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INDUCTIVE BIAS
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INDUCTIVE BIAS

O

QO-O-O |

0000 ([ @ﬁ

OO0

(O Independence Locality

e oo
O—-~0—-0

6600 OO0

Sequentlahty Specmed

J¥U Adapted from Finlayson , Sam (2020). https ://sgfin.github .10/2020/06/22/Induction-Intro



CONSERVATION LAWS

adapted from https://en.wikipedia.org/wiki/Addition
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MASS CONSERVATION

JXU

Theorem 1 (Conservation property). Let m = 22{:1 Cy.

Yy K
be the mass contained in the system and mj = > ,_, h}

be the mass efflux, or, respectively, the accumulated mass
in the MC-LSTM storage and the outputs at time 7. At any
timestep T, we have:

mZ:mg—i—th—Zmz. 9)
t=1 t=1

That is, the change of mass in the memory cells is the differ-

ence between the input and output mass, accumulated over
tfime.
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MC-LSTM
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MC-LSTM
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MC-LSTM
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MC-LSTM

Total mass
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Output mass
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MC-LSTM

Total mass M, = R' "' +it -t
State mass ct = (1-— Ot) ® miot
t_ ¢ t
Output mass h! = o © My -
t ct-1
Input gate @ i’ = softmax(W;-a' + U; - W + by)
C 1
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MC-LSTM ON
ARITHMETIC

reference: 0.3, 0.2, 0.0, 0.1, 0.4, 0.1, 6.5, 0.2
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MC-LSTM ON
ARITHMETIC

reference: 0.3,

length: 0.3,
range: 3.4,
count: 0.3,
combo: 3.4,
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MC-LSTM ON

1

reference® seq length®  inputrange®  count! combo®  NaN!
MC-LSTM  0.004 = 0.003 0.009 +0.004 08+05 0.6+04 4.0x+25 0
LSTM 0.008 £ 0.003 0.727 £0.169 214+06 95+06 546=£1.0 0
NALU 0.060 = 0.008 0.059 £0.009 253+02 744+01 63.7+£0.6 93
NAU 0.248 £0.019 0.252+0.020 2834+05 9.1+£0.2 685+0.8 24

4 training regime:
b Jonger sequence lengths:
¢ more mass in the input:

4 higher number of summands:
¢ combination of previous scenarios:

summing 2 out of 100 numbers between 0 and 0.5.
summing 2 out of 1 000 numbers between 0 and 0.5.
summing 2 out of 100 numbers between 0 and 5.0.
summing 20 out of 100 numbers between 0 and 0.5.
summing 10 out of 500 numbers between 0 and 2.5.

! Number of runs that did not converge.

JXU
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Output: 26 = 4 + 8 + 1 +5 + 1 + 7
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MC-LSTM ON
ARITHMETIC
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MC-LSTM ON
HYDROLOGY
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MC-LSTM ON
HYDROLOGY
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Model MC? FHV® NSE¢

MC-LSTM v -147250,  0.7449 34
LSTM X 2157250, 07630835
mHM Voo -18.6.5°.  0.6669 %39
HBVub vV o -185752:  0.676)742

% Mass conservation (MC).

®: Top 2% peak flow bias: (—o0, 00), values closer

to zero are desirable.

“: Nash-Sutcliffe Efficiency: (—oo, 1], values closer

to one are desirable.

27



MC-LSTM ON
HYDROLOGY
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TL;DR: MC-LSTM

LSTM + inductive bias
stochastic matrices for conservation
Better generalisation

Cell states easier to interpret

JYYuU Pre-print: https://arxiv.org/abs/2101.65186
code: https://github.com/ml-jku/mc-1stm
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