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Abstract—This paper presents a greedy stochastic model for
identifying routes in cross-border money transfers over a hetero-
geneous network of banks. We study routing under uncertainty
in a graph where each node indicates which bank currently holds
the funds and in what currency. Edges correspond either to intra-
bank FX conversions or inter-bank transfers in the same cur-
rency. Exchange rates evolve stochastically around commercial
benchmarks, and each institution applies its own spreads and
fees. Given a user directive specifying a sender bank, source
currency, receiver bank, target currency, and amount, the model
constructs feasible multi-hop routes and evaluates actions using
a Monte Carlo one-step lookahead policy. At each decision point,
the agent samples institution-specific markups and fees, filters out
actions that cannot reach the destination, and greedily selects the
move with the highest expected value in the destination currency,
adjusted for progress in the network. Over many simulated
FX scenarios using a decade of historical data, we obtain a
distribution of realized transfers and benchmark them via a
fairness ratio comparing the final amount to a direct commercial
conversion. Our results show that, under realistic spreads and
corridors, institution-aware multi-hop routing can systematically
outperform direct conversions in both cost efficiency and value
delivered to the recipient.

I. INTRODUCTION

Financial transfer networks are dynamic and stochastic,
and the choice of how and where to route a transfer can
significantly affect both cost and reliability. Motivated by our
own experiences as international students from Latin America
encountering slow, expensive, and opaque remittance routes,
this project examines cross-border payment routing over a
network of banks and currencies, where each bank applies
its own exchange-rate markups, fee schedules, and corridor-
specific constraints. The objective is to identify a path that
maximizes the value ultimately delivered to the recipient
by navigating institutional constraints, FX volatility, and the
transaction costs incurred along the way.

In practice, a cross-border transfer is not just a single
FX operation. The sender initiates a payment from a spe-
cific bank and currency (e.g., SFCU in USD), funds travel
through a sequence of correspondent institutions via same-
currency transfers, and at one or more points some institution
converts from the source to the destination currency. Each
institution maintains accounts only in a subset of currencies
and supports a limited set of internal FX pairs; some banks
cannot hold or convert certain currencies at all (e.g., many US
and European institutions do not support PYG-denominated
accounts). Hence, agent must track both which bank currently
holds the funds and in which currency they are held. Routing
decisions therefore operate over this joint institution–currency

state, which determines which transfers or FX actions are
feasible at each step

We study this problem using an explicit institution-currency
graph. Nodes represent (institution, currency) pairs, and edges
come in two types:

1) Transfer edges: Funds move between banks in the same
currency and incur a flat transfer fee

2) FX edges: An institution converts between two of its
supported currencies at a stochastic effective rate de-
rived from commercial benchmarks plus a bank-specific
markup and percentage fee.

Uncertainty arises from the evolution of commercial FX
rates and from random bank-to-market spreads around those
benchmarks.

In the following, we formalize the problem over an
institution-currency graph, describe the data and stochastic en-
vironment, define the greedy routing policy and fairness met-
ric, report empirical results, and then compare this approach
conceptually to the naive and POMDP-based alternatives we
initially explored. We also suggest directions for extending
this framework toward richer stochastic control formulations
in financial networks.

II. PROBLEM STATEMENT

Cross-border money transfers typically occur through a net-
work of correspondent banks, each applying its own exchange
rates, margins, and transaction fees. A conventional transfer
from a sender in currency s to a recipient in currency t is
computed as a single logical route chosen by the bank or pay-
ment provider. This route may traverse multiple intermediaries,
but the user usually has no control over which institutions are
involved, how many times the funds are converted, or how
costs are allocated along the path. As a result, the total amount
received at the destination can deviate substantially from a
mid-market benchmark due to hidden markups, uncertain fees,
and routing choices that prioritize bank convenience over user
value.

