
1. Does adding a residual block to BNLeNet make sense?

Yes, especially if:

You want to go deeper than your current BNLeNet.

You’re on CIFAR-10-style data ( 3×32×32 ).

You care about gradient flow and stability when you stack more conv layers.

Residual block idea (in plain terms):

So a simple 2-conv residual block looks like:

1. Conv → BN → ReLU

2. Conv → BN

3. Add the original x  (skip connection)

4. ReLU on the sum

Shape constraint: the input and output of the block must have the same shape to add

them. If they don’t, we use a 1×1 conv on the skip path.

2. Minimal residual block you can drop into your notebook

Here’s a clean PyTorch block that should plug nicely into your style (BatchNorm class,

etc.):

Instead of learning F(x)  directly, the network learns a residual R(x)  and outputs x

+ R(x) .

python

import torch
from torch import nn
import torch.nn.functional as F

class ResidualBlock(nn.Module):
    def __init__(self, in_channels, out_channels, stride=1, use_1x1=False)
        super().__init__()
        self.conv1 = nn.Conv2d(in_channels, out_channels,
                               kernel_size=3, stride=stride,
                               padding=1, bias=False)
        self.bn1   = BatchNorm(out_channels, num_dims=4)
        self.conv2 = nn.Conv2d(out_channels, out_channels,
                               kernel_size=3, stride=1,
                               padding=1, bias=False)
        self.bn2   = BatchNorm(out_channels, num_dims=4)

Copy code



Then you can build a “BNLeNet + residuals” model like:

        # Optional projection on the skip path to match shape
        if use_1x1 or (in_channels != out_channels or stride != 1):
            self.proj = nn.Conv2d(in_channels, out_channels,
                                  kernel_size=1, stride=stride,
                                  bias=False)
        else:
            self.proj = None

    def forward(self, x):
        identity = x
        out = self.conv1(x)
        out = self.bn1(out)
        out = F.relu(out)

        out = self.conv2(out)
        out = self.bn2(out)

        if self.proj is not None:
            identity = self.proj(identity)

        out = out + identity
        out = F.relu(out)
        return out

python

class BNResLeNet(d2l.Classifier):
    def __init__(self, lr=0.1, num_classes=10):
        super().__init__()
        self.save_hyperparameters()

        self.net = nn.Sequential(
            # stem: from 3×32×32 → C channels
            nn.Conv2d(3, 16, kernel_size=5, padding=2, bias=False),
            BatchNorm(16, num_dims=4),
            nn.ReLU(),

            # residual block, same channels
            ResidualBlock(16, 16),

            nn.MaxPool2d(2, 2),   # 16×16×16

            # increase channels + residual

Copy code



That’s a tiny ResNet-ish LeNet. You can swap your BNLeNet  with BNResLeNet  and keep

the same training loop you already wrote.

3. Or should you just use a full ResNet?

Pros of using your own BNResLeNet:

Great for learning and debugging ideas.

You control every detail; easy to tweak.

Likely lighter than ResNet-18; faster for experiments.

Pros of using a standard ResNet (e.g., ResNet-18):

Strong, well-known baseline.

Easy to compare your custom model against.

Tons of literature / code / tricks already available.

A common pattern is:

1. Build + understand a small custom residual CNN (what you’re asking now).

2. Also train a standard ResNet-18 on the same dataset as a baseline.

3. See how far your “BNLeNet + residuals” is from ResNet-18.

So: yes, your plan makes sense — keep your BNLeNet variant, add residuals, and later

you can also bring in torchvision’s resnet18  for comparison.

Next step with your notebook

Once your notebook is uploaded, the concrete steps I’d apply inside it are:

Replace your first LazyConv2d  with an explicit Conv2d(3, …)  to avoid the lazy-

shape disaster.

            ResidualBlock(16, 32, stride=2, use_1x1=True),  # 32×8×8
            ResidualBlock(32, 32),

            nn.MaxPool2d(2, 2),   # 32×4×4

            ResidualBlock(32, 64, stride=2, use_1x1=True),  # 64×2×2
            ResidualBlock(64, 64),

            nn.AdaptiveAvgPool2d((1, 1)),
            nn.Flatten(),
            nn.Linear(64, num_classes)
        )



Drop in the ResidualBlock  class.

Replace some of your Conv2d + BN + ReLU  stacks in BNLeNet with 1–2

ResidualBlock s.

Keep your existing training loop (the custom one with for epoch in

range(...) ).

You don’t need to throw away your work or switch to a big ResNet immediately; this is a

nice incremental upgrade.

I dont want to change the existing code, like the

LazyConv2d. It works fine now. 

just want to add your residualBlock in 

Great — you can add the ResidualBlock without touching your existing BNLeNet

code, including keeping LazyConv2d exactly as is.

You just need to obey two rules:

1. A residual block must get (B, C, H, W) and output (B, C, H, W).

2. If the channels change (in/out mismatch) → use a 1×1 projection.

Lazy layers will infer input sizes correctly as soon as the first batch goes through.

✅ Drop-in ResidualBlock (safe with LazyConv)

Here is a ResNet-style block that works perfectly even when the parent model uses

LazyConv2d.

This block does not require LazyConv2d itself, but allows LazyConv2d around it.

python

class ResidualBlock(nn.Module):
    def __init__(self, channels):
        super().__init__()
        self.conv1 = nn.Conv2d(channels, channels, kernel_size=3, padding=
        self.bn1   = BatchNorm(channels, num_dims=4)
        self.conv2 = nn.Conv2d(channels, channels, kernel_size=3, padding=
        self.bn2   = BatchNorm(channels, num_dims=4)

Copy code



✔  No change to your LazyConv2d layers

✔  No need to change model initialization

✔  No need to remove Lazy layers

✔  Block automatically handles any channel size (CH)

You only need to make sure the block is inserted after a layer with fixed channels.

Since LazyConv2d locks in its channels on first use, this is safe.

🔧 How to insert ResidualBlock into your existing BNLeNet

Let’s say your BNLeNet looks roughly like:

You can add a residual block right after any place where the channel count is stable.

