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M def quad(a, b, c, x): return a*x**2 + b*x + c

" quad(3,2,1, 1.5)
10.75

M from functools import partial
def mk_quad(a,b,c): return partial(quad, a,b,c)

M- mk_quad(3;2,1)
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0 M from ipywidgets import interact
@interact(a=1.5, b=1.5, c=1.5) ‘ i

def plot_quad(a, b, c):
plt.scatter(x,y)
plot_function(mk_quad(a,b,c), ylim=(-3,12))

12

/1:30:24 - Loss functions >

nEE,2—1=E1EIR A ED (architecture) SR 6



FREZ IR, IR AR — T ETEEparametersAYE AR, iEE
parameters, BIRAE XA 2 (architecture) IR .

HEEFREAEparameters|iifs, zliF AR TSRS (BN 2a-
>b->c, BlRA—R) BR—1, AU REE T
¥ loss

what: FiFE{GarchitecturefERREparametersit& H R4 R ERAIIELR
FiE

why: & 7 loss, MiBE AR parameters[FRIRLATEIRML T iETlossiEIRE
ST ¥ErE parametersiEEER R a0A

™ <

def mae(preds, acts): return (torch.abs(preds-acts)).mean()

lossBRZMAZE, M LENEmaeS E, @i it BEpreds(architecture 5
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@interact(a=1.1, b=1.1, c=1.1)
def plot_quad(a, b, c):
f = mk_quad(a,b,c)
plt.scatter(x,y)
loss = mae(f(x), y)
plot_function(f, ylim=(-3,12), title=f"MAE: {loss:.2f}")

a 1.10
b 1.10
c 1.10
MAE: 2.42
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v gradient descent
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abc.grad

tensor([-1.3529, -0.0316, -08.5000])

for i in range(10):
loss = quad_mae(abc)
loss.backward()
with torch.no_grad(): abc -= abc.grad*6.01
print(f'step={i}; loss={loss:.2f}")
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v ReLU/Rectifier Linear Unit(ZZ 14 Z 5 EEK)

def rectified_linear(m,b,x):
y = m*x+b
return torch.clip(y, 0.)
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import torch.nn.functional as F
def rectified_linear2(m,b,x): return F.relu(m*x+b)
plot_function(partial(rectified_linear2, 1,1))
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def double_relu(m1,b1,m2,b2,x):

return rectified_linear(m1,b1,x) + rectified_linear(m2,b2,x)

@interact(ml1=-1.5, b1=-1.5, m2=1.5, b2=1.5)
def plot_double_relu(m1, b1, m2, b2):
plot_function(partial(double_relu, m1,b1,m2,b2), ylim=(-1,6))

m1 -1.50
b1 -1.50
m2 1.50
b2 1.50
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for i in range(10):
loss = quad_mae(abc)
loss.backward()
with torch.no_grad(): abc -= abc.grad*6.01
print(f'step={i}; loss={loss:.2f}")
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| Term | Meaning

|Label | The data that we're trying to predict, such as "dog" or "cat"

|Architecture | The _template_ of the model that we're trying to fit; the actual mathematical function that we're passing the input d
|Model | The combination of the architecture with a particular set of parameters

|Parameters | The values in the model that change what task it can do, and are updated through model training

|Fit | Update the parameters of the model such that the predictions of the model using the input data match the target labels

|Train | A synonym for _fit

|Pretrained model | A model that has already been trained, generally using a large dataset, and will be fine-tuned

|Fine-tune | Update a pretrained model for a different task

|Epoch | One complete pass through the input data

|Loss | A measure of how good the model is, chosen to drive training via SGD

|Metric | A measurement of how good the model is, using the validation set, chosen for human consumption

|validation set | A set of data held out from training, used only for measuring how good the model is

|Training set | The data used for fitting the model; does not include any data from the validation set

|overfitting | Training a model in such a way that it _remembers_ specific features of the input data, rather than generalizing well

|CNN | Convolutional neural network; a type of neural network that works particularly well for computer vision tasks
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fastai will always show you your model's accuracy using only the validation set, never the training set. This is absolutely critical, because if you
train a large enough model for a long enough time, it will eventually memorize the label of every item in your dataset! The result will not actually
be a useful model, because what we care about is how well our model works on previously unseen images. That is always our goal when
creating a model: for it to be useful on data that the model only sees in the future, after it has been trained.

Even when your model has not fully memorized all your data, earlier on in training it may have memorized certain parts of it. As a result, the
longer you train for, the better your accuracy will get on the training set; the validation set accuracy will also improve for a while, but eventually it
will start getting worse as the model starts to memorize the training set, rather than finding generalizable underlying patterns in the data. When
this happens, we say that the model is overfitting.

<> shows what happens when you overfit, using a simplified example where we have just one parameter, and some randomly generated data
based on the function x**2 . As you can seeg, although the predictions in the overfit model are accurate for data near the observed data points,
they are way off when outside of that range.

Proper fit Overfit
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° bears = bears.new(item tfms=RandomResizedCrop(128, min_scale=0.3))
dls = bears.dataloaders(path)
dls.train.show_batch(max_n=4, nrows=1, unique=True)
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» The functional form of the model is called its architecture (but be careful—sometimes people use model as a synonym of architecture, so
this can get confusing).

« The weights are called parameters.

« The predictions are calculated from the independent variable, which is the data not including the /abels.

« The results of the model are called predictions.

« The measure of performance is called the loss.

» The loss depends not only on the predictions, but also the correct labels (also known as targets or the dependent variable); e.g., "dog" or
"cat."
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