Recent reports highlight that international students and fam-
ilies experience significant financial losses as a result of these
FX gaps and hidden costs. For example, Indian families alone
lost an estimated $200 million in 2024 due to unfavorable
exchange-rate markups and banking fees, delaying tuition
payments and increasing financial strain [1]. Similar dynamics
affect Latin American students and remitters using traditional
correspondent banking corridors, where spreads and fees are
often opaque and corridor-specific.
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Modern remittance services such as Wise improve trans-
parency by offering mid-market rates and explicit fees. How-
ever, even these modern platforms conceptually compute the
transfer as a single direct conversion, e.g., USD → BRL. They
do not explicitly optimize over multi-hop institution-aware
paths such as USD → EUR at one bank, EUR → PYG at
a second bank, and PYG → BRL at a third bank, even if such
compositions could yield a higher final amount under realistic
spreads and corridor heterogeneity. In practice, FX markets
are segmented: different institutions quote different spreads
on different corridors, maintain different fee structures, and
support different currency sets. When these differences are
combined with volatility, a route that looks longer in graph
distance can be economically superior.

Formally, given:
• a directed network of banks and currencies,
• a transaction directive specifying a source bank is, source

currency cs, destination bank it, destination currency ct,
and initial amount a0, and

• a stochastic model of commercial FX rates and
institution-specific spreads and fees,

the central problem is to design a routing policy that selects a
sequence of actions (transfers and FX conversions) that begins
at (is, cs) with amount a0, ends at (it, ct) with some random
final amount AT , and maximizes an appropriate functional
of AT (e.g., expected value or a risk-aware criterion) subject
to feasibility constraints. Our work proposes and analyzes
a particular greedy stochastic policy for this problem and
evaluates its performance relative to a commercial benchmark.

III. METHODOLOGY [2]

We now formalize the institution–currency network, the
stochastic FX environment, and the greedy routing policy
implemented in our simulator. All experiments are conducted
over a network of twelve institutions spanning four curren-
cies: US Dollars (USD), Brazilian Reais (BRL), Paraguayan
Guaranı́es (PYG), and Euros (EUR).

A. FX Data and Stochastic Environment

Given access to a historical dataset of daily commercial FX
rates among the four currencies:

D = {Rcomm
x→y (t) : x, y ∈ {USD,BRL, PYG,EUR},

x ̸= y, t ∈ T },

where T indexes trading days from 2015 to 2025. In the
CSV file of the rates, each row corresponds to one date t and
contains columns of the form x y, denoting the commercial
rate “units of y per one unit of x” on that day. For any ordered
pair (x, y), if the direct column x y is missing we use the
inverse of y x:

Rcomm
x→y (t) =

{
rate[x y](t) If column exists

1/rate[y x](t) Otherwise

We make the following modeling choice for the stochastic
environment:

• Each simulation run n = 1, . . . , N samples one date τ (n)

uniformly from T . Conditional on τ (n), the commercial
rates Rcomm

x→y are treated as fixed for the entire routing
episode. This represents one plausible “tomorrow” FX
snapshot.

• Institution-specific spreads around commercial are mod-
eled as Gaussian in basis points (bps). For each institution
i and FX pair (c, c′) that it supports internally, we specify
a mean markup µi,(c,c′) and standard deviation σi,(c,c′) in
bps. For any conversion at time step t of run n, we sample

M
(n,t)
i,(c,c′) ∼ N (µi,(c,c′), σ

2
i,(c,c′)),

and define the institution’s effective rate as

Reff
i,(c→c′)(τ

(n), t) = Rcomm
c→c′(τ

(n))

1 +
M

(n,t)
i,(c,c′)

10,000

 .

• Each institution i also charges a percentage FX fee
ϕi,(c,c′) on the gross converted amount and a flat out-
bound transfer fee Fi,c in currency c for same-currency
transfers.

