R
(Flawed SGD) Random Learning Rate g———" Best Evolved Algorithm
. /
- p——— ReLU | gef Setup():
< 1/ Better Hard-coded LR 84 = 1.8e-3 # Learning rate
° p—" HParams Gradient Divided def Predict(): # vO=features
> Linear Model (SGD) by Input Norm v2 = v0 + vl # Add noise
E Loss Clipping v3 = vO - vl # Subtract noise
3 v4d = dot(m0, v2) # Linear
= M i
:‘x:' [Accumulated Weights:] :é - ‘;Zt,f"ig, i‘a‘éoﬁy"iiéii‘;““'
] Linear Model Forward |W' =X W, . _
o (No SGD) def Learn(): # s0O=label
Weights: Normalize: s3 = 80 - sl # Compute error
0=a"Wh y = f(o) = (0, 1]] m0 = outer(v3, v0) # Approx grad
Noisy | - s2 = norm(m0) # Approx grad norm
def Setup(): a?ﬁﬁ:pU. _m"_"_IFPEqQEYY"_“_“_“ 85 = 83 / 82 # Normalized error
def Predict(): b;i-g v5 = 55 * v3
Unit Vector- m0 = outer(vs, v2) # Grad
def Learn(): ml = ml + m0 # Update weights
Backward . m2 = m2 + ml # Accumulate wghts.
ackwari =
Empty Algorithm J:floGeﬂziazemljwloise
=dab”
g=dab vl = uniform(2.4e-3, 0.67)
0.5- o—
0o "10 Experiment Progress (Log # Algorithms Evaluated) 12

FeH#A N AutoML-Zero: Evolving Machine Learning Algorithms From Scratch[3], 7775 & #
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AutoML-Zero FEWZ AL Dropout, Z>IFRTENL, IR P IE1E N S E

def Predict():
# Omitted/irrelevant code
# vO=features; ml=weight matrix
v6 = dot(ml, v0) # Apply weights
# Random vector, p=-0.5 and 0=0.41

v8 = gaussian(-0.5, 0.41)
v6 = v6 + v8 # Add it to activations
v7 = maximum(v9, v6) # ReLU, v9~0

RelU:
max(0, Wx + n)

Llnput: X H Linear: Wx
Noise: n = N(i,0)

)

(a) Adaptation to few examples.

def Setup():
# LR = learning rate
s2 = 0.37 # Init. LR

def Learn():
# Decay LR
s2 = arctan(s2)

sLog LR~

o

Log # Train Steps 8

(b) Adaptation to fast train-
ing.

def Learn():

s3 = mean(ml) # ml is the weights.
s3 = abs(s3)
s3 = sin(s3)

# From here down, s3 is used as
# the learning rate.

H

(c) Adaptation to multiple classes.

Transform:
LR = sin(abs(a))

Weights mean:
a=X Wi,i /n

[ ]

FHFKN: AutoML-Zero: Evolving Machine Learning Algorithms From Scratch[3], /77/5 & #¢
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add(m1, m2) ml+m2 B NAH [F) AN, A AN O A
subtract(m1, m2) m1-m2 ENARFI SN, A SO B4
protecteddiv(m, v) mliv Ty A O AR =
sigmoid(m) 1/(1+pow(e,-m)) oA
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ts_skew(m.s) % v I m e i th T AN
ts_kurt(m,s) 2 v I m g il
ts_max(m,s) % v ) m i sORAE o A A R AN
ts_min(m.s) k2 v I m g RME AR

ts_corr(m1,m2,s) it % v ml 5 m2 (14 BNAHFI RN, AR RN
Kk
ts_diff(m,s) 2 v i m AR 1L o A A R AN
ts_delay(m.s) 2 v i mE o A A R AN
idx_min(m,s) 2% v I m i RAME R P ot JE AN
%
idx_max(m,s) % v I m R E R fi HE T
=
interval(m,op,v1,v2) op(m[v1:v2])
BB 54T
cs_norm(m) m ARk T B A ot T E AN
SRR TR

