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Abstract

In arbitrage between a centralised crypto exchange and a decentralised exchange, the trade on
the centralised exchange is filled at once, while the transaction on the decentralised exchange
waits in a public queue until it is included in a block. Prices move during this random delay,
so the arbitrage carries execution risk. This paper studies the arbitrageur’s decision problem
with two controls: a priority fee that shortens the expected wait and a futures hedge on the
centralised exchange. The delay is modelled as the first jump of a counting process whose
intensity increases with the fee. A mean—variance version of the problem gives closed-form
rules for both controls, and a dynamic stochastic control version, solved numerically through
its Hamilton—Jacobi—Bellman equation, confirms them as a first-order approximation. The
minimum-variance hedge does not depend on the fee, while the optimal fee rises with trade
size, risk aversion, volatility and the share of risk that cannot be hedged. I calibrate the model
on Binance, Uniswap v3 and Ethereum data. The hedge removes 93.9% of the price variance
during the wait. In the calm market of 2026, the optimal fee is at its lower bound, so an
optimised rule and a fixed-fee rule perform the same. Across nine historical gas regimes, the
optimised rule has a higher Sharpe ratio than the fixed-fee rule in eight. On 182,562 on-chain

arbitrage swaps, it earns USD 2.59 more per trade than the fixed-fee rule.

Keywords Decentralised finance - Arbitrage - Execution risk - Priority fee - Hedging -

Stochastic control
JEL Classification C61 - G11 - G14

1 Introduction

Crypto-assets are traded on two very different kinds of venues. On a centralised exchange
(CEX), such as Binance, orders are matched in a limit order book that a company runs. On a
decentralised exchange (DEX), such as Uniswap, a smart contract executes the trade against a
pool of tokens. This pool is called an automated market maker (AMM), and the trade is
recorded on a public blockchain (Angeris et al. 2021; Lehar and Parlour 2025). The same
assets trade on both venues. Their prices stay close because arbitrageurs buy where the asset
is cheaper and sell where it is more expensive.

This activity is large. In the Uniswap v3 pool of ether and USD Coin that I study, about
one in four swaps in early 2026 meets my definition of an arbitrage trade against the CEX
price (Section 4.7). Lehar and Parlour (2025) find no long-lived arbitrage opportunities

between Uniswap and Binance, so this mechanism seems to work. However, it works only as



long as arbitrageurs are able and willing to trade. Makarov and Schoar (2020) show that when
arbitrage capital faces frictions, price gaps across crypto exchanges can become large and
persistent.

In this paper I study one friction that is specific to DEXs. The arbitrageur cannot execute
both parts of the trade at the same time. The CEX part is filled almost at once. The DEX part
is sent to a public waiting room, the mempool, and it is executed only when a block producer
includes it in a block. This can take from seconds to minutes, and the exact time is random.
Under the current Ethereum fee rules, introduced by Ethereum Improvement Proposal 1559
(EIP-1559), a trader can shorten the expected wait by paying a higher priority fee (Buterin et
al. 2019; Roughgarden 2020). While the transaction waits, prices on both venues move. So
the spread that the arbitrageur sees when deciding to trade is not the spread that is finally
earned. In other words, CEX-DEX arbitrage is not riskless. It carries execution risk. Capponi
et al. (2026) find that traders on DEXs pay high priority fees partly to avoid this kind of risk
during congestion. For this reason, I think of the priority fee as a price of speed, and of block
space as a market where traders buy a reduction in risk.

This problem matters not only for arbitrageurs. First, arbitrage profits are paid by the
liquidity providers of DEX pools, who sell to arbitrageurs at stale prices (Milionis et
al. 2024). The costs and risks of arbitrageurs affect how far pool prices can move away from
the market before someone corrects them. Second, the fees that arbitrageurs pay for priority
are an important part of the demand for block space, and these fees rise sharply when the
network is congested (Liu et al. 2022). Third, ordinary DEX users get prices that are only as
good as arbitrage keeps them. Finally, the problem is a simple example of a general risk-
management question that appears in any market with delayed settlement: how much should
one pay to shorten the time of exposure, and how much of the exposure can be hedged
instead?

I ask three questions. First, how much of the risk during the wait can be hedged on the
CEX, and does the best hedge depend on the fee? Second, when is it worth paying for speed,
and how should the fee change with trade size, risk aversion, volatility and network
congestion? Third, do optimised fee rules work better than the simple fixed-fee rules that
many trading bots use, and in which market conditions?

To answer these questions, I model the waiting time as a random variable whose mean
falls when the fee rises. The arbitrageur chooses the fee and a futures hedge on the CEX at the
same time. A mean—variance version of the model gives closed-form rules for both choices. A

dynamic version, written as a stochastic control problem with a controlled execution intensity,



shows that these simple rules are a good approximation. I then calibrate the model on public
data from Binance, Uniswap v3 and the Ethereum blockchain. I test it in the calm market of
2026, in nine historical periods of network congestion and on 182,562 arbitrage swaps
observed on chain.

The paper has three contributions. First, it formulates CEX—DEX arbitrage as a decision
problem under a controlled execution intensity, in which the trader chooses the fee and the
hedge jointly. In this problem the two decisions separate: execution risk splits into a part that
can be hedged on the CEX and a part that cannot, and only the second part is worth paying for
with a higher fee. Second, it gives an explicit formula for the price that an arbitrageur should
be ready to pay for speed and shows, through the Hamilton—Jacobi—Bellman (HJB) equation
of the dynamic problem and its numerical solution, that this formula is a first-order
approximation of the dynamic policy. Third, it calibrates the model on public exchange and
on-chain data and shows in several historical periods when optimising the fee matters in
practice and when a simple rule is enough. The paper therefore contributes a tractable model
of decisions under execution delay, rather than an equilibrium model of the fee market.

The paper is organised as follows. Section 2 explains how CEX-DEX arbitrage works
and reviews related studies. Section 3 presents the model, the data and the calibration. Section
4 reports the results. Section 5 discusses the economic insights, the implications for different
market participants and the limitations. Section 6 concludes. Appendix A gives the details of
the dynamic model, Appendix B describes the numerical method, and Appendix C contains

extensions to several hedging instruments and several opportunities.

2 Background and related literature

2.1 How CEX-DEX arbitrage works

Fig. 1 shows one arbitrage cycle. Suppose that ether is more expensive on the CEX than
in the DEX pool. The arbitrageur sells ether on the CEX, where the order is filled at once. At
the same time, the arbitrageur sends a transaction that buys ether from the pool. Ethereum
produces a new block about every 12 seconds. Each transaction pays a base fee and a priority
fee. The protocol sets the base fee from recent demand for block space. The user chooses the
priority fee, which goes to the block producer (Buterin et al. 2019). Block producers prefer
transactions with higher priority fees, so these transactions are usually included sooner. Until
the transaction is included, the arbitrageur has an open position: the CEX part is done, but the

DEX part is not. If the pool price moves in the wrong direction during this time, part or all of



the spread is lost. The trade also loses some value to slippage, because a large swap moves the

pool price against the trader (Adams et al. 2021; Angeris et al. 2021).

