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Abstract

This paper studies just-in-time (JiT) liquidity provision, a practice where a

large amount of liquidity is added immediately before a certain swap and redeemed

immediately afterwards, in Uniswap v3. Based on a comprehensive dataset cov-

ering the ten largest Uniswap v3 pools on Ethereum from May 2021 to December

2025, we are able to investigate patterns and the profitability of JiT liquidity pro-

visions across pools and over time. Additionally, we develop a linear probability

panel regression model that aims to explain based on which factors JiT liquidity

providers decide whether or not to target a certain swap. Our analyses show that

while there has been an increase of JiT liquidity provisions over time, the vast

majority of swaps is conducted in absence of JiT liquidity. Our regression model

indicates that JiT liquidity providers primarily target large swaps and swaps that

positively impact the pool’s token reserves composition, while the likelihood of JiT

liquidity provisions decreases in times of high capital requirements and transaction

costs.



1 Introduction

Decentralized exchanges (DEXs) are autonomous, peer-to-peer marketplaces, facilitating

the exchange of crypto assets based on blockchain technology and smart contracts. Other

than centralized crypto exchanges (CEXs), such as Binance or Coinbase, they operate

in absence of any centralized authority and thus allow users to retain control over their

assets throughout the entire trading process. The rules applied to conduct trades are

specified in a set of smart contracts which are stored on an immutable blockchain like the

Ethereum network, which ensures a high level of transparency and security. As of May

2026, roughly 15% of the overall daily crypto trading volume is conducted on DEXs1.

The largest and most prominent DEX is Uniswap. Initially deployed on the Ethereum

network in 2018, it has experienced three protocol updates since and is currently running

on multiple distinct blockchains. As of May 2026, its Ethereum deployment exhibits a

daily trading volume of roughly 800 million USD.2

The trading mechanism applied by Uniswap (and other DEXs) is referred to as au-

tomated market making (AMM). Trades (i.e., swaps) are executed against liquidity

pools, i.e., smart contracts holding reserves of two distinct tokens supplied by liquid-

ity providers. The exchange rate is determined by a predefined rule, i.e., the constant

product formula, and dynamically adjusts with the pool’s token reserves ratio. To incen-

tivize liquidity provision, AMM protocols charge a fee for each trade that is conducted

against the pool and distribute it among all liquidity providers, proportionate to their

relative share of supplied liquidity. Simultaneously, liquidity providers are exposed to

impermanent loss, which arises whenever the token pair’s relative price changes during

the time of liquidity provision. In May 2021, Uniswap deployed its second protocol up-

date (i.e., Uniswap v3), which features the concept of concentrated liquidity. Aiming to

improve capital efficiency, Uniswap v3 allows liquidity providers to specify a price range

1 This number was retrieved from the website ’The Block’ on May 21st 2026.
2 See Coingecko. This number is the sum of the trading volumes of Uniswap’s most recent version (i.e.,

Uniswap v4), which exhibits a daily trading volume of 383 million USD, Uniswap’s second protocol
update (i.e., Uniswap v3), whose daily trading volume lies at 407 million USD, and Uniswap’s
second version (i.e., Uniswap v2), which still exhibits a daily trading volume of 18 million USD.
Numbers are retrieved on May 21st 2026.
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within which they want to act as a liquidity provider. While traders benefit from better

execution prices due to the higher level of liquidity, the introduction of concentrated

liquidity has made liquidity provision an increasingly complex task, resulting in the de-

velopment of various strategies aimed at optimizing liquidity provision by sophisticated

market participants, potentially at the cost of conventional liquidity providers. One such

notable strategy, enabled by the feature of concentrated liquidity, is just-in-time (JiT)

liquidity provision. By exploiting the blockchain’s transparency and their knowledge in

strategic transaction placement, JiT liquidity providers supply liquidity for single, exclu-

sively selected trades that offer high fee income. While trades targeted by JiT liquidity

providers benefit from the higher level of liquidity, this practice poses a threat to con-

ventional liquidity providers, who earn almost no trading fees from those trades.

The aim of this paper is to provide an in-depth analysis of just-in-time liquidity pro-

vision in Uniswap v3. Precisely, we want to establish a thorough understanding of this

practice, its broader impact and track its evolution and profitability over time. Besides

providing a descriptive analysis, we also construct a linear probability panel regression

model to identify the factors that determine whether a particular swap is targeted by JiT

liquidity providers. We conduct our analyses based on a dataset featuring Uniswap v3

pool-level transactions from May 2021 to December 2025. While our data show that JiT

liquidity provisions are frequently conducted and involve substantial amounts of capital,

literature on JiT liquidity provision remains very scarce. We are aware of only three

papers that explicitly focus on JiT liquidity provision and also investigate it empirically.

Wan and Adams (2023) investigate JiT liquidity provision from May 2021 to July 2022

in Uniswap v3 pools and conclude that only a small fraction of swaps are being supplied

with JiT liquidity. In a similar vein, Xiong et al. (2023) study JiT liquidity provision in

Uniswap v3 for a prolonged period of 20 months, i.e., from June 2021 to January 2023.