FEFEREEE T, AFAEAN A (B, 75 28 el I 8] 510 55K 2 Bl (A B B ey LB, SR e ik
—WHATIB

&SR BERIANE, £ AutoML-Zero H1, MEAFLRMARIANL, M2 “F2F” (Program) Rk,
FEFF Program 1 =¥ M), 32 W E (Setup) T (Predict) PLEZ>] (Learn).
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# sX/vX/mX = scalar/vector/matrix at address X.
# "gaussian" produces Gaussian IID random numbers.

def Setup():

# Initialize wvariables.

ml = gaussian(-1e-10, 9e-09) # 1st layer weights
s3 = 4.1 # Set learning rate
v4 = gaussian(-0.033, 0.01) # 2nd layer weights

def Predict():

# vO=features

v6 = dot(ml, v0) # Apply 1st layer weights
v7 = maximum(0, v6) # Apply ReLU
sl = dot(v7, v4) # Compute prediction

def Learn(): # sO=label
v3 = heaviside(v6, 1.0) # ReLU gradient
sl = sO - s1 # Compute error
s2 = sl * s3 # Scale by learning rate
v2 = 82 * v3 # Approx. 2nd layer weight delta
v3 = v2 * v4 # Gradient w.r.t. activations
m0 = outer(v3, v0) # 1st layer weight delta
ml = ml1 + mO0 # Update 1st layer weights
v4d = v2 + v4 # Update 2nd layer weights

Program AT LR — KGN, SRR, BRSHEAAEEE. WIEKZRTH RS
BT AL TR RS PR R R B A A MR BRI, B0 2R 23 ) B i R T W R ERIA 5(
ML R0, 15 AutoML-Zero IFZHRINWE T F-IET5, (HRM Wik 7 iH RN, WRBEIRE,
KEBIEOUT AT A AL R 5 H ARG B TC AR AT SRIBe, B bk e~ R A R 51 R 2 62 AutoML-

Zero [H] i ) 85 K 7] 7L o

B 7:/ERER

H 8:EFRER

R 3

def Setup():
def Predict():
s8 = norm(mO0)
s6 = get_scalar(0.578064,
0.76912)
52 = arcsin(s6)
s1=52+57
s5 = exp(s3)
54 = sin(s5)
s3=s4/s2
51=53+52
def Update():
m2 =m2+mo0

Prediction: S1(8)

BRI TIEER

H#iAJ7: AlphaEvolve: A Learning Framework to Discover Novel
Alphas in Quantitative Investment, 77/5 & #¢

Tt R M RIA R R BT RIL N, &R HARMEE PR AT RiE L, R Rk 4

2 bR )a N EE




= ﬁE -
QD etz

R TR LR &

gi—Rib, TR MR T, FEHR R T RS, MR IR T R RIE 2R A B 3 AE SRAE E
R JES I

3.2 L E
AL FE R R B AV, MR Z BB AE X gm i, ik R E N E B E M, (F R R

PRGN FERE N & WA R AR AL 50k, A R, AL s USRI 4 . REAL SRR B
KR, seBRBHLRE R pIant, ik, ZEATBLRZIEDAPER,

B ot W EERE

> FENE

FEELLIRE
=

R —ftR

EFTRER
e

HAHI: TIEHER

5 AutoML-Zero 280, ASCRAIIEMALBEAL SR L, IENbEEth, XFREEZ 31k, &M Google Brain [ Real
SENATE 2018 AEHRHME L. NGB, T B SR ML B, PR LR 2R A I B S AR S AR K AN A
BEATHIR, RIS ZETR T (AN rp i e b B8 A58 v PR AAE 9 AR, FE AT, SOARR) 3 R o AT 38 43 A8 e A B
T AR TARRE R B 7 SCARH B, SCREME PR AAR IR R Al b A8 e HOR (R 2R IR . e BB IR AT, A
TN E AW R, BERLEIEHLIEEML.