Sell on CEX: Futures hedge h offsets price
filled at once | moves during the wait Close hedge

T T =

CEX
(order book)

me

Send DI_EX Waits in mempool for T ~ Exp(A(g)); Included in a block:
transaction prices move buy from pool
with fee g (slippage)

Higher fee g: shorter expected wait 1/A(g), but higher gas cost

DEX
(AMM pool)

Fig. 1 One cycle of CEX-DEX arbitrage. At time t the arbitrageur sees a spread, fills the
CEX leg at once and sends the DEX transaction, which is executed after a random delay t.
The priority fee g shortens the expected delay, and a futures hedge h on the CEX offsets price
moves during the wait. The schematic is not drawn to scale

So the arbitrageur has two tools. The first tool is to pay more for speed. This shortens the
period of exposure, but it costs more in fees. The second tool is to hedge, for example by
opening an opposite position in futures on the CEX. Then price changes during the wait
matter less. In short, the spread decides whether to enter the trade, while fees, slippage and the

random delay decide how much is actually earned.

2.2 Related literature

My work is related to four groups of studies.

Arbitrage and price alignment across crypto venues. Makarov and Schoar (2020)
document large and recurring arbitrage spreads across crypto exchanges. They link these
spreads to frictions that limit the movement of arbitrage capital. Lehar and Parlour (2025)
study Uniswap pools and find that they are stable and do not leave long-lived arbitrage
opportunities against Binance. Hégele (2024) reviews studies that compare CEX and DEX
markets, and Kirste et al. (2024) study market quality under conventional and automated
market makers. These studies show that arbitrage connects the two types of venues. However,
they do not model the risk that arbitrageurs carry while the on-chain part of the trade is
waiting.

Liquidity providers and the cost of arbitrage. Angeris et al. (2021) analyse price

formation and slippage in constant-function market makers, and the Uniswap v3 white paper



describes concentrated liquidity (Adams et al. 2021). Milionis et al. (2024) show that liquidity
providers systematically lose to arbitrageurs when pool prices are stale, and they propose a
way to measure this loss. Chemaya et al. (2025) and Adams et al. (2025) measure the costs of
DEX swaps and the role of slippage tolerance. Bronnimann et al. (2024) and Lim (2024)
study the incentives and risks of liquidity providers.

Fee markets, priority and transaction ordering. Buterin et al. (2019) describe the EIP-
1559 fee market, and Roughgarden (2020, 2021) analyses it. Liu et al. (2022) study its effect
on fees and waiting times in the data. Daian et al. (2020) show how users compete for the
order of transactions, and they introduce the idea of maximal extractable value (MEV).
Capponi et al. (2026) show that high-fee DEX trades carry more private information. They
also find that traders pay high fees both to win priority and to avoid execution risk during
congestion. Other studies look at high-frequency jumps in crypto markets (Saef et al. 2024)
and at manipulation and sandwich attacks on DEXs (Bai et al. 2025; Naviglio et al. 2026).

Execution under delay and risk control. The classical papers of Bertsimas and Lo (1998)
and Almgren and Chriss (2001) treat order execution as a trade-off between expected cost and
the variance of price changes before the order is completed. Cartea and Sanchez-Betancourt
(2023) include random latency in the control problem and show that delay changes the
optimal policy in a qualitative way. For the dynamic version of my model, I use the
continuous-time portfolio framework of Merton (1971), the results of Kramkov and
Schachermayer (1999) on when such problems are well posed, and standard textbooks on the
control of Markov processes and jump diffusions (Fleming and Soner 2006; Oksendal and
Sulem 2007; Pham 2009).

Each of these groups of studies 1s well developed, but they are rarely combined. As far as
I know, there is no study that (i) treats CEX-DEX arbitrage as a risk-management problem
with a public execution queue, (ii) links the priority fee directly to the distribution of the
waiting time and chooses it together with a hedge, and (iii) estimates all parts of the model

from public exchange and on-chain data. This paper tries to fill this gap.

3 Material and methods

3.1 Single-cycle arbitrage

At time t the arbitrageur sees a positive spread between the CEX and the DEX. The

arbitrageur immediately fills the CEX trade at price S¢ and sends the DEX transaction. The



DEX trade is confirmed after a random delay t. The trade size g > 0 is fixed. The DEX mid-
price S and the price of the hedging futures contract F follow

dsp dF,
== pgdut o, dW®, L= dutop dw?, d(W @ Wy, |
SR E, (D

= pgy du.
I assume that the delay is exponential, with an intensity A(g) that increases in the chosen

fee g:
T~ Exp(A(9),  Elrlgl=1/2(g). 2)
I use the exponential distribution as a simple reduced form, not as a model of how the
mempool works. It has two useful properties. The probability of inclusion in a short interval
du is known and increases with the priority payment, and E[t] can be written directly through
A(g). This is similar to other reduced-form delay models (Cartea and Sanchez-Betancourt
2023; Liu et al. 2022).
With a futures hedge of size h, the profit of one cycle is
11(g,h) = qSf = qPYE™ " + h (Far = F) = cgas(9),  POE™
=SP.+ Cslip(@ Leo), )
where PP¢*¢¢ is the realised DEX execution price, L is pool liquidity and cgp, = 0 is
slippage. Following the AMM literature, I separate slippage from the mid-price (Angeris et
al. 2021; Milionis et al. 2024). Using the spread &, :=S{ —SP and the increments ASP
:=SP . — SP and AF, : = F,,, — F,, I can rewrite the profit as
11(g,h) = q6; — q AS? — q c51ip(q, Lear) + R AF, — cgas(9)- )
After the CEX trade is filled, there are two sources of risk: price changes during the wait
and random slippage. To make the problem tractable, I use two assumptions. Both are
checked against the data in Section 3.7.
Assumption 1 (conditional independence of the delay). Conditional on F;, the delay t is
independent of future Brownian increments.

Assumption 2 (reduced-form slippage). There is a function A(g, t) > 0 such that

A(q,
]E[q CSlip(q'LHT) | Tt] = /'l(ggi) ’ Var(cslip(q'LHT) | Tt) = 0. (5)

Assumption 1 is standard in execution models with delay. Assumption 2 puts the

systematic losses from price impact, adverse selection and worse execution conditions during
the wait into one expected cost. Execution costs depend strongly on trade size and liquidity
(Adams et al. 2025; Angeris et al. 2021). In my data, slippage is well described by a power
function whose parameters change slowly compared with the time of one transaction. For this

reason, I ignore its conditional variance as a first approximation.



3.2 Mean—variance objective

The arbitrageur maximises

J(g.h) = ElT(g, h) | F] % Var(I(g,) | F), ¥ >0, ©)

In words, the arbitrageur values expected profit but dislikes uncertainty about it, and y
measures how strong this dislike is. This criterion goes back to Markowitz (1952) and is often
used in execution problems with timing risk (Almgren and Chriss 2001; Gollier 2001).
Following Pratt (1964), ] is a two-moment approximation of E[U(IT)] when U is smooth and
the risk is small. It is exact for constant absolute risk aversion (CARA) utility and normally
distributed profit. My horizons are from seconds to minutes, and positions are small compared
with capital, so I consider this approximation acceptable. In Section 3.5 I compare it with a
full formulation with constant relative risk aversion (CRRA).

