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Motivation: DNN Activation Functions









Learning activation functions to improve deep neural networks
(DNNs) [1]
Parameters in the linear components (W and b) are learned from data
While nonlinearities are predefined, e.g. sigmoid, tanh or ReLU etc.
Assumption – an arbitrary complex function can be approximated
using any of these common nonlinear functions
In practice, the choice of nonlinearity affects:

→ the learning dynamics

→ network expressive power
[1] Agostinelli, Forest, et al. "Learning activation functions to improve deep neural networks." arXiv preprint
arXiv:1412.6830 (2014).
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Motivation: Choice of Nonlinearity


Active research area – design activation functions that enable fast
training of DNN

Vanishing Gradient Problem

Derivative of a Sigmoid Function

ranges between 0 to 0.25
Weight Update



For DNN with more layers, the gradients tend to vanish more in the
lower layers
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Motivation: Choice of Nonlinearity




The rectified linear activation function (ReLU) does not saturate like
sigmoidal functions
helps to overcome the vanishing gradient problem

Anohter recent activation functions

Maxout activation (Goodfellow et al., 2013) – computes the maximum

of a set of linear functions

Springenberg & Riedmiller (2013) replaced the max function

Gulcehre et al. (2014) explored an activation function that replaces
the max function with an LP norm
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Motivation




The type of activation function can have a significant impact on
learning
One way to explore the space of possible functions is to learn the
activation function during training (Agostinelli et al., 2014)
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Adaptive Piecewise Linear (APL) units







Activation functions as a sum of hinge-shaped functions resulting a
piecewise linear activation function

S (the number of hinges) is a hyperparameter set in advance
are the learnable parameters, where
variables control the slopes of the linear segments
variables determine the locations of the hinges
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Adaptive Piecewise Linear (APL) units
Fig.1 shows example APL functions for S = 1

for large enough S, APL can approximate
arbitrarily complex continuous functions

the first term in Eq. (1) is ReLU

when x < 0 the derivative of ReLU is 0
resulting dead neurons
Leaky ReLUs addresses the dead neurons
problems, e.g. leaky ReLU may have y = 0.01x
when x < 0


Figure 1: Sample activation functions obtained
from changing the parameters. Notice that figure b
shows that the activation function can also be
non-convex.

Figure 2
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TAAN (Task Adaptive Activation Network )

Categories of deep learning MTL: (a) Hard-sharing; (b) Soft-sharing; (c) Task Adaptive Activation Network
(proposed model); (d) Inner Structure of Adaptive Activation Layer.
●

●
●

Proposed approach = hard-sharing + learnable task-specific activation
functions
all tasks can share their weights and biases on the hidden layers
more scalable than the soft-sharing methods where the number of
network components is proportional to the number of tasks
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TAAN
●

●

●

●

●

For a task t, given the input from
either the previous layer or data input,
the output of the l-th AAL (Adaptive
Activation Layer) is defined by
weight and bias parameters are shared
across tasks

(c) Task Adaptive Activation Network (proposed model);
(d) Inner Structure of Adaptive Activation Layer.

The task-specific activation function for task t and layer l is defined as
Recall from slide 6 and 7, M (the number of hinges) is a hyperparameter
set in advance
denotes the coordinates of the
basis functions
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TAAN
●
●

●

●

●
●

●

Each task has its own coordinate vector
there is a coordinate matrix
attached to each AAL
hidden layer
the coordinate matrices of the hidden layers control the level of
network sharing among multiple tasks
For instance, if tasks 1 and 2 have more shared knowledge at the 1st
hidden layer,
and
have higher similarity,
thus
and
are more similar
On the other hand, if tasks 1 and 2 share less knowledge at the 2nd
hidden layer, their activation functions are more diverse
During the training phase, the coordinate matrices of all hidden layers
are optimized to extract both the shared and task-specific knowledge
from data
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Metrics for Activation Functions
●

●

●

●

In order to understand how TAAN captures the relationship of multiple
tasks, we need a metrics to measure the difference/similarity between
two activation functions
As the basis functions of APL units are unbounded and
non-orthonormal, the coordinate vectors do not reveal much property
about the functions
Besides, the commonly used
norm and inner product are infinite
almost everywhere, it is impossible to use them as metrics
Authors redefine the finite inner product and norm assuming
is a random variable with Gaussian distribution
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Functional Regularization
●

●

●

●

For each layer of TAAN, the coordinate matrix
can be learned directly from the training data
As the tasks in MTL are generally considered to be related, it is
reasonable to encourage sharing more than splitting
This insight is incorporated into TAAN by introducing regularization
term on
during training
Authors propose two functional regularization methods to further
enhance the performances of TAAN
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Functional Regularization
Baseline: Trace-Norm
●

●

●

The first regularization hypothesis is that the matrix
is low-rank, as the tasks in MTL often have high correlation
Thus, authors introduce a regularization term to

denotes the square root of matrix

Functional regularization by cosine similarity

the similarity of two task-specific activation functions can be defined
by the cosine similarity, which is computed as:
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Functional Regularization
Functional regularization by distance
●

●

●

Given the coordinate matrix for the l-th layer of network, authors
compress the distance function Eq. (3) between task-specific activation
functions with the following regularization

the training loss of a TAAN with L task-specific activation layers
becomes

Where
coefficient

and c is the regularization
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Functional Regularization
Functional regularization by distance
●

●

●

Given the coordinate matrix for the l-th layer of network, authors
compress the distance function Eq. (3) between task-specific activation
functions with the following regularization

the training loss of a TAAN with L task-specific activation layers
becomes

Where
coefficient

and c is the regularization
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Experiments
Multi-Domain Multi-Label Classification
●

●

●

Conduct experiments on Youtube-8M, a large dataset that consists of
over 6.1 billion of Youtube videos. Each video has multiple labels from
a vocabulary of 3800 topical entities, which can be further grouped into
24 top-level categories.
To create an MTL experiment, authors consider each top-level category
as a specific domain.
For each domain, they have to define a multi-label classifier to
recognize various attributes of the data
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Experiments
Multi-Domain Multi-Label Classification
●

The task IDs and their corresponding domains
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Experiments
Multi-Domain Multi-Label Classification
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Experiments
Multi-Domain Multi-Label Classification
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Experiments
Visualization
●

TAAN is able to capture the complicated knowledge sharing for the tasks on the Youtube-8M dataset. For instance, domain “Food
& Drink” shares all the hidden layers with domain “Home & Garden”. TAAN also discover that the domains “Food & Drink” and
“Internet & Telecom” are the most unrelated, as the distances between their activation functions are always high.
Distance matrices of the activation functions in TAAN. Light colors denote less similarity.
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Questions?

Thank you for your attention!
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