During that time period, they identify a total of 36,671 JiT liquidity provisions, which

have collectively earned roughly 3,000 ETH in trading fees. Furthermore, they outline

that on average, JiT liquidity provisions are hardly profitable, while they do improve ex-

ecution prices for traders. Additionally, they provide evidence that a significant fraction
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of their detected JiT liquidity provisions (i.e., 46%) suffer a loss. Trotti et al. (2025) for-

mulate that JiT liquidity providers are faced with a non-linear optimization problem and

prove the existence of an optimal strategy. Subsequently, they compare their optimal

strategy with empirical JiT liquidity provisions in Uniswap’s ETH-USDC pool with a

0.05% fee tier from January to June 2024 and conclude that JiT liquidity provisions tend

to be executed suboptimally. They further estimate that an optimal execution of JiT

liquidity provisions could curtail passive liquidity providers’ fee incomes by up to 40%,

while improving execution prices for traders. Capponi et al. (2023) study JiT liquidity

provision from a game-theoretical perspective, without conducting empirical investiga-

tions. To the best of our knowledge, we are the first to investigate JiT liquidity provision

on a pool-level for a relatively long time frame (i.e., almost five years), which allows us to

gain insight into how JiT liquidity provision and its profitability may have changed over

time. Furthermore, we are not aware of any other paper that aims to derive the decision

making process of JiT liquidity providers based on their empirically observable behavior,

which our panel regression model aspires to do. As JiT liquidity provision arises within

concentrated liquidity AMMs and relies on strategic ordering of blockchain transactions,

our findings also contribute to these broader research fields. Notable contributions to

the literature on decentralized exchanges and AMM include Angeris and Chitra (2020),

Lehar and Parlour (2025), Barbon and Ranaldo (2021), Lehar et al. (2022) and Malinova

and Park (2024). Research focusing on the mechanism and implications of concentrated

liquidity include the findings of Fritsch (2021), Heimbach et al. (2022), Caparros et al.

(2023) and Hasbrouck et al. (2025), while Daian et al. (2019), Torres et al. (2021) and

Mizrach and Yoshida (2025), among others, contribute to the literature on blockchain

transaction ordering and maximal extractable value (MEV).

The remainder of this paper is organized as follows. Section 2 provides institutional

background on automated market making and concentrated liquidity, as these concepts

are prerequisites for just-in-time liquidity provision. Section 3 outlines the exact process

of a JiT liquidity provision and its profitability components from a theoretical perspec-

tive. Section 4 presents our empirical findings regarding the prevalence, profitability and

certain characteristics of JiT liquidity provisions. Section 5 elaborates on the determi-
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nants of JiT liquidity provisions that our linear probability panel regression model could

identify and section 6 concludes.

2 Automated market making and Uniswap

Trading of crypto assets is conducted on two types of platforms, i.e., centralized ex-

changes (CEX) and decentralized exchanges (DEX). While the former have been intro-

duced shortly after the invention of Bitcoin, the development of DEXs can be traced

back to 2018. Intended to counteract instances of security breaches and fraud enabled

by the centralized, and largely unregulated nature of CEXs, DEXs are governed solely

by a set of smart contracts and leverage on blockchain infrastructure. Thereby, traders

hold custody over their assets throughout the entire trading process and do not have

to relinquish control to a centralized, possibly malicious, intermediary. The largest and

most prominent DEX is Uniswap. Initially deployed in 2018, it has experienced three

protocol updates since and currently exhibits a daily trading volume of approximately

800 million USD.

While CEXs employ a limit-order book to collect and match buy and sell orders,

DEXs apply the concept of automated market making (AMM), a fundamentally differ-

ent trading mechanism. Trading in an AMM environment is conducted against liquidity

pools, i.e., smart contracts holding reserves of two distinct tokens. Each trading pair has

its own liquidity pool. Traders can subsequently exchange tokens (i.e., swap) against

the liquidity pool by removing a certain amount of one token from the pool and adding

a certain amount of the other token to the pool. The exchange rate is algorithmically

determined by the constant product formula, which requires the product of the pool’s

token reserves to remain unaffected by a trade. To formalize, consider a liquidity pool

to hold x units of token X and y units of token Y , yielding a product of xy = L2. If a

trader wishes to purchase ∆x units of token X, the constant product rule consequently

requires him to pay ∆y units of token Y where (x−∆x) · (y +∆y) = xy, which yields
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∆y = y · ∆x
x−∆x

. The swap’s exchange rate (i.e., the per-unit price of token X, denoted

in units of token Y ) for a given trade size of ∆x consequently translates to

PX/Y =
∆y

∆x
=

y · ∆x
x−∆x

∆x
=

y

x−∆x
(1)

As equation 1 highlights, only an infinitesimally small amount of token X (i.e.,

∆x → 0) can be purchased at the marginal pool price P = y
x
, while for any posi-

tive amount of ∆x, PX/Y > P . The divergence between the swap’s actual exchange rate

and the marginal pool price is referred to as slippage and increases in the size of the

trade and decreases in the size of the pool (see Mohan (2022)).3 Conceptually, slippage

is equivalent to price impact in traditional order book markets.

