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We worked on Two Directions for the
Past 1x Years

* Machine Discovery

* Addressing Practical Issues in Machine
Learning
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Lyrics Rewriting

Goal 1: the re-written lyric has to be performed under the same
tune.

Goal 2: control the rhyme
Goal 3: control the emotion
Goal 4: preserve the semantics



Our Multi-task Model
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Auto-Evaluation Results

* Average human ratings.

compatibility with originals | rhyme preference | center theme preference | fluency compared with originals
(max 5 points) (max 3 points) (max 3 points) (max 3 points)
single task RNN 2.04 1.70 1.38 1.35
cluster based 2.00 2.12 1.34 1.26
our model without smoothing 2.81 1.90 1.74 1.78
our model 3.17# 2.15 2.09* 2.14*

*p < 0.001

* Automatic evaluation on POS and rhyme format, accuracy, segmentation

error
POS format accuracy | rhyme accuracy | BLEU | ROUGE-2 | segmentation length
single task RNN 0.7627 0.6592 0.3792 0.055 0.5138
cluster based 0.1159 0.2351 0.4424 0.144 1.446
Our model without smoothing 0.6704 0.6809 0.4223 0.282 0.5600
Our model 0.8277 0.7896 0.4355 0.106 0.4066

e Augmenting ninvin feature to seauential features.

using only ending rhyme

using rhyme sequence

precision on ending rhyme 80.2% 79.9%
precision on internal rhyme 8.6% 17.8%




Sample Results

Source text

Target 1

Target 2
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Emotion Transfer

Source text

Transfer to happy

Transfer to sad
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Stance Classification with
Attention Mechanism

Joint Work with Te-Wang Chiu



Stance Classification Task

Input context 1

(Claim)
Output Label
Stance ["disagree",
Classifier “agree”,
"discuss"]

Input context 2

(Article)
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Stance Classification Example(1/3)

AN SR A AR A
-1 77 25 (Claim)

Stance
Classifier

disagree
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S FEERAIREREE T
Z= . (Article)




Stance Classification Example(2/3)
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(Claim)

Stance
Classifier

agree
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Stance Classification Example(3/3)

AN SR A AR A
-1 77 25 (Claim)

2014/06/14 PNN
EERAARE ¢ [FMHEEH
TAT?

o SCFFEMESM ~ Wl
PITAREERES  AIRLE
RSB &SRR
RER. . S[R3
s SEAREN I EEEBHE
7 FEARE .. (Article)

Stance
Classifier

discuss
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Attention-Based Solution

al’*E,,+a2'*E_,+a3’*E ;+ad’*E,

>

Weighted
Sum

Article Content
m— embedding(Ea)

a/Sum(|al)

t 1
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[

Attention
Function

000

Claim

0000

Article Content

(Ealr Ea2' Ea3' Ea4 ')

Map to Word Embedding

Claim embedding(Ec)
Cos Similarity(Ec,Eb)
Word Mover’s Distance(Ec,Eb)

XGBoost
Label
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Sample Results (1/2) — ==
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Sample Results (2/2) — =&
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Fast Neural Network Training via
Sparse Activation Functions




Introduction

Deep neural networks have shown their powerful

fitting ability among

numerous applications.

In particular, let's consider a deep fully-connected

neural network with

o @
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O W, O
O O
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_ hidden layers.
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|
Computational Bottlenecks (1/2)

@ We have to learn the weight matrices Wy, --- . W
during the training process.

e Given an activation function o (e.g., max(z,0)),

hk
Hia(J J(ZHL?JH‘!‘ ) (G =1 ly41)

@ Objective (for a loss function £):

11;11“111L LY.Y) = Homu%u L(H;..Y)
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Computational Bottlenecks (2/2)

@ For the k-th weight matrix, we have to determine its
hj. X hj..1 entries (let Hy:= X and H; ., :=Y).

@ To calculate gradient, consider computational costs
at the k-th layer:

© Forward pass: fix all W and calculate H.
= @(h;ﬁh@rl) = (%)(Size(ﬂ-";gf_))

@ Backward update (back-propagation): compute
gradients from the loss:




N
Weight Matrices Sparsification (1/2)

@ Based on the analyses, we can see the size of W's

affects the overall training efficiency.

@ [he entries of each W is quadratic to the number
of hidden units h on each layer.

@ For example, if each layer has 1. 000 hidden units, then
each W will contain 10° entries.

Research Questions:
= Can we use a sparse W7
— How many non-zero entries are required for W7




N
Weight Matrices Sparsification (2/2)

@ Consider parameters of the k-th layer W, fixing all
the others. Add a small {1 penalty to the objective
function:

g

min  L(Y/(W;),Y) + Aljvec(W3)]|4

o An upper bound: For any A > 0, the stationary
point of the above minimization problem satisfies:




N
Sparse Activation Function (1/2)

@ o make W and H sparse, we introduce Top-Q as
the sparse activation function: “only preserve the ()
largest Hi.(j) among all 5 for each layer k&, and set
the remaining 0"
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——
Sparse Activation Function (2/2)

@ Empirically, Top-Q can achieve similar model
performance (e.g., prediction accuracy on mnist
~ 99%) as the original dense activation.

@ Now, the computational cost at k-th layer becomes

S ( nnz(H;)nnz(Wi) + nnz(We ) nnz( Hy.. ) ) .
\_v_/ N ———

forward backward

@ fFor instance if h = 1000, ) = 50, then we have

1330 — 2 density on each H. Suppose that

nnz(WW) = —5|ze(ﬂ ), then the training will be
20 x 10 = 200 times faster.




R
Sprase Activation Function (3/3)

© (Q -nnz(W*Y) + nnz(Wg"") : Q)

forward backward

(L

Hj.

Wy
(sparse)
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