3.2.1 BTN
PR — DRI, RS SO AR RS DU, ASCHRA TR B AR A SR

500,

FEMIIEACAS AT, SR REALAS IR 7 3 QAR BOR B 203i /2 BER KA, B (- MARIE BN T . 9 T
SRR, ERIIRFRE I Z BT S5 rb il SRR R A . BRSO RAE T RERS A7 RR M A e I HE AL
LiE
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RN 3 b — A R RE S AR HEAL A AMA, K O P15 H A ] 2035 PR AN AR FSC R R RE AT 9 R a6 AL
FRE, fEJRSERIHE T, O MR B S AR b A AR R RN A A28 5, RERS A I A% 1 32 7 FE AN 7 1
m, FEJEA AR FEAL A R AN

WREFTR, JELGE TN ts_mean(close,240)/CLOSE, &7~ H W/ BHZE close (35105 24 H I ELAN 35140
PAE Z BT 5 At 8 48 A I R AR B R A N, BRI AE IR 300 BB PTG DA 1 B rh R 5 —
F| H Alphazero A1 7 DL JE x bbb K F ) 3t b i FE ., ® St 4 F M ts_mean(close,240) HE b N
ts_mean(ts_mean(close,240), 5), AJFIGEHE TR HF¥. F 28, M CLOSE @4k CLOSE+LOW, 7E5 —
WO R, 4 BE R CHE fb A CLOSE+ts_min(LOW,5) , fE 5 — WK #Etk o, 4 BB R
CLOSE+ts_std(ts_std(close,240),5), BE AWk, KFIEFEANT IC M 0.057 #2721 0.064.

10:AMEEH IR

HAHIT: TIEER

3.2.2 MR I K 3&E R FE

AR, IR 725, BT EE CMARERE, BATRABE T 1C AXHEIE ARG R
FERREL 1C TSI ORI 75 T+1 B T+2 (U008 ZAEREAS 4 (AR DS (P35 (.

R ARSI 2R/, 97 o 2 PR A v (K A9 R — AR AR, 2857 2 R AR R — A A
FERITTEAVEZ M, EARERIME, SbRgEE, RRVESE, B MAR I 1% B AR & SR B NSNS,
RATHEIIIE AL TR AR R, (HR R 5 SRR 2 REVERRG, PRI . SR iR A
PRI R 5 L, A% IR R BEAL IR 228t R R AMA,  ETTVERERE R IR PP RE R 21, (ER PHRE A A A
JETT i P R O AR 3R, AR SRR AR A T B L 3 K M, BN kAR b R N R e e
RIS, ARSI R, H IR E M SCREE N IE, ZTHERI SR T R BB R 2 A
TREAT IR, FER ORI 8L R 1 [ IS R B AR I 22 RE A

2 bR )a N EE




= ﬁE -
e B S

R TR LR &

323 TR RIHNE X

EIEMGE LR, MASHHERNEN, 8-k fEd, Bkt RetirEs
ARGHE N ANTFAR, R P ER R R N ANTARESHAIEE, DA AR R ARk LGS B 3 . ELAA
(piZ 3/

11:TE Wi 338

oldest < newest

def Setup(): def Setup():
q N~ :é - g_: s4 =05 def Setup():
e: i H

def Predict(v0): def Pradict(v0):

n4 = gauss(0,1) det Setup():
. vi= v - vo
def L 0, 80):
Step 1 def Predict(v0): det Predict(v0): v = v0 + v9 of Learn (v, <0)
vi= v -8 def Learn(v0, 50}: ol = s2 v 2 53 = mean(v2)
mé = =2+ md def Learn(v0, s0): 84 = mean(v1)
def Learn(v0, 50): s = 50 - sl 53 = =3 + 54)
n2 = m2 + 54) &3 = abs(st)
def Setup(): det Setup():
s4=0.5 a4 = 0.5 def Setup():
&5 = 0.5 ) . ) .
2 (0,13 aat Satup): def Predict(v0): def Predict(v0):
vl=w0 -9 def Learn(v0, s0):
te def Predict(v0): WE = w0 + v "
vi = v2 - vl
ml = 52 * m2

def Learn(v0, s0): 83 = mean(v2)
def Learn(v0, s0): 54 = mean(vi)