While swaps always increase the reserves of one token and decrease those of the other

token within the pool and consequently alter P , market participants who add both to-

kens to the pool are referred to as liquidity providers. By depositing the token pair to

the pool, liquidity providers enable the execution of subsequent trades. At the inception

of a pool, the first liquidity provider can deposit an arbitrary amount of each token

to the pool and consequently determine the marginal pool price.4 Subsequent liquidity

provisions must not alter the pool’s token reserves ratio, i.e., for each unit of token X a

liquidity provider adds to the pool, he must add y
x
units of token Y .5 Liquidity providers

are entitled to withdraw their token holdings from the pool at any point in time, i.e.,

there is no obligation to deposit one’s tokens to the pool for a minimum term. However,

it is important to emphasize that the quantities of tokens received upon withdrawal will

3 From a trader’s point of view, this implies that trading against a pool with a high level of liquidity
is advantageous due to the lower per-unit price at which token X can be purchased.

4 However, a rational liquidity provider will always deposit amounts of each token in a ratio that
equals the token pair’s price on a reference market, since any other ratio poses an arbitrage oppor-
tunity that will be exploited at the cost of the liquidity provider.

5 E.g., if someone wants to engage in liquidity provision in a pool that currently holds 10 units of
token X and 100 units of token Y , for each additional unit of token X, 10 units of token Y must
be added to the pool. Any other ratio would be rejected by the protocol. As we will discuss in
section 2.1, this only applies for pools that do not feature concentrated liquidity.
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differ from those initially deposited, as trading activity continuously changes the pool’s,

and consequently, each liquidity provider’s token holdings. Adding liquidity to the pool

is referred to as ’mint’, while its withdrawal is termed ’burn’. To incentivize liquidity

provision, AMM protocols charge a fee for each trade that is conducted against the pool

and distribute it among all liquidity providers, proportionate to their relative share of the

pool’s overall liquidity.6 While engaging in liquidity provision comes with the prospect

of earning trading fees, it also entails suffering impermanent loss (IL). IL emphasizes the

difference between the value of a liquidity provider’s pool inventory (i.e., its share of the

reserves of tokens X and Y within the pool) and the hypothetical value of the tokens in

their initially deposited composition. The reason behind IL is that whenever the relative

price of the pool’s two tokens changes on a reference market, arbitrageurs will make a

profit by purchasing the pool’s token whose reference price has increased relatively until

the pool’s token reserves ratio is in line with the reference market price again. This

mechanism inevitably decreases the pool’s reserves of the token whose relative value ap-

preciated and increases those of the token whose relative value depreciated. The severity

of IL depends (in relative terms) exclusively on the degree to which the tokens’ relative

price has changed since the provision of liquidity. Conceptually, IL is analogue to the

adverse selection problem market makers in traditional limit order books are confronted

with, who suffer losses when market participants with informational advantage trade

against their quoted prices (see Glosten and Milgrom (1985)).

2.1 Concentrated liquidity

While so far we have elaborated on AMM in its most basic form, Uniswap’s second

protocol update (i.e., Uniswap v3, see Adams et al. (2021)), which was deployed in May

2021, introduced the more sophisticated concept of concentrated liquidity. Aiming to

improve capital efficiency, Uniswap v3 allows liquidity providers to specify a price range

within which they want to act as a liquidity provider. Precisely, Uniswap v3 partitions

6 The fee is a fixed percentage of the swap’s size and gets paid in units of the token the trader wishes
to sell. Uniswap v4 additionally allows for dynamic fees that adjust according to a pool’s specific
hook-logic (see Adams et al. (2024)).
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a token pair’s continuous price range into discrete intervals, referred to as ticks.7 Liq-

uidity providers can subsequently specify a number of adjacent ticks where they want

to allocate their liquidity. Furthermore, Uniswap v3 offers four distinct pool fee tiers of

0.01%, 0.05%, 0.3%, and 1%.8 While, ceteris paribus, traders will prefer lower fees, they

also have to take into account the size of the respective pools, as larger pools offer a

lower level of slippage. Consequently, traders face a trade-off between fees and slippage,

implying that, depending on the swap’s as well as the pool’s size, a higher-fee pool may

still offer lower total trading costs than its lower-fee companion.9 For liquidity providers,

a key implication of concentrated liquidity is that their provided liquidity will only sup-

port trading as long as the token pair’s price lies within the specified range. As soon as

the price exits the range, the position becomes inactive, which implies that its deposited

tokens are no longer altered by subsequent trades but also entails losing its entitlement

to earn trading fees. Concentrated liquidity is a notable extension to prior versions of

the Uniswap protocol, where no such feature is available, and consequently, liquidity

providers are forced to distribute their liquidity uniformly across all price levels. The ra-

tionale behind concentrated liquidity is that by enabling the provision of liquidity within

a certain price range, most liquidity will be allocated close to the token pair’s current

price (i.e., P ), which implies that swaps experience less slippage. Concentrated liquidity

has already been studied from a wide range of perspectives, including capital efficiency

and the return of liquidity providers in Uniswap v3 (e.g.,Fritsch (2021), Heimbach et al.

(2022) and Aquilina et al. (2024)), strategies of optimal liquidity provision (e.g., Cartea

et al. (2022) and Fan et al. (2022)), dynamics of impermanent loss (e.g., Loesch et al.

(2021) and Aigner and Dhaliwal (2021)) and attempts to derive equilibrium pool sizes

(e.g., Hasbrouck et al. (2025)).

7 The relation between a tick and its corresponding price is given by Pticki = 1.0001i. (see Adams
et al. (2021)) I.e., an increase of one tick translates to an increase of P by one basis point.

