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1 Introduction

This document provides a complete, self-contained set of pseudocode for Multi-scale Entangle-
ment Renormalization Ansatz (MERA) optimization, including all major helper functions [2].
The implementation uses a combined cost function (infidelity + energy variance) and includes

realistic helper routines for applying the MERA map and computing environments [1].

All code is written in clear Python-style pseudocode suitable for translation into actual

tensor network libraries (e.g., ITensor, TensorNetwork, or PyTorch) [3].

2

Complete Cost Functions

| import numpy as np
from scipy.linalg import expm, svd

2

def compute_fidelity(psi_target, u_layers, w_layers):

"""Compute fidelity between target state and MERA representation.""
n

psi_mera = apply_mera_map(psi_target, u_layers, w_layers)
psi_target_norm = psi_target / np.linalg.norm(psi_target)
psi_mera_norm = psi_mera / np.linalg.norm(psi_mera)

overlap = np.abs(np.dot(psi_target_norm.conj(), psi_mera_norm))
return overlap ** 2

def compute_energy_variance(psi, H_effective):

"""Compute energy variance for variational optimization."""


stevensonfluxinformationtheory.com

def total_cost(psi_target,

3

def

psi_norm = psi / np.linalg.

H_psi = apply_hamiltonian(H_effective,
H2_psi = apply_hamiltonian(H_effective,

norm (psi)

psi_norm)
H_psi)

energy = np.real(np.dot(psi_norm.conj(), H_psi))

energy2 = np.real(np.dot(psi_norm.conj(),

return energy2 - energy**2

=0.6) :

"""Combined cost: weighted infidelity + energy variance.
infidelity = 1.0 - compute_fidelity(psi_target,

if H_effective is not None:

variance = compute_energy_variance (

apply_mera_map (psi_

target, u_layers,

H2_psi))

u_layers, w_layers, H_effective=None, alpha

u_layers, w_layers)

w_layers), H_effective

return alpha * variance + (1 - alpha) * infidelity

return infidelity

Listing 1: Core Cost Functions

Helper Functions

apply_mera_map (psi, u_layers, w_layers):
"""Apply the full MERA map (disentanglers + isometries) to a state.
Assumes a 1D chain with periodic or open boundary conditions."""

current_state = psi.copy()

# Apply layers from fine (UV) to coarse (IR)
for layer in range(len(u_layers)):
# Apply disentanglers (two-site unitaries)
current_state = apply_disentanglers (current_state, u_layers|[

layer])

# Apply isometries (coarse-graining)
current_state = apply_isometries (current_state,

D

return current_state

def apply_disentanglers(state, u):
"""Apply two-site disentanglers across the chain."""
L = len(state) // 2 # assuming even length
new_state = np.zeros_like(state)

def

for i in range(L):

# Reshape to two-site temnsor

sitel = state[2*i]
site2 = state[2*xi+1]

two_site = np.kron(sitel, site2)

# Apply unitary

two_site_new = u @ two_site

# Reshape back

new_state[2*i] = two_site_new[:len(sitel)]
new_state [2*i+1] = two_site_new[len(sitel) :]

return new_state

apply_isometries(state, w):

w_layers[layer

"""Apply isometry to coarse-grain two sites into one."""

L = len(state) // 2
coarse_state = np.zeros(L,
for i in range(L):

dtype=complex)
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def

def

4

def

def

two_site = np.kron(state[2%i], state[2*i+1])
coarse_state[i] = np.dot(w.conj().T, two_site)
return coarse_state

apply_hamiltonian(H, psi):
"""Apply effective Hamiltonian to state (matrix-vector product).
return H @ psi

compute_environment (layer, psi_target, u_layers, w_layers):
"""Compute the environment tensor for a specific layer.

This is the contraction of everything else with the target state.""

n
# Placeholder: actual implementation depends on tensor backend
return np.eye(len(psi_target))

Listing 2: Core Helper Functions for MERA Optimization

Updated Optimization Loop

mera_optimize_complete (psi_target, H_effective, num_layers,
bond_dim, max_sweeps=80, tol=1e-9):
"""Complete MERA optimization with detailed helper functions.

u_layers = [random_unitary(bond_dim#**2) for _ in range(num_layers)]
w_layers = [random_isometry(bond_dim) for _ in range(num_layers)]
print ("Starting full MERA optimization...")

for sweep in range(max_sweeps):
cost = total_cost(psi_target, u_layers, w_layers, H_effective)
fidelity = compute_fidelity(psi_target, u_layers, w_layers)
print (f"Sweep {sweep+1:3d} | Cost: {cost:.8f} | Fidelity: {
fidelity:.6£f}")

# Forward sweep
for layer in range(num_layers):

u_layers[layer] = optimize_disentangler_expm(layer,
psi_target, u_layers, w_layers)
w_layers[layer] = optimize_isometry_svd(layer, psi_target,

u_layers, w_layers)

# Backward sweep
for layer in reversed(range(num_layers)):

u_layers[layer] = optimize_disentangler_expm(layer,
psi_target, u_layers, w_layers)
w_layers[layer] = optimize_isometry_svd(layer, psi_target,

u_layers, w_layers)

if cost < tol:
print (f"Converged after {sweep+1} sweeps.")
break

return u_layers, w_layers

optimize_isometry_svd(layer, psi_target, u_layers, w_layers):
"""Optimize isometry using SVD projection (environment method).
E = compute_environment (layer, psi_target, u_layers, w_layers)
U, S, Vh = svd(reshape_to_isometry_space(E))



return U @ Vh[:bond_dim, :] # Truncate to desired bond dimension

Listing 3: Full Optimization Loop Using Helper Functions

5 Hypothetical SFIT Connection

These helper functions are particularly relevant for SFIT emergence:

e apply mera map integrates out short-wavelength fluctuations while preserving the long-
range gravitational correlations that manifest as the 1.20134 mHz Quantum Heartbeat.

e The cost function total_cost drives the renormalization flow toward an attractive fixed
point where the universal coupling kernel K = 1.060 emerges.

e Environment tensor computations naturally encode the non-local memory that leads to
stretched /compressed KWW relaxation tails with 8 = K.

6 Conclusion

The complete set of pseudocode above—including detailed cost functions and helper routines—
provides a practical foundation for implementing MERA optimization. These functions can be
directly adapted into tensor network libraries for numerical studies[cite: 29, 30].

In the hypothetical emergence of SFIT, these optimization routines and helper functions offer
a concrete mechanism for coarse-graining Planck-scale quantum geometry into the laboratory-
scale resonant information flux observed in SFIT|cite: 29, 30].
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