Example insertion:

    def forward(self, x):
        out = F.relu(self.bn1(self.conv1(x)))
        out = self.bn2(self.conv2(out))
        out = out + x        # skip connection
        return F.relu(out)

python

self.net = nn.Sequential(
    nn.LazyConv2d(10, kernel_size=5, padding=2, bias=False),
    BatchNorm(10, num_dims=4),
    nn.ReLU(),
    nn.MaxPool2d(2,2),

    nn.LazyConv2d(25, kernel_size=5, bias=False),
    BatchNorm(25, num_dims=4),
    nn.ReLU(),
    nn.MaxPool2d(2,2),

    nn.LazyConv2d(60, kernel_size=5, bias=False),
    BatchNorm(60, num_dims=4),
    nn.ReLU(),
    nn.MaxPool2d(2,2),
    ...
)

Copy code



That’s it. No other changes needed.

LazyConv2d will infer:

10 channels for the first block

25 channels for the second block

60 channels for the third block

and the residual blocks will automatically match.

❗ IMPORTANT: Why this works with LazyConv2d

When the first real batch goes through:

1. LazyConv2d(10)  → becomes Conv2d(in_channels=?, out=10)

python

self.net = nn.Sequential(
    nn.LazyConv2d(10, kernel_size=5, padding=2, bias=False),
    BatchNorm(10, num_dims=4),
    nn.ReLU(),

    ResidualBlock(10),     # <-- add here

    nn.MaxPool2d(2,2),

    nn.LazyConv2d(25, kernel_size=5, bias=False),
    BatchNorm(25, num_dims=4),
    nn.ReLU(),

    ResidualBlock(25),     # <-- add here

    nn.MaxPool2d(2,2),

    nn.LazyConv2d(60, kernel_size=5, bias=False),
    BatchNorm(60, num_dims=4),
    nn.ReLU(),

    ResidualBlock(60),     # <-- add here

    nn.MaxPool2d(2,2),
    ...
)

Copy code



2. Then ResidualBlock(10)  sees inputs with 10 channels → perfect match

3. Next LazyConv2d(25) → becomes Conv2d(in=?, out=25)

4. ResidualBlock(25) gets correct shape

5. …and so on.

ResidualBlock never does lazy inference; it just accepts whatever channel count you

give.

And LazyConv2d initializes before the residual block gets its first forward pass.

🔥 If you want, upload your notebook and I will:

Insert the residual blocks exactly where they should go

Fix nothing else

Keep all your LazyConv2d untouched

Produce a cleaner BNLeNet+ResBlocks architecture tailor-made for your code

Ready when you are.

I have successfully loaded your notebook — confirmed it has 31 cells.

Great.

Now I can help you insert a ResidualBlock into your BNLeNet without modifying your

LazyConv2d layers.

Before I start editing:

✅ I need one clarification from you

Where do you want the residual block(s) inserted?

You have three main convolutional stages in your BNLeNet:

Do you want:

Option A — one residual block after each stage

scss

Conv(?, →10) → BN → ReLU → MaxPool
Conv(10→25) → BN → ReLU → MaxPool
Conv(25→60) → BN → ReLU → MaxPool

Copy code



Option B — only one residual block (specify after which stage?)

Option C — two residual blocks per stage (like a tiny ResNet)

Option D — I decide and insert the most reasonable pattern (recommended)

This would be:

Zero changes to LazyConv2d.

Zero changes to the rest of your notebook.

Training loop stays the same.

➤ Next step

Tell me A, B, C, or D, and I will:

Modify your notebook in place

Insert a clean residual block class

Patch BNLeNet accordingly

Return the updated notebook ready to run

Just tell me which option you want. 

scss

Conv10 → BN → ReLU → Residual(10)
Conv25 → BN → ReLU → Residual(25)
Conv60 → BN → ReLU → Residual(60)

Copy code

rust

Conv -> BN -> ReLU -> ResidualBlock(C)
MaxPool
Conv -> BN -> ReLU -> ResidualBlock(C)
MaxPool
Conv -> BN -> ReLU -> ResidualBlock(C)
MaxPool

Copy code

I like option A, assuming the code for ResidualBlock is

the same (different params)



Analysis paused

I dont want an updated notebook, only the ResidualBlock

and the BNLeNet_ResBlock design

Perfect, we’ll keep all your existing stuff (including LazyConv2d_scratch ) and just

define:

a ResidualBlock  that works with your scratch BatchNorm

a new BNLeNet_ResBlock  that is exactly your BNLeNet + one residual block after

each conv stage (Option A)

You can just paste these into new cells.

1️⃣  ResidualBlock (drop-in, same code, different channels )

python

import torch
from torch import nn
import torch.nn.functional as F

class ResidualBlock(nn.Module):
    def __init__(self, channels):
        super().__init__()
        self.conv1 = nn.Conv2d(
            channels, channels,
            kernel_size=3, padding=1, bias=False
        )
        self.bn1 = BatchNorm(channels, num_dims=4)

        self.conv2 = nn.Conv2d(
            channels, channels,
            kernel_size=3, padding=1, bias=False
        )
        self.bn2 = BatchNorm(channels, num_dims=4)

Copy code



channels  is 16, 32, 64, etc.

Uses your scratch BatchNorm .

Assumes input and output shapes are the same (which they will be where we place

it).

2️⃣  BNLeNet_ResBlock design (Option A: one residual block per stage)

This is your BNLeNet with one ResidualBlock  after each conv+BN+ReLU, before

pooling:

    def forward(self, x):
        identity = x

        out = self.conv1(x)
        out = self.bn1(out)
        out = F.relu(out)

        out = self.conv2(out)
        out = self.bn2(out)

        out = out + identity   # skip connection
        out = F.relu(out)
        return out

python

class BNLeNet_ResBlock(d2l.Classifier):
    def __init__(self, lr=0.1, num_classes=10):
        super().__init__()
        self.save_hyperparameters()
        self.net = nn.Sequential(
            # --- Block 1: 16 channels ---
            LazyConv2d_scratch(16, kernel_size=3, padding=1, bias=False),
            BatchNorm(16, num_dims=4),
            nn.ReLU(),
            ResidualBlock(16),
            nn.MaxPool2d(2, 2),

            # --- Block 2: 32 channels ---
            LazyConv2d_scratch(32, kernel_size=3, padding=1, bias=False),
            BatchNorm(32, num_dims=4),
            nn.ReLU(),
            ResidualBlock(32),

Copy code



Usage is the same as before, just swap the class:

Everything else in your notebook (trainer, custom epoch loop, etc.) can stay as-is.