8 Depending on the pool’s fee level, Uniswap v3 determines a minimum tick spacing, i.e., a minimum
number of ticks a liquidity provider’s specified price range must encompass. The respective fee
tiers’ minimum tick spacings correspond to 1, 10, 60 and 200 ticks for 0.01%, 0.05%, 0.3% and 1%
fee tier pools, respectively. E.g., the upper tick boundary of a liquidity position in a 0.05% fee pool
must lie (at least) 10 ticks above its lower tick boundary. Additionally, only ticks that are integer
multiples of the respective pool’s minimum tick spacing can be selected as a liquidity position’s
boundaries.

9 A comprehensive investigation of high- and low-fee pool clienteles is provided by Lehar et al. (2022).
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To explain concentrated liquidity in more detail, consider a liquidity provider who

supplies liquidity within the price range [Pa, Pb], where Pa < P < Pb. The invariant

function, which governs trading within [Pa, Pb] is then given by

(
xreal +

L√
Pb

)(
yreal + L

√
Pa

)
= L2 (2)

where xreal and yreal denote the respective tokens’ real reserves and L the amount of

liquidity supplied (see Adams et al. (2021). Intuitively, a concentrated liquidity position

can be interpreted as replicating a hypothetical pool with uniform liquidity distribution

within the bounded price interval [Pa, Pb]. Precisely, within [Pa, Pb], trading against

a concentrated liquidity pool with token reserves xreal and yreal can be conducted on

identical terms as trading against a uniformly distributed liquidity pool with token X

reserves of xreal +
L√
Pb

and token Y reserves of yreal + L
√
Pa. The reserves of the hy-

pothetical, uniformly distributed liquidity pool are referred to as virtual reserves, i.e.,

xvirtual = xreal +
L√
Pb

and yvirtual = yreal + L
√
Pa. The relation between real and virtual

reserves clearly highlights the rationale behind concentrated liquidity: by concentrat-

ing liquidity within a bounded price interval, liquidity providers can generate the same

amount of liquidity within [Pa, Pb] while depositing substantially fewer tokens (i.e., xreal

and yreal instead of xvirtual and yvirtual, respectively) than would be required under a uni-

form liquidity distribution across all price levels. A formal derivation of equation 2 and

a numerical example that illustrates the equivalence between trading against an xreal,

yreal concentrated and xvirtual, yvirtual uniformly distributed liquidity pool is provided in

Appendix A.

Next, we focus on the relation between the marginal pool price P and a liquidity

provider’s token holdings, i.e., its real reserves, since the evolution of a position’s token

reserves in response to trading activity is central to understanding both the mechanics
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and profitability of concentrated liquidity provision. With that regard, it is important

to distinguish whether the marginal pool price lies below (i.e., P ≤ Pa), within (i.e.,

Pa < P < Pb) or above (i.e., P ≥ Pb) the liquidity provider’s specified price range

(see Urusov et al. (2025)). When P falls below Pa, this implies that traders have pur-

chased the position’s entire reserves of token Y and consequently, yreal = 0. Accordingly,

for yreal = 0, equation 2 simplifies to (xreal +
L√
Pb
) · L ·

√
Pa = L2 which allows us

to state xreal

∣∣
P≤Pa

= L ·
(

1√
Pa

− 1√
Pb

)
. Vice versa, when P rises above Pb, this cor-

responds to a total depletion of the position’s reserves of token X. Correspondingly,

for xreal = 0, equation 2 simplifies to L√
Pb

· (yreal + L ·
√
Pa) = L2, which translates to

yreal
∣∣
P≥Pb

= L·(
√
Pb−

√
Pa). Finally, we investigate the case where Pa < P < Pb. To de-

rive xreal and yreal under these conditions, we have to consider that whenever the marginal

pool price lies within the specified price range, it is reflected by the tokens’ virtual re-

serves, i.e., P
∣∣
Pa<P<Pb

= yreal+L·
√
Pa

xreal+
L√
Pb

. Solving this expression jointly with equation 2 for

xreal and yreal yields xreal

∣∣
Pa<P<Pb

= L·
(

1√
P
− 1√

Pb

)
and yreal

∣∣
Pa<P<Pb

= L·(
√
P−

√
Pa),

respectively. After elaborating on the possible relations between P and the range’s

boundaries (i.e, P ≤ Pa, P ≥ Pb and Pa < P < Pb) we can ultimately compute a liq-

uidity provider’s token holdings (for a given L, Pa and Pb) for any marginal pool price by

xreal = L ·

(
1√
P̃

− 1√
Pb

)
(3)

and

yreal = L ·
(√

P̃ −
√

Pa

)
(4)

where P̃ = Pa if P ≤ Pa, P̃ = P if Pa < P < Pb and P̃ = Pb if P ≥ Pb.

While so far we have considered a single liquidity provider’s position, in practice, liq-

uidity will be supplied by multiple liquidity providers across different, partly overlapping

price ranges. The aggregate amount of liquidity at a specific price level P equals the

sum of liquidity supplied by all positions whose specified price ranges encompass P , i.e.,
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L(P ) =
N∑

n=1

Ln1{Pa,n≤P≤Pb,n}. (5)

Since liquidity providers in Uniswap v3 can only set price boundaries whose corre-

sponding ticks are integer multiples of the respective pool’s minimum tick spacing, liq-

uidity distribution is piecewise constant and can change only at tick-spacing boundaries.

