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model with two layers of 10 units each (dashed line). The right panel shows a close-up of the left
panel. Filled markers indicate errors made by the shallow model.
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Figure 1: Schematic of our proposed “feed-forward” attention mechanism (cf. (Cho, 2015) Figure
1). Vectors in the hidden state sequence h; are fed into the learnable function a(h;) to produce a
probability vector a. The vector c is computed as a weighted average of h;, with weighting given
by a.
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Figure 1: The Transformer - model architecture.
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Gradient Descent

f (x) = nonlinear function of x

Loss .
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Starting Point
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Solution

Step-size d = 0.0030 Momentum B = 0.0 We often think of Momentum as a means of dampening oscillations and
speeding up the iterations, leading to faster convergence. But it has other
® o interesting behavior. It allows a larger range of step-sizes to be used, and
creates its own oscillations. What is going on?

RNEHMR

1317137



( ) ) Starting Point

Opti mum;»,/”’ﬁ'
7

Z

Solution

Step-size d = 0.0030 Momentum B = 0.60 We often think of Momentum as a means of dampening oscillations and
speeding up the iterations, leading to faster convergence. But it has other
® ® interesting behavior. It allows a larger range of step-sizes to be used, and
creates its own oscillations. What is going on?

RNEHMR

132 /137



( ) ) Starting Point

Opti mum;»,/”’ﬁ'
2l

{-'éolution

Step-size d = 0.0030 Momentum B = 0.80 We often think of Momentum as a means of dampening oscillations and
speeding up the iterations, leading to faster convergence. But it has other
® * interesting behavior. It allows a larger range of step-sizes to be used, and
creates its own oscillations. What is going on?
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Step-size d = 0.0030 Momentum B = 0.90 We often think of Momentum as a means of dampening oscillations and
speeding up the iterations, leading to faster convergence. But it has other
® _ . interesting behavior. It allows a larger range of step-sizes to be used, and
creates its own oscillations. What is going on?

AERMR, BES

134 /137



BZERTEER

1. BEA A IR (AR EY

2. FZR B AT T

3. FFUNESRMELLERIEN: MRt 1R, HERE
4. BEE2-3%, HEIMEEETIARTT

5. TEIIEER FI0UF, AEHRFRIREISEN

1357137



=

. HAREBESS? HARKMEST?
o EE W I g
.« RESHEESY, FRELKEST?
o GMEIEREEARE S

o LogisticEl) &R 2 B R SHIL?
o FAIHLERIIFRER S A R

136 /137



= |

o —MmHEAFPREMEZTMG, DHlZTA?
o REINBENATE, SUMSEERIUST?

o REVMIREINE, TUMEERERIUT?

o TAZEFBHTIRN?

7/

T

137 /137



