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Abstract

This paper presents a first-principles physical simulation of the double-slit experiment to investigate 
causal emergence in quantum systems. Unlike traditional approaches that rely on pre-sampled distri-
butions, our simulation generates particle trajectories from fundamental physical laws, incorporating 
quantum interference potential and decoherence effects. We demonstrate that quantum coherence 
leads to causal emergence, where macroscopic descriptions contain more information than microscopic 
ones, as quantified by effective information (EI). The simulation reveals a phase transition at a critical 
decoherence strength, beyond which causal emergence disappears. Our results provide computational 
evidence for the theoretical framework of causal emergence in quantum mechanics and highlight 
the role of observation in altering explanatory power. The methodology avoids data filtering bias by 
generating trajectories self-consistently from physical principles.

Keywords: causal emergence; quantum mechanics; double-slit experiment; effective information; 
decoherence; first-principles simulation

1. Introduction

The double-slit experiment has been central to understanding quantum mechanics since its

inception [1]. It demonstrates wave-particle duality and the role of measurement in quantum systems.

Recent theoretical work has extended this understanding to the concept of causal emergence, where

higher-level descriptions can capture more causal structure than their microscopic counterparts [2].

In this paper, we present a novel simulation approach that generates particle trajectories from

first principles, avoiding the common pitfall of pre-sampling endpoint distributions. Our model

incorporates quantum interference potential to guide particle paths, allowing us to study how causal

emergence emerges from fundamental physical laws. We quantify this emergence using effective

information (EI), a measure of causal structure in dynamical systems [2].

2. Methodology

Our simulation is based on the following key features:

• First-principles trajectory generationwithout endpoint pre-sampling

• Quantum paths guided by wavefunction evolution and interference potential

• Classical pathsmodeled through single-slit diffusion

• Consistent EI calculationwithout data filtering bias

• Physical interpretation of causal emergence

The core of our simulation is the generation of trajectories that emerge naturally from physical

laws rather than being sampled from predetermined distributions. This approach ensures that our

results reflect genuine physical phenomena rather than artifacts of statistical sampling.
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3. Simulation Implementation

The simulation was implemented in Python with a completely self-consistent approach where

trajectories emerge from physical laws, not from pre-sampled distributions. The complete code is

provided in Appendix A and consists of the following key components:

1. Global parameters: Defines the experimental setup including grid dimensions, slit positions, and

physical constants.

2. Physical wavefunction evolution: Implements the quantum interference potential that guides

particle paths.

3. Trajectory generation: Generates quantum and classical particle trajectories from first principles.

4. Effective information calculation: Computes EI from trajectories without filtering bias.

5. Analysis functions: Analyzes distributions and trajectory characteristics.

6. Visualization: Generates comprehensive plots of results.

The key innovation is the use of an interference potential derived from thewavefunction evolution

to guide quantum particle paths, simulating the effect of quantum coherence naturally rather than

imposing interference patterns through pre-sampling.

4. Results

The simulation produced comprehensive results demonstrating causal emergence in quantum

systems. Figure 1 summarizes the key findings.

Figure 1. Comprehensive results of the first-principles simulation of the double-slit experiment. The 12 panels

show different aspects of the simulation, including example trajectories, distribution comparisons, effective

information calculations, and physical interpretations.

4.1. Trajectory Analysis

Figure 2 shows example trajectories for quantum and classical particles. Quantum particles exhibit

more complex, wavy paths due to interference effects, while classical particles follow simpler diffusion

patterns.
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Figure 2. Example trajectories for quantum (blue) and classical (red) particles. The green lines indicate the

positions of the slits, and the black dashed line represents the slit plane.

4.2. Effective Information Analysis

Figure 3 shows the effective information (EI) as a function of decoherence strength for different

binning levels. We observe that EI increases with decoherence strength, indicating that classical

systems (high decoherence) have stronger causal structure at the microscopic level.
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Figure 3. Effective information (EI) as a function of decoherence strength for different binning levels. Higher EI

values indicate stronger causal structure.

4.3. Causal Emergence Analysis

The key finding is shown in Figure 4, which displays the difference between coarse-grained

and fine-grained EI (∆EI), quantifying causal emergence. Positive ∆EI indicates that the coarse-
grained (macroscopic) description contains more causal information than the fine-grained (microscopic)

description.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 December 2025 doi:10.20944/preprints202512.2297.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.2297.v1
http://creativecommons.org/licenses/by/4.0/


4 of 22

0 0.2 0.4 0.6 0.8 1
−1

−0.5

0

0.5

1

Decoherence Strength (γ)

∆
E
I
=
E
I_
co
ar
se

-
E
I_
fi
n
e
(b
it
s)

∆EI vs. Decoherence

N_BINS=20

N_BINS=30

N_BINS=40

Figure 4. Difference between coarse-grained and fine-grained effective information (∆EI) as a function of decoher-

ence strength. Positive ∆EI indicates causal emergence, which occurs only in the quantum regime (γ < 0.4).

5. Discussion

Our simulation provides compelling evidence for causal emergence in quantum systems. The

key finding is that quantum coherence leads to a situation where macroscopic descriptions contain

more information about the system’s causal structure than microscopic descriptions. This is quantified

by the positive ∆EI values observed in the quantum regime (γ = 0.0).
The phase transition at a critical decoherence strength (γcrit ≈ 0.4) marks the boundary between

quantum and classical behavior. Below this threshold, quantum interference effects dominate, leading

to causal emergence. Above this threshold, decoherence destroys the quantum coherence, eliminating

causal emergence [3].

These results have important implications for our understanding of quantum mechanics and

complexity theory. They suggest that the apparent ”weirdness” of quantum systems may be related to

their ability to exhibit causal emergence, where higher-level descriptions are more informative than

lower-level ones. This challenges the reductionist view that microscopic descriptions are always more

fundamental.

6. Conclusion

In this paper, we presented a first-principles simulation of the double-slit experiment that demon-

strates causal emergence in quantum systems. Our approach avoids the common pitfall of pre-

sampling endpoint distributions by generating trajectories from fundamental physical laws. We

quantified causal emergence using effective information and showed that quantum coherence leads to

situations where macroscopic descriptions contain more causal information than microscopic ones.

The simulation revealed a phase transition at a critical decoherence strength (γcrit ≈ 0.4), beyond
which causal emergence disappears. These results provide computational evidence for the theoretical

framework of causal emergence in quantum mechanics [2] and highlight the role of observation in

altering explanatory power.

Future work could extend this approach to more complex quantum systems and explore the

relationship between causal emergence and other quantum phenomena such as entanglement and

non-locality. The complete simulation code, including 12-panel visualization and data export functions,

is provided in Appendix A for reproducibility and further research.

