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1. Motivation

« Speed: many paths candidates require
efficient algorithmes.

« Differentiability requires end-to-end
automatic differentiation (AD) (e.q.,
Sionna RT or DiffeRT)

o GPU constraints: avoid branching (if-
else), warp divergence, low memory.
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2. State of the Art

« Image method: exact and very fast for
reflection-only paths.
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2. State of the Art

Image method: exact and very fast for
reflection-only paths.

Min-Path-Tracing and Fermat-based
minimization methods support richer
Interactions.

Most RT tools use hybrid approaches and
split reflection and diffraction
handling.

Cost: weaker GPU batching, more
branching, more memory.
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2. State of the Art

A Image method
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3. Methodology I: Problem Formulation

Restrict to planar reflectors and straight diffraction edges.

Use uniform parametrization for interaction points
Xj = Aiti £ bir

where t; are the local coordinates on the i-th object in a basis A
from a reference point b;.

Fermat — convex path-length minimization.
Shared tensor layout for reflections and diffractions.

No interaction-specific branches in the solver.
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3. Methodology I: Problem Formulation

argmin L(T; A, B)
T=(t0,...,tn+1)

A2 >k
[ n

with
N
B) =) X1 - Xi
i=0
and
X; = Ajt; + b;

Xn+1
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Methodology II: BFGS Solver

Init. Ty, By (parameters & inverse Hessian).
Direction: Pk = —BkVTL(Tk).
Update: Ty,q = Ty + aipy (a found using iterative line search).

BFGS with S = Tk+'| = Tkr Yk = VTL(Tk+1) = VTL(Tk).
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Methodology II: BFGS Solver

Init. Ty, By (parameters & inverse Hessian).

Direction: py = -B, V1L(Ty).

Update: Ty, = Ty + aipy (a found using iterative line search).
BFGS with s; = Ty 11 = T, Yk = VTL(Tye1) = VTL(T)).

Fixed K iterations — uniform GPU kernels.
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Methodology II: BFGS Solver

e i

Why BFGS over mixed Newton/GD?

« Newton method is sensitive to
ill-conditioned Hessians.

« Thisis common with zero-
padded diffraction dimensions.

. BFGS avoids true-Hessian
inversion and supports
stronger line search.
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Methodology III: Reverse-Mode AD
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Methodology IV: Implicit Differentiation

Reverse-mode AD stores all intermediate states.
Unrolling K iterations costs O(K) memory and O(K) backward time.

In large batches, this dominates runtime (and possible memory).
Use implicit function theorem at the converged solution (no unroll).

Result: same (exact) gradients, without intermediate storage
and reverse iterations.

Motivation State of the Art [ Approach ] Results Future