If you want a second variant later (e.g., two residual blocks per stage, or changing

channels inside the block with a 1×1 projection), we can layer that on top of this.

            nn.MaxPool2d(2, 2),

            # --- Block 3: 64 channels ---
            LazyConv2d_scratch(64, kernel_size=3, padding=1, bias=False),
            BatchNorm(64, num_dims=4),
            nn.ReLU(),
            ResidualBlock(64),
            nn.MaxPool2d(2, 2),

            # --- Classifier head (unchanged) ---
            nn.Flatten(),
            nn.LazyLinear(120, bias=False),
            BatchNorm(120, num_dims=2),
            nn.ReLU(),
            nn.LazyLinear(84,  bias=False),
            BatchNorm(84,  num_dims=2),
            nn.ReLU(),
            nn.LazyLinear(num_classes)
        )

python

model = BNLeNet_ResBlock(lr=0.1, num_classes=10)

Copy code

can you write teh ResidualBlock using my own

LazyConv2d_scratch() ?

Absolutely — here is a clean ResidualBlock fully rewritten to use your own

LazyConv2d_scratch  and your own BatchNorm .

This version matches your BNLeNet style exactly, and it stays fully lazy (no explicit

channel numbers needed).



✅ ResidualBlock using LazyConv2d_scratch  (drop-in
compatible)

✔  Uses your LazyConv2d_scratch

✔  Uses your BatchNorm

✔  Fully lazy about input channels

✔  Works with CIFAR / MNIST / any input size

✔  No need to know channels ahead of time

python

class ResidualBlock(nn.Module):
    def __init__(self, channels):
        super().__init__()

        # First lazy conv
        self.conv1 = LazyConv2d_scratch(
            channels, kernel_size=3, padding=1, bias=False
        )
        self.bn1 = BatchNorm(channels, num_dims=4)

        # Second lazy conv
        self.conv2 = LazyConv2d_scratch(
            channels, kernel_size=3, padding=1, bias=False
        )
        self.bn2 = BatchNorm(channels, num_dims=4)

    def forward(self, x):
        identity = x

        out = self.conv1(x)
        out = self.bn1(out)
        out = F.relu(out)

        out = self.conv2(out)
        out = self.bn2(out)

        out = out + identity      # skip connection
        return F.relu(out)

Copy code



This is the most faithful adaptation of a ResNet block using your exact components.

📌 Important Notes

1. Do not change your BNLeNet or LazyConv2d_scratch

This block plugs in directly, just like before.

2. Why this works perfectly

LazyConv2d_scratch will infer the channels automatically on first forward:

When the first conv is called, it learns in_channels = channels_from_x

Since both convs have the same channels , everything matches

Skip connection works because input/output shapes match

3. ResidualBlock is fully symmetric

You can insert this block after any place where feature maps keep the same shape:

after conv+BN+ReLU, before MaxPool

after conv but before downsampling

even stack multiple residual blocks

If you want the matching BNLeNet_ResBlock again (with
LazyConv2d_scratch everywhere), say so — I can
regenerate it using this updated block.

does it make sense to keep my older

LazyConv2d_scratch() layers in each block, if ResBlock

itself contains convolutions? 

Thought for 19s

Yeah, this is a very good question to ask. Short answer:

Yes, it can make sense to keep your old LazyConv2d_scratch  layers and have

convolutions inside ResidualBlock  — you just end up with a deeper block.



Let’s unpack it.

1. What your current plan actually does

With:

and ResidualBlock(16)  implemented as:

Each stage has:

1 conv (your original LazyConv2d_scratch )

plus 2 convs inside the residual block

So 3 conv layers per stage. That’s totally valid — just a deeper stage than classic

LeNet.

This is roughly like:

That’s a legit, slightly chunky little stage.

Whether you want that or not depends on how big you want the network to be.

python

LazyConv2d_scratch(16, ...) → BN → ReLU → ResidualBlock(16) → MaxPool

Copy code

python

class ResidualBlock(nn.Module):
    def __init__(self, channels):
        super().__init__()
        self.conv1 = LazyConv2d_scratch(channels, kernel_size=3, padding=1
        self.bn1   = BatchNorm(channels, num_dims=4)
        self.conv2 = LazyConv2d_scratch(channels, kernel_size=3, padding=1
        self.bn2   = BatchNorm(channels, num_dims=4)

    def forward(self, x):
        identity = x
        out = F.relu(self.bn1(self.conv1(x)))
        out = self.bn2(self.conv2(out))
        out = F.relu(out + identity)
        return out

Copy code

conv → BN → ReLU → [conv → BN → ReLU → conv → BN + skip] → ReLU → pool



2. Does that conceptually make sense?

Yes, it’s a reasonable architecture:

The first LazyConv2d_scratch  can be viewed as a “pre-activation stem” that

prepares features.

The residual block then adds two extra learned transforms + skip, improving

representational power.

You still have downsampling via MaxPool2d  after the block.

It’s basically “LeNet + 2 extra convs per stage with skip connections”.

The only downsides:

More parameters / FLOPs.

Slightly more risk of overfitting if the dataset is small.

A bit more complex to reason about.

For CIFAR-10, this is still completely fine.

3. More “ResNet-ish” alternatives (only if you want to simplify)

If you want to be closer to a classic ResNet structure, there are two common patterns.

🔹  Pattern A – Stem once, then only residual blocks

You keep one initial conv, then everything else is residual:

python

# stem
LazyConv2d_scratch(16, kernel_size=3, padding=1, bias=False)
BatchNorm(16, num_dims=4)
nn.ReLU()

# residual stack with same channels
ResidualBlock(16)
ResidualBlock(16)
nn.MaxPool2d(2, 2)

# next stage (channels up)
LazyConv2d_scratch(32, kernel_size=3, padding=1, bias=False)
BatchNorm(32, num_dims=4)
nn.ReLU()

ResidualBlock(32)

Copy code



Here you don’t have an extra plain conv right before each block; you just have:

A stem conv at the very beginning

Channel-changing convs only when you increase channels or downsample

🔹  Pattern B – Use the stage conv as the first conv in the residual path

You could redesign the stage so that your existing LazyConv2d_scratch  is part of the

residual:

Conceptually:

That would require a small rewrite of BNLeNet, though, and you said you’d prefer not to

change the old code too much. So I’d only go that way if you explicitly want a cleaner

“block = conv+conv+skip”.

4. What I’d recommend for you right now

Given what you said:

You don’t want to touch the existing LazyConv2d_scratch  layers.

You do want to plug in ResidualBlock  with minimal surgery.

Then:

👉  Yes, keep your old LazyConv2d_scratch  layers AND add

ResidualBlock(channels)  after them.

You’ll get a deeper, more expressive BNLeNet-like model with residual connections.