I.e., let {Pk}Kk=1 denote the sequence of prices corresponding to tick-spacing boundaries,

then aggregate liquidity is constant within each interval [Pk, Pk+1) and amounts to

Lk =
∑

n:Pa,n≤Pk, Pb,n≥Pk+1

Ln. (6)

Subsequently, each price range is characterized by its own invariant function

(
xreal,k +

Lk√
Pk+1

)(
yreal,k + Lk

√
Pk

)
= L2

k, (7)

The aggregate real reserves within a given interval (i.e., xreal,k and yreal,k) are de-

rived analogously to equations 3 and 4, replacing L, Pa and Pb with Lk, Pk and Pk+1,

respectively. For a given marginal pool price P , the invariant function governing swaps

is that of the interval [Pk, Pk+1) encompassing P . Let P ∈ [Pk;Pk+1), then if a trader

wishes to purchase ∆x units of token X, the amount of token Y he is required to pay is

determined by
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∆y = ∆x · yreal,k + Lk ·
√
Pk

xreal,k −∆x+ Lk√
Pk+1

(8)

conditional to ∆x ≤ xreal,k.
10 If a trader wishes to purchase an amount of token

X that exceeds the interval’s token X real reserves (i.e., ∆x > xreal,k), the swap is

executed sequentially across multiple intervals. First, the remaining reserves xreal,k are

purchased from the current interval [Pk, Pk+1), which will move the marginal pool price

to the interval boundary Pk+1. The remaining portion of the trade (i.e., ∆x−xreal,k) will

be subsequently executed within the adjacent interval [Pk+1, Pk+2).
11 After the trade,

interval [Pk, Pk+1) holds exclusively reserves of token Y .12 Since the marginal pool price

now exceeds Pk+1, these reserves are inactive and therefore no longer utilized to facilitate

trading unless the marginal pool price falls below Pk+1 again.

Finally, we elaborate on the choice of a liquidity position’s boundaries Pa and Pb,

as it is of central importance for liquidity providers’ fee earnings. At first, a liquidity

position only earns trading fees while the marginal pool price lies, and consequently,

trades are executed within its specified range, i.e.,Pa < P < Pb. This should encourage

liquidity providers to supply liquidity within ranges that effectively facilitate trading.

Subsequently, for a swap executed within interval [Pk, Pk+1), its trading fee is distributed

among all liquidity providers whose positions encompass [Pk, Pk+1), proportionate to

their relative share of contributed liquidity. I.e., let liquidity provider n supply Ln

liquidity within the price range [Pa, Pb], where [Pk, Pk+1) ⊆ [Pa, Pb], then the fraction of

the trading fees for each swap conducted within [Pk, Pk+1) that is credited to liquidity

10 Equation 8 follows from

(
xreal,k −∆x+ Lk√

Pk+1

)
·
(
yreal,k +∆y + Lk

√
Pk

)
= L2

k, stating that the

trade must not alter the interval’s product of virtual token reserves.
11 Numerical illustrations of a swap crossing multiple tick intervals as well as the computation of ag-

gregate L and its corresponding real reserves across different price ranges are provided by Caparros
et al. (2023).

12 Vice versa, if the trader was to purchase an amount of token Y that exceeds the interval’s token
Y real reserves (i.e., ∆y > yreal,k), the swap would consume all of the interval’s token Y reserves
(i.e., yreal,k) and purchase the remaining ∆y − yreal,k units of token Y from the adjacent interval
[Pk−1, Pk). The interval [Pk, Pk+1) will consequently hold exclusively token X reserves and remain
inactive unless subsequent trading activity pushes P above Pk again.
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provider n amounts to Ln

Lk
. This suggests that, conditional to the position encompassing

the price range of a swap’s execution, a position’s fee earnings increases with its amount

of L. At this point, it is important to emphasize that a position’s L is mainly determined

by two factors: its invested capital, henceforth referred to as V , and its length, henceforth

referred to as l. We define V as the value of the position’s deposited real reserves, denoted

in units of token Y (i.e., V = xreal · P + yreal) and l = Pb

Pa
− 1.13 As we formalize in

Appendix B, ceteris paribus, a position’s L increases in V and decreases in l. From an

economic perspective, this implies that the liquidity generated and, by extension, the

fees earned per unit of invested capital, is higher when liquidity is supplied within a

relatively small price range and can, for a given swap, be maximized by minimizing l,

which translates to providing liquidity within exactly one minimum tick spacing interval.

Vice versa, choosing a small l increases the risk of the position to become inactive and

earn no further trading fees altogether, as even small movements in the marginal pool

price may suffice to push P outside [Pa, Pb]. This may encourage especially conventional

liquidity providers, who do not constantly monitor and update their positions, to provide

liquidity across wider ranges.

3 Just-in-time liquidity provision

The introduction of concentrated liquidity undoubtedly made liquidity provision a signif-

icantly more complex task, which is reflected in a growing strand of literature analyzing

strategies of liquidity provision in Uniswap v3. Typically, these strategies focus on the

optimal positioning of liquidity based on factors such as the token pair’s price volatility

and trading volume and the trade-off between fee income and impermanent loss. Also,

approaches with regard to the frequency and strategy of rebalancing of one’s liquidity

position have been discussed. Notable contributions include the works of Neuder et al.