Conditional mean. By Assumption 1, E[AS? | F,] = ugSP/A(g) and E[AE, | F,] =
trFe/A(g). On my horizons (tens of seconds at moderate fees), the drift is very small

compared with the diffusion, |u|T < o+/T. I check this condition in Section 3.7 and set both

expectations to zero. Using Assumption 2, I get

A(q,
E[IT | F¢] = q6, — Cgas(g) - /1(89?

The hedge does not appear in the mean. It affects only the variance.

(7

Conditional variance. The F;-measurable terms drop out, and by Assumption 2 slippage

also drops out:

Var(1 | F,) = Var(—q AS? + h AE, | F,). (8)
The fee still matters here, because it changes the distribution of 7. Combining (7) and (8),

I obtain

Alg,t) vy
— —Var(—q AS? + hAE. | F,).

depends on gand h

J(g,h) = qb; — Cgas(g) -

depends;n g only
This means the problem can be solved in two steps. First, for a given g, I choose h to

minimise the variance. Second, I optimise over g.

3.3 Optimal hedge

Proposition 1. If Var(4E | F;) > 0, the variance-minimising hedge is h* =
q Cov(ASP,AE, | F,)/Var(4E, | F;). In the driftless diffusion approximation AS? =~

0,SPAWY, AF, ~ o FaW P,



(10)

In particular, h* does not depend on A(g).

Proof- The objective in (9) is quadratic in h with a positive coefficient, and the first-order
condition gives the covariance ratio. Conditional on t, the increments are normal with zero
mean, Var(4S? | ) = 64 (SP)?t and Cov(4S?,AF, | T) = paro,0rSPF,T. After averaging
over 7, the common factor E[t | F;] cancels. =

The intuition is simple. Both increments grow with v/, and the correlation between them
is constant. A longer delay therefore makes the risk larger, but it does not change the
proportion between the two positions. If I substitute (10), the residual variance is
a*(52)*03 (1 - piy) 0

A(9)

The factor 1 — p3 r 1s the part of the DEX price variance that a linear hedge cannot move

Var(II(g,h*) | F) =

to the futures market. This has a clear economic meaning. The hedge moves most of the
waiting risk to the CEX, where execution is immediate. Only the basis risk between the DEX
price and the futures price remains exposed to the delay, and only this part can be reduced by
paying for speed. If the drift is kept, there is an extra term proportional to Var(z) = 1/1(g)?.

For short horizons and moderate u, this term is about ten times smaller than the main term.

3.4 Optimal priority fee

Substituting (11) into (9) gives

J(g. 1) = q8; — cgas(9) — %. B;:=A(qt) + ng(StD)zaé(l —par)  (12)

Expected slippage and the risk premium for waiting are both multiplied by 1/A(g). The
fee problem therefore becomes maxyso{—Cgas(g) — B:/A(g)}. To get a closed-form solution,
I use the following functional forms:

cas(@ =pg P>0; g =xg’, x>0 8>0, (13)

Here p = (gas units) - S¢ is the dollar cost of one unit of g. Under EIP-1559 the total
payment is affine in the priority fee, so after I separate the exogenous base fee, the cost is
linear in g (Buterin et al. 2019; Roughgarden 2020, 2021). The power form of the intensity is
not a rule of the protocol. It is a convenient form that I later calibrate. For the theory, it is only

important that A is monotone and can be described with a small number of parameters.

Proposition 2. Under (13), the problem has the unique interior solution



1
x _ IBBt)m (14)
gnC - (Kp .
Proof. The objective is const —pg — B;/(kgF). Its derivative —p + BB k=g~ F+1)

equals zero at (14), and the second derivative —(8 + 1)BB,k~1g~F*2) < 0 shows that this is
a strict maximum. °

Corner solution. In practice, the fee cannot be lower than the market minimum g, that
still allows inclusion in the current state of the network. So the real problem is maxgs, J (9),
and g* = max(gne J10)- If Gne < Gio» the benefit of more speed is already smaller than its
cost. This happens in calm periods, when f is large and p is small. As I show later, this is the
relevant case for 2026.

Comparative statics. The hedge h* increases with q, o4 and p;r. When the correlation is
close to one, the futures position moves almost all of the waiting risk to the CEX. The fee g
increases with everything that raises B;: expected slippage A(q,t), risk aversion y, volatility
04, size q and the unhedgeable share 1 — p3 £- In other words, it makes sense to pay more for
speed when the trade is large or poorly hedged. A higher price of priority (p) or a more fee-
sensitive inclusion rate (higher k or B) lowers g*, because the same A becomes cheaper to
reach. Equation (14) can therefore be read as the arbitrageur’s demand for speed: the

willingness to pay for priority rises with the cost of waiting, B;, and falls with the price of

priority, p.
3.5 Dynamic formulation with controlled execution intensity

The model above is static, because one decision (g, h) is made at time t. In reality, the
arbitrageur watches the market all the time and can change both controls. If g changes over
time, I can no longer use a fixed distribution for . Instead, I model execution as the first jump
of a counting process N; with controlled intensity:

]P)(dNt =1 | Tt_) = A(gt, {t) dt + O(dt), T:.= ll’lf{t 2 0: Nt - Nt— = 1}, (15)
where {; is the exogenous level of network congestion. If g, = g is constant, this gives

(2) again. The prices of the CEX asset, the DEX asset and the futures follow correlated
geometric Brownian motions. Before execution, wealth X; changes only because of the hedge,
dX; = h; dF;. At the moment of execution, wealth jumps by the net gain from the trade:

Xz
=X, +G(S7,50, L q,90),  G(Sosa, g, 9):=q(sc —sa) —caip(@, 1) (16)
- Cgas(g) — Cfix-

10



Gas appears in the jump and not in the drift of wealth, because under EIP-1559 the fee is
paid only when the transaction is included (Roughgarden 2021). The agent maximises
E[U(X7)] for a concave increasing U. I split the interval [t,t + &t] into the cases with and
without a jump, apply 1t6’s formula when there is no jump and let §t — 0 (see Appendix A).

This gives the HIB equation
0=0.V +sup{L"V + A(g, D[U(x + G(se,sa, g, 9)) = V] V(T
(h.9)

=U(x),
where L is a diffusion operator of the Merton (1971) type. The fee affects the value

(17)

function only through the jump term. The Hamiltonian can be split by controls: h appears
only in LV, which is quadratic in h, and g appears only in the jump term. The first-order
condition for the fee (Eq. (A.4) in Appendix A) says that, at the optimum, the marginal utility
gain from faster execution equals the marginal cost of gas. Under CRRA utility, and when
trade size and costs are proportional to wealth, the problem reduces to a one-dimensional
equation in the log-spread u : = log(5¢/S?) (Eq. (A.5)), which I solve numerically (Section
3.9 and Appendix B). Near the terminal condition, its solution reduces to the closed-form fee
(14) and hedge (10), and the corrections matter only when the residual volatility or the gain
from the trade is large (Eq. (A.6)). In other words, the simple rules of Sections 3.3 and 3.4 are
a first-order approximation of the dynamic solution. Appendix C gives extensions to several
hedging instruments, the choice between options and futures, and a portfolio of opportunities

that appear at the same time. I do not test these extensions empirically.