The amounts are discretized using a currency-specific rounding
operator that reflects real-world monetary precision. Each
currency c is assigned a decimal precision dc: USD, EUR, and
BRL are quoted to two decimal places because they have cent-
based subunits, while PYG is effectively transacted in whole
units and is therefore modeled with zero decimals. Formally,:

dc =

{
2 If c ∈ {USD, BRL, EUR}
0 If c = {PY G}

Given a raw amount a in currency c, the model applies:

roundc(a) = round(a, dc)

after every fee or conversion.

B. Institution: Currency Network

Let I denote the set of institutions (banks) and C the set of
currencies. Each institution i ∈ I is defined by:

• a set of account currencies Ci ⊆ C in which it can hold
customer balances,

• a set of allowed internal FX directions

Fi ⊆ {(c, c′) ∈ Ci × Ci : c ̸= c′},

• transfer fees Fi,c for each c ∈ Ci,
• FX markup parameters µi,(c,c′) and σi,(c,c′) for (c, c′) ∈

Fi,
• FX percentage fees ϕi,(c,c′) for (c, c′) ∈ Fi.

Examples include:
• SFCU US: a US institution with USD accounts only and

no internal FX capability.
• Chase US: a US bank with USD accounts and internal

USD↔BRL, USD↔EUR FX pairs, but no PYG ac-
counts.

• BancoNacional PY: a Paraguayan bank with PYG, USD,
BRL accounts and PYG↔USD, PYG↔BRL FX pairs.
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• BancoSantander ES: a European bank with EUR,
BRL, PYG accounts and EUR↔BRL, EUR↔PYG,
BRL↔PYG FX pairs.

We construct a directed institution–currency graph G =
(V,E), where each node is a feasible bank–currency account:

V = {(i, c) : i ∈ I, c ∈ Ci}.

Edges come in two types:
1) Transfer edges connect different institutions in the same

currency. For each currency c we specify a set of allowed
transfers

Tc ⊆ I × I,

and add an edge ((i, c) → (j, c)) to E whenever (i, j) ∈
Tc and c ∈ Ci ∩Cj . Traversing this edge deducts the flat
fee Fi,c from the amount.

2) FX edges connect different currencies within the same
institution. For each (i, (c, c′)) ∈ Fi we add an edge
((i, c) → (i, c′)) to E. Traversing this edge applies the
stochastic effective rate Reff

i,(c→c′) and percentage fee
ϕi,(c,c′) on the gross converted amount.

We use this graph both for routing and for reachability checks:
an action that leads to a node from which the destination
(it, ct) is not reachable in G is discarded.

C. State, Actions, and Dynamics

We model the routing episode for a given directive as a
finite-horizon stochastic process. A user specifies

directive d = (is, cs, it, ct, a0),

where is is the source bank, cs the source currency, it the
destination bank, ct the destination currency, and a0 the initial
amount. The initial state is

s0 = (i0, c0, a0) = (is, cs, a0).

At discrete time t = 0, 1, . . . , the state is

st = (it, ct, at) ∈ I × C × R≥0,

and we allow two types of actions:
a) Transfer action.: If (it, j) ∈ Tct and both it and j

support ct, we may select an action that transfers funds from
(it, ct) to (j, ct). The dynamics are

at+1 = roundct
(
max(at−Fit,ct , 0)

)
, (it+1, ct+1) = (j, ct).

b) FX action.: If (ct, c
′) ∈ Fit for some c′, we may

select an FX action at institution it converting ct → c′. Given
the sampled commercial row τ (n) and markup M

(n,t)
it,(ct,c′)

, we
compute

Reff
it,(ct→c′) = Rcomm

ct→c′(τ
(n))

1 +
M

(n,t)
it,(ct,c′)

10,000

 ,

ãt+1 = at ·Reff
it,(ct→c′), feeFX

t = ϕit,(ct,c′) · ãt+1,

at+1 = roundc′
(
max(ãt+1−feeFX

t , 0)
)
, (it+1, ct+1) = (it, c

′).