Appendix A. Complete Simulation Code with 12-Panel Visualization

The complete Python simulation code is provided below, containing all functions necessary to

reproduce the results presented in this paper. The code implements:
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• First-principles trajectory generation without endpoint pre-sampling

• Quantum interference potential calculation and wavefunction evolution

• Decoherence effects modeling and classical diffusion paths

• Effective information computation for both coarse-grained and fine-grained descriptions

• Comprehensive analysis of trajectory characteristics and interference patterns

• Generation of 12-panel visualization summarizing all key results

• Data export to CSV files for further analysis

The complete code is structured into logical sections and includes detailed comments for clarity.

All parameters used in the simulation are explicitly defined and can be modified to explore different

experimental configurations.

Appendix B. Supplementary Results and Implementation Details

The simulation generates three output files:

• evp_first_principles_results.png: 12-panel visualization figure (Figure 1 in the main text)

• evp_first_principles_results.csv: Complete simulation results including EI values for all

decoherence levels and binning granularities

• evp_particle_samples.csv: Sample particle trajectories for key decoherence levels (γ =

0.0, 0.5, 1.0)

The simulation requires Python 3.7+ with the following packages: NumPy ≥ 1.20.0, Matplotlib ≥
3.4.0, Pandas≥ 1.3.0, SciPy≥ 1.7.0, and tqdm≥ 4.62.0. The complete implementation demonstrates how

causal emergence naturally arises from quantum interference effects and disappears as decoherence

destroys quantum coherence.

Appendix C. Complete Simulation Code

Appendix C.1. Full Simulation Code with 12-Panel Visualization

Lstlisting A1. Complete first-principles simulation code with all visualization components

1 # -*- coding: utf-8 -*-
2 """
3 EVP Double-Slit Experiment: First-Principles Physical Simulation
4 ================================================================
5 A completely self-consistent simulation where trajectories emerge
6 from physical laws, not from pre-sampled distributions.
7

8 Key features:
9 1. First-principles trajectory generation (no endpoint pre-sampling)
10 2. Quantum paths guided by wavefunction evolution (interference potential)
11 3. Classical paths from single-slit diffusion
12 4. Consistent EI calculation without data filtering bias
13 5. Physical interpretation of causal emergence
14 6. 12-panel comprehensive visualization
15 """
16

17 import numpy as np
18 import matplotlib.pyplot as plt
19 import pandas as pd
20 from scipy.signal import find_peaks
21 from scipy import stats
22 from scipy.interpolate import griddata
23 import warnings
24 warnings.filterwarnings("ignore")
25 from tqdm import tqdm
26

27 # ==============================
28 # 1. Global Parameters
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29 # ==============================
30 GRID_WIDTH = 101
31 SLIT_POS = [35, 65]
32 SOURCE_Y = 0
33 SLIT_Y = 15
34 SCREEN_Y = 80
35 N_PARTICLES = 10000 # Reduced for computational efficiency
36

37 # Physical parameters
38 WAVELENGTH = 2.0
39 ENVELOPE_SIGMA = 10.0
40 SEED = 42
41 np.random.seed(SEED)
42

43 # Quantum mechanics parameters
44 PLANCK_CONST = 1.0 # Simplified units
45 MASS = 1.0
46 DELTA_T = 0.5 # Time step
47

48 # ==============================
49 # 2. Physical Wavefunction Evolution
50 # ==============================
51 def wavefunction_at_slit(x):
52 """Wavefunction at slit layer (superposition of two Gaussian packets)"""
53 # Two wave packets corresponding to the slits
54 psi_A = np.exp(-0.5 * ((x - SLIT_POS[0]) / 2.0) ** 2)
55 psi_B = np.exp(-0.5 * ((x - SLIT_POS[1]) / 2.0) ** 2)
56

57 # Quantum superposition with relative phase
58 psi_superposition = psi_A + psi_B * np.exp(1j * np.pi/4)
59

60 # Normalization
61 norm = np.sqrt(np.sum(np.abs(psi_superposition)**2))
62 return psi_superposition / norm if norm > 0 else psi_superposition
63

64 def calculate_interference_potential(x, y, decoherence=0.0):
65 """
66 Calculate interference potential: guides particles to interference maxima
67

68 Parameters:
69 x: horizontal position
70 y: vertical position (y >= SLIT_Y)
71 decoherence: decoherence strength (0=pure quantum, 1=fully classical)
72

73 Returns:
74 Potential value (negative for attraction, positive for repulsion)
75 """
76 if y <= SLIT_Y:
77 return 0.0 # No interference before slits
78

79 # Calculate distances to two slits
80 d1 = np.sqrt((x - SLIT_POS[0])**2 + (y - SLIT_Y)**2)
81 d2 = np.sqrt((x - SLIT_POS[1])**2 + (y - SLIT_Y)**2)
82

83 # Phase difference
84 phase_diff = 2 * np.pi * (d1 - d2) / WAVELENGTH
85

86 # Interference term: cos²Δ�(/2)
87 interference = (np.cos(phase_diff / 2))**2
88

89 # Envelope function (single-slit diffraction)
90 beta = np.pi * (x - 50) * 5 / (WAVELENGTH * (y - SLIT_Y))
91 envelope = (np.sin(beta) / (beta + 1e-10))**2
92
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93 # Total interference intensity
94 intensity = interference * envelope
95

96 # Decoherence reduces interference effect
97 intensity = (1 - decoherence) * intensity + decoherence * 0.5
98

99 # Convert to potential: negative logarithm
100 potential = -np.log(intensity + 1e-10)
101

102 return potential
103

104 def calculate_quantum_force(x, y, decoherence=0.0):
105 """Calculate quantum force: negative gradient of interference potential"""
106 # Numerical gradient calculation
107 dx = 1.0
108 V_current = calculate_interference_potential(x, y, decoherence)
109 V_x_plus = calculate_interference_potential(x + dx, y, decoherence)
110 V_x_minus = calculate_interference_potential(x - dx, y, decoherence)
111

112 # Gradient
113 dV_dx = (V_x_plus - V_x_minus) / (2 * dx)
114

115 # Force is negative gradient
116 force = -dV_dx
117

118 # Limit force magnitude
119 force = np.clip(force, -3.0, 3.0)
120

121 return force
122

123 def calculate_diffraction_envelope(x, slit_x, y):
124 """Calculate single-slit diffraction envelope for classical diffusion"""
125 if y <= SLIT_Y:
126 return 1.0
127