3.6 Data

I use three data sources:

1. Binance REST: hourly and minute open—high—low—close—volume (OHLCV)
candles for ether (ETH) against Tether (USDT) from 1 January 2021 to 5 May 2026
(about 46,000 hourly bars, and 173,000 minute bars for January—April 2026).

2. The Graph and GeckoTerminal: hourly prices of the Uniswap v3 pool of ETH
and USD Coin (USDC) with a 0.05% fee tier on Ethereum mainnet (43,841 bars, 5
May 2021 to 6 May 2026) and raw swap events (732,530 records, January—April
2026).

3. Etherscan and an Ethereum remote procedure call (RPC) node: the gas oracle’s
proposed price and baseFeePerGas sampled from blocks in nine historical periods,

about 2,400 blocks in total.

11



After synchronisation, the hourly sample has 43,812 observations, with j.; = 0.9691
and a median absolute spread |6;| of USD 1.07. I call an hour an opportunity if |§;| is above
the 75th percentile of its rolling 24-hour distribution. This is similar to threshold entry rules in
spread trading, where a position is opened when the spread moves far from its recent history
(Chen and Lin 2017; Gatev et al. 2006). Using a rolling percentile lets the rule adapt to
changing noise. With this definition I get 10,966 opportunities. In the high-frequency (block-
level) analysis, a swap is classified as arbitrage if || = 3 basis points (bps) and its size is at
least 1 ETH (Section 4.7).

In all comparisons, the benchmark is a naive rule, gnaive = 9propose» Which is the gas
price proposed by the network oracle. This rule ignores both the position size and the current
spread, and it represents an arbitrage bot without optimisation. All strategies (HJB, closed
form (CF) and naive) are evaluated on the same opportunities. The absolute profit and loss
(PnL) depends on how price dynamics during the wait are simulated, but differences between
strategies are still valid comparisons. For this reason, I focus more on risk profiles (variance
and tails) than on mean PnL.

I test three hypotheses. H1: the hedge (10) substantially reduces PnL variance. H2: the
advantage of the model over the naive rule grows with network congestion. H3: the fees from

the HJB solution and from the closed form (14) are the same.

3.7 Stylised facts and assumptions

Negligible drift. For horizons 7 < 1 hour, the ratio |i|t/ (6\/?) estimated from hourly
log-returns is not higher than 0.05 for any horizon from 12 seconds to one hour. This supports
setting the drift terms to zero.

Diffusion approximation. Hourly CEX and DEX log-returns have excess kurtosis and
heavier tails than the normal distribution, and the Jarque—Bera test rejects normality (p <
107°). I do not think this is critical, because the geometric Brownian motion (GBM)
approximation is used only for the first two moments of increments over a short horizon.
Rolling annualised volatility on a 24-hour window does not show a clear structural drift,
which agrees with the assumption of locally constant volatility.

Stable correlation. Over the five-year period, the rolling 24-hour correlation p.4; has a
mean of 0.9865 and a coefficient of variation of 4.0%, and it stays above 0.95 almost all the

time. Therefore, I treat the correlation as constant within one arbitrage cycle.
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3.8 Calibration

Inclusion intensity. With historical data, it is not possible to recover individual priority
bids from the mempool cleanly in all regimes. For this reason, I estimate A(g) as an
approximate relation between the fee and the rate of inclusion. In the empirical part, g is the
total gas price in gwei (1 gwei = 10~2 ETH). I estimate the probability of inclusion in the next
block from the empirical distribution of the base fee, P(incl | g) = ECDF(baseFee) |paserecsgs
and convert it into an inclusion intensity using the 12-second block time. This is not a
microstructure model of how block builders choose transactions. It is only a monotone
empirical approximation of the link between the fee and inclusion speed, and it agrees with
theoretical and empirical studies of EIP-1559 (Liu et al. 2022; Roughgarden 2020). A log-
linear regression of logA on logg for April 2026 gives an elasticity of the inclusion intensity
with respect to the fee of f = 3.56 (R? = 0.76). The high £ and the low base fee show that
the network was calm. I repeat the same procedure for eight historical periods with different
congestion (Section 4.4).

Slippage. 1 calibrate the reduced form of Assumption 2 on realised price impact in pool
swaps (Adams et al. 2025; Angeris et al. 2021; Chemaya et al. 2025). Impact in basis points is
modelled as ag;p(Q - S)Pstin. A log—log regression of the absolute price move on swap size
gives dg;p = 0.112 and S, = 0.465.

Table 1 shows the calibrated parameters. The position size Q = 10 ETH is about USD
24,000 at Sy = 2,390.

Table 1 Calibrated parameters of the hourly model (April 2026)

Parameter Value Parameter Value
o 0.740 [? 3.56
6,4 0.754 o 1.02 gwei
&f 0.495 Ohi 11.0 gwei
Pea 0.969 &slip> ,éslip 0.112, 0.465

Q 10 ETH

Note: volatilities are annualised. g, and g, bound the admissible fee range.
3.9 Numerical solution of the HJB equation

I solve the reduced equation (A.5) backwards in time with an operator-splitting scheme.
At each time step, the jump part is updated exactly, with the fee chosen at each grid node

from 150 candidate values, and then an implicit Crank—Nicolson step is made for the diffusion
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part. Appendix B gives the details. The final grid has N, = 2,000 spatial nodes and N; =

3,000 time steps, and the computation takes about three minutes on a standard CPU.

3.10 Use of generative AI

A generative Al tool (Claude, Anthropic) was used to translate the text of the manuscript
from Russian, to shorten and restructure it, and to improve its readability and language. The
tool was not used for the model, the data, the computations or the interpretation of the results.
I reviewed and edited all text produced with its assistance and take full responsibility for the

content of the article.

4 Results

4.1 How much of the waiting risk can be hedged (HI)

For H1, with p.4 = 0.969 the residual variance after hedging is 1 — p? ~ 6.1% of the
unhedged variance. This means the hedge removes 93.9% of the variance of PnL during the
wait. The empirical hedge ratio h* = p g4/0f ~ 1.475 is stable over the whole price series. In
the calm regime, Levene’s test finds no significant difference between the standard deviations
of CF and naive PnL (77.99 vs 78.02; p = 0.989). So, in this regime, the model does not add
extra mean profit, but it also does not make anything worse: moving from the naive rule to the
closed form does not worsen any of the risk measures. For an arbitrageur, this means that

most of the risk of waiting can be removed without paying anything for speed.

4.2 The optimal fee in a calm market and consistency of the two solutions (H3)

For the base model, I compare the closed-form fee (14) with the numerical maximiser
ggrid : = argmax,/(g) under the same parameters. The difference is | gos— ggrid| = 0.008
gwel, which is smaller than the grid step of 0.07 gwei.

