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Bullding the deepest network
ever pullt in Py Torch



Vanishing and Exploding
Gradients



A Simple Example

A x —P[Linear 1]—»[Linear2]—>[Linear3]—> .. P

- n-layer linear network

- No non-linearities
. Scalar weightw, € R, w; > 0

. Bias b, € R



Activations
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Activations

. Assumew;, & w,b. & b V.
+ Casel:w < 1

- w'x = Oforlargen
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. Vanishing inputs: a, ~
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- Exploding activations: a, & w"x = * oo
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(Gradients

.« Assumew, & w,b.~b V.

. Caselw<1
. Case2:w =1

. Case3:w>1
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Gradlents & x »{ Linear 1 H»| Linear 2 H» Linear 3 H» ...

Layer
. Assumew, & w,b,xb V,
. Casel:w< 1
. Gradient vanishes: w"~* — 0 for large n (and small [ =1
)
- Case2:w =1 [ =2
. Cradient stable: V,, y = a;_ | — L
- Case3:w>1
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- Gradient explodes: w"™ ' — oo for large n (and

small i)
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Simple Example - Summary
& x —D[Linear 1HLinear2]—>[Linear3]—> .. 0

w<l1 w=1 w> 1

. Training stable . Training stable . Training explodes

- Vanishing activations - Network does train - Exploding activations

. Vanishing gradients - Nearly impossible to - Exploding gradients
maintain

« Network does not train . Network does not train



General Linear Networks

Exploding Gradients

& x —P[Linear 1HLinear2HLinear3]—> .. P

. Weights W, € R™"

- Exploding activations

k
lagll = 1L [ [ Wexll = T IWlllxll = oo

- Exploding gradients
n

IVioll = lla Il [] Wil - oo
i=k+1

. Network poorly initialized |[|W;[| > 1

. Learning rate too high



Handling Exploding Gradients

. 3¢ Symptoms

. & Diagnosis

. X Remedy



Handling Exploding Gradients

Training Curve

¢ 3 Symptoms 2
. Weights or loss are 0 or NaN 0
W
. (4 Diagnosis <
1
- Plot weight norms per layer
- Plot gradient norms per layer
. X Remedy 0

0 25 50 75 100
lteration

- Reduce learning rate

- Rarely: change initialization



General Linear Networks

Vanishing Gradients
J & x —D[Linear 1HLinear ZHLinear 3]—> .. P

. Weights W, € R

- Vanishing activations

k
laell = 11 | | wixll < T 1IWlllxll = 0
=1 =1

- Vanishing gradients

Vol < llayll [ ] 1wl -0

1=k+1

- Occurs in almost all deep networks



Handling Vanishing Gradients

. 3¢ Symptoms

. & Diagnosis

. X Remedy



Handling Vanishing Gradients

Training Curve

« 3 Symptoms
« Network does not train

. & Diagnosis

0y
. . 0y
. Train with O learning rate and compare ®)
— 1
- Plot weight norms per layer
- Plot gradient norms per layer
. X Remedy
- Happens to all but the shallowest networks O

0 25 50 75 100
lteration

- Tune learning rate

- Change network architecture



Vanishing and Exploding Gradients - T

- Vanishing gradients occur in most deep networks

- Exploding gradients lead to NaN; fixed by lower learning rate




Vanishing and Exploding
Gradients in PyTorch



Normalizations



Recap: A Simple Example

A x —P[Linear 1]—»[Linear2]—>[Linear3]—> .. P

- n-layer linear network

« No non-linearities

. Scalar weight W, € R

. Biosh;, € R

- Major problem: vanishing gradients
V., 0 = 0 forlarge number of layers

. |nconvenience: vanishing activations

n
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Normalization

- Rescale and shift activations

. d — Uy
. dp =

Of
. Exploding activation||a,|| = oo:
. oy~ llagll — oo and [l ~ 1
. Vanishing activation ||a,|| = O:

. 6~ llagll = 0and [|a ]| ~ 1
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Norma.

lzation

. Rescale and shift activations

R d — Uy

. dp =
O

- Where do y;, and o, come from?
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Layer Normalization X
v
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- Rescale and shift activations per : —
feature ay, Normalization 1
A ak o Il/tk [ * . B f | + N
. a;, = Normalization Linear 2
Gk \ + ) g + )
. Compute u;, and o, across each data Ay k Normalization 2)
element v

Layer Normalization, Ba, J., Kiros, J. R. and Hinton, G., arXiv preprint arXiv:1607.06450, 2016



Layer Normalization

- Rescale and shift activations per feature

- mean K,
. stdev oy,
R apc — Hp
apc —
Oy
|
Hp = — ap.c
C
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What .

Does Layer Norma.

17ation .

DleY



What Does Layer Normalization
Do’

. What happens if a, = [0,1,2]? ak

A Normalization

Va\

Ay



What Does Layer Normalization
Do’

. What happens if a, = [0,1,2]? ak
) &k _ [0,0,l] Normalization
« About 50% of activations are zero

« DuetoRelU A
29%



Layer Normalization

- Rescale and shift activations per
feature
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RMbNorm

- Rescale and shift activations per

feature
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apc — 16
Oy,

Q.

v

r

Normalization

~N

& x
v

@ )

Linear 1

. J

v

r

v

ay,

\.

