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image recognition, jax
mnist, cifar: 2d cnn
imagenet: resnet 50
transformers --> vit

scaling using jax, future



cats vs. dogs --> binary classification
mnist, cifar, imagenet

retraining, foundational models

object detection/semantic segmentation

other fields (stable diffusion, audio,
RL, ...)




TPU Host

PyTorch

libtpu

numpy api --> xla | ocme |
converter o

TPU Driver

ecosystem -
deepmind/google

session demo




def silu(x: Array) —> Array:

pmap + vmap r''""SilLU activation function.

Computes the element-wise function:

p'j'v .. math::

\mathrm{silu}(x) = x \cdot \mathrm{sigmoid}(x) = \frac{x}{1 + e~{-x}}

Args:

custom gradients « : input array

return x x sigmoid(x)

I'Oger grosse swish = silu




class CNN(nn.Module):
"HUA simple CNN model.™™"

mlp @nn.compact
def call (self, x):

X = nn.Conv(features=32, kernel size=(3, 3))(x)

= nn.relu(x)

= nn.Conv(features=32, kernel size=(3, 3))(x)

= nn.relu(x)

nn.max_pool(x, window_shape=(2, 2), strides=(2, 2))

cnn

X X X X

jax model

X.reshape((x.shapel[0], -1)) # flatten
nn.Dense(features=512) (x)

= nn.relu(x)

= nn.Dense(features=512) (x)

= nn.relu(x)

= nn.Dense(features=10) (x)

return X

[3x3] * 2 + mnist

X X X X X X



mnist demo (fp32)

def train_epoch(state, train_ds, batch_size, rng):
"""Train for a single epoch."""
train_ds_size = len(train_ds['image'])
steps_per_epoch = train_ds_size // batch_size

perms = jax.random.permutation(rng, len(train_ds['image']))
perms = perms|[:steps_per_epoch x batch_size] # skip incomplete batch
perms = perms.reshape((steps_per_epoch, batch_size))

 Jax hello world  cpocn_toss - 1

epoch_accuracy = []

for perm in perms:
° Yuh demO batch_images = train_ds['image'] [perm, ...]

batch_labels = train_ds['label'][perm, ...]
grads, loss, accuracy = apply_model(state, batch_images, batch_labels)
state = update_model(state, grads)
epoch_loss.append(loss)
epoch_accuracy.append(accuracy)

train_loss = np.mean(epoch_loss)

train_accuracy = np.mean(epoch_accuracy)

return state, train_loss, train_accuracy
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weight layer

e scenic + X
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resnet50

Figure 2. Residual learning: a building block.




gradient

- data (resnet) descent

regularization params —»

- model
(transformers)

optimization params ——>
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» pipeline
(deepspeed)




fp16 ( --> bf16 today)
cosine annealing
progressive resizing
tpu results

resnet34, resnet18 --> page: resnet9
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cifar demo (bf16)

class CNN(nn.Module):
"""A simple CNN model."""

@nn.compact
def __call_(self, x):

x = nn.Conv(features=32, kernel size=(3, 3))(x)
X = nn.relu(x)
X = nn.Conv(features=32, kernel size=(3, 3))(x)
X = nn.relu(x)
o jaX hello World X = nn.max_pool(x, window_shape=(2, 2), strides=(2, 2))
x = nn.Conv(features=32, kernel size=(3, 3))(x)
X = nn.relu(x)
X = nn.Conv(features=32, kernel size=(3, 3))(x)
° Fun demO X = nn.relu(x)
X = nn.max_pool(x, window_shape=(2, 2), strides=(2, 2))
X = X.reshape((x.shapel[0], -1)) # flatten
X = nn.Dense(features=512) (x)
X = nn.relu(x)
X = nn.Dense(features=512) (x)
X = nn.relu(x)
X = nn.Dense(features=10) (x)

return Xx



Transformers asymptotically outperform LSTMs
due to improved use of long contexts

Test Loss 5.4

4.8

4.2

3.6

Transformers

10° 106 107
Parameters (non-embedding)
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Evoformer block (48 Evoformer blocks is one recycling iteration)



Vision Transformer (ViT) Transformer Encoder

: Norm
Transtformer Encoder _
Patch + Position Y. Multi-Head
Embedding Attention
* Extra learnable

[class) embedding Linear Projection of Flattened Patches

SEm T
o 0 I

o Embedded
Patches

Figure 1: Model overview. We split an image into fixed-size patches, linearly embed each of them,
add position embeddings, and feed the resulting sequence of vectors to a standard Transformer
encoder. In order to perform classification, we use the standard approach of adding an extra learnable

“classification token” to the sequence. The illustration of the Transformer encoder was inspired by
Vaswani et al. (2017).
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built simple cnn using flax
trained resnet50 network
trained vit network

used jax + tpu to scale compute



Language Modeling
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Two Distinct Eras of Compute Usage in Training AI Systems

Petaflop/s-days
le+4
AlphaGoZero

Neural Machine
Translation

TI7 Dota 1v1

ResNets
AlexNet

3.4-month doubling

Deep Belief Nets and
layer-wise pretraining
DQN

TD-Gammon v2.1
BiLSTM for Speech

LeNet-5

NETtalk RNN for Speech
ALVINN

2-year doubling (Moore's Law)

1e-14 Perceptron & First Era  Modern Era 2




thank you to trc program for the tpu time

can verify experiments that would take
weeks in a few hours, serial vs parallel

jax general availability, ecosystem

thank jax team for feedback



imagerecognitionwithjax.com

eleuther.ai
gwern: bitter lesson

fast.ai

pytorch 2


http://imagerecognitionwithjax.com

