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APPENDIX: PROOFS OF THE THEOREMS

A.1 PROOF OF THE GENERALIZATION ERROR BOUND

In this section, we prove Theorem[4.6] i.e., the generalization error bound. To this end, the covering
number of the set of the values of the loss functions must be estimated. Although the data set is
given as

(2, 2™ D ) € B o,
from Assumption @ these data are obtained by repeatedly applying the map ¢ to
the initial data (mgl - x,(ﬁz)rb,t) C B™ewmit,  This operation induces a map O
BmMorvit B’”Scepxmorb‘t Using the Lipschitz constant of the map ¢, for each
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morb]t morb]t
ste 1 ~(1
< mgtep max{1, plf P} (|| — V) + -+ 2D 7D )
ste 1 ~(1 T
= mgiep max{1, p, (2t — 31", ) =) ],

which shows the Lipschitz constant of O is bounded by mggep, max{1, p:/?“ep}. Hence, we obtain
r

N(r,O(B™it)) < N(

Morbit )

Mtep Max{1, pmStep I

To compute the loss functions £1 and Lo, these extended data are first input into fyn to form the
set of the latent variables:

7 = {(fNN(l‘)yl') | x < O(Bmorbn,)} C B™Mstep XMorbit v BMstep X Morbit
For each x, % € O(B™ervit), we have
[(fan(z), 2) = (fan(2), 2)|| = || fun (@) — (@) + |2 — 2| < (cencpenc + 1)|lz — 2.
This estimate shows that
r
(Cencpenc + 1)
Second, the set Z should be transformed to
{(fan(x), gnn (@), han (), ) | £ € O(B™orit) ).
Similarly to the estimation of the map from O(B™er®it) to Z, we get

<Mn@<N< ,0@%%0.

N(r {(fan(2), gn (@), han (), 2) | 2 € O(B™o)}) < N( - 2).

CdecPdec T Csymp Psymp +1
Because we assume that the loss function £ is p.-Lipschitz continuous, we have
N(r, {L(fxn(x), gnn(2), hn (2), 2) | 2 € O(B™r)})
r
<N , Z).
o (pﬁ(cdecpdec + CsympPsymp + 1) ) )
Combining all of the above results yields the following inequality:

N(r, {L(fan(2), gnn(2), hnn (), 2) | 2 € O(B™>*)})
T
= N(pﬁ(cdecpdec + CsympPsymp + 1) ) 2)
< N(T/PL(Cdecpdec + CsympPsymp T 1)(Cdecpdec =+ CsympPsymp + 1)) O(Bmorbit))
< N(r/pe(Cdecpdec + CsympPsymp + 1) (CdecPdec + CsympPsymp + 1) (Mistep max{1, py, " })),
Bmorbit).
This shows Theorem 4.6
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A.2 PROOF OF THE HAMILTONIAN INTERPOLATION

Let 5 > 0 be arbitrarily chosen. Suppose that the loss function for the training data satisfies £ < ;.
Then, from Lemma [3.3] with probability at least 1 — 4, it holds that

21In %
E[Ly] < EL] < €14 2R (G) + 30 | —.
Morbit

When this inequality holds, from Assumption §.8] we have
[[xn 0 Pay — 1d|| < e, E[Ls)]

21n %
<c, (61 + 27€morb‘t + 3¢ 7)
Morbit

Thus, if we let 5 be

at least probability 1 — 5, the following inequality holds:
[hnn 0 Yay = 1d|| < e, BLs] < ety (61 + 2R, + €2)-

Then, from the above estimate, hnxy © 1/13 is close to the identity. Also, this is a symplectic map
because both hxy and 1#3 are symplectic. Hence, from Theorem , there exists a Hamiltonian
flow hnn that appoximates Ay © w;z within the error

1

O(Clz (‘51 + 2Rmorhit + 52) eXp(_ al (61 + 2R 4 52)
2 Morbit

))-

Because hyy is written as
—1 o
hnn = (hnN 0 Ya; ) 0 Yar >~ han © Yag,

hnn is approximated by the composition of the two Hamiltonian flows fLNN and Ya;. The error
analys1s of the splitting method shows that there exists a Hamiltonian flow Ay that approximates

hnn © ¥y within the error O(HhNN [l a¢l])- This h,,n approximates hyy, and the approximation
error is estimated by

[N — hanl| < [|Bax — w0 Yacll + | inn © Yar — hnn|
1

+O(||h
012(51+2Rmmm+52))) (IIhnnllatll)

= O(clz (61 + 2Rmorbit + 82) exp(—

Since ||hnn | is O(cy, (€1 + 2Rm,..... + €2)), the approximation error is estimated by O(cy, (g1 +
Rmoms + €2)). This completes the proof.
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