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4. Challenge & Algorithm

5. Experiments

1. Machine Learning

3. Teaching Requirement

* Typical Machine Learning Process

* Requirements of Loss Function Teaching
= Adaptive

» Gradient-based Optimization for Teacher

* Image Classification Task

Smooth the measure: ERROR RATE (%) OF CIFAR-10

ERROR RATE (%) OF CIFAR-100

w* = arg min Z L(f,(x),y)

wE() : The measure M is typically v
VEQ . ypically discrete . , , CLASSIFICATION CLASSIFICATION
(x' y ) ED A Dyn a m I C . and non-smooth - = (fm (I)! y) - Z M (.}'T .r y) Pew (y |x:} Cross Entropy ™ Large Margin Softmax Cross Entropy arge Margin Softmax 2T
* Qualified human teachers are good at: * Machine teachers should be : = B B
( > 4 \ 4 A 3038 3042 5555

Training data D Model Space () Loss function L

Adaptive: set different loss

. v Adjusting proper exams _ _ The evaluation happens on devefop Reverse Gradient Flow:
. B functions along different phases dataset while teaching happens on Chaining backwards the gradient from
$: | with the ngWth of students of student model training training dataset develop dataset to training dataset

* Fixed data order
* Fixed model space
* Fixed loss function

O Why

Self Improvement to
achieve
co-growth with students

Dynamic: optimize themselves 1o
constantly enhance the teaching
ability

» Algorithm/Structure
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Then looping backwards from T and cormresponding to Egn. (1), ateach stept = {7 — 1,--- ,1} we
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