(2021), Milionis et al. (2022), Cartea et al. (2022) and Fan et al. (2022). While these

strategies consider liquidity to be continuously provided over a specific period of time

and consequently supply liquidity for all swaps during that time period, a very distinct

13 This implies Pb = Pa · (1 + l).

12



practice of liquidity provision that emerged due to the introduction of concentrated liq-

uidity is just-in-time (JiT) liquidity provision. JiT liquidity provision refers to a practice

where a large amount of liquidity is supplied within a very narrow range for single, exclu-

sively selected swaps. Swaps targeted by JiT liquidity providers are referred to as being

’sniped’ and they usually exhibit a large trade size (see Wan and Adams (2023)). The

incentive for engaging in JiT liquidity provision is that by providing a very large amount

of liquidity within a very narrow range around the price where the targeted swap will

be executed, the JiT liquidity provider will account for almost all liquidity within that

range and consequently earn essentially all of the sniped swap’s fee.

For this strategy to be successful, the correct ordering of the respective transactions

is crucial. In particular, the JiT liquidity provider must ensure that the blockchain

processes its mint transaction immediately before the sniped swap and its burn trans-

action immediately afterwards, with all three transactions being contained in the same

block. In practice, this is achieved by JiT liquidity providers constantly monitoring the

blockchain’s mempool.14 Once a JiT liquidity provider detects a swap transaction he

aims to snipe, he will initiate a mint and subsequent burn with position boundaries

specifically targeting the expected execution price of the swap and subsequently forward

the mint, swap and burn transaction as a bundle to a block builder via specialized sub-

mission channels.15 Builders receive multiple transaction bundles submitted by different

market participants, commonly referred to as searchers.16 Competing for block inclusion,

each transaction bundle submitted by a searcher includes a payment to the block builder,

either in form of priority fees or a direct transfer. The block builder will subsequently

construct a candidate block consisting of those transaction bundles that in aggregate of-

14 The mempool, short for memory pool, can be characterized as a ’waiting area’ of pending blockchain
transactions, i.e., transactions that have been submitted to the network, but not processed in a
block yet. Importantly, Ethereum’s mempool is publicly accessible, i.e., pending transactions are
visible for all network participants.

15 Block builders are specialized agents assembling pending transactions and bundles of them into
candidate blocks (see Flashbots (2025)).

16 Market participants who monitor pending transactions and the state of the blockchain and sub-
sequently aim to extract value by exploiting profitable opportunities such as arbitrage, liquida-
tions and transaction reordering, are collectively referred to as searchers (see Mizrach and Yoshida
(2025)). Among these are JiT liquidity providers, who strategically supply liquidity for single swaps
that offer high fee income.
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fer the highest payment and submits it to the validator, who ultimately decides which of

the candidate blocks to propose.17 Consequently, the JiT liquidity provider must outbid

competing agents to ensure the inclusion of his transaction bundle.

3.1 Profitability of JiT liquidity provisions

To assess the profitability of a JiT liquidity provision, four components need to be con-

sidered (see Xiong et al. (2023)): the trading fees earned from the sniped swap (F ), the

swap-induced change in the liquidity provider’s token holdings (∆V ), the gas fees of the

mint as well as the burn transaction (gas) and a potential direct payment to the block

builder to ensure inclusion of their transaction bundle in the next block (coinbase). We

will now elaborate on each component in more detail:

- swap fee (F ): as outlined in section 2, the trading fee generated by a swap is dis-

tributed among all liquidity providers, pro-rata to their share of liquidity in the relevant

tick range. Consequently, let size be the swap’s size, τ the pool’s fee rate, LJiT the

JiT liquidity provider’s supplied amount of liquidity in the relevant tick range at the

time of the swap and Lall the aggregate amount of liquidity within that range, then the

JiT liquidity provider’s fee income is F = τ · size · LJiT

Lall
.18 Since JiT liquidity providers

operate with large amounts of capital and deposit their liquidity in a very narrow price

range, LJiT

Lall
will typically be close to 1, implying that almost the entire swap’s fee will

be credited to the JiT liquidity provider.

- change in the token holdings (∆V ): besides fee earnings, JiT liquidity providers

can also profit from the change in the composition of their supplied tokens due to the

17 Since Ethereum’s transition from proof-of-work to proof-of-stake in 2022 (i.e., the ’Merge’, see
Ethereum Foundation (2022)), validators are responsible for proposing new blocks and usually rely
on systems such as MEV-Boost, i.e., off-chain middleware through which block builders submit their
previously constructed candidate blocks attached with a bid to the validator. From all candidate
blocks, the validator will choose the one offering the highest bid and propose that block to the
network. The interplay between block builders and validators is referred to as proposer-builder
separation (PBS ,see Heimbach et al. (2023)).

