


cse446-staff@cs.washington.edu

https://courses.cs.washington.edu/courses/cse446/25au/

mailto:cse446-staff@cs.washington.edu
mailto:cse446-staff@cs.washington.edu
mailto:cse446-staff@cs.washington.edu
mailto:cse446-staff@cs.washington.edu
https://courses.cs.washington.edu/courses/cse446/25au/
https://courses.cs.washington.edu/courses/cse446/25au/
https://courses.cs.washington.edu/courses/cse446/25au/


Reddit Google Twitter?

for tweet in tweets:

cats = []

dogs = []

if “cat” in tweet:

cats.append(tweet)

elif “dog” in tweet:

other = []

dogs.append(tweet)

else:

other.append(tweet)

return cats, dogs, other

Graphics courtesy of https://theoutline.com/post/3128/dogs-cats-internet-popularity?zd=1
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https://www.reddit.com/r/aww/comments/odgawj/can_somebody_explain_why_this_cat_look_so_cute/

if “dog” in image…?
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• 𝑋 𝑌
• 𝑋 𝑌
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• 𝐴 = 𝑋 ∈ 3,4

• 𝐵 = 𝑋 = 1

• C = 𝑌 ∈ 3,4
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• 𝐴 = 𝑋 ∈ 3,4

• 𝐵 = 𝑋 = 1

• C = 𝑌 ∈ 3,4

• 𝑈, V
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• 𝑈 𝑉
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• 𝐷 = (𝐻𝐻𝑇𝐻𝑇 … ) 𝑘 𝑛
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• 𝐷 = (𝐻𝐻𝑇𝐻𝑇 … ) 𝑘 𝑛

• 𝑃(H)=θ, 𝑃 𝑇 = 1 − 𝜃

• 𝑃 𝐷 𝜃 = 𝜃𝑘 1 − 𝜃 𝑛−𝑘 
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• መ𝜃𝑀𝐿𝐸

• 𝜃∗

𝐷 = (𝐻𝐻𝑇𝐻𝑇 … ) 𝑛

• መ𝜃𝑀𝐿𝐸
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• 𝐷 = {𝑥1, 𝑥2, … , 𝑥𝑛}
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𝑓(𝑥; 𝜃)

𝑛 → ∞ ෠𝜃𝑀𝐿𝐸 → 𝜃∗
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