The one-dimensional HJB solution calibrated to April 2026 gives a U-shaped value
function. ¢ (0,u) equals 0.997 at u = 0, where there is no spread and nothing to execute, and
falls to 0.887 at the boundaries |u| = up.x, Where immediate execution is valuable. The
optimal control is g*(0,u) = g;, = 1.02 gwei. With the calibrated intensity parameters and a
low base fee, the interior optimum (14) is below the admissible minimum, so the solution is at
the corner. This comes from the model itself and is not a numerical error. Because f = 3.56
is high, A is very sensitive to g, and the objective decreases in g on [gjo, gnil. In a calm
network, there is therefore no reason to overpay for priority: the remaining risk is small, and

speed is already cheap. The weak dependence of g* on u also agrees with the theory: the
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current spread does not enter (14), and in the HJB solution the dependence on u is weak when
residual diffusion is small.

I checked grid convergence by comparing N, = 2,000 with N, = 4,000: || ¢(2°00) —
@000 || '=1.79-1077 and | g*?000 — g*(4000) | — (0 gwei. To check the one-
dimensional reduction, I also solved the full two-dimensional HIB in (logS¢,logS?) on a
200 x 200 grid with N; = 1,000 (about three hours on a CPU). Along the diagonal section,
the one-dimensional and two-dimensional value functions are the same in the centre of the
domain and differ mainly near the grid boundary. The optimal fee is almost everywhere equal

to g1, SO the two-dimensional solution is mainly useful as a check of the reduction. Overall,

H3 is supported: in the calm regime gfj; = gor = Jio-

4.3 Backtest design

I compare the strategies on the 10,966 hourly opportunities. The strategies are the HIB
policy gyp(w) from (A.5), the closed form (14) with updated inputs, and the naive rule. For
each opportunity, the direction of the trade is given by the sign of the spread, and the hedge
(10) is applied. PnL is calculated net of gas and slippage, using the realised price move over a

delay T ~ Exp (/1( g)). I measure performance with the per-trade Sharpe ratio.

4.4 When does paying for speed pay? Cross-regime backtest (H2)

My main test of H2 changes gas conditions but keeps prices fixed. The price data stay the
same, and the gas-market parameters (k, 8,baseFee) are recalibrated from block samples of
nine historical periods. In this way I separate the effect of congestion from the effect of price
dynamics. The question is: for the same arbitrage opportunities, how much does the model

gain over the naive rule in different network states?

Table 2 Cross-regime comparison of the closed-form and naive strategies

Median gas,
Regime gwei Sharpe, CF Sharpe, naive ASharpe
Calm, Apr 2026 1.0 0.398 0.398 0.000
NFT boom, Sep 2021 59.8 0.089 0.035 +0.054
Congested, Dec 2021 72.6 0.016 —0.044 +0.060
Moderate, May 2022 42.6 0.183 0.070 +0.113
Terra collapse, Jun 2022 31.7 0.233 0.170 +0.063
FTX collapse, Nov 2022 10.5 0.326 0.276 +0.049
Banking stress, Mar 2023 21.0 0.293 0.259 +0.034
Bald token, Aug 2023 17.1 0.310 0.275 +0.035
Dencun upgrade, Mar 2024 44.1 0.163 0.121 +0.043

Note: NFT, non-fungible token. ASharpe = Sharpe(CF) — Sharpe(naive), per trade. Prices are the same in all
regimes; only the gas-market parameters change.
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The closed-form rule is better than the naive rule in eight of the nine regimes. In the calm
regime the gain is zero because of the corner solution (Table 2). The Spearman rank
correlation between median gas and ASharpe is 0.60 (p = 0.088). The sign supports H2, but
with only nine regimes the result is significant only at the 10% level. In some regimes the
effect is economically large. In the moderate regime of May 2022, ASharpe = +0.113, and
the strategy changes from weakly profitable to clearly more stable (Sharpe 0.07 to 0.18). In
the heavily congested regime of December 2021, the naive rule has a negative Sharpe ratio
(—0.044), while the closed-form rule stays positive. I also ran a sensitivity analysis on a grid
of position sizes and regimes. For larger @, the gain is positive in all regimes except the calm
one. This agrees with the theory, because B, in (12) grows with g2, so the risk premium
becomes more important. Note that g* is recalculated for each opportunity from the current
model inputs; it is not one constant for all trades. Put simply, a smarter fee rule is worth most
when the network is busy. Such periods are often also periods of market stress, such as the

Terra and FTX collapses in Table 2.

4.5 Sensitivity to risk aversion and position size

Without the lower bound, the optimal fee g;. increases with y, because a more risk-
averse agent is ready to pay more for speed. It also increases with @, because a larger position
makes waiting more costly. The expected delay E[t](g*) falls accordingly. An approximate
Sharpe ratio on the same grid is not monotone in y. It is lower for small y, because volatility
is not hedged enough, and it is lower for large y, because too much is spent on gas. Under this

calibration, it generally increases with Q.

4.6 Rolling out-of-sample check

In the rolling exercise, the training window is 14 days and the test window is 7 days.
Across 12 folds, the mean out-of-sample Sharpe ratios of the HIB, CF and naive strategies are
the same to two decimal places. I expected this, because most folds are in the calm regime,
where the model and the naive rule are equivalent. The main conclusion is that the model does

not get worse out of sample when it is recalibrated on a rolling basis.

4.7 Validation on real on-chain arbitrage swaps

The hourly analysis uses spreads built from hourly bars. To test the model on real
arbitrage events, I take all 732,530 swaps in the Uniswap v3 ETH/USDC pool in January—
April 2026 and classify as arbitrage the swaps with a spread of at least 3 bps and a size of at
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least 1 ETH. This gives 182,562 on-chain arbitrage trades (24.9% of all swaps in the pool).
For each of them I know the gas price and the realised PnL.

At minute frequency (prices resampled from the last swap in each minute), the calibration
gives Ppog = 0.997, 6, = 6, = 0.640 and f = 4.01 (R? = 0.90). The correlation is higher
because arbitrage is almost instant at short horizons and because last-trade resampling
smooths the prices. Returns are again non-normal, and the distribution of gas prices is
strongly right-skewed. The HIB solution with these parameters gives ¢ € [0.887,0.999] and
9" = g1o = 0.22 gwei, which is again a corner solution. The grid comparison gives the same
results for N, = 2,000 and 4,000.

For each of the 182,562 trades, each strategy proposes a gas bid. If the bid is at least the
realised winning gas price, I assume that the strategy would have been included in that block

and would have earned the same PnL. Otherwise, the strategy skips the trade.

Table 3 High-frequency backtest on real arbitrage swaps (Uniswap v3 ETH/USDC, January—
April 2026)

Total PnL,
Strategy n USD m Sharpe ratio  Mean g, gwei Included, %
Actual arbitrageurs 182,562 16.31 0.062 10.53 —
Closed form 84,274 6.25 0.049 0.56 46.2
HIB 60,320 4.93 0.046 0.22 33.0
Naive 75,585 5.77 0.048 0.38 41.4

Note: a strategy is counted as included when its bid is at least the realised winning gas price, in which case it is
assigned the realised PnL of that swap.