Your stage layout:

ResidualBlock(32)
nn.MaxPool2d(2, 2)
...

python

# Instead of: Conv → BN → ReLU → ResidualBlock

# You build a block where:
# - the first conv is your original LazyConv2d_scratch
# - the second conv is another LazyConv2d_scratch
# - and you add skip inside that block

Copy code

python Copy code



is perfectly coherent and you can train it as-is.

If you want, next step we can:

Name this model BNLeNet_ResDeep  (or similar),

And later compare its accuracy vs your original BNLeNet and vs a small ResNet.

LazyConv2d_scratch(16) → BN → ReLU → ResidualBlock(16) → MaxPool
LazyConv2d_scratch(32) → BN → ReLU → ResidualBlock(32) → MaxPool
LazyConv2d_scratch(64) → BN → ReLU → ResidualBlock(64) → MaxPool

why resBlock has 2 convolutions, and not 3 or 4 etc?

Great question — and the answer goes deep into why ResNets work and what the

residual block is actually trying to learn.

Let’s go step by step.

✅ Short answer

ResNet uses 2 convolutions per block because:

✔  It is the minimum depth needed to learn a meaningful transform

while

✔  keeping the skip-connection stable and cheap

and

✔  avoiding exploding computation.

This 2-layer block approximates a second-order function, which turns out to be the

sweet spot between model capacity and optimization stability.

🧠 Long answer — What a residual block is trying to do

A residual block is designed to learn a small change:



Where:

 is the incoming representation

 is a learned residual transform

👉  The goal is not to learn a full new representation.

👉  It is to learn an incremental refinement of the features.

This is easier to optimize and stabilizes very deep networks.

🔍 Why two convolutions?

A single Conv–BN–ReLU is too shallow to learn a meaningful residual:

A single 3×3 conv with ReLU tends to learn edge detectors, low-level filters.

If you skip straight from conv → skip , you get very limited expressive power.

But two convs in a row:

≈ nonlinear function with second-order interactions, which is enough to transform

feature maps in useful ways:

shape refinement

texture discrimination

local patterns

early semantics

This is the sweet spot.

🧬 Why NOT 3 or 4 convs? (Often asked)

You could use 3 or 4. In fact:

ResNeXt bottleneck blocks have 3 convs.

Hourglass networks, U-Nets, and some segmentation nets use 4+ convs inside a

block.

DeepLab uses more.

But this comes with costs:

f(x) = x + R(x)

x

R(x)

nginx

Conv → BN → ReLU → Conv → BN

Copy code



❌  More parameters

❌  More FLOPs

❌  Harder to train

❌  Skip connection becomes less “identity-like”

❌  Risk of overfitting

The original ResNet paper found experimentally:

Going to 3 or 4 layers inside a residual block turned out to be:

sometimes slightly better

often not worth the complexity

much more expensive

That’s why in classic ResNet-18 and ResNet-34:

exactly 2 convs.

🤔 But why exactly 2?

Because the skip connection imposes this structure:

Before the skip: nonlinear transform

After skip: another transform

Then combine

Mathematically, 2-layer residual blocks can approximate functions of the form:

This is:

nonlinear

stable

expressive

easy to optimize

2 convolutions per block was the minimum depth that gave huge optimization

benefits, with no drawbacks.

ini

BasicBlock = Conv → BN → ReLU → Conv → BN → skip → ReLU

Copy code

x + σ(W ​σ(W ​x))2 1



If you add more layers, you approximate higher-order functions but the benefits diminish

rapidly.

🧩 In your BNLeNet context

Your current network:

If your ResidualBlock has 2 LazyConv2d_scratch layers inside, that is perfect:

You get stronger feature refinement

Skip connection helps gradients

You avoid unnecessary complexity

You keep computation reasonable

Adding 3 or 4 convs inside the block will work, but it makes your network much heavier

with diminishing returns.

⭐ Recommendation

Stick to 2 convolutions per block unless you:

switch to a bottleneck architecture (3 convs: 1×1, 3×3, 1×1)

want a ResNeXt-like design (grouped convs)

or want a U-Net-like residual encoder (deeper per block)

For your BNLeNet-ResBlock experiment, 2 convs per block is the ideal choice.

If you want, I can show you:

2-conv ResNet block (what you have now)

3-conv Bottleneck block

4-conv UNet-style block

and explain when each is appropriate.

Just say the word.

nginx

Conv  →    ResidualBlock → Pool

Copy code



in ResidualBlock def __init__: 

why do we need separate first and second, since they are

the same exact code? can we just have self.conv() and

self.bn() and aply these in forward phase? is that messing

up the NNet geometry ? 

Excellent question — and this is exactly where every beginner tries to “simplify” the

block and accidentally breaks the network.

Let’s go deep and clear:

🔥 Short answer

No — you cannot reuse the same conv and same BN twice.

You must have two separate convolution layers and two separate BN layers.

Otherwise:

the block becomes a single-layer network pretending to be two

it destroys the residual-learning structure

the block collapses into a much weaker function class

training becomes unstable

accuracy will drop drastically

🧠 Why you need two separate layers

A residual block:

represents a function:

This is a composition of two different linear transforms, plus nonlinear activation.

That’s what gives the block expressive power.

nginx

x → Conv1 → BN1 → ReLU → Conv2 → BN2 → + x → ReLU

Copy code

f(x) = x + W ​(σ(W ​x))2 1



If you reuse the same conv layer:

You get:

This is not a deeper function.

This is a constrained function (massively reduced model capacity).

The residual block loses 80–90% of its power.

Even worse:

❌  Backprop treats both operations as the same parameters

Which forces the network to make a single matrix serve two incompatible purposes:

first conv wants to extract low-level edges / patterns

second conv wants to refine them

These are not the same role.

🔬 Why same BN is also invalid

BatchNorm keeps a running mean/var for the distribution of its inputs.

Conv1 has output distribution A

Conv2 has output distribution B

They are not the same.

Sharing BN forces both stages to adopt the same normalization statistics → completely

distorts training.

This absolutely breaks the block.

🧩 Analogy: Why this is geometrically wrong

You are thinking:

But the geometry of a deep network relies on stacked linear transformations, each

with its own learned weight matrix.

W ​ =2 W ​1

f(x) = x + W (σ(Wx))

"same code, so why not reuse?"



Reusing the same conv layer twice is like:

building a “two-story house” but both floors share the same blueprint

every upward transform becomes identical

the model becomes functionally one layer deep

Even more: because the second conv receives different input, it needs different filters.

🧠 Theoretical view

Using separate conv layers means the block expresses:

Using the same layer means:

This is a restricted subset of the full function class.

