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Abstract

This proof-of-concept document introduces a theoretical framework for predicting cross-
border stablecoin payment success by applying percolation theory—a mathematical concept
from physics—to the problem of liquidity fragmentation in cryptocurrency networks. Submit-
ted as part of the 2025 Fintech Hackathon, this work demonstrates that the global network
of exchanges can be modeled as a dynamic graph where payment success corresponds to the
emergence of a connected “corridor.” By identifying the critical threshold at which this corridor
forms, we present a novel algorithmic approach to optimize remittance timing and routing. This
document is intended for fintech professionals and judges seeking to understand the mathemati-
cal foundation behind intelligent payment routing. Note: This is a theoretical proof-of-concept;
implementation and real-world validation are ongoing.
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1 Executive Summary for Non-Technical Readers

The Core Concept

The Problem: When you send money across borders using cryptocurrency, it often gets
stuck. The money needs to find a connected “path” through different exchanges. Sometimes
exchanges have enough funds; sometimes they don’t. Users have no way to know when a
good path will exist.

Our Concept: Liquid” would predict the exact moment when a reliable path emerges.
By modeling the network and identifying the mathematical “tipping point” where routes
become available, users could send at the optimal time—dramatically improving success
rates.

The Impact: According to World Bank data (Q1 2024), remittance fees average 6.49%
globally, with some corridors exceeding 15-20%. Failed payments add additional costs of
locked funds and retry fees. By predicting optimal send times, payments would succeed
reliably on the first try.

2 The Challenge: Liquidity Fragmentation

Cross-border stablecoin payments fail due to liquidity fragmentation. Unlike traditional bank-
ing with centralized clearing houses, cryptocurrency payments rely on a decentralized network of
independent exchanges. Each exchange maintains its own inventory of stablecoins (USDT, USDC,
etc.), fluctuating minute-by-minute.

According to industry data, cross-border transactions experience delays and failures when lig-
uidity is unevenly distributed across the network. E-commerce platforms reported an 11% failure
rate in cross-border transactions in 2023 (resulting in $3.8 billion in lost sales). For remittances
specifically, the average failure to complete transactions on first attempt impacts operational costs.

The core problem: A payment might succeed at 2 PM when exchanges are well-stocked, but fail
at 4 PM when liquidity has dried up.

3 The Mathematical Framework: Percolation Theory

3.1 A Physical Analogy That Works

Percolation theory, developed by physicists in the 1950s, asks: How do connected pathways emerge
in random systems?

Classic example: Pour water onto a bed of coffee grounds. At first, water trickles through
isolated pockets. But at a critical point, a connected path suddenly forms, and water flows freely.
This sudden emergence is called a phase transition.

Application to payments: Replace “coffee grounds” with “exchanges,” “water” with “money
moving,” and we have the same phenomenon. Our innovation is recognizing and mathematically
modeling this parallel for decentralized payment networks.

9

3.2 The Mathematical Model
We represent the global payment network as a temporal random graph G(t):
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Definition 1 (Payment Network Representation). e V: The set of N exchanges (nodes), e.g.,
{Binance, Coinbase, Bitso, . ..}
o E(t): The set of M(t) possible transfer paths (edges) between exchanges at time t
o L;j(t): The liquidity score of the edge from exchange i to exchange j, where L;j(t) € [0,1]:
— L;i;(t) = 0: No stablecoins available for transfer
— L;j(t) = 1: Abundant liquidity, sufficient for large transfers

The central quantity is the corridor connectivity score:

1
p(t) = GO Z Lij(t) (1)
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where |E(t)] is the total number of edges at time ¢. This measures what fraction of the payment
network’s possible transfer paths have sufficient liquidity at time ¢, ranging from p(¢) € [0, 1].

3.3 The Critical Threshold

The key insight from percolation theory is the existence of a critical threshold p.. For a network
with a given degree distribution, this threshold is:

_ (k)
Pec = m (2)

where:

o (k)=+% Zfi 1 ki is the average degree (average number of connections per exchange)

o (k?) =% Zf\; L k2 is the second moment of the degree distribution
e k; is the degree of node i (number of exchanges it can directly connect to)

This formula identifies the “magic number”—the liquidity level at which the network sud-
denly transitions from fragmented to connected. For the cryptocurrency payment network
with approximately scale-free properties, theoretical analysis suggests p. ~ 0.65.

Key Insight 1 (The Phase Transition). o If p(t) < pe: The network is subcritical—fragmented
into many disconnected components. Payment paths are short and unreliable.
o If p(t) > p.: A “giant component” emerges—a single large connected set containing most
nodes. Long-range, reliable payment corridors exist with high probability.