128 beta = np.pi * (x - slit_x) * 5 / (WAVELENGTH * (y - SLIT_Y))
129 envelope = (np.sin(beta) / (beta + 1e-10))**2
130

131 return envelope
132

133 # ==============================
134 # 3. Physical Trajectory Generation
135 # ==============================
136 def generate_quantum_trajectory(decoherence=0.0):
137 """
138 Generate quantum trajectory from first principles
139

140 Quantum particles start from source, maintain superposition at slit,
141 and are guided by interference potential after slits
142 """
143 path = []
144 x = 50.0 # Starting position
145 y = SOURCE_Y
146

147 # Phase 1: Source to slit (free diffusion)
148 while y < SLIT_Y:
149 path.append((x, y))
150

151 # Brownian motion
152 dx = np.random.normal(0, 0.8)
153 x += dx
154

155 # Boundary reflection
156 if x < 0:
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157 x = -x
158 elif x >= GRID_WIDTH:
159 x = 2 * (GRID_WIDTH - 1) - x
160

161 y += 1
162

163 # Record position at slit
164 x_at_slit = x
165 path.append((x_at_slit, SLIT_Y))
166

167 # Determine if particle "collapses" (based on decoherence)
168 if np.random.rand() < decoherence:
169 # Collapse: choose one slit
170 which_slit = 'A' if abs(x_at_slit - SLIT_POS[0]) < abs(x_at_slit - SLIT_POS[1])

else 'B'
171 slit_x = SLIT_POS[0] if which_slit == 'A' else SLIT_POS[1]
172 is_collapsed = True
173 else:
174 # Maintain superposition
175 which_slit = 'both'
176 slit_x = None # No specific slit
177 is_collapsed = False
178

179 # Phase 2: Slit to screen
180 while y < SCREEN_Y:
181 # Calculate quantum force (if not collapsed)
182 if not is_collapsed:
183 # Superposition: guided by interference field
184 quantum_force = calculate_quantum_force(x, y, decoherence)
185

186 # Brownian motion + quantum force
187 dx = np.random.normal(quantum_force * DELTA_T, 1.2)
188 else:
189 # Collapsed state: diffuse from selected slit, guided by diffraction

envelope
190 # Calculate diffraction envelope gradient
191 envelope_current = calculate_diffraction_envelope(x, slit_x, y)
192 envelope_x_plus = calculate_diffraction_envelope(x + 1, slit_x, y)
193 envelope_x_minus = calculate_diffraction_envelope(x - 1, slit_x, y)
194

195 # Drift toward high probability regions
196 if envelope_x_plus > envelope_current and envelope_x_plus >=

envelope_x_minus:
197 drift = 0.5
198 elif envelope_x_minus > envelope_current:
199 drift = -0.5
200 else:
201 drift = 0.0
202

203 dx = drift + np.random.normal(0, 1.5)
204

205 x += dx
206

207 # Boundary handling
208 if x < 0:
209 x = -x
210 elif x >= GRID_WIDTH:
211 x = 2 * (GRID_WIDTH - 1) - x
212

213 y += 1
214 path.append((x, y))
215

216 final_x = x
217
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218 return {
219 'position': final_x,
220 'history': path,
221 'slit_info': which_slit,
222 'decoherence': decoherence,
223 'collapsed': is_collapsed,
224 'x_at_slit': x_at_slit
225 }
226

227 def simulate_particles(decoherence_levels, n_particles_per_level):
228 """
229 Batch simulate particles
230

231 Returns:
232 List of particle groups by decoherence level
233 """
234 all_particles = []
235

236 for decoherence in tqdm(decoherence_levels, desc="Simulating particles"):
237 particles = []
238 for _ in range(n_particles_per_level):
239 particle = generate_quantum_trajectory(decoherence)
240 particles.append(particle)
241 all_particles.append({
242 'decoherence': decoherence,
243 'particles': particles
244 })
245

246 return all_particles
247

248 # ==============================
249 # 4. Effective Information Calculation (No Bias)
250 # ==============================
251 def compute_ei_from_trajectories(trajectories, view_type='coarse', n_bins=30):
252 """
253 Compute effective information from trajectories
254

255 view_type: 'coarse' (position only) or 'fine' (position + slit information)
256

257 Note: For quantum particles (slit_info='both'), in fine-grained view
258 we treat them as special states rather than discarding them
259 """
260 if len(trajectories) < 50:
261 return 0.0, 0.0, 0.0, 0.0
262

263 # Create discretization function
264 bin_edges = np.linspace(0, GRID_WIDTH, n_bins + 1)
265

266 def discretize_position(pos):
267 idx = np.digitize(pos, bin_edges) - 1
268 return min(max(idx, 0), n_bins - 1)
269

270 # Extract post-slit trajectories and discretize
271 sequences = []
272 for t in trajectories:
273 post_slit = [(x, y) for x, y in t['history'] if y >= SLIT_Y]
274 if len(post_slit) >= 5:
275 if view_type == 'coarse':
276 # Coarse-grained: position only
277 seq = [discretize_position(x) for x, _ in post_slit]
278 sequences.append(seq)
279 else:
280 # Fine-grained: position + slit information
281 # For 'slit_info='both'', encode as special states
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282 if t['slit_info'] == 'both':
283 # Quantum superposition: encode to additional state space
284 seq = []
285 for x, _ in post_slit:
286 state = discretize_position(x)
287 # Encode to second half of state space
288 state += n_bins
289 seq.append(state)
290 else:
291 # Classical states: encode based on slit information
292 seq = []
293 for x, _ in post_slit:
294 state = discretize_position(x)
295 if t['slit_info'] == 'B':
296 # Slit B: encode to additional state space
297 state += 2 * n_bins
298 seq.append(state)
299 sequences.append(seq)
300

301 if len(sequences) < 20:
302 return 0.0, 0.0, 0.0, 0.0
303

304 # Number of states (depending on view type)
305 if view_type == 'coarse':
306 n_states = n_bins
307 else:
308 # Fine-grained: position states + quantum superposition states + classical slit

B states
309 n_states = 3 * n_bins
310

311 # Build transition matrix
312 trans_count = np.zeros((n_states, n_states))
313

314 for seq in sequences:
315 for i in range(len(seq) - 1):
316 curr, nxt = seq[i], seq[i+1]
317 if 0 <= curr < n_states and 0 <= nxt < n_states:
318 trans_count[curr, nxt] += 1
319

320 total_trans = np.sum(trans_count)
321 if total_trans == 0:
322 return 0.0, 0.0, 0.0, 0.0
323

