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Sit somewhere new!



Admin

* Sorelle office hours TODAY: 4-5pm in H110

* Lab 2 due Thursday Feb 8 (week from today)



Outline for Feb 1

 Finish KD Trees

— Nearest neighbor algorithm
— Extendingto k > 1

* Evaluation metrics beyond CS260
—AUC

— Precision/recall curves
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Making a kd-tree
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Making a kd-tree
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Finding the nearest neighbor
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Finding the nearest neighbor

10 ~

P

4,4
2,7 \
o 1,3 5,4
3,1 2,7 9,2
1,3
e
9,2
O
3,1 No right child, but need to check left
¢ Due to intersecting hypersphere
2 4 EIS 8 10

Slide: modified from Sorelle Friedler



Finding the nearest neighbor
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Finding the nearest neighbor
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Finding the nearest neighbor
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Nearest neighbor recursive algori’ﬁwm
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Extendingtok > 1
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Handout 4, example 2
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Outline for Feb 1

* Evaluation metrics beyond CS260
—AUC

— Precision/recall curves



True Positive Rate
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How to compare ROC curves?
AUC (area under the curve)

ROC Curve Stratified by Location

AUC (area under the curve)
P is a good overall metric

——— Location = 0, AUC = 0.991164293155
——— Location = 2, AUC = 0.973799294174
—— Location = 5, AUC = 0.849413300135
’ ——— Location = 7, AUC = 0.724406902786

0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Example of a ROC curve from my research
Chan, Perrone, Spence, Jenkins, Mathieson, Song



True Positive Rate

AUC example

Some extension of Receiver operating characteristic to multiclass

1.0 A

0.8 A

0.6 A

0.4

0.2

micro-average ROC curve (area = 0.73)
macro-average ROC curve (area = 0.78)
ROC curve of class 0 (area = 0.91)
ROC curve of class 1 (area = 0.60)
ROC curve of class 2 (area = 0.79)

0.4 0.6 0.8 1.0
False Positive Rate

https://scikit-learn.org/1.1/auto_examples/model_selection/plot_roc.html



Precision/Recall curve

1.0
ANV -y
y ~.—‘~ ----- L
] -‘\§-§
.~“
0.8 “\‘\
Y
)
N
‘\
A Y
\
\
- 0.6 N\
\
RS \
) \
(@] \
) \
b \
Q. 0.4 %‘
\
2
\
\
\
0.2 \
—— Random Forest \
\
-== SGD
0.0 % |
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 3-8. Comparing PR curves: the random forest classifier is superior to the SGD
classifier because its PR curve is much closer to the top-right corner, and it has a greater
AUC



Precision

Precision/Recall

example from my research
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—— CNN 50K —— Transformer 700K —— S* + Random Forest
—— CNN 700K Transformer 50K iso-f1 curves

Figure: Jordan Cahoon






