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# get the latest version of fastac

; from fastai.vision.all import x ___ 'P(OVI'ClCS all the classes and qunc'ﬁ'OVlS :for (pm'Fu-fer Viston (cv) models

3 ,path = untar_data(URLs.PETS)/'images' — dOWhload and f)dfﬂc‘t—(lf i‘tdoesn'{’ exist IOCGHj) a-Fas-f'ai dotaget )'rC"'U-(V!S X -P*Hl om?d
4 { pathlib Ll'branj}

5 def is;Za;‘:x): return x[0].isupper() — Junchon +rat dedines how o extract +he label from tue ,//'[enamf,
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7‘}":‘dls = ImageDatalLoaders.from_name_func( —» DEFINE THE DL DATASET

8! s path,

9 get_image_files(path),

10} valid_pct=0.2, default_walue s allocate 20/. of mput data e yalidahon set (used +o measure accucacy ofthe modet)
11 - seed=42, > sets the random seed so that e get tie same ualidation set on eact run (retein)

12 “# label_func=is_cat, > how 1o define labels (CV problems : label is pact of @ filename or path /oﬁcn paent foldec pame
13 item_tfms=Resize(224)) ———————s each jftm (5 resized fo 224x224 pivels.

;,?5"1“7, Standacd size bafch _ +fms :applied to a batch of items at ahime using +he GPU.
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s Create a convoluhonal neural petwork

1 learn = vision_learner(

2 dls, —  » DL dataset created atove _ n; P = ential

3 resnet3a, "ETRNED HOOEL | enn orchidectue ; 34 denotes +he numbec of layers } mote layes= waining fime t = m’*’"ﬁ""ﬁ

4 Betrict w arror-ratel (other gptions : 18,50, (o1,152) \Af—d—t/a
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