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RNNs predict highly nonlinear events by
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Period doubling bifurcation
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RNNs predict highly nonlinear events by
Imitating examples

Kinematic trajectories

Jansen linkage predicting the trajectory after changing edge length

tree node true: length = 39.25

------ true: length = 41.75

mmm predicted: ¢ =-25
predicted: ¢ = 25

O]

pinned node

fixed edge length
training trajectory

edge length =40.5
edge length = 40.55
edge length =40.6
edge length = 40.65

Jason Z. Kim https://arxiv.org/abs/2005.01186 17 @ UPseprln



Flight of the Lorenz

- Translation in x1 and x3

40

—4() 1 40

Jason Z. Kim https://arxiv.org/abs/2005.01186 18 @ UNPseprlsn



How do RNNs learn translations and

transformations?
Translation: discrete infinitesimal
1 1
Wr.(t) =~ x(t) + |:O} c Wdr(t)~ | 0| dc
0 0|

Jason Z. Kim https://arxiv.org/abs/2005.01186 19 @ UPseprln



How do RNNs learn translations and

transformations?
Translation: discrete infinitesimal
1 1
Wr.(t) =~ x(t) + |:O} c Wdr(t)~ | 0| dc
0 0|
Transformation: discrete infinitesimal
Wr.(t) = [I — Tclx(t) Wdr(t) ~ —Tz(t)dc

Jason Z. Kim https://arxiv.org/abs/2005.01186



How do RNNSs learn bifurcations?

p=2
I3 3
RNNs learn smooth
T2 transformations of the
) .stabdtt-g—fe;ggwaiues)—ef- ,
— > JéﬂpljtS —3—o4
1:2 04 c
P = ﬁ é ® -
0 3 Y T, T ; 0
3 0 e training
T ————— el
B
time >
Slower rate of decay => less negative eigenvalue
Jason Z. Kim https://arxiv.org/abs/2005.01186 20 @ Penn



Conclusions: simply by imitating inputs,
reservoirs can

. Sustain complex temporal representations as n

. Translate and transform memo

- Infer global nonlinear structure

o

Jason Z. Kim https://arxiv.org/abs/2005.01186
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