In fact, for linear networks it collapses into a trivial function class.

The whole point of stacking layers is to grow expressive power:

Conv1 extracts features

Conv2 recombines/refines them

If both have identical weights → the block becomes a degenerate repeated operation →

no depth advantage.

💡 Conclusion

✔  You must have:

✔  They must be independent modules

Even if they have the same code.

✔  This preserves:

R(x) = W ​(σ(W ​x))2 1

R(x) = W (σ(Wx))

conv1, bn1
conv2, bn2

Copy code



depth

expressive power

stability

correct residual geometry

❌  Sharing conv or BN breaks the block.

🎁 If you want I can show:

➤ A correct residual block with N convolutions

(2, 3, 4, or bottleneck: 1×1 → 3×3 → 1×1)

➤ Or a block with grouped convolutions (ResNeXt)

➤ Or a block with shared weights (Siamese-style) and explain when it

makes sense

(HINT: not inside ResBlocks)

Just tell me!

what is nn.Flatten()?

nn.Flatten()  is a simple PyTorch layer that reshapes a tensor into 2D by flattening all

dimensions except the batch dimension.

🔍 What it does

If you have a tensor shaped:

(typical CNN output)

nn.Flatten()  converts it into:

csharp

[batch_size, C, H, W]

Copy code



So it prepares the data to be fed into a fully-connected (linear) layer, which expects

2D  input:

📦 Concrete example

Before flatten:

After flatten:

📘 Why we need Flatten in CNNs

Convolutional layers output feature maps (4D tensors).

Linear layers (like nn.Linear ) require vector inputs (2D tensors).

Flatten  bridges these two worlds.

So most CNN classifier heads look like:

csharp

[batch_size, C*H*W]

Copy code

csharp

[batch_size, features]

Copy code

python

x.shape
# torch.Size([256, 64, 2, 2])

Copy code

python

flat = nn.Flatten()(x)
flat.shape
# torch.Size([256, 256])  # because 64*2*2 = 256

Copy code

python

nn.Sequential(
    ...,                  # conv, pool, etc.
    nn.Flatten(),         # convert to vector

Copy code



🧠 Flatten vs .view() / reshape()

You could write:

but:

nn.Flatten()  is cleaner

integrates nicely into nn.Sequential

handles autograd/flexibility safely

works even if batch dimension is not 0

⭐ Summary

nn.Flatten()  simply converts CNN output:

into a vector per sample:

so fully connected layers can operate on it.

If you want, I can show you exactly what Flatten does inside your BNLeNet, with real

tensor sizes from your notebook.

    nn.Linear(...),       # first FC layer
    nn.ReLU(),
    ...
)

python

x = x.view(x.size(0), -1)

Copy code

scss

(batch_size, C, H, W)

Copy code

scss

(batch_size, C*H*W)

Copy code



is Flatten() used only for CNN ?

No — nn.Flatten()  is not only for CNNs, it is a general-purpose reshaping layer.

But it is most commonly used in CNNs, because CNNs output 4D tensors.

Let’s break it down.

✅ 1. MAIN USE: CNN feature maps → vector for Linear
layers

Typical CNN pipeline:

Because Conv layers output:

But fully connected layers expect:

Flatten bridges this gap.

💡 2. But Flatten can be used anywhere else too

Anywhere you want to turn a tensor of shape:

into:

mathematica

Conv → BN → ReLU → … → Flatten → Linear → Softmax

Copy code

arduino

[batch, channels, height, width]

Copy code

csharp

[batch, features]

Copy code

csharp

[batch, D1, D2, ..., Dn]

Copy code



Examples:

✔  MLP on images stored as 28×28

Instead of writing .view(batch, -1) , you can do:

✔  Flatten sequence models

If you have shape:

You can flatten time dimension into features:

This gives shape:

✔  Flattening point clouds, graphs, embeddings

Literally any tensor where you need to collapse dims.

🔧 3. Flatten is configurable

By default:

csharp

[batch, D1*D2*...*Dn]

Copy code

python

nn.Flatten()
nn.Linear(784, 128)

Copy code

csharp

[batch, time, features]

Copy code

python

nn.Flatten(start_dim=1)

Copy code

csharp

[batch, time*features]

Copy code

python

nn.Flatten()

Copy code



is equivalent to:

Meaning:

leave batch dimension untouched

collapse everything else

But you can adjust it:

Example: Flatten the last 2 dims only

🚀 4. When Flatten is not needed

In transformers

You normally keep 3D shape:

No flattening.

In RNN/LSTM

Same: 3D tensors, no flattening needed unless going to linear.

In 1D CNNs (e.g., audio, sequences)

Flatten is used, but input is 3D:

Flatten collapses length.

python

nn.Flatten(start_dim=1, end_dim=-1)

Copy code

python

nn.Flatten(start_dim=2)

Copy code

csharp

[batch, seq_len, hidden_dim]

Copy code

csharp

[batch, channels, length]

Copy code



⭐ Summary

Use case Flatten needed?

CNN classification ✅  very common

MLP after any tensor ✅  yes

Transformer blocks ❌  never

RNN/LSTM ❌  usually no

Flattening any multi-dim tensor before Linear ✔  yes

If you want, I can walk through your BNLeNet and show exactly where Flatten fits in the

data shape flow.

explain batch normalization. Main ideas first in bullets,

with main use cases. Then details including math

Here is a clean, structured explanation of Batch Normalization—first the intuition and

use-cases, then the technical details and full math.

🚀 Batch Normalization — Main Ideas (High-Level)

✔️  Idea 1: Normalize each layer’s activations

Every layer’s output is normalized to have:

zero mean

unit variance

(but with learnable scale & shift afterward)

This stabilizes the network’s internal representations.



✔️  Idea 2: Reduce “internal covariate shift”

When earlier layers change during training, the distribution of inputs to later layers also

changes.

BN normalizes these distributions so downstream layers see more stable activations.

This makes training faster & more stable.

✔️  Idea 3: Enable higher learning rates

BN makes gradients more predictable, allowing significantly larger learning rates without

divergence.

✔️  Idea 4: Acts as regularization

By averaging statistics over a mini-batch:

creates small noise in activations

similar to dropout’s effect

reduces overfitting

✔️  Idea 5: Helps deep networks train efficiently

BN was a key ingredient enabling very deep CNNs (like ResNet).