Actual arbitrageurs earn much more in absolute terms (USD 16.3m against USD 5—6m).
This is because they take part in all opportunities and win some of them by bidding tens or
hundreds of gwei. The agent in my model is a price-taker, and a fair comparison with these
traders would require a model of the priority auction. For this reason, the comparison between
the model strategies is more informative. A paired t-test on PnL per trade shows that CF earns
USD 2.59 more than the naive rule (t = 15.57, p = 0). HJB is not statistically different from

the naive rule in this calm period. The reason is that gijjg = gio < Gnaive, 50 HIB skips

slightly more opportunities.
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Hist: gas = 5.0 gwei

(22.8% above, not shown}

B Actual (on-chain)
— CF =0.56
== HJB =0.22

== Naive = 0.38

0 1 2 3 4 5
Gas (gwei)

Fig. 2 Gas prices in real arbitrage swaps and model bids. The histogram shows the density of
gas prices paid in on-chain arbitrage swaps in the Uniswap v3 ETH/USDC pool, January—
April 2026 (values up to 5 gwei; 22.8% of swaps lie above this level and are not shown).
Vertical lines mark the mean bids of the closed-form (CF, solid), HIB (dashed) and naive
(dotted) strategies in gwei

The mean winning bid of actual arbitrageurs (10.5 gwei) is driven by a long right tail,
with a maximum of 27,000 gwei for MEV bots. The median, however, is only 0.78 gwei,
which is close to the model bids of 0.22-0.56 gwei (Fig. 2). The CF bid is higher than the
realised winning bid in 46% of cases. This shows that the model does not behave like an
MEYV searcher. Instead, it behaves like a rational price-taking arbitrageur that bids near the
median of the market distribution.

I also repeated the cross-regime exercise at block frequency, with (x,,baseFee)
recalibrated to the historical regimes and inclusion recalculated for the same swaps. The result
is the same as in the hourly data: ASharpe is larger in congested and moderate regimes and

zero in the calm one.

5 Discussion

The results support H1 and H3. They also give some support for H2, but this support is
statistically weak. In this section I explain what the results mean in economic terms and for

different market participants. Then I discuss the limitations of the study.

5.1 Economic insights

Hedge first, then pay for speed. Execution risk in CEX-DEX arbitrage has two parts.
Most of it is ordinary price risk, and a futures hedge can move it to the CEX. With the

observed correlation, only about 6% of the variance remains after hedging. The rest is basis
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risk between the pool price and the futures price. Only this part, together with expected
slippage, is worth paying for with a higher fee, as Eq. (12) shows. This explains a result that
may look surprising at first: the best hedge does not depend on the fee, but the best fee
depends a lot on how well the trade is hedged. A trader who cannot hedge, or who hedges
with a poorly correlated instrument, should pay much more for speed.

The value of speed depends on the state of the market. Equation (14) can be read as a
demand curve for priority. The willingness to pay rises with the cost of waiting, that is, with
trade size, risk aversion, volatility and the unhedged share of risk. It falls when priority is
expensive or when inclusion reacts strongly to the fee. In a calm network, inclusion is fast
even at the minimum fee, and the remaining risk is small. So the optimal fee is at the lower
bound, and a simple rule is as good as an optimised one. In congested periods, the minimum
fee no longer gives fast inclusion. Then the gap between a well-chosen fee and a fixed rule
becomes economically important (Table 2). This agrees with the sharp rise in priority fees
during congestion found in earlier work (Capponi et al. 2026; Liu et al. 2022).

Most very high fees are not paid for protection against waiting. On real swaps, the model
bids are close to the median winning bid. They are far below the bids of MEV searchers in the
right tail of the distribution (Fig. 2). This suggests that a large part of very high priority fees is
paid for reasons that my model does not include. One example is competition with other
traders for the same opportunity. Protection against price risk during the wait seems to be a
smaller reason. This agrees with Capponi et al. (2026), who find that very high fees are often

linked to competition for priority.

5.2 Practical implications

The implications for arbitrageurs below follow directly from the model. The implications
for liquidity providers, protocol design and investors are not derived or tested in this paper;
they are hypotheses that follow from the risk premium in Eq. (12) and that a model of the
whole market would need to check.

Arbitrageurs and trading firms. A practical rule follows directly from the results: always
hedge the waiting period on the CEX with the minimum-variance ratio, and optimise the fee
actively only for large positions and in congested periods. The empirical hedge ratio is stable
over the sample, so it does not need frequent recalibration. In the model, a trade is worth
entering only if the spread covers gas, expected slippage and the risk premium B, /A(g) in Eq.
(12). This means that firms that cannot use CEX derivatives carry more execution risk and

need wider spreads before they trade.
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Liquidity providers and DEX design. Arbitrage keeps pool prices close to the market, but
liquidity providers pay for it through their losses to arbitrageurs (Milionis et al. 2024). The
model shows that the spread an arbitrageur needs before trading depends on execution risk.
When this risk is higher, for example in congested periods or for traders who cannot hedge,
larger price gaps are needed before arbitrage starts. For liquidity providers, this suggests that
their losses to arbitrageurs may depend not only on volatility but also on the state of the fee
market. Designers of pools and fee tiers could take this channel into account.

Fee-market and protocol design. For blockchain designers, the results show that the
waiting time is a real economic cost for the traders who connect on-chain and off-chain
markets. Any change that makes inclusion faster or more predictable, such as shorter block
times or more stable base fees, lowers the risk premium in Eq. (12). Arbitrageurs would then
need to pay lower fees for the same level of risk.

Investors and risk managers. For investors who trade on DEXs, the quality of pool prices
depends on arbitrage. The results show that arbitrage becomes more costly and more risky in
congested periods, and these periods often coincide with market stress (Table 2). In the most
congested regime in my sample, the fixed-fee rule had a negative Sharpe ratio, while the
optimised rule stayed positive. For risk managers and supervisors, the results show that
hedging links on-chain risk to CEX derivatives markets. A large part of the risk taken by DEX
arbitrageurs is moved to futures markets. So conditions in these markets also matter for how

well DEX prices are kept in line.

5.3 Limitations

The study has several limitations.

Optimistic inclusion rule in the on-chain test. A model strategy receives the realised PnL
of a swap whenever its bid is at least the realised winning bid. This ignores how competing
searchers would have reacted, and it favours opportunities where competition was weak.
Therefore, the absolute PnL of the model strategies in Table 3 is an optimistic estimate. The
comparison between the model strategies is less affected, because they all use the same rule.
A stricter test would simulate the priority auction.

Price-taking agent. The model does not describe an MEV searcher that actively competes
in the priority-fee auction. Calibrating A(g) from the empirical distribution of the base fee is
suitable for a price-taker, but it does not capture strategic bidding or the block-builder market.

Cross-regime design. In Section 4.4, prices are fixed and only the gas-market parameters

change. This isolates the effect of congestion. However, historical high-fee periods also had
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higher price volatility. Since B; increases with g4, the gains in Table 2 may understate the real
advantage in those regimes, but I have not tested this.

Statistical power. The Spearman test of H2 is based on only nine regimes (p = 0.088).
My conclusion relies on the sign pattern (a positive gain in eight of nine regimes) as much as
on the correlation coefficient. More regimes, or bootstrap inference within regimes, would
make the result stronger.

