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ML in (HC
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ML in (HC
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Typical Workflow to Get Resulte at (HC
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Model Connection Example
4-vector classification
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Neural Architectvre Search

NAS(Neural Architecture Search)
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Sample architecture A
with probability

Trains a child network
The controller (RNN) with architecture
A to get accuracy R

Figure 1: An overview of Neural Architecture Search.




NAS : Algorithm
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Differentiable Architecture Search(DARTS) :
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NAS : Algorithm
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Single Path One-Shot NAS(SPOS-NAS):
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NAS : Algorithm

Adaptive Stochastic Natural Gradient NAS(ASNG-NAS):
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NAS : Resulte
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NAS : Resulte
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Training by Ucing Physics Sample

Standard Model Production Cross Section Measurements
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LHC pp V5 =7 TeV

- Theory
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Class-Balanced (ocs on Effective Number of Samplec

CBLoss 3
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No re-weighting
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https://arxiv.org/abs/1901.05555

Class-Balanced (ocs on Effective Number of Samplec
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Tau or Jet Classification Result
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YOTO : You Only Train Once
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Sampling Loss Weight
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https://openreview.net/pdf?id=HyxY6JHKwr

YOTO : You Only Train Once

Sampling Loss Weight

Training: Testing:

L(y, Fo(x,0,2),)) ‘”Fv(m- o)
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https://arxiv.org/pdf/1709.07871.pdf

FilM : Featvre-wise (inear Modulation

FiLM Layer
e FILMADA > 7T RAN S,

Yi,e = fc(Az)
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Yoto Reculte
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Multi Locs Function

Multi Taskic3¥49 3 Loss
o FIXIF2DDloss(ly,ls)hd2FBE, L = wily + wals HTcWIZT 3 &,
wl,wgcaié:“i)@oTEQEL,i@“b\?
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Data Argumentation

CE(pr) = — log(p)
FL(pt) = —(1 — ;)7 log(p)
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well-classified
examples

 Em—

04 0.6 .
probability of ground truth class (a) Softmax (b) Clustering+Softmax (c) Affinity Loss

TDMMDFE
e MICHIKTAT—ZBEEDEBEIEE LIEEXADERINTLS
o Focalloss: > FILoFWNw oI Ty REEH)IIER Lizloss, L = (1 — py)? log(p:) & L TERMICEE T B (yId/N\1/32)
o Affinity Loss : FFAEZEBTHD I XA R ) I+ —I VEKEEITS 2 & TSoftmaxE %z &b L7cH D
o N odFEIFDataargumentationDIRE T —A ST BLEOBHDT, T—FBERDMEBZ LIDFZF LT VWEIFE > TLWCDHKE
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https://arxiv.org/pdf/1708.02002.pdf
https://arxiv.org/abs/1901.07711

Conclucion

O
o VIERIT CHMEBZESHAICKRICRD2REHITT
o W DODNWDUNEHR)RZR U EDIRIFTTEBEITO FEANHE B
e NASEFOTHRYITEIINR M RETIVEBERTZ N TS/
o EFIINT—FTIUOFVYDFa—ZVIBHbARUILEITE, BERBEICD LFEMA BT TREN ENS CCZRLTE
o ConditionB/N\A/NN—=/XTA—BDF 12—V IBEERRTEZFAFILML 1V —YOTO) &5 L 72
* YotoZES UL /NA/NTZZBDSRETITZIDTVWAIVNEZETY
o EFIIT—FTIOFYvORBLHVWITYE, 7T —ZBEEROERZ TN TUITWITRL (Fo)
o MmultimlE WS /NN = TSHEHBNLIEDDIFIFEACHIABRIETY, EUforkL T /2T L.
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https://github.com/UTokyo-ICEPP/multiml
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Backup
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2und Topic ResNet Model Architectvre
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cnnl:

- key: ConvResBlockl
args:
in_plane: 3
out_plane: 256

activation: {key:

CONV_args:

= {kernel_size:
- {kernel_size:

- key: ConvResBlock2
args:
in_plane: 256
out_plane: 256

activation: {key:

CONV_args:

= {kernel_size:
- {kernel_size:

- key: ConvResBlock2
args:
in_plane: 256
out_plane: 256

activation: {key:

CONV_args:

- {kernel_size:
- {kernel_size:

- key: ConvResBlock4
args:
in_plane: 256
out_plane: 256

activation: {key:

CONV_args:

- {kernel_size:
- {kernel_size:

- key: ConvResBlockS
args:
in_plane: 256
out _plane: 256

activation: {key:

conv_args:

- {kernel_size:
- {kernel_size:

- key: activation

GELU, args:

3, stride:
3, stride:

GELU, args:

3, stride:
3, stride:

GELU, args:

3, stride:
3, stride:

GELU, args:

3, stride:
3, stride:

GELU, args:

3, stride:
3, stride:

{31

1, padding:
1, padding:

{31

1, padding:
1, padding:

{1}

1, padding:
1, padding:

{1}

1, padding:
1, padding:

3}

1, padding:
1, padding:

1,
1,

bias:
bias:

bias:
bias:

bias:
bias:

bias:
bias:

bias:
bias:

args: {name: AdaptiveAvgPool2d, output _size: 1}

mlpl:

- key: FilMed MLPBlock1i

args: {n_input: 256, n_output: 256, activation: {key: GELU, args: {}}, dropout rate :

- key: FilMed MLPBlock2

args: {n_input: 256, n_output: 256, activation: {key: GELU, args: {}}, dropout_rate :

- key: Linearl

False }
False }

False }
False }

False }
False }

False }
False }

False }
False }

args: {in_features: 256, out features: 256, bias: False}

- key: activation
args: {name: GELU)

8.1}

9.1}
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2und Topic MLP Model Architectvre

mlp:
- key: ResBlockl
args :

- {n_input: 256, n_output: 256, activation:
- {n_input: 256, n_output: 256, activation:
- {n_input: 256, n_output: 256, activation:

- key: ResBlock2?
args :

- {n_input: 256, n_output: 256, activation:
- {n_input: 256, n_output: 256, activation:
- {n_input: 256, n_output: 256, activation:

- key: ResBlock3
args :

= {n_input: 256, n_output: 256, activation:
- {n_input: 256, n_output: 256, activation:
- {n_input: 256, n_output: 256, activation:

- key: FilMed_MLPBlocki

{key:
{key:
{key:

{key:
{key:
{key:

{key:
{key:
{key:

GELU,
GELU,
GELU,

GELU,
GELU,
GELU,

GELU,
GELU,
GELU,

args
args
args

args
args
args

args
args
args

{1},
{1},
{1},

{1},
{1},
{11,

{1},
{1},
{1},

dropout_rate :
dropout_rate :
dropout_rate :

dropout_rate :
dropout_rate :
dropout_rate :

dropout_rate :
dropout_rate :
dropout_rate :

=

< i

=

.1}
.1}

.1}
1}
.1}

1}
1}
1}

args: {n_input: 256, n_output: 256, activation: {key: GELU, args: {} }, dropout_rate :

- key: LinearlLast

args: {in_features: 256, out_features: 2, bias: True}
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