The episode terminates when one of the following occurs:

• the destination node is reached: (it, ct) = (it, ct),
• a maximum hop limit Hmax is exceeded,
• the available amount at becomes non-positive,
• no feasible actions remain (dead end).

We also track visited nodes (i, c) and disallow returning to
them to avoid trivial cycles.

D. Greedy One-Step Lookahead Policy

We adopt a myopic greedy policy with one-step Monte
Carlo lookahead.

At state st = (it, ct, at) in run n:

1) We enumerate all feasible transfer and FX actions from
st that

• respect the institution’s capabilities (account curren-
cies and FX pairs),

• do not return to a visited node,
• lead to a node (i′, c′) from which (it, ct) is reach-

able in G.
2) For each candidate action u, we estimate the expected

next-state amount E[at+1 | st, u] using K-Monte Carlo
samples. Transfers are deterministic, so this expectation
is just the post-fee amount. FX actions involve sampling
M

(n,t,k)
i,(c,c′) for k = 1, . . . ,K and averaging the resulting

a
(k)
t+1.

3) To compare actions across different next currencies, we
normalize expected amounts into destination currency ct
using the commercial rate from the sampled row:

ãdest(u) = E[at+1 | st, u] ·Rcomm
c′→ct(τ

(n)),

where c′ is the next currency under u.
4) We add a simple graph-distance bonus to encourage

progress toward the destination. Let dt be the shortest-
path distance (in hops) from the current node (it, ct) to
(it, ct) in G, and dt+1(u) the distance from the candidate
next node. We define a scalar score

score(u) = ãdest(u) · (1 + α (dt − dt+1(u))) ,

where α > 0 controls how strongly we reward getting
closer in graph distance. In our implementation we set
α = 0.10, so reducing the distance by one hop yields
approximately a 10% bonus in the score.

5) The greedy policy selects

u⋆
t = argmax

u
score(u),

and then executes a single stochastic realization of that
action (drawing a fresh markup for FX if applicable) to
update the state from st to st+1.

This yields a simple, interpretable policy that balances two
objectives: maximizing expected immediate value in the des-
tination currency and making structural progress towards the
receiver in the institution–currency graph.
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E. Benchmark and Fairness Ratio

For each simulation run n and directive d, we define a
commercial benchmark that represents an idealized direct
conversion at mid-market rates with no institution-specific
markups or fees:

B(n) = a0 ·Rcomm
cs→ct(τ

(n)).

This is the amount the recipient would receive if the entire
initial amount were converted directly from cs to ct at the
sampled commercial rate for that day and no additional costs
were incurred.

Let A(n)
T be the final amount at the destination node (it, ct)

under the greedy policy in run n, and define A
(n)
T = 0 if the

route fails to reach the destination within the hop or feasibility
constraints. For successful runs, we define the fairness ratio

ρ(n) =
A

(n)
T

B(n)
.

A value ρ(n) > 1 indicates that the realized multi-hop route
delivered more than the commercial benchmark, while ρ(n) <
1 reflects a loss relative to that idealized direct conversion.

Across N runs, we summarize performance using:

• the success rate p̂succ =
1
N

∑
n 1{A

(n)
T > 0},

• the mean and standard deviation of A
(n)
T conditional on

success,
• the mean and standard deviation of ρ(n) conditional on

success,
• and the fraction of successful runs with ρ(n) ≥ 1.

These statistics provide a distributional view of how the greedy
policy performs under different FX scenarios drawn from
historical data.

F. Model Assumptions and Limitations

Our modeling choices involve several simplifying assump-
tions:

• i.i.d. FX snapshots: We treat each simulation run as an
independent draw of the entire FX surface from historical
data. In reality, FX paths over time are correlated and
transfers may span multiple days; modeling temporal
dynamics would require a more complex Markovian or
stochastic-process model.

• Gaussian markups: Institution spreads around commercial
are modeled as Gaussian in basis points. This is conve-
nient but may underrepresent tail behavior or asymmetric
pricing strategies.