Reduced-form inclusion model. The inclusion intensity A(g) is estimated from the
empirical distribution of the base fee and not from a structural model of how block builders
select transactions. The model therefore gives decision rules for a single trader but no
equilibrium or welfare analysis of the fee market.

Scope. The experiments cover only one pair, ETH/USDC in the 0.05% pool. Less liquid
pools would need a separate calibration and could change the form of Assumption 2. The
extensions in Appendix C are not tested, because a portfolio of opportunities needs parallel

data from several pools.

6 Conclusions

In this paper I study execution risk in arbitrage between centralised and decentralised
crypto exchanges. The CEX part of the trade is filled at once, while the DEX part waits for a
random time that depends on the priority fee. I show how an arbitrageur should choose the fee
and a hedge together. In a mean—variance model, the minimum-variance hedge does not
depend on the fee. The optimal fee increases with slippage, risk aversion, volatility, position
size and the share of risk that cannot be hedged. A dynamic model with controlled execution
intensity confirms these closed-form rules as a first-order approximation.

After calibration on Binance, Uniswap v3 and Ethereum data, the hedge removes 93.9%
of the price variance during the wait. In the calm market of 2026, the optimal fee is usually at
its lower bound, so the optimised and simple fee rules give almost the same outcome. This is
caused by the fee constraint and is not a failure of the method. Under historical congestion,
the closed-form rule improves the per-trade Sharpe ratio in eight of nine gas regimes. On real
arbitrage swaps, it earns USD 2.59 more per trade than a fixed-fee rule.

The main message is simple: hedge the wait first, and pay for speed only when the
remaining risk is large, that is, for big positions and in congested networks. More generally,
the cost of speed on a blockchain is part of the cost of keeping DEX prices in line with the
wider market. Arbitrageurs, liquidity providers and, indirectly, DEX users all bear this cost.

Possible directions for future work are a strategic model of the priority auction with
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competing arbitrageurs, a structural model of the inclusion intensity, joint recalibration of
prices and gas regimes, tests on several pools, pairs and hedging instruments, and an analysis
of how execution risk affects the losses of liquidity providers and the efficiency of DEX

prices.

Appendix A: The dynamic model

Let L" be the diffusion operator acting on V (t, x, s, Sq, f, 1) under dX, = h, dF, and the
GBM dynamics of S¢, S? and F, with liquidity locally constant:
LM = h.uffo + .ucSchc + .udeV;d + .uffo + 1/2 hzo-fzfzvxx + 1/2 O-CZSEVSCSc

+ha)‘2f2fo + hpcfo-co-fscfv;csc + hpdfo-do-fsdfvxsd + pcdo-co-dscsdvscsd
By the dynamic programming principle, V(t,Y;) = supE.[V(t + 6t AT, Yeyseac)]. Let

Al ={z € [t,t + 6t]}. By (15), P(A% | F,) = A(gy, {r) 6t + 0(St). Conditioning on the

(A.1)

jump event, I get
E,[]
= A8t U(x + G(se,5a, 1 ¢, 9¢)) + (1 — A 86) EL[V (¢ + 8¢, Yeyse)] + 0(8).
When there is no jump, It6’s formula gives dV = (V, + L'V) dt + (V,V) - dW, and the

(A.2)

conditional expectation removes the martingale term: E.[V(t+ 6t,YViis:)]l =V +
(V, + L") 6t + 0(6t). 1 substitute this into (A.2), cancel V, divide by 8t and let 5t — 0,
which gives (17). Equation (17) is a necessary condition if V' is regular enough. A verification
theorem needs additional conditions on admissible controls and on the growth of the value
function (Fleming and Soner 2006; Oksendal and Sulem 2007; Pham 2009). Admissible
controls are bounded, piecewise-continuous, predictable processes with A € [Ayin, Amax] and
9 € [g10, gnil-

First-order condition for h. The part of (A.l1) that depends on h is quadratic, with
coefficient (1/2)0f2 2V, < 0 because U is strictly concave. Setting its derivative to zero
gives

B Uef Ve + 0F [2Vir + peroc0rScfVas, + ParoarSaf Vas,
0f f*Vax '
If V does not depend on prices, (A.3) is the Merton (1971) rule. With the mixed

h* =

(A.3)

derivatives and the CRRA factorisation, it becomes a* = (ufgo + afz fQr + pcpoc0pScps, +
PafOq0fSqPs d) / (yaf2<p). This reduces to the minimum-variance rule (10) when ¢ depends

only weakly on prices.
First-order condition for g. Differentiating the Hamiltonian in (17) with respect to g

gives
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dgA(g" O U +G) -V =2A(g" DU (x + G) cgas' (g, (A.4)
It says that, at the optimum, the marginal utility gain from faster execution equals the

marginal cost of gas.

With cga5(g) = pg and A(g) = kgP, condition (A.4) becomes kBgF *[U(x + G) —
V] = kgPU'(x + G)p. Where V and U(x + G) can be expressed through B, this is
equivalent to (14).

CRRA reduction. Let U(x) = x17V/(1 —y), and let trade size, hedge and costs be
proportional to wealth (q; = v¢ X, hy = @ X;/F;, Cgas = X(Cgas)- Then the value function can
be written as V = (xl_V/(l — y)) o(t,sc Sq, f, 1) (Merton 1971; Pham 2009). The jump term
depends on prices only through the log-spread u :=1og(5¢/S?). The dynamics of u are
closed, with residual volatility 62 : = 62 — 2p.q0.04 + 5. If the hedge is locally optimal

and the drift is negligible, the problem becomes the one-dimensional equation

0¢@ + 1/2 05 puy + sup{A(g, O[(1 + Gwv, )Y — 9]} =0, G
920 ~ 5 3 (A.5)
=v(l—-e™)— Cslip — Cgas(g):
with @ (T,u) = 1. The supremum is written for y > 1. In this case ¢ = 0, and a smaller

@ means a larger V. In the numerical solution, the fee is chosen so that ¢ moves towards
(1 + 5)1_y as fast as possible (Appendix B). Note that this reduction works only when all
value quantities scale with wealth. With a fixed absolute position, homotheticity does not
hold, and the problem has to be solved in the original state space.

Link to the closed form. 1 expand (1 + 5)1—]/ =1-(-1G+ 0(52) and set ¢ = 1
near the terminal condition. Then (A.4) becomes the mean—variance condition behind (14),

with a remainder of order 0(G?) + 0(02T):

gre(¥) = g + O R ). (A.6)
In the same way, the HJB hedge reduces to (10) when ¢ depends only weakly on prices.

So the closed form is a first-order approximation of the dynamic solution, and the corrections

are important only when 0, or G is large.

