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Abstract
Cross-exchange cryptocurrency arbitrage enables low-risk profit from price discrepancies
across exchanges, yet existing approaches employ negative cycle detection that targets
opportunity identification rather than execution feasibility. We introduce an execution-
aware pathfinding framework using A* search with domain-specific guidance heuristics,
applied to stablecoins, a unique asset class exceeding $300 billion in market capital-
ization that bridges cryptocurrency and fiat currency, offering a novel dataset for ar-
bitrage research. The problem is modelled as a weighted directed graph where nodes
represent (exchange, stablecoin) pairs across 12 centralized exchanges and edges encode
real-world costs including fees, slippage, gas, transfer delays, and exchange reliability.
Three guidance heuristics and a parallelized multi-start baseline are evaluated over 7,200
search instances. Our slippage-aware heuristic h2 reduces node expansions by 29% rela-
tive to Dijkstra while matching its profit, demonstrating that domain-specific heuristics
can meaningfully improve execution feasibility in real-time arbitrage planning. Code:
https://github.com/kevinl03/Stablecoin-CrossExchange-Arbitrage.
Keywords: stablecoin arbitrage, A* search, cross-exchange trading, execution-aware
pathfinding, cryptocurrency, graph algorithms

1. Introduction

We formulate cross-exchange stablecoin arbitrage as a graph-planning problem and de-
velop a route planner that computes executable trade-and-transfer paths using A* search
with domain-specific heuristics and live market data via CCXT[1]. Our methodology ad-
dresses four research questions: (1) Do certain heuristics consistently outperform others on
specific trading-instance classes? (2) How does each heuristic influence A*’s node-expansion
behaviour? (3) How does performance change as structural difficulty increases? (4) When
heuristics return suboptimal routes, how close are they to the best-known solution?

Stablecoins, with a combined market capitalization exceeding $300 billion[2], serve as the
primary liquidity bridges in cryptocurrency markets. Because centralized exchanges operate
independently, price discrepancies frequently arise from fragmented liquidity, withdrawal de-
lays, and blockchain congestion. Unlike volatile cryptocurrencies, stablecoins operate within
a bounded price band anchored to fiat currency, reframing arbitrage into a constrained
execution-optimization problem. The growing institutional relevance of digital assets, un-
derscored by the U.S. Strategic Bitcoin Reserve in 2025[3], further motivates research into
this infrastructure.

The four key challenges addressed are: Liquidity - order-book depth limits deployable
capital, Slippage - large orders incur nonlinear price impact, Latency - blockchain con-
firmations may exceed the arbitrage window, and Reliability - exchanges may suspend
withdrawals or experience API instability. These constraints interact, and our heuristic-
guided A* framework models these trade-offs to prioritize realistically executable routes.

2. Related Work

Most prior work models arbitrage as negative-weight cycle detection via Bellman–Ford[4–10],
focusing on opportunity identification rather than execution feasibility. Cross-exchange set-
tings introduce blockchain latency, withdrawal fees, and liquidity fragmentation[11, 12], while
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risk-aware pathfinding[13] and slippage models[14] remain disconnected from executable plan-
ning. Our approach integrates these concerns into A* search with domain-specific heuris-
tics.

3. Problem Formulation

3.1. Graph Representation

We formulate the problem as a directed weighted graph G = (V,E) where each node v ∈ V
represents a unique (exchange, stablecoin) pair and each directed edge e ∈ E corresponds
to a trade or a cross-exchange transfer. Every edge has an associated effective exchange
rate incorporating all relevant costs, and we assign weight w(e) = − log(effective_rate(e)),
converting multiplicative returns into additive costs for shortest-path algorithms.

3.2. Path Profitability

Given a path P = (v0, v1, . . . , vk) with initial capital C0, the final capital is Ck = C0 ·∏
e∈P r(e) where r(e) denotes the effective rate on edge e. A path is profitable when Ck −

C0 ≥ min_profit. In additive log space this becomes:∑
e∈P

− log
(
r(e)

)
≤ − log

(
1 +

min_profit
C0

)
.

The goal set is G =
{
vk ∈ V

∣∣ Ck > C0

}
. We do not require vk = v0: this open-path

formulation allows the trader to end on any pair where USD value exceeds initial capital,
justified because all assets are USD-pegged stablecoins (±2% price tolerance).

3.3. A* Search Formulation

We apply A* search with cost-to-reach g(n) =
∑

e∈path − log(r(e)) and evaluation func-
tion f(n) = g(n)+h(n), where h(n) estimates the execution risk of the remaining path given
current blockchain state, including factors such as liquidity depth, order-book slippage, chain
congestion, and exchange reliability. The algorithm terminates when Cn > C0.

For h3, we employ Weighted A*[15] with f(n) = g(n) + w(n) · h(n), where w(n) =
wmin + (wmax −wmin) · ρ(n) and ρ(n) ∈ [0, 1] is a chain kickback risk score. When w(n) = 1
for all nodes, this reduces to standard A*. The algorithm is not complete: market data
does not guarantee a profitable path from every starting node. Search terminates when a
profitable path is found, the frontier is exhausted, or depth/time limits are reached.