83 = 83 + s4)

def Learn(v0, s0):
a2 = 22 + nd) 53 = abs(si)

best

def Satup(): def Setup(): def Setup():
s4 = 0.5 s4=0.5 def Setup(): s4 = 0.5
5 =0.5 def Predict (v0): def Predict(v0): def Predict(v0):
def Setup(): - -
vt w0 -8 def Learn(v0, s0): VL= w0 -l
tep def Predict(v0): wE = v0 + v PPar e vE = v0 4 vB
def Learn(vwD, s0): ml = =2 x o2 23 = mean(v2) ml = =2+ m2
def Learn(v0, 50): 54 = mean(v1) def Learn(v0, s0):
def Learn(vD, s0): s4 =350 - st =3 = 53 + s4) s4 = 50 - s1
m2 = m2 + md) 53 = abs(s1) 53 = abs(s1)

I T
copy best

def Setup(): def Setup():

am05 sl =05 def Satup(): de:gsfmspé):

85 =0.5 ; . A . S

N dot Sotup(): def Predict(v0): def Predict(v0): def Predict(v0):

vl= w0 -8 dof Learn(v0, s0): vi=v0 - w8
te def Predict(v0): def Predict(v0): ¥5 = v0 + v9 P -

1=v0 - ve 21 = g2 * m2 vd = w2 - v ¥E = 0 + v9

v def Learn(v0, s0): 53 = mean(v2) ml =82 s m2

mé = 52+ nd def Learn(vd, 0): 54 = mean(v1)

def Learn(v0, 50):

def Learn(v0, s0): 54 =80 - st 53 = 53 + 54 €3 = abs(e1)

m2 = m2 + md) 53 = abs(s1)

)

mutate

FHAHE: AutoML-Zero: Evolving Machine Learning Algorithms From Scratch, 47/ # #¢
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def Setup(:
def Setup(): =
<4 =05 < s4 0.5

. . parent def Predict(v0):
def Predict(v0): 0l = 52 % m2

ml = s2 * m2 child ( ;
def Learn(v0, s0):
def4Lfarg(YO,1SO): > 84 = 50 - w1
SS : Sb ( i) — - s2 = sin(vl)
s3 = abs(s Type (i) s3 = abs(sl)
def Setup(): def Setup():
s4 = 0.5 sd4 = 0.5
def Predict(v0): def Predict(v0):
ml = s2 *x m2 ml = s2 *x m2
def Learn(v0, s0): def Learn(v0, s0):
s4 = s0 - si s0 = mean(ml)
v3 = abs(sl) Type (ii) sb = arctan(s7)
def Setup(): def Setup():
s4 = 0.5 sd4 = 0.5
def Predict(v0): def Predict(v0):
ml = s2 * m2 — — ml = s7 * m2
def Learn(v0, s0): Iype (iii) def Learn(vO0, s0):
s4 = s0 - sl s4 = s0 - s1
s3 = abs(sl) s3 = abs(sl)

Fe#5#K I AutoML-Zero: Evolving Machine Learning Algorithms From Scratch, 77/5 & #¢
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PRI FER A AEHE L, SECEDMRE Z RS, BN MBS ARRE B S BN R AR, SR
%o AVFZARE LA T ZREPE R R ASCIRATEI N IR RS S LU B R SR T T 2 22 R 1
[T

BAAR T S S AR B, AT ) R RER AP R sGR O — D s, BN TR RS SE A
ML (RIEFD), AFIER I EE R R AR AR, AT AE — e MR 2R R 15 AR AE

B S 1 32 AR AN R JE R B, TR SR I S H B MR AR . BRSO T AN 1] A
ARE, W FARABE R m i AMA S ROR B & R e i) — A, G REREZ G, B P (K 1 3 3 B A
HEE, TAMTMERZ . ERMENNMEAEERAD, &E MR, JE AR RI G
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BT A AR Z, MBS R R RS, WIEERER O (np?T), Hrh T AR K, p A
R, n ISR, 8 TR, BRATRABERFER D A EAR S, BBy, TSR
PRI, R BEHURAE A0 I 8] R (t<<T) IR SSVE SR, 55 4 R SERG AR (q<<p) Z [ AUARAELYE,  HLAFRS m %28
JAB— IRRAMESIE, T DR S AAT A2 5 BRI ] A

M. EFEZRER

PR S, BATERERAFREGTHE, T RS 73RBS MR MR 1C BLE R KAMA
ICHIR AR, WA, BEREBIEA, MEEAFL IC AW, T I1C SRR MAZE F B IC HINfFE—
SEMJLRE L, DI B AAZ 5L

FRERFEY 1C S RIUEM TR, Xl T RATR IR EM R 7 M UANMA S B S R, HE
TRPRFHEEIN 1IC 12K .