🎯 Main Use Cases

⭐  CNNs

BN is used after convolution and before ReLU:

CNN-specific BN normalizes over:

batch dimension (N)

spatial dimensions (H × W)

One mean/var per channel.

nginx

Conv → BatchNorm → ReLU

Copy code



⭐  MLPs / Fully Connected Networks

BN is used after linear layers:

Normalizes over batch dimension only.

⭐  Stabilizing GAN generators & discriminators

BN helps keep GAN training stable, especially generator layers.

⭐  Residual Networks (ResNet)

BN is mandatory inside the basic block:

🔬 Batch Normalization — Detailed Explanation

We now go from high level → math.

1️⃣ What exactly is normalized?

Given activations  of shape:

MLP: 

CNN: 

BN computes:

mean over the batch (and spatial dims for CNN)

variance over the batch (and spatial dims)

One mean/var per feature dimension:

D for MLPs

C channels for CNNs

nginx

Linear → BatchNorm → ReLU

Copy code

sql

Conv → BN → ReLU → Conv → BN → Add → ReLU

Copy code

x

x ∈ R(N ,D)

x ∈ R(N ,C,H,W )



2️⃣ Training-time BN steps

For each channel/feature :

Step 1: Compute batch statistics

 = number of samples participating in this estimate:

MLP: 

CNN: 

Step 2: Normalize

 prevents division by zero.

Step 3: Scale and shift (learnable)

The layer has trainable parameters:

 (scale)

 (shift)

These allow BN to undo normalization if it’s useful.

3️⃣ Inference-time behavior

At test time, you aren’t allowed to compute batch statistics (batch is small, noisy).

So BN uses running averages computed during training:

These are updated during training via momentum:

k

μ =k ​ ​x ​

m

1

i=1

∑
m

k

(i)

σ =k
2

​ ​(x ​ −
m

1
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∑
m

k
(i)

μ ​)k 2

m
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2
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ϵ
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Same for variance.

4️⃣ Why BN helps optimization (deeper reasoning)

✔  Keeps activations in a reasonable range

Prevents exploding or vanishing activations.

✔  Improves gradient flow

More stable gradients → easier training of deeper nets.

✔  Allows larger learning rates

Because normalization smooths the loss surface.

✔  Adds noise → regularization

Each minibatch gets slightly different mean/variance.

✔  Reduces sensitivity to initialization

No need for very careful weight scaling.

5️⃣ Where to place BN?

Standard placement (post-2016 consensus):

For ResNets:

μ ​ ←running (1 − α)μ ​ +running αμ ​batch

nginx

Conv / Linear
↓
BatchNorm
↓
ReLU (or other activation)

Copy code

csharp

Conv → BN → ReLU
Conv → BN → add → ReLU

Copy code



6️⃣ Key Shapes for MLP vs CNN

MLP:

Normalize each feature independently:

Mean over shape (batch, features) :

CNN:

Normalize per channel:

Mean over shape (batch, H, W)  for each channel C :

This keeps spatial structure.

7️⃣ Parameter count

BN adds 2 learnable parameters per feature/channel:

gamma

beta

So if a layer has C  channels → BN adds 2C  params.

🎉 Summary (conceptual + math)

✔  BatchNorm normalizes activations to 0 mean / 1 variance

✔  Then re-adds learned scale/shift (γ, β)

✔  Greatly stabilizes and speeds up training

✔  Acts as implicit regularization

✔  Essential for large CNNs and ResNets

✔  Works differently for MLP vs CNN based on reduction axes

μ ​ =k mean over axis=0

μ ​ =c ​ x ​

N ⋅ H ⋅ W
1 ∑ n,c,h,w



✔  Uses running averages during inference

✔  Core equations:

If you want, I can draw the BN forward diagram or walk through BatchNorm using your

scratch BatchNorm code and explain exactly how it works line-by-line.

μ = mean(x) σ =2 var(x)

=x̂ ​

​σ + ϵ2

x − μ

y = γ +x̂ β

sure , diagram

Here is a clean, visual, intuitive diagram of Batch Normalization — both the training-

time forward pass and the inference-time forward pass.

I’ll draw it in a block-diagram style that matches how you think about neural nets.

🧩 Batch Normalization — Forward Pass Diagram (Training
Mode)

mathematica

                  ┌───────────────────────────┐
                  │        INPUT x             │
                  │   shape: (N, C, H, W)      │
                  └──────────────┬────────────┘
                                 │
                                 ▼
                     ┌───────────────────────┐
                     │  Compute Batch Mean   │
                     │    μ_c  = mean(x)     │
                     │  Over (N·H·W) per c   │
                     └───────────┬───────────┘

Copy code



🎯 Where Running Mean/Var Are Updated

During training, BN also updates exponential moving averages:

These are stored for use during inference.

🧩 Batch Normalization — Forward Pass Diagram
(Inference Mode)

                                 │
                                 ▼
                     ┌───────────────────────┐
                     │ Compute Batch Var     │
                     │ σ²_c = var(x)         │
                     │ Over (N·H·W) per c    │
                     └───────────┬───────────┘
                                 │
                                 ▼
                     ┌───────────────────────┐
                     │     Normalize          │
                     │  x = (x - μ_c) /      │
                     │      sqrt(σ²_c + ε)    │
                     └───────────┬───────────┘
                                 │
                                 ▼
                     ┌───────────────────────┐
                     │  Scale + Shift        │
                     │ y = γ_c * x + β_c     │
                     │ (γ, β learned params) │
                     └───────────┬───────────┘
                                 │
                                 ▼
                  ┌───────────────────────────┐
                  │         OUTPUT y           │
                  └───────────────────────────┘

r

running_mean_c ← decay * running_mean_c + (1 − decay) * μ_c
running_var_c  ← decay * running_var_c  + (1 − decay) * σ²_c

Copy code



In eval() mode, BN does not use batch statistics.

Instead, it uses the saved running averages:

🔬 Full BN Block (Training) — Combined Diagram

Here is everything compressed:

r

                  ┌───────────────────────────┐
                  │        INPUT x             │
                  └──────────────┬────────────┘
                                 │
                                 ▼
                     ┌───────────────────────┐
                     │   Use running mean     │
                     │  μ̂_c (stored)          │
                     └───────────┬───────────┘
                                 │
                                 ▼
                     ┌───────────────────────┐
                     │ Use running variance   │
                     │  σ̂²_c (stored)         │
                     └───────────┬───────────┘
                                 │
                                 ▼
                     ┌───────────────────────┐
                     │    Normalize           │
                     │ x̂ = (x − μ̂_c) /       │
                     │      sqrt(σ̂²_c + ε)    │
                     └───────────┬───────────┘
                                 │
                                 ▼
                     ┌───────────────────────┐
                     │ Scale + Shift          │
                     │ y = γ_c * x̂ + β_c      │
                     └───────────┬───────────┘
                                 │
                                 ▼
                  ┌───────────────────────────┐
                  │         OUTPUT y           │
                  └───────────────────────────┘

Copy code



This explains how BN fits inside residual layers too.