• Static network: The institution–currency graph and trans-
fer relationships are fixed. We do not model dynamic link
failures, capacity constraints, or time-varying corridor
availability.

• Myopic policy: The greedy policy optimizes only one
step ahead. It may miss routes where a short-term sacri-
fice (e.g., going through a high-fee edge) enables a much
more favorable conversion later.

• No Time or Risk Preferences: We ignore transfer times,
settlement risk, and user-specific risk aversion. The ob-
jective is purely expressed in terms of final amount in the
destination currency and a relative benchmark.

Despite these limitations, the model captures important real-
world features that simpler currency-only or deterministic
frameworks miss: heterogeneity across institutions, corridor-
specific spreads, explicit fee structures, and the combinatorial
structure of routing over bank networks.

IV. ANALYSIS AND RESULTS

Fig. 1 shows the full institution–currency network produced
by the model, represented as an undirected, acyclic graph con-
taining 31 nodes and approximately 60 total edges. This graph
encodes all feasible transfer and FX relationships and forms
the structural basis for routing decisions. Using this network,

Fig. 1. Graph of all nodes and edges with states, actions

the model successfully solves the directive of sending 10, 000
BRL from Santander ES to Revolut EU in EUR. Across 500
Monte Carlo simulations using ten years of historical FX
data, the routing algorithm achieves a 100% success rate, as
stated in Listing 1, which shows the path cost breakdown. The
highlighted path in Fig. 2 shows the optimal path, where the
purple node is the starting node (Santander ES in BRL) and
the orange one is the destination node(Rveoult EU in EUR).

Listing 1. Santander ES BRL → Revoult EU EUR Path Cost Breakdown
D i r e c t i v e : 1 0 , 0 0 0 . 0 0 BRL from San tander ES

t o : EUR a t Revolut EU
Commercial Benchmark : 1 , 6 6 4 . 5 4 EUR
A c t u a l Rece ived : 1 , 8 6 7 . 1 0 EUR
F a i r n e s s R a t i o : 1 .1217

START : ( Santander ES , BRL)
Amount : 1 0 , 0 0 0 . 0 0
S tep 1 :

4

https://drive.google.com/file/d/193h9fNxuWoDNDMK37jSQacGY7QsbxIRd/view?usp=drive_link
https://drive.google.com/file/d/1Ozf9sQJ8gw_jFy3NNXY9ctwcwASnnKAa/view?usp=drive_link


FX a t San tander ES : BRL −> PYG
Amount : 1 0 , 0 0 0 . 0 0 −> 1 4 , 5 5 9 , 7 2 3 . 0 0
( r a t e : 1462 .994642 , f e e : 7 0 , 2 2 3 . 7 4 )

S t ep 2 :
FX a t San tander ES : PYG −> EUR
Amount : 1 4 , 5 5 9 , 7 2 3 . 0 0 −> 1 , 8 7 1 . 1 0
( r a t e : 0 . 0 0 0 1 2 9 , f e e : 9 . 4 0 )

S t ep 3 :
TRANSFER Santander ES −>
Revolut EU [EUR]
Amount : 1 , 8 7 1 . 1 0 −> 1 , 8 6 7 . 1 0 ( f e e : 4 . 0 0 )

END: ( Revolut EU , EUR) Amount : 1 , 8 6 7 . 1 0

Fig. 2. Santander ES BRL → Revoult EU EUR Best Path

The resulting distributions in Fig. 3 illustrate how FX volatility
shapes outcomes: the final-amount distribution (left) displays
a bimodal pattern driven by variation in historical BRL/EUR
rates, while the fairness-ratio distribution (right) is tightly
concentrated around a mean of 1.13, indicating consistent
outperformance of the commercial benchmark. The model
delivers a mean of 2, 022.83 EUR against a benchmark of
1, 664.54 EUR, demonstrating substantial added value from
institution-aware multi-hop routing.