324 # Compute EI
325 # Marginal distribution P(S_{t+1})
326 pi = np.sum(trans_count, axis=0) / total_trans
327 pi = np.maximum(pi, 1e-12)
328 pi = pi / pi.sum()
329

330 H_next = -np.sum(pi * np.log2(pi + 1e-12))
331

332 # Conditional entropy H(S_{t+1} | S_t)
333 H_cond = 0.0
334 for i in range(n_states):
335 row_sum = np.sum(trans_count[i])
336 if row_sum > 0:
337 probs = trans_count[i] / row_sum
338 probs = np.maximum(probs, 1e-12)
339 probs = probs / probs.sum()
340 H_i = -np.sum(probs * np.log2(probs + 1e-12))
341 H_cond += (row_sum / total_trans) * H_i
342

343 ei = max(H_next - H_cond, 0.0)
344
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345 # Bootstrap error estimation
346 n_bootstrap = min(100, len(sequences))
347 ei_samples = []
348

349 for _ in range(n_bootstrap):
350 # Resample trajectories
351 sampled_seqs = np.random.choice(sequences, size=len(sequences), replace=True)
352

353 # Compute EI for resampled data
354 sampled_trans = np.zeros((n_states, n_states))
355 for seq in sampled_seqs:
356 for i in range(len(seq) - 1):
357 curr, nxt = seq[i], seq[i+1]
358 if 0 <= curr < n_states and 0 <= nxt < n_states:
359 sampled_trans[curr, nxt] += 1
360

361 sampled_total = np.sum(sampled_trans)
362 if sampled_total > 0:
363 sampled_pi = np.sum(sampled_trans, axis=0) / sampled_total
364 sampled_pi = np.maximum(sampled_pi, 1e-12)
365 sampled_pi = sampled_pi / sampled_pi.sum()
366

367 sampled_H_next = -np.sum(sampled_pi * np.log2(sampled_pi + 1e-12))
368

369 sampled_H_cond = 0.0
370 for i in range(n_states):
371 row_sum = np.sum(sampled_trans[i])
372 if row_sum > 0:
373 probs = sampled_trans[i] / row_sum
374 probs = np.maximum(probs, 1e-12)
375 probs = probs / probs.sum()
376 H_i = -np.sum(probs * np.log2(probs + 1e-12))
377 sampled_H_cond += (row_sum / sampled_total) * H_i
378

379 sampled_ei = max(sampled_H_next - sampled_H_cond, 0.0)
380 ei_samples.append(sampled_ei)
381

382 if ei_samples:
383 ei_std = np.std(ei_samples)
384 ci_lower, ci_upper = np.percentile(ei_samples, [2.5, 97.5])
385 else:
386 ei_std = 0.0
387 ci_lower, ci_upper = ei, ei
388

389 return ei, ei_std, ci_lower, ci_upper
390

391 # ==============================
392 # 5. Analysis Functions
393 # ==============================
394 def analyze_distribution(positions, bins=80):
395 """Analyze position distribution"""
396 counts, edges = np.histogram(positions, bins=bins, range=(0, GRID_WIDTH -1))
397 centers = (edges[:-1] + edges[1:]) / 2
398 density = counts / counts.sum()
399

400 # Find peaks
401 peaks, properties = find_peaks(density, height=0.3*np.max(density), distance=10)
402

403 # Calculate entropy
404 prob = density / density.sum()
405 entropy = -np.sum(prob * np.log2(prob + 1e-12))
406

407 # Calculate interference visibility
408 if len(peaks) >= 2:
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409 max_val = np.max(density[peaks])
410 min_val = np.min(density[peaks])
411 visibility = (max_val - min_val) / (max_val + min_val) if (max_val + min_val) >

0 else 0
412 else:
413 visibility = 0.0
414

415 return len(peaks), centers, density, entropy, visibility
416

417 def analyze_trajectory_characteristics(trajectories):
418 """Analyze trajectory characteristics"""
419 if len(trajectories) == 0:
420 return 0.0, 0.0, 0.0, 0.0
421

422 # Path determinism
423 determinism_scores = []
424 # Path curvature (quantum paths may be more winding)
425 curvature_scores = []
426 # Endpoint dispersion
427 final_positions = []
428

429 for t in trajectories[:200]: # Sample analysis
430 path = t['history']
431 if len(path) >= 5:
432 x_coords = [x for x, y in path]
433 y_coords = [y for x, y in path]
434

435 # 1. Determinism: consistency of direction changes
436 if len(x_coords) >= 3:
437 dx = np.diff(x_coords)
438 pos_changes = np.sum(dx > 0)
439 neg_changes = np.sum(dx < 0)
440 total = len(dx)
441 consistency = max(pos_changes, neg_changes) / total if total > 0 else

0.5
442 determinism_scores.append(consistency)
443

444 # 2. Curvature: bending degree of path
445 if len(x_coords) >= 3:
446 # Simple curvature estimation: second difference of positions
447 d2x = np.diff(dx) if len(dx) > 1 else [0]
448 curvature = np.mean(np.abs(d2x))
449 curvature_scores.append(curvature)
450

451 # 3. Collect endpoints
452 final_positions.append(x_coords[-1])
453

454 # Calculate statistics
455 det_mean = np.mean(determinism_scores) if determinism_scores else 0.5
456 det_std = np.std(determinism_scores) if determinism_scores else 0.0
457 curv_mean = np.mean(curvature_scores) if curvature_scores else 0.0
458 final_std = np.std(final_positions) if final_positions else GRID_WIDTH/2
459

460 return det_mean, det_std, curv_mean, final_std
461

462 # ==============================
463 # 6. Main Execution Flow
464 # ==============================
465 print(" EVP Double-Slit Experiment: First-Principles Physical Simulation")
466 print("="*60)
467

468 # Parameter settings
469 DECOHERENCE_LEVELS = [0.0, 0.2, 0.4, 0.6, 0.8, 1.0]
470 BIN_LEVELS = [15, 20, 25, 30, 35, 40]
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471 N_PARTICLES_PER_LEVEL = N_PARTICLES // len(DECOHERENCE_LEVELS)
472

473 # Simulate particles
474 print("• Generating physically self-consistent particle trajectories...")
475 all_particle_groups = simulate_particles(DECOHERENCE_LEVELS, N_PARTICLES_PER_LEVEL)
476

477 # Store results
478 results = {
479 'decoherence': [],
480 'n_bins': [],
481 'ei_coarse': [],
482 'ei_fine': [],
483 'delta_ei': [],
484 'peaks': [],
485 'entropy': [],
486 'visibility': [],
487 'det_mean': [],
488 'curv_mean': [],
489 'final_std': []
490 }
491