🧠 If you want deeper diagrams

I can draw:

A per-channel BN computation diagram

A CNN BN visualization: how (N, C, H, W) axes reduce

A matrix-form BN visualization for MLPs

A training vs inference with arrows showing running stats

Just tell me which style you want.

sql

       x  ───────────────────────────────────────────────▶(+ )───▶ y
           \                                            ▲
            \                                           │
             ▼                                          │
     ┌───────────────────┐      ┌────────────────────┐  │
     │Batch Mean μ_c      │     │ Scale (γ) + Shift (β)│ │
     │Batch Var  σ²_c     │────▶│ y = γ * x̂ + β        │ │
     └─────────┬─────────┘      └───────────┬──────────┘ │
               │                            │            │
               ▼                            │            │
     ┌───────────────────┐                  │            │
     │ Normalize: x̂      │                  │            │
     │ x̂ = (x−μ)/√(σ²+ε) │──────────────────┘            │
     └───────────────────┘                               │
                                                         │
                        skip connection (identity)───────┘  (Only if in Re

Copy code

is BN only used for CNN ? 

how about RNN or LSTM transformers, do they use any

similar mechanisms?

Great question — BatchNorm is NOT only for CNNs, but it behaves differently

depending on the architecture.



More importantly: RNNs / LSTMs / Transformers typically do NOT use BatchNorm (for

solid technical reasons), but they use other normalization techniques that serve a

similar purpose.

Let’s break this down clearly.

✅ 1. BN is NOT only for CNNs

BatchNorm works for:

✔  CNNs

(normalizes across batch + spatial dims)

✔  MLPs / fully connected networks

(normalizes across batch only)

✔  Some GAN architectures

But NOT well for RNNs, LSTMs, or Transformers.

❌ 2. BN is NOT good for RNNs / LSTMs

Why?

Reason 1 — BatchNorm mixes information across time steps

BN normalizes over the batch dimension.

RNNs have activations shaped:

If you BN the hidden state at each time step:

The batch statistics vary wildly per time step

Sequence length differences cause issues

It breaks recurrence assumptions because BN makes the transformation time-

dependent

Reason 2 — Batch statistics change per time step

css

(batch, time, hidden)

Copy code



Time-step 1 and time-step 100 would have different batch statistics, causing instability.

❗ So what DO RNNs use instead?

⭐  LayerNorm (Layer Normalization)

This is the RNN-friendly alternative.

Instead of normalizing across the batch, it normalizes across the feature dimension for

each sample independently:

This keeps:

independence across time

independence across batch

Which is perfect for sequence models.

✔  LSTMs benefit strongly from LayerNorm

(LN-LSTM is a major improvement over vanilla LSTM)

⚡ 3. Transformers DO NOT use BatchNorm — they use
LayerNorm everywhere

Transformer blocks look like:

scss

x ∈ R^(batch, time, hidden)

LayerNorm normalizes across hidden dimension only:
mean = mean(x[i, t, :])
var  = var(x[i, t, :])

Copy code

ini

x = x + MultiHeadAttention(...)
x = LayerNorm(x)

x = x + FeedForward(...)
x = LayerNorm(x)

Copy code



Why LayerNorm instead of BatchNorm?

Transformers operate on sequences of tokens (NLP or Vision).

Batch statistics are unstable when sequences vary.

Multi-head attention must behave identically for tokens — BN introduces batch

coupling.

Training with large batches (common in transformers) makes BatchNorm less

beneficial anyway.

LayerNorm normalizes each token’s embedding independently, no cross-token mixing.

⚠️ 4. Other types of normalization used in practice

✔  InstanceNorm

Normalizes each feature map per sample (used in style transfer & GANs).

✔  GroupNorm

Normalizes groups of channels; good for small batch sizes.

✔  RMSNorm

Simpler alternative to LayerNorm, used in some modern LLMs.

✔  WeightNorm

Normalizes the weight vectors of layers, not activations.

🧠 Comparison Table

Architecture
Preferred
Normalization Why

CNNs BatchNorm Works well with spatial batches;

accelerates deep conv nets

MLPs BN or LN Both work; LN avoids batch-size

sensitivity

RNN / LSTM / GRU LayerNorm Stable across time steps; no batch

coupling

Transformers LayerNorm (sometimes

RMSNorm)

Stable, token-wise, batch-

independent



Architecture
Preferred
Normalization Why

GANs BN in some parts,

InstanceNorm in others

Depends on generator vs

discriminator

Vision Transformers

(ViT)

LayerNorm or RMSNorm Same reasons as transformers

📝 Summary

✔  BatchNorm = CNNs, MLPs

❌  BatchNorm = NOT good for RNNs, NOT used in Transformers

✔  Transformers = LayerNorm

✔  RNNs/LSTM = LayerNorm

✔  Other norms exist (GroupNorm, InstanceNorm, RMSNorm)

If you want, I can also:

Draw a diagram comparing BatchNorm vs LayerNorm

Explain mathematically how LayerNorm differs

Show how to rewrite your BNLeNet to use LayerNorm instead

Explain RMSNorm (used in LLaMA, GPT-J, etc.)

Just say the word.

explain again the difference between batch norm and

layer norm 

Here is a clean, crisp, visual explanation of the difference between BatchNorm vs

LayerNorm, covering:

intuition

axes reduced



shapes

pros/cons

math

🔥 Main Idea (1-sentence summary)

BatchNorm normalizes across the batch, LayerNorm normalizes across

features.

That single difference changes everything.

🧠 Intuition

🟦  Batch Normalization

Normalize each feature/channel using statistics from the whole batch.

compares samples to each other

learns stable distributions across the dataset

excellent for CNNs where batch elements are similar

👉  “Am I producing outputs with stable mean/variance across many images?”

🟩  Layer Normalization

Normalize each sample independently, across its feature dimension.

no dependence on other samples in the batch

stable even with batch size = 1

perfect for sequence models (RNNs, Transformers)

👉  “Does this token/hidden state have stable internal dynamics?”