The model also correctly identifies scenarios in which
no valid routing path exists. For example, the direc-

Fig. 3. Santander ES BRL → Revoult EU EUR Distribution

tive Nubank BR → SFCU US fails systematically because
SFCU US functions as a send-only node with no inbound
USD edges, while Nubank BR has no outgoing USD transfer
relationships, making SFCU US unreachable regardless of FX
conditions. This structural asymmetry mirrors realistic banking
constraints, where certain institutions can initiate but not
receive international transfers, or vice versa. Finally, although
many corridors yield fairness ratios above one, the model also
captures cases in which the routed outcome underperforms the
benchmark. The distributional behavior and path diagnostics
for those scenarios are provided in the Appendix.

V. ALTERNATIVE APPROACHES

Beyond the greedy step-wise optimization model imple-
mented in this work, we examined two additional approaches:
a naive fixed-path evaluation and a full POMDP formulation.
Both are conceptually useful baselines, but each is ultimately
less suitable than our chosen model for the goals and con-
straints of this project.

A. Naive Fixed-Path Evaluation

The naive model treats the cross-border payment network as
if all exchange rates, spreads, and fees were deterministic and
time-invariant. Each edge in the institution–currency graph is
assigned a fixed effective rate and fee based on historical aver-
ages or representative corridor values. Once G is endowed with
these static weights, the optimal route can be approximated by
applying a standard shortest-path algorithm, like Dijkstra, on
a suitably defined cost function (such as negative log effective
rate or total fee).

This approach is computationally simple and helps build
intuition for how network structure affects routing. However,
it removes the key source of difficulty in real-world routing:
uncertainty. By freezing FX rates and conversion costs, the
naive model cannot capture situations where a multi-hop route
becomes temporarily advantageous due to stochastic fluctua-
tions in spreads or where risk considerations (e.g., avoiding
exposure to volatile corridors) should shape the chosen path.
It also fails to represent the variability that international users
actually experience. The naive model serves as a conceptual
baseline, but the institution-aware greedy policy is better
aligned with the stochastic nature of FX markets.

B. Full POMDP Formulation

A fully realistic formulation of cross-border routing is
naturally a POMDP, because the agent does not observe the
true future evolution of exchange rates during the transfer.
In practice, the sender only sees indicative quotes or delayed
information, while the actual conversion may occur later at a
different rate. This delayed settlement means the agent acts
under uncertainty about the FX environment that will prevail
when each conversion occurs.

The latent state underlying the routing problem includes:
• the commercial FX surface at the (unknown) execution

time of each hop,
• institution-specific markups drawn at conversion time,
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• any corridor-specific frictions not observable ex ante.
Because these components evolve stochastically and are not
observed at decision time, the agent should in principle
maintain a belief distribution over future FX realizations and
select actions that maximize expected value under that belief.

However, tackling the full POMDP directly would require
jointly modeling belief updates, real-time FX dynamics, and
institution-specific behaviors, making it beyond complex given
the time and data constraints for the project. Instead, we
adopt a divide-and-conquer approach by isolating and study-
ing a tractable core subproblem—routing under uncertainty
generated by stochastic FX snapshots and institution-specific
spreads. By first understanding this simplified but realistic
component, we gain insight into the broader routing ques-
tion without committing to the full complexity of a general
POMDP solution.

VI. FURTHER RESEARCH

The greedy policy and institution–currency model presented
here are a first step toward realistic stochastic routing for cross-
border payments. Several extensions are natural directions for
future work.

First, the network could be expanded to include more
currencies and institutions, especially those relevant to major
remittance corridors in Africa, Asia, and Latin America. This
would allow us to study how network density and corridor
coverage influence the prevalence of advantageous multi-hop
routes.

Second, the stochastic environment could be enriched by
modeling FX as a time-series process rather than i.i.d. snap-
shots, incorporating correlations across currency pairs, and
using more realistic (possibly heavy-tailed or skewed) distri-
butions for institution spreads. This would enable analysis of
time-sensitive strategies that condition routing decisions on
current volatility regimes.

