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OVERVIEW

In this final milestone report, we detail our work to address task 8 in our program:

8) Report on refinements to theory, methodology, and analysis tools. Final repor: demonstrating un-
derstanding of neural networks by topological means as part of a time-aware machine intelligence
system. Compare to SOAand document contributions.

1. SUMMARY OF ACTIVITIES

In this reporting period, we have continued experiments outlined in our Phase 2 research plan. We have
primarily focused on using topological constructions to understand how neural networ<s operate on video
data, and in incorporating Lorentzian geometry into neural networks using equivariant layers. We also
detail our work to improve computational performance persistent homology, which we use extensively in
our topological investigations, and persi nt path homology, which is a form of persistent homology which
is particularly amenable to directional data such as causal graphs.

| Proposed Milestone/Objective | Acomplishment

Final report demonstrating understand g of neural | This report
networks by topological means as part of a time-
aware machine intelligence system.

Software used to build topological control appara- | Software uploaded to Okta
tus, neural networks, machine intelligence system.

TBLE 1. Breakdown of task 8: Refer to Revised TDD for agreement No.: HR001 12190040

2. DETAL DESCRIPTIONS

2.1. Lorentz-Equivariant Neural Networks. Our first main line of work was to :ncorporate Lorentz
equivariance into neural networks in order to preserve causal structure in the input data.

2 1.1. Equivariant Neural Networks. Afeedforward neural network, assuming constat width, is a map
[+ R™ — R given by alternately con osing matrices A; € R™*" with pointwise zctivations o;(v) =
max(v, b;) where b; € R™ and max is taken coordinatewise, i.e.,

f(U) — Ako'bk._lAk,—l cee O'bQAQO'blAﬂ).

Al -equivariant neural network requires that for some chosen matrix group G C R ™7™, we have f(Xv) =
X f(v) forall X € G and v € R™. Since

F(Xv) = X(XTTAX) (X o, XN X A1 X) - (XM A X) (X Loy, XX T A1 X v
= X Ajop, Ay op, Ajop, Ao
and the last expression equals X f(v) if we have
) Al =XTAX =4, o) =X o, X =0y,

forall i = 1,...,k, the conditions in  vastly narrow down the range of possible weights A; and biases
b., a huge computational saving in modern applications. Incorporating group represer tations allows us to
extend this to variable-width neural networks. This refreshing interpretation of equivariant neural network
is the focus of our invited contribution to the widely read “What-is” series in the Notices of the MS [
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