Normalization 1

~N

J

v

( )

Linear 2

. V.

v

(

.

Normalization 2

v

Root Mean Square Layer Normalization, Zhang and Sennrich., arXiv preprint arXiv:1910.07467, 2019



/ero-mean RMSNorm

- Rescale and shift activations per feature

" apc — Ky
o ab,C — - (1 + yc)
Oy

. Regularizerony,. = 0
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Qwen3-Next: Towards Ultimate Training & Inference !
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Where to Add Normalization?

Option A Option B
& x & x
- Option A: After Linear, Before Activation v v
Li RelL

- Option B: After Activation, Before next [ mear] [ - U]
Linear v v

[ Normalization ] [ Normalization ]

v v

e Cnear

v v




Post-Activation Normalization

« Easier

« Works better with SwiGLU, etc




What normalization to use?

 [ry LayerNorm

- Should always work for this class
- [ry RMSNorm
« [ry zero-mean RMSNorm

- Only matters for LARGE models




Why does normalization work?

- Normalization fixes vanishing

activations
- Handle badly scaled weights A oy e M
Y J —— -5, + b,
. Activations cannot vanish (assuming +
bc — O) [ | Y
Linear
. "Eigenvalues" are close to 1 - + g
- The same holds true for gradients [1] 0

1] L1, H., Xu, Z., Taylor, G., Studer, C. and Goldstein, T., Visualizing the Loss Landscape of Neural Nets. In NeurIPS 2018.



How Deep Can These Networks
(LO7

- With normalization

- Max depth 20-30 layers
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Normalization -

- Normalizations handle vanishing gradients

L.DR




Normalizations in Py Torch



Residual Connections



Recap: Deep Networks

& x
- Without normalization (Linear\ - With normalization
. Max depth: 10-12 layers # . Max depth: 20-30 layers
Linear

-
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What

» See PyTorch

appens to.

Deeper Networ

<Y



What Happens to Deeper

Networks?
20r
- Thy don't perform well -
S S6-layer
.
X 20-layer
D
Y
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iter. (1e4)

Kaiming He et al., "Deep Residual Learning for Image Recognition”, CVPR 2016



What Happens to Deeper

Networks?
201
<«
- Thy don't train well! S
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Kaiming He et al., "Deep Residual Learning for Image Recognition”, CVPR 2016



20 layers with identity-blocks 50 layers

20 vs b0 Layers Networks

0] X

v v
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Why don't they train well?

Llnear Llnear

[ — ] [Llnear]
. After a few lavyers

. Inputs look Gaussian (random i i

noise) [ Lmear] [ Lmear]

- =

L4 3 L4 3

- |Initial updates are hard

- [nitial weights: Random Gaussian

« Gradients look Gaussian (random
nolise




Solution: Residual Connections

f(x)
. Parametrize layers as i
 f) = x+ g Linear
. and learn g(x) [ReI_U]

L4 1




Residua
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Kaiming He et al., "Deep Residual Learning for Image Recognition”, CVPR 2016



How Well Do Residual
Connections Work”?

- Can train networks of up to 1000
layers

Linear
£

0,




What if Input and Output Are Not
the Same Size”?

L L
- Add a linear layer to reshape /
[ LinearJ [ Linear
- Minimize number of dimension v v
changes [ReLU] [ReLU [Linear]
- For most layers, choose
1nput_shape = output_shape

« Less relevant for transformers

L4 L4




Why

Do Residual Connection

Work? - Practical Answer

« Gradient Travels Further

« A
9

NOL

e

adi

el

- way to prevent vanishing
S

- Reuse of features / patterns

- Only update patterns

- Can even drop some layers [1]

- Dropping some layers still does well

1] Gao Huang et al., "Deep Networks with Stochastic Depth", ECCV 2016
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[ Linear

v
[ RelLU [ Linear]
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Why Do Residual Connection
Work? - Theoretical Answer

Ly Ly
. Optimization [1,2] /
[ LinearJ [ Linear
. Invertibility v v
| | [ RelLU ] [ RelLU [ Linear]
- Model capacity: very wide
- Simplified "loss landscape” for SGD
LR 1

1] Simon S. Du, et al.,, "Gradient Descent Finds Global Minima of Deep Neural Networks" ICML 2019
2] Moritz Hardt and Tengyu Ma, “Identity matters in deep learning”, ICLR 2017




Residual TL:DR

- Go deeper with residual connections

- Residuals + Normalization fixes vanishing activations and gradients



Residual Connections in
PyTorch



Bullding the deepest network
ever pullt in Py Torch



Residuals and Normalizations -
oummary



Lets train really deep networks

. Vanishing gradients and activations are

NOormdad

- Better than explosions

. Residual connections and

Aleigng

alization deal with vanishing

gradients
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