B 13:FhEEEIL

0.09

0.08

0.03 s FHAEE S J5) |C e Fl1 R f7 K 1C

0 4 8 12 16 20 24 28 32 36 40 44 48 52 56 60 64 68 72 76 80 84 88 92 96 100104108112116120124128132136140144148152

HHFRIR: ricequant, T/ EH

4.1 Alphal
KIF—5E XCN: ts_norm(cs_norm(HIGH),20)

PR — B SCEONTRI B, et JE i SO R, AR T ISR e i BT HR 7 1) 20 H I A) PP SRR
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0.6
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0.4
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HHFFIR: ricequant, 115 1%

MHEFRHIE R T LLEH, 23418 19 i, Ritlad 118%, kAW Rtk N-16%, ZTFEL
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5 25 5] B Je5 DU (1) EL S

13



=4 ﬁE .
. e

R TR LR &

15: B F—SRlEER

3 0 1 2 3 4 EAP Rl

0.5

D 0 4O d 0 A HdO0O dO0 d d0 40 d0 dd0 40 d 0 dO0 do ddo doOo d -0 d0 d o0 o
N A OO OO O OO OO O NN OO OO N OO DNDH 0N NI OO OO O 0O n0H 0 ondN OO ononom
NS S S S S SN S S S S S S S S S OSSOSO OSSOSO OSNS OS OSSN S OSSN OSSOSO OSSOSO OSSO OCS OS IS OSSOSO~
SN O N OUN 0D O d N TN O TN O N0 0 AN TN O T N ON 000 A N dN OO S ;N O
e e e T e T e - - U T S e e e T e T T T T T T e T e R = TN I N TS N S R
D O O DS 00 OO0 00 0 00 &~ >~y odd d d o o4 A 4 4 .~~~ oo o o
oI d d d d d d d d 00NN NN NN OO O NN T AT AT NN N NN o
O O O O O O O 0O 0O o «# 8 OO0 O O O O O O o AN o N OO O O O O O O o N o N OO O O O o O
NNNNNNNNN%S2NNNNNNNNNE%ENNNNNNNNNE%%NNNNNNN

|

y

FHAIR: ricequant, /52

4.2 Alpha2

K1 /) 5E XN ts_max((ts_min(interval(volume, sum, 9:30, 10:00)/VOLUME, 2)+ts_corr(high, volume, 240)), 5)

PR R T /N AT o LU H e/ MEL S B R B i A 5 R B AR S PSRN 2 5 T H KA
BRI T, RO, BT dJEAR T 85 /N A 5 o LU 1 5 d e (i BRSSP A DR 1 (0 B PRk
AR & R 5

K7 /) 1IC Y915 4-0.0367, IR N 7.33, RIFHEEN 68.21%, KT it RrEEsTH1F—.
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FHAIR: ricequant, 15

MEFRIH R T LR, £23kdH 19 Fil,
W3 22.51%, Z LA MENIZT N 21.39%.
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4.3 Alpha3

KT =15 XA ts_max((ts_min(cs_norm(VOLUME), 2) + ts_corr(high, volume, 240), 2)

DAl = R T A AL ) S B H /MBS B Y ) e -5 BRAE B AR DR PSRN 22 5 B H B KA 2
M7, R, W57 A, SRR T BB, N7 TR RS R B R T R b
WA &

KT =) IC ${E 5-0.042, IR N 6.93, KTHEZEN 69.90%, HNT =7 IC A MZEE TR,

18:EA¥F=1IC

0.4 BN C ==ic(20 mean)

0.3
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-0.3

-0.4

FHFAFIR: ricequant, 7715 # 17

MR T I T LA, 24l E 19 i, BiPUkEs 109%, 25k Bt s N-22%, £24EN
W3 25.73%, LA MENIZE N 22.30%.
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