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. Gradual learning

. Unsupervised learning

. Strong generalization

. Category learning from few examples
. Learning to learn

. Compositional learning

. Learning without forgetting

. Transfer learning

. Knowing when you don’t know

Learning through action
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Al Magazine Volume 18 Number 3 (1997) (© AAAI)

Does Machine Learning
Really Work?

Tom M. Mitchell
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The Niche for Machine
Learning:1997
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FrEE: TF-IDF ;

NewsWeeder: Learning to Filter Netnews

(To appear in ML 95)

Ken Lang
School of Computer Science
Carnegie Mellon University
5000 Forbes Avenue
Pittsburgh, PA 15213
akl+@cs.cmu.edu
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[1] « Vapnik, V. N. and Chervonenkis, A. Y. (1971). On the uniform convergence of
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frequencies of events to their probabilities. Theory of Probability and Its Applications,
16, 264-280. 114
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Nathaniel Read Silver (born January 13,
1978) is an American statistician and writer
who analyzes baseball (see sabermetrics) and
elections (see psephology). He is the editor-in-
chief of ESPN's FiveThirtyEight and a Special
Correspondent for ABC News. Silver first
gained public recognition for developing
PECOTA, 3] a system for forecasting the
performance and career development of Major
League Baseball players, which he sold to and
then managed for Baseball Prospectus from
2003 to 2009.14

XE, YETEHFEE Al of Statistics: A Concise Course in Statistical Inference 817
£ Larry Wasserman (Department of Statistics, Department of Machine Learning,
Carnegie Mellon University) Z£ % 8438, £ 8 2= Normal Deviate 15 T A 54

1.

Nate Silver is a Frequentist: Review of “the signal and the noise”
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Fig. 3. The "Swiss roll” data set, illustrating how Isomap exploits geodesic
paths for nonlinear dimensionality reduction. (A) For two arbitrary points
(circled) on a nonlinear manifold, their Euclidean distance in the high-
dimensional input space (length of dashed line) may not accurately
reflect their intrinsic similarity, as measured by geodesic distance along
the low-dimensional manifold (length of solid curve). (B) The neighbor-
hood graph G constructed in step one of Isomap (with K = 7 and N =

1000 data points) allov
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