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GOAL: OPTIMAL, SIMPLER, UNIVERSAL

LEARNING

Formalism (energy, noise, etc)
Toy models
Concepts and Ideas (e.g. spin glass, tensor networks)
etc...
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MECHANICS OF NEURAL NETWORKS
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SHOULD WORK WELL IN THEORY...

Kolmogorov-Arnold representation Universal approximation theorem,
theorem (1956-1963) Cybenko (1989)
T1
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COMMON WISDOM:

Training Function

-
' Testing Function

Flat ~Minirnum Sharp Minimum

Keskar, et.al. ArXiv:1609.04836 (2017) (ICLR)



HOW LIKELY ARE THE “BAD” MINIMA?

arXiv:1406.2572v1 (2014)

count ]

0.09

nhidden
25

arXiv:1412.0233v3 (2015)



NOISE SPEEDS UP THE DIFFUSION!
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NOISE SPEEDS UP THE DIFFUSION!
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NOISE SPEEDS UP THE DIFFUSION!
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NOISE SPEEDS UP THE DIFFUSION!




SPEEDS UP THE DIFFUSION!

iffusio
N)
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=== Dropout (p =0.500,y=0.01)
A == Dropout (p =0.140, y=0.01)
0 m=eee  Dropout (p =0.050, y=0.01)

25K 50K 75K 100K 125K 150K 175K 200K
Mini-Batch Steps
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HYPERPARAMETERS

=== Dropout (p =0.500,y=0.01)
=== Dropout (p =0.140, y=0.01)
=== Dropout (p =0.050, y=0.01)

25K 50K 75K 100K 125K 150K 175K 200K

DROPOUT

Mini-Batch Steps
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Diffusion
=
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=== | earning Rate (y =0.001)
=== | earning Rate (y =0.003)
=== | earning Rate (y = 0.008)

25K 50K 75K 100K 125K 150K 175K 200K
Mini-Batch Steps

LEARNING RATE
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=== | 2-Regularization (A =0.006, y=0.01)
=== | 2-Regularization (A =0.008, y=0.01)
0 === | 2-Regularization (A =0.012, y=0.01)

25K 50K 75K 100K 125K 150K 175K 200K
Mini-Batch Steps

L2 REGULARIZATION
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TYPICAL SEARCH FOR GOOD PARAMS

NAIVE SEQUENTIAL SEARCH

_ [l

- LONG SEARCH TIME
- LIMITS TO A SINGLE OPTIMAL SET OF PARAMETERS




TYPICAL SEARCH FOR GOOD PARAMS

PARALLEL GRID SEARCH

- LIMITED TO A SINGLE OPTIMAL SET OF
PARAMETERS
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WEIGHT-HYPERPARAMS SPACE

GREEDY APPROACH - POPULATION BASED TRAINING

P
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Jaderberg, et.al. arXiv:1711.09846



WEIGHT-HYPERPARAMS SPACE

GREEDY APPROACH - POPULATION BASED TRAINING

GAN population development FuN population development

42 45 48 51 54 57 60 63 6.6 1000 2000 3000 4000 5000 6000 7000 8000 9000
Inception Score Cumulative Expected Reward

Jaderberg, et.al. arXiv:1711.09846



WEIGHT-HYPERPARAMS SPACE

GREEDY APPROACH - POPULATION BASED TRAINING
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Jaderberg, et.al. arXiv:1711.09846



EXPLOITING NOISE-LIKE PROPERTY
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OPTIMIZATION OVER THE PATH

GPUI |___ | GPU2 | __ | GPU3 | | GPU4
params | params 2 params 3 params 4
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Algorithm 1 Training with replica exchange

INPUT: Number of replicas M, Inverse "temperature" (hyperparameters) 5 = (31, 2, ..., Bum)
Number of steps for initialization AN;
Number of SGD steps between exchanges AN,
Exchange normalization parameter C
Number of steps 7'
OUTPUT: Weight configurations W = (W1, W, ..., W) of the replicas,
1: Initialization: Vk € M, initialize weights W, for each replica and set ¢ = 0.
2: Yk € M, perform SGD for AN, steps. Update ¢ <— t + 1 at each step.
3: Repeat:
Vk € M, perform SGD for AN, steps to update W. Set ¢t < ¢ + 1 at each step.
Let £L; = (L (WY),L(WY),..., L(W3}) be validation losses at time ¢.
Randomly select a pair (m, n) of replicas with adjacent temperatures.
if A=C(Bm —Bn)[L(Wpn)—L(W,)] <0 then
swap f3,, and [3,,
else
swap [3,, and [3,, with probability exp (—A).
Update «, the acceptance ratio. Finishif ¢ > 7.
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EMNIST

CIFAR10

25+ —

— pE{0.55,..., 0.47)}8
e p* =0.53

P ———————— e = S = =
20K 40K 60K 80K 100K 120K 140K
Mini-Batch Steps
74_ f— — — — — c—— — —
8
56— Ny T =
= —
Ll T —
— p € {0.12,..., 0.05}8
— p*=0.07

T 50K 100K 150K 200K 250K 300K 350K
Mini-Batch Steps

Error (%)

28

— vy € {0.002,..., 0.018}°
" =0.002)

8.0

Error (%)
~
8,}

7.0

20K 40K 60K

80K 100K 120K 140K

Mini-Batch Steps

— Y€ {0.006,..., 0.012}8
ey =0.009

T 50K 100K 150K

200K 250K 300K 350K

Mini-Batch Steps



RESNET/CIFAR10

= ResNet20 y € {0.003,..., 0.010}8
- = ResNet20 y*' =0.0060

- ResNet44 y € {0.0009,..., 0.006}8
- = ResNet44 y' =0.0045
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