📦 Shapes & Axes Reduced (the most important part)

Let’s say we have a tensor x :

For CNNs:

arduino Copy code



For RNN/LSTM/Transformer:

🔵 BatchNorm reduction axes

BN computes mean/var across the batch dimension (and spatial dims for

CNNs).

CNN case:

For each channel C :

BN produces C means and variances.

🟢 LayerNorm reduction axes

LN computes mean/var for each sample, across the feature dimension.

RNN/Transformer case:

For each sample & time step:

x: [batch, channels, height, width]

lua

x: [batch, time, features]

Copy code

sql

mean over: N, H, W
var over:  N, H, W

Copy code

scss

       [B, C, H, W]
        ↓  ↓  ↓  ↓
reduce over (B,H,W)
keep C separate

Copy code

sql Copy code



LN produces B × T means and variances.

Each token is normalized independently.

🧮 The math: BN vs LN

🔵  BatchNorm

For feature/channel :

Normalize each activation:

Then scale + shift:

One γ, β per channel/feature.

🟢  LayerNorm

For each sample (and time step), reduce over features F :

mean over: features
var  over: features

r

      [B, T, F]
           ↓
      reduce over F

Copy code
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Normalize:

Scale/shift:

One γ, β per feature dimension.

🚀 Practical Differences

Property BatchNorm LayerNorm

Normalizes across batch features

Relies on batch statistics? ✔  yes ❌  no

Works with batch size = 1 ❌  bad ✔  perfect

Good for CNNs ✔  excellent ✔  works but uncommon

Good for

RNN/LSTM/Transformer

❌  no ✔  best

Requires running mean/var ✔  yes ❌  no

Training vs inference differ ✔  yes ❌  identical

Stable for sequences ❌  no ✔  yes

Sensitive to batch composition ✔  yes ❌  no

🧩 Diagram: BN vs LN

🔵  BatchNorm reduces across batch:

σ =2
​ ​(x ​ −

F

1

j=1

∑
F

j μ)2

​ =x̂j ​

​σ + ϵ2

x ​ − μj

y ​ =j γ ​ ​ +j x̂j β ​j

java Copy code



🟢  LayerNorm reduces across features:

🧠 Why Transformers use LayerNorm

Inputs are sequences of tokens, not images

Sequence length differs across samples

Batch statistics become meaningless

Batch size may be small (distributed training)

LN normalizes each token embedding independently → stable

🧠 Why CNNs prefer BatchNorm

Channels are consistent across the batch

Images across the batch are similar enough

BN exploits parallelism and accelerates deep conv stacks

Running averages provide good “global” statistics

⭐ Summary (one sentence)

They solve the same problem — stable, consistent activations — but for different

architectures.

Input:  x[B, C, H, W]

For each channel c:
    μ_c  = mean over (B,H,W)
    σ_c² = var  over (B,H,W)

pgsql

Input:  x[B, T, F]

For each sample+time:
    μ = mean over F
    σ² = var  over F

Copy code

BatchNorm normalizes each feature across the batch; LayerNorm normalizes

each sample across features.



If you want, I can also explain GroupNorm, InstanceNorm, and RMSNorm, and when

each beats BN/LN.

toy example to illustrate this?

Here is the clearest, smallest possible toy example to illustrate the difference between

BatchNorm and LayerNorm.

I picked tiny numbers so you can see exactly what gets normalized how.

🎯 Toy input tensor

Let’s take 2 samples (batch size = 2)

Each sample has 3 features:

So shape:

🟦 (A) BatchNorm — normalize across BATCH

BatchNorm computes mean/variance per feature column:

csharp

x =
[
  [1.0,  2.0,  3.0],     # sample 0
  [10.0, 20.0, 30.0]     # sample 1
]

Copy code

csharp

[B=2, F=3]

Copy code

less

feature 0: [1, 10]
feature 1: [2, 20]

Copy code



Step 1 — Means per feature:

Step 2 — Variances per feature:

Step 3 — Normalize:

Let’s compute:

Sample 0:

Sample 1:

feature 2: [3, 30]

μ0 = (1 + 10)/2  = 5.5
μ1 = (2 + 20)/2  = 11
μ2 = (3 + 30)/2  = 16.5

Copy code

cpp

σ0 = sqrt( ((1-5.5)^2 + (10-5.5)^2)/2 ) = 4.5
σ1 = sqrt( ((2-11)^2 + (20-11)^2)/2 ) = 9
σ2 = sqrt( ((3-16.5)^2 + (30-16.5)^2)/2 ) = 13.5

Copy code

swift

x̂ =
[
  [ (1-5.5)/4.5,   (2-11)/9,    (3-16.5)/13.5 ],
  [ (10-5.5)/4.5,  (20-11)/9,   (30-16.5)/13.5 ]
]

Copy code

ini

[(1-5.5)/4.5 ≈ -1.0,
 (2-11)/9   ≈ -1.0,
 (3-16.5)/13.5 ≈ -1.0]

Copy code

ini

[(10-5.5)/4.5 ≈ +1.0,
 (20-11)/9   ≈ +1.0,

Copy code



Final BatchNorm output:

👉  BatchNorm makes each column have zero mean, unit variance.

👉  Samples become comparable across the batch.

🟩 (B) LayerNorm — normalize each SAMPLE
independently

LayerNorm computes mean/variance across features per sample.

For sample 0: [1, 2, 3]

Normalize:

For sample 1: [10, 20, 30]

 (30-16.5)/13.5 ≈ +1.0]

BN(x) =
[
  [-1, -1, -1],
  [+1, +1, +1]
]

Copy code

cpp

μ = (1+2+3)/3 = 2
σ = sqrt( ((1-2)^2 + (2-2)^2 + (3-2)^2)/3 ) = 1

Copy code

ini

[(1-2)/1 = -1,
 (2-2)/1 = 0,
 (3-2)/1 = +1]

Copy code

cpp

μ = (10+20+30)/3 = 20
σ = sqrt(((10-20)^2 + (20-20)^2 + (30-20)^2)/3) = 10

Copy code



Normalize:

Final LayerNorm output:

👉  LayerNorm makes each row have zero mean and unit variance.

👉  It preserves the internal structure of each sample.

🚀 Visual comparison

Input

ini

[(10-20)/10 = -1,
 (20-20)/10 = 0,
 (30-20)/10 = +1]

Copy code

sql

LN(x) =
[
  [-1, 0, +1],
  [-1, 0, +1]
]

Copy code

less

Sample 0:  [1, 2, 3]
Sample 1:  [10, 20, 30]

Copy code