Appendix B: Numerical solution of the HJIB equation

I solve Equation (A.5) backwards in time from ¢(T,u) = 1 using operator splitting. At

each time step and grid node, I scan a discrete set of fees g € [g10, gnil and choose the value

that maximises R(g) = A(g) [¢]* — target(g)], where target(g) = (1 + 5)1_]/. In this way

interior and corner solutions are treated in the same way; at a corner, the Kuhn—Tucker
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condition applies. The jump part is then integrated exactly as a one-step ordinary differential
equation,
o] 12 — target! + (o — target?) e~ M4, (B.1)

This is followed by an implicit Crank—Nicolson diffusion step, (I — (dt/2)L)e™*! =
(I + (dt/2)L)e™ /2, where L = (1/2)024 0,y is discretised with a three-point stencil and
Dirichlet conditions ¢ = 1 at |u| = uyax. Unlike an explicit jump step, the update (B.1) is
unconditionally stable and keeps ¢ € (0,1] for y > 1 and G = 0. As a result, I do not need
clipping or a Courant—Friedrichs—Lewy restriction for the fee. Other methods could also be
used, such as value iteration, Howard policy iteration or semi-Lagrangian and monotone
schemes. In this one-dimensional setting, however, they do not give better accuracy for the
same computing time.

The full problem (17) has a five-dimensional state space (x, s, g4, f,1). Even with 100
grid points per dimension, this would need about 108 nodes. The CRRA factorisation
removes wealth, and the change of variable to u combines the price variables into one, given
that liquidity is locally constant. The final grid has N, = 2,000 spatial nodes, N; = 3,000
time steps and 150 candidate fees. The computation takes about three minutes on a standard

CPU.

Appendix C: Extensions

Vector hedge. Suppose n instruments with increments AH, € R" are available, and let Y
:=q ASP. With a quadratic penalty h"Kh (K 3> 0) for transaction and margin costs and a
linear cost k" h, the problem is minyVar(=Y; + hTAH, | ;) + h"Kh + kTh. If Sy + K >
0,

h* = (ZHH+K)_1(EHY_1/2k)I (Cl)
where Xy : = Cov(4H,, AH; | F;) and Xyy : = Cov(4H,, Y, | ;). Forn =1, K = 0 and

k = 0, this gives (10). The matrix K works as a regulariser when the instruments are almost
collinear.

Option versus futures. Using a delta—gamma approximation of the option over a short
horizon (Hull 2018), the delta-hedge positions are hyp = qufadS,? / (ath) and ng =
qpac0aSP /(A:0,SE), with residual variances q%(SP)?02(1 — p?) E[r]. Under criterion (6),
the option delta hedge is better than the futures hedge if and only if the reduction in the

variance penalty is larger than the option premium:

14 *
2 4°(0)?0d (pic — pay) Elrl > 15 C:. (C2)
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On a single CEX, usually pgc = pqy, so the left-hand side is close to zero and futures are
preferred. The gamma term adds (1/2)I;20*(Sf)*1? to the residual variance. This is
negligible for 7 < 10 s and becomes important only when E[z] is longer than about a minute.

Portfolio of opportunities. Suppose there are m opportunities at the same time, with
expected reduced profits u(g) and covariance ZX..q(g). The diagonal of X..q(g) is
proportional to 6 /A;(g;), and the off-diagonal terms come from common congestion. The
agent solves max,,{u(g)"™w — (y/2) w2 q(g)w}. This is a Markowitz (1952) problem

with endogenous moments. For fixed g,

W () = Zreal9) (o). ©3)

By the envelope theorem, the outer problem in g needs only the explicit partial
derivatives, w;u;"(g;) — (¥/2)(W*) T (0% eq/ 0gi)W*. A two-level iteration that alternates
(C.3) with the first-order conditions in g does not decrease the objective at any step. For m =
1 it reduces to (14), and with diagonal X..q4 and fee-independent y; it splits into m

independent problems.
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  𝜏


  J  ( g , h ) =     q   𝛿  t −   c gas  ( g ) −   A  ( q , t )  𝜆  ( g ) ⏟  depends on  g  only −   𝛾 2     Var  ( − q   𝛥   S  𝜏  D + h   𝛥   F  𝜏 ∣  ℱ  t ) ⏟  depends on  g  and  h .


  g


  h


  g


  Var  ( 𝛥   F  𝜏 ∣  ℱ  t ) > 0


   h ⋆ = q   Cov  ( 𝛥   S  𝜏  D , 𝛥   F  𝜏 ∣  ℱ  t ) / Var  ( 𝛥   F  𝜏 ∣  ℱ  t )


  𝛥   S  𝜏  D ≈   𝜎  d   S  t  D 𝛥   W  𝜏   ( d )


  t


  𝛥   F  𝜏 ≈   𝜎  f   F  t 𝛥   W  𝜏   ( f )


   h ⋆ = q     𝜌  d f       𝜎  d   S  t  D    𝜎  f   F  t .


   h ⋆


  𝜆  ( g )


  h


  𝜏


  Var  ( 𝛥   S  𝜏  D ∣ 𝜏 ) =   𝜎  d 2    (   S  t  D ) 2 𝜏


  Cov  ( 𝛥   S  𝜏  D , 𝛥   F  𝜏 ∣ 𝜏 ) =   𝜌  d f   𝜎  d   𝜎  f   S  t  D   F  t 𝜏


  𝜏


  𝔼  [ 𝜏 ∣  ℱ  t ]


    S  t  C


  ▫


   𝜏


  Var  ( 𝛱  ( g ,  h ⋆ ) ∣  ℱ  t ) =     q 2    (   S  t  D ) 2   𝜎  d 2  ( 1 −   𝜌  d f 2 )  𝜆  ( g ) .


  1 −   𝜌  d f 2


  Var  ( 𝜏 ) = 1 / 𝜆    ( g ) 2


  𝜇


  J  ( g ,  h ⋆ ) = q   𝛿  t −   c gas  ( g ) −     B  t  𝜆  ( g ) ,       B  t   : = A  ( q , t ) +   𝛾 2   q 2    (   S  t  D ) 2   𝜎  d 2  ( 1 −   𝜌  d f 2 ) .


  1 / 𝜆  ( g )


   max  g ≥ 0 { −   c gas  ( g ) −   B  t / 𝜆  ( g ) }


    c gas  ( g ) = p   g ,   p > 0 ;     𝜆  ( g ) = 𝜅   g  𝛽 ,   𝜅 > 0 ,   𝛽 > 0 ,


  𝜏


  p =  ( gas units ) ⋅   S  t  C


  g


  g


  𝜆


    g nc ⋆ =    (   𝛽   B  t  𝜅 p )   1  𝛽 + 1 .


  const − p g −   B  t /  ( 𝜅   g  𝛽 )


  − p + 𝛽   B  t   𝜅  − 1   g  −  ( 𝛽 + 1 )


  −  ( 𝛽 + 1 ) 𝛽   B  t   𝜅  − 1   g  −  ( 𝛽 + 2 ) < 0


  ▫


    g lo


  q > 0


   max  g ≥   g lo J  ( g )


    g ⋆ = max  (   g nc ⋆ ,   g lo )


    g nc ⋆ <   g lo


  𝛽


  p


   h ⋆


  q


    𝜎  d


    𝜌  d f


    g nc ⋆


    S  D


    B  t


  A  ( q , t )


  𝛾


    𝜎  d


  q


  1 −   𝜌  d f 2


  p


  𝜅


  𝛽


    g ⋆