18 The fee is always charged in units of the token that is being sold. E.g., if a swap purchases token
X and sells token Y , fees are paid in token Y .
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sniped swap. Precisely, the swap that occurs between the JiT liquidity provider’s mint

and burn transaction will cause the quantities of tokens X and Y the JiT liquidity

provider removes after the swap to be slightly different from the quantities that have

been deposited prior to the swap.19 Relying on the reasonable assumption that, due to

the instantaneous nature of a JiT liquidity provision, the token pair’s reference market

price at the time of liquidity removal is the same as at the time of liquidity provision,

we can compute the change in the value of the JiT liquidity provider’s token holdings as

∆V = (xburn ·P ref
x/y +yburn)− (xmint ·P ref

x/y +ymint), where xmint and ymint (xburn and yburn)

refer to the liquidity position’s real reserves at the time of liquidity provision (removal).

As outlined by Trotti et al. (2025), ∆V is positive (negative) when the swap increases

(decreases) the deviation between the pool’s marginal price and that of the reference

market. From a JiT liquidity provider’s perspective, this implies that sniping swaps

that cause a further deviation of the pool’s marginal price from the reference market

generates additional surplus, while the change in the value of the token holdings imposes

an additional loss component when sniping swaps that align the pool’s marginal price

closer to the reference market. We will revisit this consideration in section 5.

- gas fees (gas): executing a JiT liquidity provision entails initiating a mint and burn

transaction, both of which incur gas fees borne by the liquidity provider. Consequently,

gas fees must be considered as a cost component of JiT liquidity provisions.

- direct payment (coinbase): As already outlined in this section, in order to incen-

tivize the block builder to include the transactions comprising the JiT liquidity provision

in its block, besides attaching high gas fees to the mint and burn transaction, JiT liquid-

ity providers can also offer a direct payment (referred to as coinbase transfer, since the

tokens are transferred to the respective block’s coinbase address) to the block builder.

Such payments further curtail a JiT liquidity provision’s profit.20

19 E.g., consider the sniped swap to purchase token X. This translates to a decrease (increase) in
the pool’s token X (Y ) reserves, which implies that the amount of token X (Y ) the JiT liquidity
provider withdraws from the pool after the swap will be smaller (larger) than the amount added
prior to the swap.

20 Gas fees as well as coinbase payments are conducted in the form of Ethereum’s native currency,
i.e., ETH. Consequently, F as well as ∆V are also denoted in ETH in equation 9.
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A JiT liquidity provision’s profit is consequently given by

profit = F +∆V − gas− coinbase (9)

As equation 9 outlines, supplying JiT liquidity always generates revenue from trading

fees and entails transaction costs in the form of gas fees and / or direct payments to the

block builder. The swap-induced change in their token holdings can be either positive

or negative and consequently poses an additional source of gains or losses that requires

consideration.21

3.2 Welfare considerations

From a welfare perspective, the presence of JiT liquidity providers has ambiguous ef-

fects. While other types of MEV-related activities, such as front-running, tend to be

advantageous only for the attacker itself, this is not the case for JiT liquidity provision.

In particular, JiT liquidity provision is beneficial for the trader whose swap is being

sniped, as it temporarily increases the pool’s level of liquidity and consequently lowers

the degree of slippage suffered by the trader.22 Simultaneously, JiT liquidity provision

detrimentally affects other liquidity providers, as they earn almost no trading fees from

sniped swaps due to the JiT liquidity provider’s dominant share of active liquidity dur-

ing the swap’s execution. Since JiT liquidity providers primarily target large swaps that

generate substantial trading fees, this implies that other liquidity providers might not be

21 Wan and Adams (2023) suggest that JiT liquidity providers may hedge against changes in their
token holdings by conducting offsetting trades, which would introduce further transaction costs.
However, as such activities cannot be identified based on our available data, incorporating hedging
costs in our profitability computation would be purely speculative, and we therefore abstract from
them.

22 Xiong et al. (2023) find that, on average, a JiT liquidity provision decreases a swap’s slippage by
0.139%.
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able to generate income precisely on those swaps that offer the highest revenue in terms

of fees. In a worst-case scenario, this could discourage other market participants from

engaging in liquidity provision altogether, culminating in a highly illiquid market for or-

dinary swaps in which sufficient liquidity is supplied only on demand for swaps deemed

profitable from the perspective of JiT liquidity providers (see Capponi et al. (2023)).

Since previous studies as well as our analyses show that only a small fraction of swaps

is targeted by JiT liquidity providers, concerns that JiT liquidity provision substantially

harms other liquidity providers do not appear to be justified.23 Nonetheless, our data

show that JiT liquidity providers operate with amounts of capital multiple times larger

than those of other liquidity providers, which warrants further investigation of this prac-

tice, the JiT liquidity providers’ underlying motives and the factors based on which they

decide whether or not to snipe certain swaps.

4 Data and descriptive statistics

To answer our research questions, we conduct our investigations based on the 10 largest

(in terms of trading volume) Uniswap v3 pools deployed on Ethereum, from their in-

ception until December 31st 2025. To obtain a pool’s cumulative trading volume (i.e.,

the dollar denoted volume of all swaps conducted against the pool since its inception),

we source data from Dune Analytics. Table 1 reports the cumulative volume of the 10

largest pools, as of December 31st, 2025.

Subsequently, we utilize The Graph to download for each pool in Table 1 a complete,

timestamped record of all mints, burns and swaps. The dataset also reports the origi-

nating wallet address associated with each event and the chronological order if multiple

events are processed in the same block. Consequently, we have all information required

to identify JiT liquidity provisions.