4 The Liquid” Algorithm (Proposed)

4.1 Notation and Definitions

Before describing the algorithm, we define key variables:

C;;(t): Raw liquidity capacity (in USD) available on edge (7, ) at time ¢

Cret: Reference capacity—a normalization constant (e.g., average corridor liquidity)
7(s,d): A payment path from source exchange s to destination exchange d

Peorridor (t): The connectivity score for a specific payment corridor at time ¢
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4.2 Step 1: Real-Time Network Monitoring

The system would continuously query exchange APIs and on-chain data to build a live liquidity
snapshot. For each edge (i, ), compute:

Lij(t) = tanh (CCJ(? ) (3)

where tanh(-) is the hyperbolic tangent function (maps any positive value to (0,1)). This
normalizes raw liquidity into a bounded score for each transfer path.

4.3 Step 2: Compute Corridor Connectivity

For a specific corridor with source region s and destination region d, find the optimal path 7* by
maximizing cumulative normalized liquidity. Then calculate:

_ Yjer Cig(t) ()
> (i) Cii(t)
This represents the fraction of the total network capacity concentrated along the optimal path.

Numerator: total capacity on the best path. Denominator: total capacity across all edges in the
network.

Pcorridor (t)

4.4 Step 3: Threshold Comparison & Timing Prediction

Compare peorridor(t) to the critical threshold p.:

Condition User Signal Interpretation
p(t) — pe > 0.05 SEND NOW Well above critical threshold—high connectivity
Ip(t) — pe| <0.05 Approximately threshold—monitor for opportunity
p(t) — p. < —0.05 | Network Fragmented Well below threshold—low connectivity

Time-series forecasting (based on historical patterns of p(t)) predicts when p(t) will next cross
above p. + 0.05.

5 Machine Learning Enhancement: Autoencoder Validation

To augment the physics-based model, we propose using an Autoencoder—a neural network architecture—
for additional robustness.

5.1 Conceptual Approach

Define the network state vector at time ¢ as X(t) € RIEl x RVl containing all edge liquidity scores
and node information.

The Autoencoder would be trained on historical “healthy” network states (times when p(t;) >
pe and payments succeeded reliably). When applied to the current state X(¢), it computes a
reconstruction error:

2 2
E(t) = [1X(t) = X(1)[[F ()
where X(t) is the Autoencoder’s reconstruction and || - || denotes the Frobenius norm. Low
error indicates the current state resembles a healthy, percolated network.
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5.2 Converting Error to Probability

Using Kernel Density Estimation on historical errors { E(¢;)} from healthy periods, learn probability
density fg(e). Then:

E(t)
P[Payment Succeeds | E(t)] = /0 fe(e)de = Fg(E(t)) (6)

where F is the cumulative distribution function. This provides users with an explicit success
probability.

6 Why This Concept Is Sound

6.1 Mathematical Foundations

Percolation theory is mathematically proven for predicting connected pathways in random sys-
tems. It has decades of validation in physics, engineering, and network science.
The cryptocurrency payment network exhibits the same mathematical properties:
e Random graph structure: Connections depend on available liquidity, not predetermined
topology
e Dynamic edge weights: Liquidity (capacity) C;;(t) changes continuously in real-time
e Phase transitions: Observable shift from fragmented (p < p.) to connected (p > p.) states

6.2 Key Market Statistics Demonstrating the Problem

Metric Current Data / Estimates
Global average remittance fee (Q1 2024) 6.49% (World Bank)
E-commerce cross-border failure rate (2023) 11% (industry data)
Average remittance corridor fees 6.6% - 20%

Bank wire transfer fees $15 - $65 per transaction
Stablecoin remittances to SE Asia (H1 2025) $18.6 billion (Riseworks)
B2B stablecoin payment growth (2023-2025) | 30x increase (BCG, Visa data)

These statistics illustrate the significant pain point that Liquid™ aims to address: high failure
rates and fees due to unpredictable liquidity in decentralized networks.

7 Why This Approach Is Novel

Current State: Cross-border payments operate as a “black box.” Users have no information
about optimal send times.

With This Concept: Users receive data-driven signals: “Send now,” “Wait 2 hours,” or “Iry
a different corridor.” We are applying physics-based mathematical theory to a fintech problem in
a way that has not been done before.

8 Next Steps: From Proof-of-Concept to Implementation

To move from theory to reality, Liquid" would require:

1. Live Data Integration: Real-time liquidity feeds {C};(¢)} from major exchanges via APIs
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2. Algorithm Refinement: Empirically determine percolation threshold p. for actual payment
network data

3. ML Model Training: Collect historical payment data to train the Autoencoder on healthy
network states

4. User Interface: Build an intuitive application displaying p(t) and P[success | E(t)]

5. Empirical Validation: Test predictions against actual payment outcomes in live corridors

9 The Vision: Intelligent Cross-Border Payments

Imagine a world where cross-border payments are as reliable as domestic ones. Where migrant
workers know exactly when to send remittances for guaranteed success. Where small businesses
can manage international supply chains without fear of payment failures.

This proof-of-concept demonstrates that such a future is mathematically achievable by bringing
rigorous scientific thinking to the chaos of decentralized liquidity.
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