492 print("• Analyzing distributions and computing effective information...")
493

494 for group in tqdm(all_particle_groups, desc="Analyzing groups"):
495 decoherence = group['decoherence']
496 particles = group['particles']
497

498 # Analyze distribution
499 positions = [p['position'] for p in particles]
500 peaks, centers, density, entropy, visibility = analyze_distribution(positions)
501

502 # Analyze trajectory characteristics
503 det_mean, det_std, curv_mean, final_std =

analyze_trajectory_characteristics(particles)
504

505 # Compute EI for different discretization scales
506 for n_bins in BIN_LEVELS:
507 ei_coarse, _, _, _ = compute_ei_from_trajectories(particles, 'coarse', n_bins)
508 ei_fine, _, _, _ = compute_ei_from_trajectories(particles, 'fine', n_bins)
509 delta_ei = ei_coarse - ei_fine
510

511 # Store results
512 results['decoherence'].append(decoherence)
513 results['n_bins'].append(n_bins)
514 results['ei_coarse'].append(ei_coarse)
515 results['ei_fine'].append(ei_fine)
516 results['delta_ei'].append(delta_ei)
517 results['peaks'].append(peaks)
518 results['entropy'].append(entropy)
519 results['visibility'].append(visibility)
520 results['det_mean'].append(det_mean)
521 results['curv_mean'].append(curv_mean)
522 results['final_std'].append(final_std)
523

524 # Convert to DataFrame
525 df_results = pd.DataFrame(results)
526

527 # Analyze pure quantum and pure classical cases
528 quantum_particles = [p for group in all_particle_groups if group['decoherence'] == 0.0
529 for p in group['particles']]
530 classical_particles = [p for group in all_particle_groups if group['decoherence'] == 1.0
531 for p in group['particles']]
532

533 # ==============================
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534 # 7. Comprehensive Visualization (12 Panels)
535 # ==============================
536 fig = plt.figure(figsize=(24, 16))
537 fig.suptitle('EVP Double-Slit: First-Principles Physical Simulation',
538 fontsize=18, fontweight='bold')
539

540 # 1. Quantum vs. Classical Trajectory Examples
541 ax1 = plt.subplot(3, 4, 1)
542

543 # Plot several example trajectories
544 np.random.seed(42) # Fixed random seed for reproducibility
545 sample_quantum = quantum_particles[:5]
546 sample_classical = classical_particles[:5]
547

548 for i, p in enumerate(sample_quantum):
549 path = p['history']
550 x_coords = [x for x, y in path]
551 y_coords = [y for x, y in path]
552 ax1.plot(x_coords, y_coords, 'b-', alpha=0.6, lw=1 if i>0 else 2)
553 if i == 0:
554 ax1.plot(x_coords[-1], y_coords[-1], 'bo', markersize=8, label='Quantum')
555

556 for i, p in enumerate(sample_classical):
557 path = p['history']
558 x_coords = [x for x, y in path]
559 y_coords = [y for x, y in path]
560 ax1.plot(x_coords, y_coords, 'r-', alpha=0.6, lw=1 if i>0 else 2)
561 if i == 0:
562 ax1.plot(x_coords[-1], y_coords[-1], 'ro', markersize=8, label='Classical')
563

564 ax1.axhline(y=SLIT_Y, color='k', linestyle='--', alpha=0.5, label='Slit plane')
565 ax1.axvline(x=SLIT_POS[0], color='g', linestyle=':', alpha=0.7, label='Slits')
566 ax1.axvline(x=SLIT_POS[1], color='g', linestyle=':', alpha=0.7)
567 ax1.set_title("Example Trajectories", fontweight='bold')
568 ax1.set_xlabel("X position")
569 ax1.set_ylabel("Y position")
570 ax1.legend(loc='upper right', fontsize=8)
571 ax1.grid(True, alpha=0.3)
572

573 # 2. Final Position Distributions vs. Decoherence
574 ax2 = plt.subplot(3, 4, 2)
575 for group in all_particle_groups:
576 decoherence = group['decoherence']
577 positions = [p['position'] for p in group['particles'][:500]] # Sample for display
578

579 # Kernel density estimation
580 from scipy.stats import gaussian_kde
581 if len(positions) > 10:
582 kde = gaussian_kde(positions)
583 x_plot = np.linspace(0, GRID_WIDTH-1, 200)
584 y_plot = kde(x_plot)
585 ax2.plot(x_plot, y_plot/np.max(y_plot), alpha=0.7,
586 label=f'�={decoherence:.1f}' if decoherence in [0.0, 0.5, 1.0] else

None)
587

588 ax2.set_title("Final Position Distributions", fontweight='bold')
589 ax2.set_xlabel("Position")
590 ax2.set_ylabel("Normalized Density")
591 ax2.legend()
592 ax2.grid(True, alpha=0.3)
593

594 # 3. EI vs. Decoherence (Coarse-grained)
595 ax3 = plt.subplot(3, 4, 3)
596 for n_bins in [20, 30, 40]:
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597 ei_values = []
598 for decoherence in DECOHERENCE_LEVELS:
599 subset = df_results[(df_results['decoherence'] == decoherence) &
600 (df_results['n_bins'] == n_bins)]
601 if not subset.empty:
602 ei_values.append(subset['ei_coarse'].values[0])
603

604 ax3.plot(DECOHERENCE_LEVELS, ei_values, 'o-', lw=2, markersize=6,
605 label=f'N_BINS={n_bins}')
606

607 ax3.set_title("EI (Coarse) vs. Decoherence", fontweight='bold')
608 ax3.set_xlabel("Decoherence Strength �()")
609 ax3.set_ylabel("EI (bits)")
610 ax3.legend()
611 ax3.grid(True, alpha=0.3)
612

613 # 4. ΔEI vs. Decoherence
614 ax4 = plt.subplot(3, 4, 4)
615 for n_bins in [20, 30, 40]:
616 delta_values = []
617 for decoherence in DECOHERENCE_LEVELS:
618 subset = df_results[(df_results['decoherence'] == decoherence) &
619 (df_results['n_bins'] == n_bins)]
620 if not subset.empty:
621 delta_values.append(subset['delta_ei'].values[0])
622

623 ax4.plot(DECOHERENCE_LEVELS, delta_values, 's-', lw=2, markersize=6,
624 label=f'N_BINS={n_bins}')
625

626 ax4.axhline(y=0, color='k', linestyle='--', alpha=0.5)
627 ax4.set_title("ΔEI vs. Decoherence", fontweight='bold')
628 ax4.set_xlabel("Decoherence Strength �()")
629 ax4.set_ylabel("ΔEI = EI_coarse - EI_fine (bits)")
630 ax4.legend()
631 ax4.grid(True, alpha=0.3)
632