Third, alternative routing policies could be explored. Ex-
amples include limited-horizon lookahead (e.g., two- or three-
step Monte Carlo tree search), risk-sensitive objectives that
penalize downside variance in AT , and learning-based policies
that adapt to observed outcomes over time. These methods
would move the framework closer to reinforcement learning
or approximate dynamic programming over financial networks.

Fourth, the fairness metric itself could be generalized. In
addition to the simple ratio of final amount to commercial
benchmark, one could consider user-centric criteria such as
minimum guaranteed amount with a specified confidence level,
or utilities that trade off expected value against variability and
delay.

Finally, the project could be extended toward a more
complete POMDP formulation by explicitly modeling infor-
mation structures (e.g., quote updates, corridor outages) and
by learning institutional parameters from real transaction data
rather than hand-crafted priors. Such extensions would push
the model closer to deployment in decision-support tools
for remittance platforms or banks, while maintaining the
core insight of this work: routing decisions in cross-border

payments are fundamentally stochastic and network-aware,
and simple greedy policies over an institution–currency graph
already reveal meaningful opportunities for improving the
value delivered to end users.

VII. CONCLUSION

In this project we introduced a greedy stochastic rout-
ing framework for cross-border payments over an institu-
tion–currency network and showed that even a simple one-step
lookahead policy can exploit heterogeneity in spreads, fees,
and corridor structure. Using ten years of historical FX data
and institution-specific markups, the model constructs feasible
multi-hop routes, evaluates them via Monte Carlo simulations,
and benchmarks outcomes against a commercial mid-market
conversion. For the realistic directives we study, the policy
attains a 100% routing success rate, consistently finds short
three-hop paths, and delivers final amounts that systematically
exceed the benchmark. At the same time, the model correctly
identifies structural failure cases where network asymmetries
make the destination unreachable, as well as cases where the
final amount is maximized but still lies below the benchmark
(see Appendix).

While the framework abstracts away full FX dynamics,
settlement risk, and user-specific preferences, it already cap-
tures key real-world features that standard currency-only or
deterministic models miss. The results suggest that institution-
aware routing over bank networks can meaningfully improve
value delivered to recipients, even under noisy and volatile
FX conditions. Extending this approach to richer stochastic
environments, larger networks, and more sophisticated routing
policies is a promising direction for future work and could in-
form practical decision-support tools for remittance platforms
and banks.

APPENDIX

Fig. 4 shows the highlighted three-step path for the directive
SFCU US (USD) to Continental PY (PYG), where SFCU US
initiates a transfer of 1, 000 USD, Chase US acts as the sole
feasible USD correspondent, and Continental PY performs the
final USD→PYG conversion. Listing 2 confirms this structure
numerically: the model consistently applies two USD transfers
followed by a single FX step, yielding a final amount of
roughly 7.3 M PYG against a 7.4 M PYG benchmark. The
distributions in Fig. 5 mirror this behavior. The final-amount
distribution (left) is bimodal due to historical USD/BRL/EUR
volatility, whereas the fairness-ratio distribution (right) is
sharply concentrated around 0.986, indicating stable relative
performance despite FX noise. This path exemplifies a case
where routing succeeds reliably but the final value remains
slightly below the commercial benchmark (fairness ratio < 1).
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Fig. 4. SFCU US USD → Continental PY PYG Best Path

Listing 2. SFCU US USD → Continental PY PYG Path Cost Breakdown
D i r e c t i v e : 1 , 0 0 0 . 0 0 USD from SFCU US

t o : PYG a t C o n t i n e n t a l P Y
Commercial Benchmark : 7 , 4 0 1 , 9 7 1 . 5 0 PYG
A c t u a l Rece ived : 7 , 2 9 8 , 2 2 2 . 0 0 PYG
F a i r n e s s R a t i o : 0 .9860
START : (SFCU US , USD) Amount : 1 , 0 0 0 . 0 0

