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DNNs the canonical

synthetic emergent machine

Me: Hi, please create an image
representing the complex
functionalities large language
models can perform.

ChatGPT4: Here is the image
representing the complex
functionalities of large
language models. It depicts a
futuristic and intricate machine
symbolizing a large language
model, surrounded by diverse
groups of people engaging
with it. The scene captures the
advanced technology and
intelligence of these models.
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A Sketch of a Neural Network

Hidden Layers

Output - Class

Dog
Car
Frog

Node a; Weights w;; Node a; =f( Z leai)
. i



A Sketch of Training

Minimize Loss = Difference between Prediction and Truth

= Update Weights
Input

Dog
Car
Frog

/o I N ( )
Node a;~ Weights w;; Node a; = Zw a,
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Why Can We Train DNNs"

How can we train a 10! dimensional
machine in a year?

This is a high-dimensional (10° — 10!?
weights), large scale (millions of images)
and non-convex optimization problem
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How Much Do The Architecture /
Algorithm / Augmentation Matter?

Loss Landscape
. Li et al. NeurlPS 2018



Many DNN Designs, What Is The Difference®

input, D-dim
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esigns, What Is The Difference”
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How Do We Visualize the Output”

N
Network Represented over N Samples: P, (y) = H Py, | x,)

n=1

Sample x  Network with Weights w  Class y

Dog

CIFAR-10: 5 - 10* Images, 10 classes ~ 5 - 10° Dimensions

ImageNet: 10° Images, 1,000 Classes ~ 10” Dimensions
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High Dimensional Output is Cursed

H Evenif p,-p,=1—¢€
|

N
For many samples P = Hp”

n=1

all probabilities are orthogonal

Pl‘P2=HPf'P§%

How Do We Visualize

Natural metric can’t discern close from far High Dimensional Data?
dl%I(Pl’PZ) =0.5||P; = P,° =1 - HP? Py =1 - e~ Ve
n
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Intensive Embeddings

Zero Replica limit
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Computational Intensive Geometry

N
Network Represented over N Samples: P, (V) = H Py, | x,)

n=1

Sample x  Network with Weights w  Class y

Dog
P 0

Ignorance: py(v|x) = 1/C, Vye(1,...,C) /VW
Truth: Py = 85.(5), ¥* = True labe 72
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The Training Process explores a Low Dimensional Manifolo

CIFAR-10 ~ 10° Dimensions

| . Explained
~2,000 Configurations | Gegdesic Stress
~150,000 Networks 10%-
* Architectures ! —'_Connect d :
N e VIT 1 —— |0.76

* Optimization: 8- ConvMixer™ ALLCNN |

« SGD, SGDN, ADAM 1 03- == |0.86
e Hyper Parameters ResNet 1

 Learning Rate, Batch Size == (0.94
* Regularization =
 Data augmentation - , — 0.98
* 10 Random seeds PO '"*tv-]' : | 10°-
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The Training Process explores a Low Dimensional Manifolo

CIFAR-10 ~ 10° Dimensions

‘ Explainead

~2,000 Configurations | ©egdesic —T
~150,000 Networks 10%-
* Architectures — lo7e
* Optimization: —

« SGD, SGDN, ADAM . 03- % 0.86
 Hyper Parameters ] —

» Learning Rate, Batch Size % 0.94
* Regularization S—
* Data augmentation ¢ , é 0.98
e 10 Random seeds PO g ' 10°-
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Intensive Embedding are Minkowski R%F~9

0.95 FRTRI A 30 Train Loss
-2
1.841+ : I0
Sl 0.0 . 4.4
-0.28 0.0 lnPCz 0.88 dsz _ dxz B dtz
0 Light Cones dx = * dr
Connects Different Models

028 ——— With Equal Predictions
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Intensive Embedding are Minkowski R%F~4

30 Train Loss
-2
O
=
- L
M(B,h—- 0") P l
, 1.8- ;‘4 0
timelike | INPC2 |
spac’;likﬂ dSz — dxz T dtz
B -
spacelike Light Cones dx = * dt
Model Manifold of the 2D Ising model Connects Different Models

Teoh et al. PRR 2020 With Equal Predictions
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lTest Embedding Is also Low Dimensional

CIFAR-10 Explained

Stress
0.27

0.63

0.78

0.88

0.95
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What Can We Learn About Ditferent Configurations®

1

~2,000 Configurations Geodesic

‘-\'o

~150,000 Networks

. \ Fully
* Architectures 3 F RO Com:/elfl:-td
. ) D A :

 Optimization:
« SGD, SGDN, ADAM
 Hyper Parameters

§ ConyMixer ALLCNN

Small
ResNet

 Learning Rate, Batch Size

* Regularization
 Data augmentation e,
* 10 Random seeds PO "m:.’ ‘
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A Larger Network Trains Along the Same Manifold as a

Smaller Network With a Similar Architecture (But is Faster)

Geodesic 1.0- Architecture
. —— Small ResNet
0.8- Large ResNet
t,,:\\ : FuIly - Optimizer
.S Connected /) —e— sgd Fis
ft W VIT Q 06- —#- sgdn x’?_-!"'.(gl
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(& /Small .\ ©0.4 §74
A , | . -
Vi X ResNet * 4 0N
e 0.2
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0
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Distance petween trajectories

Define progress x “geodesic arclength parametrization” to remove speed

d(Tu, TV) — JdB(PM(S)’ PV(S))dS O 23
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Why is the training low dimensional”

Suspects Geodesic

@

1. Data is Structured - Easy and
hard Images are common across
networks.

ST, VIT
Mixer

2. Weights Initialize at ignorance P,

3. Data is Low Dimensional

19



Why Are The Training Manifolds Low Dimensional®

Suspects Experiments

1. Data is Structured - Easy and 1. Embed Data using Initial and Final
hard Images are common across Tangents
networks.

2. Initialization in multiple corners

2. Weights Initialize at ignorance P, | | | |
3. Train on synthetic data with varying

3. Data is Low Dimensional effective dimensionality & initialization

20



Experiment 1. Embed Data using Initial and Final Tangents
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Experiment 2: Initialization in multiple corners
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Experiment 3: Synthetic data with varying dimensionality

SLOPPY INPUTS NON-SLOPPY INPUTS
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Experiment 3.2: Synthetic data with varying dimensionality

& Initialization
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Why Are The Training Manitolds Low Dimensional®?

a hint to why training neural nets Is easy, and wny they generalize well

1. Data is Structured - Hard/

Easy images are common

b 2N Sloppy DOF
2. Data is Sloppy SN

3. Weights Initialized at

ignorance P, explore few

’tiff DOF are
hypothesis

learned

Lt .
a \ .f"
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summary: Intensive Embeddings Uncover that Neural

1.

. Sloppiness = Low D

. The Training of Neural

Networks Learn in The Same Way

INPCA = Computationally
feasible distance in high D. | Geodesic

visualization

- .'F ~ N

A2 ConvMiXxe

> ALLCNN

Networks Explores the
Same Low D Manifold  Fly - &

. . . O VIT 3 Geodesic
Configuration distance = S, EAPIN

. g . - *~ | ConvMixer =

Variation in the path of Py P
learning is mostly due to 0 7, s

i | 0.0%esNet0.16
architecture, not v

optimization technique
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The Manifold of Typical Learnable Tasks

S Also Low Dimensional
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