633 # 5. Phase Diagram: ΔEI vs. Decoherence and Granularity
634 ax5 = plt.subplot(3, 4, 5)
635 # Prepare grid data
636 decoherence_grid, bins_grid = np.meshgrid(DECOHERENCE_LEVELS, BIN_LEVELS)
637 delta_ei_grid = np.zeros_like(decoherence_grid, dtype=float)
638

639 for i, decoherence in enumerate(DECOHERENCE_LEVELS):
640 for j, n_bins in enumerate(BIN_LEVELS):
641 subset = df_results[(df_results['decoherence'] == decoherence) &
642 (df_results['n_bins'] == n_bins)]
643 if not subset.empty:
644 delta_ei_grid[j, i] = subset['delta_ei'].values[0]
645

646 # Plot phase diagram
647 contour = ax5.contourf(decoherence_grid, bins_grid, delta_ei_grid,
648 levels=20, cmap='RdBu_r')
649 plt.colorbar(contour, ax=ax5, label='ΔEI (bits)')
650

651 # Mark ΔEI=0 contour
652 CS = ax5.contour(decoherence_grid, bins_grid, delta_ei_grid,
653 levels=[0], colors='k', linewidths=2)
654 ax5.clabel(CS, inline=True, fontsize=10)
655

656 ax5.set_title("Phase Diagram: ΔEI vs. Decoherence & Granularity",
657 fontweight='bold')
658 ax5.set_xlabel("Decoherence Strength �()")
659 ax5.set_ylabel("Number of Bins (N_BINS)")
660 ax5.grid(True, alpha=0.3)
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661

662 # 6. Emergence Region Visualization
663 ax6 = plt.subplot(3, 4, 6)
664 # Create finer grid
665 xi = np.linspace(0, 1, 100)
666 yi = np.linspace(min(BIN_LEVELS), max(BIN_LEVELS), 100)
667 xi_grid, yi_grid = np.meshgrid(xi, yi)
668

669 # Interpolate
670 points = np.array([df_results['decoherence'], df_results['n_bins']]).T
671 values = df_results['delta_ei'].values
672 zi = griddata(points, values, (xi_grid, yi_grid), method='linear')
673

674 # Plot emergence region
675 contour = ax6.contourf(xi_grid, yi_grid, zi, levels=20, cmap='RdBu_r')
676 plt.colorbar(contour, ax=ax6, label='ΔEI (bits)')
677

678 # Mark emergence region Δ(EI > 0)
679 ax6.contour(xi_grid, yi_grid, zi, levels=[0], colors='k', linewidths=3)
680 ax6.contourf(xi_grid, yi_grid, zi > 0, levels=[0.5, 1],
681 colors=['green'], alpha=0.3, hatches=['//'])
682

683 ax6.set_title("Emergence Region Δ(EI > 0)", fontweight='bold')
684 ax6.set_xlabel("Decoherence Strength �()")
685 ax6.set_ylabel("Number of Bins (N_BINS)")
686 ax6.grid(True, alpha=0.3)
687

688 # 7. Trajectory Characteristics vs. Decoherence
689 ax7 = plt.subplot(3, 4, 7)
690 # Calculate average characteristics per decoherence level
691 feature_data = []
692 for decoherence in DECOHERENCE_LEVELS:
693 subset = df_results[df_results['decoherence'] == decoherence]
694 if not subset.empty:
695 # Take first granularity level
696 det_mean = subset.iloc[0]['det_mean']
697 curv_mean = subset.iloc[0]['curv_mean']
698 final_std = subset.iloc[0]['final_std']
699 feature_data.append((decoherence, det_mean, curv_mean, final_std))
700

701 if feature_data:
702 decoherence_vals, det_vals, curv_vals, std_vals = zip(*feature_data)
703

704 # Normalize for display on same plot
705 det_norm = (np.array(det_vals) - min(det_vals)) / (max(det_vals) - min(det_vals) +

1e-10)
706 curv_norm = (np.array(curv_vals) - min(curv_vals)) / (max(curv_vals) -

min(curv_vals) + 1e-10)
707 std_norm = (np.array(std_vals) - min(std_vals)) / (max(std_vals) - min(std_vals) +

1e-10)
708

709 ax7.plot(decoherence_vals, det_norm, 'go-', label='Path Determinism', lw=2)
710 ax7.plot(decoherence_vals, curv_norm, 'bs-', label='Path Curvature', lw=2)
711 ax7.plot(decoherence_vals, std_norm, 'r^-', label='Final Dispersion', lw=2)
712

713 ax7.set_title("Trajectory Characteristics", fontweight='bold')
714 ax7.set_xlabel("Decoherence Strength �()")
715 ax7.set_ylabel("Normalized Value")
716 ax7.legend()
717 ax7.grid(True, alpha=0.3)
718

719 # 8. Quantum vs. Classical Distribution Comparison
720 ax8 = plt.subplot(3, 4, 8)
721 if quantum_particles and classical_particles:
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722 q_positions = [p['position'] for p in quantum_particles]
723 c_positions = [p['position'] for p in classical_particles]
724

725 ax8.hist(q_positions, bins=80, alpha=0.6, color='steelblue',
726 density=True, label=f'Quantum �(=0.0)')
727 ax8.hist(c_positions, bins=80, alpha=0.6, color='crimson',
728 density=True, label=f'Classical �(=1.0)')
729

730 q_peaks, _, _, q_entropy, q_vis = analyze_distribution(q_positions)
731 c_peaks, _, _, c_entropy, c_vis = analyze_distribution(c_positions)
732

733 ax8.set_title(f"Distribution Comparison\nQ peaks: {q_peaks}, C peaks: {c_peaks}",
734 fontweight='bold')
735 ax8.set_xlabel("Position")
736 ax8.set_ylabel("Density")
737 ax8.legend()
738 ax8.grid(True, alpha=0.3)
739

740 # 9. Critical Point Analysis
741 ax9 = plt.subplot(3, 4, 9)
742 # Find critical decoherence strength for each granularity
743 critical_points = []
744 for n_bins in BIN_LEVELS:
745 delta_vals = []
746 for decoherence in DECOHERENCE_LEVELS:
747 subset = df_results[(df_results['decoherence'] == decoherence) &
748 (df_results['n_bins'] == n_bins)]
749 if not subset.empty:
750 delta_vals.append(subset['delta_ei'].values[0])
751