S tep 1 :
TRANSFER SFCU US −> Chase US [USD]
Amount : 1 , 0 0 0 . 0 0 −> 995 .00 ( f e e : 5 . 0 0 )

S t ep 2 :
TRANSFER Chase US −>
C o n t i n e n t a l P Y [USD]
Amount : 995 .00 −> 985 .00 ( f e e : 1 0 . 0 0 )

S t ep 3 :
FX a t C o n t i n e n t a l P Y : USD −> PYG
Amount : 985 .00 −> 7 , 2 9 8 , 2 2 2 . 0 0
( r a t e : 7427 .932550 , f e e : 1 8 , 2 9 1 . 2 8 )

END: ( Con t inen ta l PY , PYG)
Amount : 7 , 2 9 8 , 2 2 2 . 0 0

Fig. 5. SFCU US → Continental PY PYG Distribution

Another simulation test is Fig. 6, where we transfer
10, 000, 000 PYG from Banco Nacional to Chase in USD.

Fig. 6. BancoNacional PY PYG → Chase US USD Best Path

According to Listing 3, across all stochastic rate realiza-
tions, the mean final amount is only 1, 299 USD, with a
fairness ratio averaging 0.8558, meaning the system delivers
around 14–15% less than the commercial benchmark on
average.

Listing 3. BancoNacional PY PYG → Chasel US USD Path Cost Break-
down
D i r e c t i v e :
1 0 , 0 0 0 , 0 0 0 . 0 0 PYG from BancoNacional PY
t o : USD a t Chase US
Commercial Benchmark : 1 , 3 8 0 . 7 0 USD
A c t u a l Rece ived : 1 , 1 9 7 . 8 1 USD
F a i r n e s s R a t i o : 0 .8675
START : ( BancoNacional PY , PYG)
Amount : 1 0 , 0 0 0 , 0 0 0 . 0 0
S tep 1 :

TRANSFER BancoNacional PY −> I tau BR [PYG]
Amount :

1 0 , 0 0 0 , 0 0 0 . 0 0 −> 9 , 9 8 5 , 0 0 0 . 0 0
( f e e : 1 5 , 0 0 0 . 0 0 )

S t ep 2 :
FX a t I tau BR : PYG −> BRL
Amount : 9 , 9 8 5 , 0 0 0 . 0 0 −> 6 , 7 6 9 . 4 1
( r a t e : 0 . 0 0 0 6 8 1 , f e e : 2 7 . 1 9 )

S t ep 3 :
TRANSFER Itau BR −> Wise US [BRL]
Amount : 6 , 7 6 9 . 4 1 −> 6 , 7 6 4 . 4 1 ( f e e : 5 . 0 0 )

S t ep 4 :
FX a t Wise US : BRL −> USD
Amount : 6 , 7 6 4 . 4 1 −> 1 , 1 9 9 . 8 1
( r a t e : 0 . 1 7 8 0 8 3 , f e e : 4 . 8 2 )

S t ep 5 : TRANSFER Wise US −> Chase US [USD]
Amount : 1 , 1 9 9 . 8 1 −> 1 , 1 9 7 . 8 1 ( f e e : 2 . 0 0 )

END: ( Chase US , USD) Amount : 1 , 1 9 7 . 8 1
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Fig. 7 reports that the final-amount distribution (left) has a
mean of about 1, 299 USD, with outcomes spread roughly be-
tween 1, 100 USD and 1, 500 USD, reflecting volatility in the
underlying PYG/USD corridor. The fairness-ratio distribution
(right) is tightly concentrated around a mean of 0.8558, well
below one, highlighting that the multi-hop routes available
to Banco Nacional simply cannot match the direct-market
equivalent.

Fig. 7. BancoNacional PY PYG → Chasel US USD Distribution
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