4. Novel Heuristics for Arbitrage Search

We design three guidance heuristics (h1, h2, h3) to steer A* toward executable arbitrage
routes. Each captures a different dimension of execution feasibility via an additive penalty
h(n) ≥ 0 in f(n) = g(n)+h(n). These are guidance penalties, not admissible lower bounds.
We also evaluate a parallelized multi-start baseline that wraps any heuristic.

4.1. h1 – Liquidity Heuristic

The liquidity heuristic penalizes low-volume markets that cannot support the required
trade size. We compute a liquidity ratio from 24-hour quote volume, the remaining arbitrage
window Tremain, and order size:

liquidity_ratio =
(24h_vol/86400) · Tremain

order_size_usd
, h1(n) = λliq

(
1− clamp

(
log10(liquidity_ratio)+1

2 , 0, 1
))

.

This heuristic favours deep, actively traded markets and is time-aware.



(a) Subgraph of the arbitrage network (9 of 12 ex-
changes shown).

(b) A discovered profitable path (zoomed).

Figure 1. (a) A subgraph of the stablecoin arbitrage graph across 9 of 12 exchanges:
nodes are (exchange, coin) pairs with USD prices; solid edges are intra-exchange trades,
light edges are cross-exchange transfers. (b) A profitable path: kraken:USDT →
kucoin:USDT → kucoin:TUSD. The cross-exchange transfer has r1 = 1.0001 and the
intra-exchange trade r2 = 1.0018, yielding ≈ 1.0019× return ($19 on $10,000). Profitable
paths need not form closed cycles. Note: the $0.84 label visible on binance:FDUSD re-
flects a fractional stablecoin partially backed by non-USD assets, not a true exchange
rate.

4.2. h2 – Slippage Heuristic

The slippage heuristic models execution price impact using real-time order-book depth.
Given mid-price Pmid and the VWAP required to fill order size Q:

h2(n) = λslip ·max
{
0, slippagebps − θ

}
, slippagebps =

VWAP(Q)− Pmid

Pmid
× 104,

where θ is a configurable tolerance. Edge costs encode static taker and withdrawal fees; h2

captures dynamic order-book slippage, so there is no double-counting with g(n).

4.3. h3 – Chain Congestion and Exchange Reliability

h3 penalizes transfer latency and operational risk using pre-computed chain transfer times
and static reliability scores s(n) ∈ [0, 1]:

h3(n) = λchain

(
tmin

Tremain

)
+ λexchange(1− s(n)) .

4.4. Parallelized Multi-Start Baseline

The parallelized baseline runs k independent A* searches in parallel from randomly sam-
pled starting nodes, each using a base heuristic, and returns the most profitable result.

5. Experiments and Evaluation

5.1. Setup

We gather live market data from twelve major exchanges via CCXT[1], constructing
graphs of up to 41 nodes and 864 edges. We evaluate via cached-graph heuristic comparison,
graph scaling (4–12 exchanges), an 8-hour overnight campaign, and quote staleness.



Table 1. Heuristic comparison
at $10k (30 starts).

Heuristic Succ. Profit Exp. ∆

Dijkstra 56.7% $10.01 359 —
h1 (liquidity) 56.7% $6.72 568 +58%
h2 (slippage) 56.7% $9.91 256 −29%
h3 (latency) 56.7% $7.06 673 +87%

Table 2. Node expansions by
graph size (10 trials).

Ex. |V | |E| Dijk. h1 h3

4 19 161 341 407 600
6 28 368 378 758 1100
8 35 619 387 479 618

10 39 760 404 577 706
12 41 864 395 768 910

(a) Node expansions vs. graph size. (b) Overnight comparison (1,440 runs each).

Figure 2. (a) Dijkstra expansions stay flat as graphs grow; penalty heuristics scale worse.
(b) Profit, success, and expansions across the 8-hour campaign.

5.2. Results

Tables 1 and 2 summarize heuristic performance. On the cached graph (30 start nodes),
all A*-based methods achieve identical 56.7% success; Bellman–Ford, 1-hop, and 2-hop
baselines fail entirely. h2 reduces expansions by 29% relative to Dijkstra while matching
its profit within 1%, suggesting slippage-aware guidance follows the same optimal routes
with less wasted exploration. h1 and h3 expand 58–87% more nodes and find 30–33% less
profit, indicating their risk penalties overcompensate and divert search from structurally
optimal paths. The parallelized multi-start baseline (k=3 parallel starts from random nodes)
achieves comparable success rates but does not reduce per-search node expansions; its benefit
is robustness to unlucky starting positions.

Over an 8-hour overnight campaign (7,200 instances), every A*-based run finds a prof-
itable path. h2 matches Dijkstra-level profit across all order sizes while consistently ex-
panding fewer nodes (Figure 2). Re-evaluating paths after 5–300 s delays, 99.6% remain
profitable up to 120 s.

6. Conclusions

We presented an execution-aware A* framework for cross-exchange stablecoin arbitrage,
evaluated on a unique centralized exchange (CEX) stablecoin dataset spanning 12 exchanges.
Our novel heuristic, h2 (slippage), reduces expansions by 29% while matching Dijkstra’s
profit; h1 and h3 overcompensate risk, expanding more nodes for less profit. Future work
includes asynchronous order-book pre-fetching and extension to DEX/AMM markets.
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