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Al Time 55 __HA

Al Time rallies researchers specializing in the field of artificial intelligence. The goal of
Al Time is to explore the essence of Al foundations, theories, algorithms, and
applications, with an emphasis to encourage debate on Al-related topics.
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Current deep learning practice

- Expert chooses Deep
~—— =3 | architecture & | =2 learning
S~——— a“ ”
. g hyperparameters end-to-end

t |

AutoML: true end-to-end learning
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Definition: Combined Algorithm Selection and Hyperparameter

Optimization (CASH)
Let
o A={AW . . A} be a set of algorithms
o Al denote the hyperparameter space of AW, fori=1,...,n

° E(A s Dyrains Duvatid) denote the loss of A%, using A € A trained
on Dyrqin and evaluated on D, ;4.

The Combined Algorithm Selection and Hyperparameter Optimization
(CASH) problem is to find a combination of algorithm A* = A() and
hyperparameter configuration A* € A9 that minimizes this loss:

. (2)
Ay« € argmin L(A)’, Dirgin, Dyalid)
A e A AeAD)
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Architecture composed

Chain-structured space More complex space Two possible cells
(different colours: with multiple branches of stacking together
different layer types) and skip connections individual cells

Neural Architecture Search
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“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence
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End—-to—end Data Science
(Data—driven decision making)

FOR THE PEOPLE
* END—USER TASKS
* DECISION MAKING

O\Q « A/B TESTS
* SOCIAL GOOD
o—-0-° 4

Collection

Intervention

OF THE PEOPLE

« USERS OWN THE DATA

« PRIVACY & ETHICS

« FAIRNESS & TRANSPARENCY

By THE PEOPLE
* [USER—IN—THE—LOOP
* WISDOM OF THE CROWD
* EXPLANATORY ML

v * COMMUNICATION RESULTS

Processing

-

Q _Mﬁﬂ”""’“#“ Inference / Predict:

Fo

Characterization Exploration
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» Why did you do that?
* Why not something else?

Learning This is a cat * When do you succeed?
Process (p=.93) » When do you fail?
* When can | trust you?
whRs Time” « How do | correct an error?
Training Learned Output User with
Data Function a Task
Tomorrow
* | understand why
. S This is a cat: « | understand why not
Nevy Ve 9o P 71 ':nh;;];lt:'s whsers, « | know when you'll succeed
Learning i}“ : ﬁlr It has this feature: « | know when you'll fail
Process AR.0%., 98 0. * | know when to trust you
EHEEE . . * | know why you erred
Training Explainable Explanation User with
Data Model Interface a Task
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Hidden layers

Input layer Output layer

85%




B XMLHEI&A/A)

ERARBY - 28 (REREWASE, BHEEE)) 0 AKERED

Who TEE[RITERFFRE? B -
what BRETA? = T
How JATfERE? = T
When {R]BHFFE?

Model-Specific Methods vs. Model-Agnostic Methods
vs. Example-based Explanation
D
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Interpretable
Machine Learning
A Guide for Making
Black Box Models Explainable
l‘a iGN r:me

@ChristophMolnar
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“The Godfather
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Model Hardware  Power (W) Hours kWh-PUE CO2e  Cloud compute cost
Transformery,,.. Pl100xS 1415.78 12 27 26 541-5140
Transformery;, ~ P100x8 1515.43 84 201 192 $289-3%981

ELMo P100x3 517.66 336 275 262 $433-%51472
BERT},, ., V100x64 12,041.51 79 1507 1438 $3751-%12,571

GPT-2 TPUv3x32 . 168 — —  512,902-543,008



Hidden layers

Input layer Output layer
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m AutoMLREZ B E(TA7

NAS without defining the search space? True “AutoML”

B XML ZIEE(TA?

Analyzing the model without any knowledge about the model

m REESHLIER?

Can machine learning be automated and, with interpretability?




LIPS




	幻灯片编号 1
	幻灯片编号 2
	幻灯片编号 3
	幻灯片编号 4
	幻灯片编号 5
	幻灯片编号 6
	幻灯片编号 7
	幻灯片编号 8
	幻灯片编号 9
	幻灯片编号 10
	幻灯片编号 11
	幻灯片编号 12
	幻灯片编号 13
	幻灯片编号 14
	幻灯片编号 15
	幻灯片编号 16
	幻灯片编号 17
	幻灯片编号 18
	幻灯片编号 19
	幻灯片编号 20
	幻灯片编号 21
	幻灯片编号 22
	幻灯片编号 23