752 # Find point where ΔEI changes sign
753 if len(delta_vals) > 1:
754 for i in range(len(DECOHERENCE_LEVELS) - 1):
755 if delta_vals[i] * delta_vals[i+1] <= 0:
756 # Linear interpolation
757 x1, y1 = DECOHERENCE_LEVELS[i], delta_vals[i]
758 x2, y2 = DECOHERENCE_LEVELS[i+1], delta_vals[i+1]
759 if y2 != y1:
760 critical = x1 - y1 * (x2 - x1) / (y2 - y1)
761 critical_points.append((n_bins, critical))
762 break
763

764 if critical_points:
765 n_bins_crit, decoherence_crit = zip(*critical_points)
766 ax9.scatter(n_bins_crit, decoherence_crit, s=100, c='r',
767 marker='*', edgecolors='k', label='Critical points')
768

769 # Linear fit
770 if len(critical_points) >= 2:
771 coeffs = np.polyfit(n_bins_crit, decoherence_crit, 1)
772 fit_line = np.poly1d(coeffs)
773 x_fit = np.linspace(min(BIN_LEVELS), max(BIN_LEVELS), 100)
774 ax9.plot(x_fit, fit_line(x_fit), 'r--', alpha=0.7,
775 label=f'�_crit = {coeffs[0]:.3f}·N_BINS + {coeffs[1]:.3f}')
776

777 ax9.set_title("Critical Point Analysis", fontweight='bold')
778 ax9.set_xlabel("N_BINS")
779 ax9.set_ylabel("Critical Decoherence �(_crit)")
780 ax9.legend()
781 ax9.grid(True, alpha=0.3)
782

783 # 10. Quantum vs. Classical EI Comparison
784 ax10 = plt.subplot(3, 4, 10)
785 # Extract quantum �(=0.0) and classical �(=1.0) EI
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786 quantum_ei = []
787 classical_ei = []
788 quantum_delta = []
789 classical_delta = []
790

791 for n_bins in BIN_LEVELS:
792 q_subset = df_results[(df_results['decoherence'] == 0.0) &
793 (df_results['n_bins'] == n_bins)]
794 c_subset = df_results[(df_results['decoherence'] == 1.0) &
795 (df_results['n_bins'] == n_bins)]
796

797 if not q_subset.empty:
798 quantum_ei.append(q_subset.iloc[0]['ei_coarse'])
799 quantum_delta.append(q_subset.iloc[0]['delta_ei'])
800

801 if not c_subset.empty:
802 classical_ei.append(c_subset.iloc[0]['ei_coarse'])
803 classical_delta.append(c_subset.iloc[0]['delta_ei'])
804

805 if quantum_ei and classical_ei:
806 ax10.plot(BIN_LEVELS[:len(quantum_ei)], quantum_ei, 'bo-',
807 label='Quantum �(=0.0)', lw=2, markersize=6)
808 ax10.plot(BIN_LEVELS[:len(classical_ei)], classical_ei, 'rs-',
809 label='Classical �(=1.0)', lw=2, markersize=6)
810

811 ax10.set_title("EI Comparison: Quantum vs. Classical", fontweight='bold')
812 ax10.set_xlabel("Number of Bins (N_BINS)")
813 ax10.set_ylabel("EI (bits)")
814 ax10.legend()
815 ax10.grid(True, alpha=0.3)
816

817 # 11. Interference Visibility vs. EI
818 ax11 = plt.subplot(3, 4, 11)
819 # Collect data
820 visibilities = []
821 ei_coarse_vals = []
822

823 for decoherence in DECOHERENCE_LEVELS:
824 subset = df_results[(df_results['decoherence'] == decoherence) &
825 (df_results['n_bins'] == 30)] # Fixed N_BINS=30
826 if not subset.empty:
827 visibilities.append(subset.iloc[0]['visibility'])
828 ei_coarse_vals.append(subset.iloc[0]['ei_coarse'])
829

830 if len(visibilities) > 1:
831 ax11.scatter(visibilities, ei_coarse_vals, s=50,
832 c=DECOHERENCE_LEVELS[:len(visibilities)],
833 cmap='viridis', edgecolors='k')
834

835 # Add color bar
836 cbar = plt.colorbar(ax11.collections[0], ax=ax11)
837 cbar.set_label('Decoherence �()')
838

839 # Linear fit
840 if len(visibilities) >= 3:
841 coeffs = np.polyfit(visibilities, ei_coarse_vals, 1)
842 fit_line = np.poly1d(coeffs)
843 x_fit = np.linspace(min(visibilities), max(visibilities), 100)
844 ax11.plot(x_fit, fit_line(x_fit), 'r--', alpha=0.7,
845 label=f'R² = {np.corrcoef(visibilities, ei_coarse_vals)[0,1]**2:.3f}')
846 ax11.legend()
847

848 ax11.set_title("EI vs. Interference Visibility", fontweight='bold')
849 ax11.set_xlabel("Interference Visibility")
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850 ax11.set_ylabel("EI (bits)")
851 ax11.grid(True, alpha=0.3)
852

853 # 12. Conclusion and Physical Interpretation
854 ax12 = plt.subplot(3, 4, 12)
855 ax12.axis('off')
856

857 # Calculate key statistics
858 quantum_max_delta = df_results[df_results['decoherence'] == 0.0]['delta_ei'].max()
859 classical_min_delta = df_results[df_results['decoherence'] == 1.0]['delta_ei'].min()
860

861 # Determine if emergence exists
862 emergence_exists = quantum_max_delta > 0 and classical_min_delta < 0
863

864 conclusion_text = (
865 f" PHYSICAL EVP EXPERIMENT\n"
866 f"==========================\n"
867 f"Simulation Methodology:\n"
868 f"• First-principles trajectory generation\n"
869 f"• Quantum paths guided by interference potential\n"
870 f"• Classical paths from single-slit diffusion\n"
871 f"• No endpoint pre-sampling\n\n"
872 f"Key Results:\n"
873 f"• Quantum ΔEI_max: {quantum_max_delta:.3f} bits\n"
874 f"• Classical ΔEI_min: {classical_min_delta:.3f} bits\n"
875 f"• Emergence exists: {'YES' if emergence_exists else 'NO'}\n\n"
876 f"Physical Interpretation:\n"
877 f"• Quantum coherence → Causal emergence\n"
878 f"• Decoherence destroys causal structure\n"
879 f"• Observation changes explanatory power\n\n"
880 f"Theory Confirmation:\n"
881 f" Causal emergence in quantum systems\n"
882 f" No emergence in classical systems\n"
883 f" Phase transition at �� {critical_points[0][1]:.2f}\n"
884 )
885

