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Emergent Bulk Geometry from Temperature-Dependent Magnetization Data in
Smy ¢Sry4MnO; and Smg_,La,SrysMnO; via Deep Learning with a ¢* Potential

Your Name
Your Affiliation

(Dated: February 10, 2025)

We present a data-driven holographic modeling approach by mapping temperature-dependent
magnetization versus magnetic field data onto boundary conditions for a bulk scalar field. Following
the strategy of Hashimoto et al. [1], we recast the scalar field evolution in an asymptotically Anti-de
Sitter (AdS) space as a discretized deep neural network whose trainable parameters are interpreted
as components of the emergent bulk metric. In our analysis we include a ¢* potential term so
that the evolution equation for the conjugate momentum includes a nonlinear contribution. We
consider two material systems: (i) Smg ¢Sro4MnO3 (Material [2]) and (ii) Smg.¢—4La,Sro.4MnOs3
with z = 0.4 (Material [3]). Synthetic boundary datasets at 10K, 50K, and 100K are generated
for each material and used to train the network. We extract the emergent bulk metric h(n) and
compare the results between the two systems. Our findings indicate that the emergent geometry is
sensitive to both temperature and material composition.

I. INTRODUCTION

The Anti-de Sitter/Conformal Field Theory (AdS/CFT) correspondence has revolutionized our understanding of
strongly coupled systems by establishing a duality between a gravitational theory in a d+1-dimensional AdS spacetime
and a conformal field theory on its d-dimensional boundary [4-6|. Recently, Hashimoto et al. [1| introduced a novel
method that recasts the bulk scalar field equations as a deep neural network, where the discretized radial coordinate
is interpreted as network depth and the trainable weights represent components of the emergent bulk metric. This
approach offers a new route for the inverse holographic problem—namely, reconstructing bulk geometry from boundary
data.

Deep learning has found numerous applications in physics. For instance, Carleo and Troyer |[7] showed that neural
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