886 ax12.text(0.05, 0.95, conclusion_text, transform=ax12.transAxes, va='top',
887 family='monospace', fontsize=8,
888 bbox=dict(boxstyle='round', facecolor='lightblue', alpha=0.8))
889

890 plt.tight_layout()
891 plt.savefig("evp_first_principles_results.png", dpi=300, bbox_inches='tight')
892 plt.show()
893

894 # ==============================
895 # 8. Results Output
896 # ==============================
897 print("\n" + "="*70)
898 print(" EVP Double-Slit Experiment: First-Principles Simulation Results")
899 print("="*70)
900

901 # Detailed statistics
902 print(f"\n Simulation Statistics:")
903 print(f" Total simulation groups: {len(all_particle_groups)}")
904 print(f" Particles per group: {N_PARTICLES_PER_LEVEL}")
905 print(f" Decoherence levels: {DECOHERENCE_LEVELS}")
906 print(f" Discretization scales: {BIN_LEVELS}")
907

908 print(f"\n Causal Emergence Analysis:")
909 print(f" Quantum system �(=0.0):")
910 print(f" • Max ΔEI: {quantum_max_delta:.3f} bits")
911 print(f" • Coarse EI (N_BINS=30): "
912 f"{df_results[(df_results['decoherence ']==0.0) &

(df_results['n_bins ']==30)]['ei_coarse'].values[0]:.3f}")
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913 print(f" • Fine EI (N_BINS=30): "
914 f"{df_results[(df_results['decoherence ']==0.0) &

(df_results['n_bins ']==30)]['ei_fine'].values[0]:.3f}")
915

916 print(f"\n Classical system �(=1.0):")
917 print(f" • Min ΔEI: {classical_min_delta:.3f} bits")
918 print(f" • Coarse EI (N_BINS=30): "
919 f"{df_results[(df_results['decoherence ']==1.0) &

(df_results['n_bins ']==30)]['ei_coarse'].values[0]:.3f}")
920 print(f" • Fine EI (N_BINS=30): "
921 f"{df_results[(df_results['decoherence ']==1.0) &

(df_results['n_bins ']==30)]['ei_fine'].values[0]:.3f}")
922

923 print(f"\n Physical Verification:")
924 if emergence_exists and quantum_max_delta > abs(classical_min_delta):
925 print(" Strong evidence of causal emergence:")
926 print(" • Quantum systems exhibit stronger causal structure at macro level")
927 print(" • Classical systems are richer at micro level")
928 print(" • Consistent with EVP theory predictions")
929 elif emergence_exists:
930 print(" Weak evidence of causal emergence:")
931 print(" • Quantum systems show causal emergence but effect is weak")
932 print(" • May need to adjust physical parameters")
933 else:
934 print(" No evidence of causal emergence:")
935 print(" • Results contradict EVP theory")
936 print(" • Need to check physical self-consistency of simulation")
937

938 print(f"\n Saving data...")
939 # Save detailed results
940 df_results.to_csv("evp_first_principles_results.csv", index=False)
941

942 # Save particle data (sample)
943 sample_particles = []
944 for group in all_particle_groups:
945 if group['decoherence'] in [0.0, 0.5, 1.0]: # Save key levels
946 for p in group['particles'][:100]: # Save 100 per level
947 sample_particles.append({
948 'decoherence': group['decoherence'],
949 'position': p['position'],
950 'slit_info': p['slit_info'],
951 'collapsed': p['collapsed']
952 })
953

954 pd.DataFrame(sample_particles).to_csv("evp_particle_samples.csv", index=False)
955

956 print(" Data saved to:")
957 print(" • evp_first_principles_results.csv")
958 print(" • evp_particle_samples.csv")
959 print(" • evp_first_principles_results.png")
960

961 print("\n Physically self-consistent EVP simulation completed!")

Appendix C.2. Code Structure Summary

The complete simulation code consists of the following components:

1. Global parameters: Defines the experimental setup, physical constants, and simulation parame-

ters.

2. Wavefunction evolution: Implements quantum interference potential and diffraction envelope

calculations.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 December 2025 doi:10.20944/preprints202512.2297.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.2297.v1
http://creativecommons.org/licenses/by/4.0/


21 of 22

3. Trajectory generation: Generates particle trajectories from first principles, with decoherence

effects.

4. Effective information calculation: Computes EI from trajectories without filtering bias.

5. Analysis functions: Analyzes distributions, trajectory characteristics, and interference visibility.

6. Comprehensive visualization: Generates 12-panel figure with all key results.

7. Data output: Saves simulation results to CSV files and images.

Appendix C.3. Dependencies and Requirements

The simulation requires the following Python packages:

• numpy ≥ 1.20.0

• matplotlib ≥ 3.4.0

• pandas ≥ 1.3.0

• scipy ≥ 1.7.0

• tqdm ≥ 4.62.0

To install all dependencies:

pip install numpy matplotlib pandas scipy tqdm

Appendix C.4. Running the Simulation

The simulation can be executed directly:

python evp_double_slit_simulation.py

The simulation will:

1. Generate 10,000 particle trajectories across 6 decoherence levels

2. Compute effective information for coarse and fine-grained descriptions

3. Generate 12-panel visualization of all results

4. Save results to CSV files for further analysis

5. Display key statistics and physical interpretation

Appendix C.5. Output Files

The simulation generates the following output files:

• evp_first_principles_results.png: 12-panel visualization figure

• evp_first_principles_results.csv: Complete simulation results

• evp_particle_samples.csv: Sample particle trajectories

Appendix D. Simulation Parameters

Appendix D.1. Physical Parameters

Table A1. Physical parameters used in the simulation

Parameter Value Description

Grid width 101 Simulation grid width in arbitrary units
Slit positions [35, 65] X-coordinates of the two slits
Source Y 0 Y-coordinate of particle source
Slit Y 15 Y-coordinate of slit plane
Screen Y 80 Y-coordinate of detection screen
Wavelength 2.0 Quantum wavelength
Number of particles 10,000 Total particles simulated

Appendix D.2. Decoherence Parameters

The simulation explores 6 decoherence levels:
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• γ = 0.0: Pure quantum (full coherence)

• γ = 0.2: Weak decoherence

• γ = 0.4: Moderate decoherence

• γ = 0.6: Strong decoherence
• γ = 0.8: Very strong decoherence
• γ = 1.0: Fully classical (no coherence)

Appendix D.3. Discretization Parameters

Effective information is calculated for 6 different discretization granularities:

• 15 bins

• 20 bins

• 25 bins

• 30 bins

• 35 bins

• 40 bins
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