23 Wan and Adams (2023) report that during their sample period, roughly 0.3% of the total swap
volume is facilitated by JiT liquidity providers.
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We classify liquidity provisions as JiT, if:

- address A mints liquidity within a range that is at most twice the length of the

pool’s minimum tick space24

- address B conducts a swap that is executed within the range where A provided

liquidity

- address A burns its previously deposited liquidity

Furthermore, all three events must be processed in the same block (in the chronolog-

ical order mint - swap - burn) and besides the swap, no further pool-related events occur

between the mint and the burn. We apply this procedure on each pool in our sample.25

4.1 JiT liquidity provision patterns

Across all pools, we observe a total of 34,702,119 swaps, yielding an overall trading vol-

ume of 1,237.06 billion USD.26 Of these swaps, our classification rule identifies a total

of 173,396 as being sniped, i.e., supplied with JiT liquidity. This suggests that during

our sample period, roughly one in 200 swaps is targeted by JiT liquidity providers. The

cumulative trading volume of all sniped swaps amounts to 14.035 billion USD, yielding

a relative share of sniped swaps of 1.13% in terms of trading volume. Table 2 provides

a more detailed summary of the prevalence of JiT liquidity provisions within each pool

24 I.e., for 0.01% fee pools, the position must not stretch across more than two tick, for 0.05% fee
pools, the position is allowed to encompass at most 20 ticks and for 0.3% pools, the position’s
length must not cover more than 120 ticks. We opted not to apply the strictest definition (i.e.,
only classify liquidity provisions whose interval boundaries correspond to one minimum tick space
as JiT), as there might be scenarios where it is reasonable to choose a slightly larger range from
the liquidity provider’s point of view. At the same time, our data show that 98.88% of all identified
JiT liquidity provisions exhibit an interval length of the respective pool’s minimum tick space,
indicating that this relaxation has no material impact on our findings.

25 In addition, we exclude such observations that are technically classified as JiT but either the sniped
swap volume or the liquidity minted is below 100 USD, as we do not believe that such economically
negligible transactions reflect purposeful JiT liquidity provisions. Based on these constraints, a
total of 1,743 JiT liquidity provisions are removed from the final sample and consequently omitted
from further analyses.

26 Unless stated otherwise, USD-denominated volumes are obtained directly from the Uniswap v3
subgraph’s amountUSD field.
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and its evolution over time. Almost half (i.e., 45.17%) of all JiT liquidity provisions

during our sample occurred in the ETH-USDC 0.05% fee pool, which is also the largest

pool in terms of trading volume.

Certain patterns can be observed for all pools in our sample. At first, it is ap-

parent that JiT liquidity providers operate with much larger amounts of capital than

conventional liquidity providers. This can be seen when comparing the average USD

denominated value of tokens deposited by JiT liquidity providers to that of non JiT

liquidity providers (i.e., ’mean size JiT mints’ and ’mean size non-JiT mints’ in Table 2,

respectively). E.g., within the ETH-USDC pool with 0.05% fee, JiT liquidity providers

on average add an amount of liquidity that equates 17.31 million USD, while the average

value of liquidity minted by non JiT liquidity providers is 0.42 million USD, implying

that on average, the capital deployed by a JiT liquidity provider is 41.21 times larger

than that of a non-JiT liquidity provider. Across the other pools, this ratio varies be-

tween 3.45 (USDC-USDT, 0.01% fee) and 93.22 (ETH-USDC, 0.3% fee). Overall, we

observe a total of 551,290 liquidity provisions during our sample period, out of which

173,396 (i.e., 31.4528%) are initiated by JiT liquidity providers. When considering the

USD-denoted value of tokens added to the respective pools by each liquidity provision,

our data show that a huge share of 93.8183% of ever minted liquidity is supplied by JiT

liquidity providers.27

Next, we observe that sniped swaps generally exhibit a larger size than swaps which

are not supplied with JiT liquidity (i.e., ’mean size sniped swaps’ and ’mean size non-

sniped swaps’ in Table 2, respectively). Given the fact that the trading fee charged

by the pool amounts to a fixed percentage of the swap’s size, it is an intuitive finding

that JiT liquidity providers primarily target sizeable transactions. Comparing mean

and median swap sizes, we observe across all pools, especially for non-sniped, but also

for sniped swaps, that median sizes are significantly lower than mean sizes, indicating

a right-skewness in the distribution of trade sizes. While our findings document that,

27 Across all pools, we find that during our sample period a total of USD 2,065.99 billion in liquidity
is contributed, of which USD 1,938.29 billion is funded by JiT liquidity providers.
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in aggregate, sniped swaps are larger than non-sniped swaps, a more nuanced picture

emerges when examining this relationship over time. Specifically, we observe a decrease

in the average size of sniped swaps, both in absolute terms as well as relative to the

average size of non-sniped swaps over time. E.g., within the ETH-USDC pool with

0.05% fee level, in 2021, a sniped swap’s size is on average 5.47 times larger than that

of a non-sniped swap, while in 2025, sniped and non-sniped swaps only marginally differ

in size, on average. Across all pools, the ratio between the average size of sniped and

non-sniped swaps decreases from 5.71 in 2021 to 1.64 in 2025.28 Figure 1 depicts for each

pool and year the ratio between the average size of sniped and non-sniped swaps and

confirms that, besides for the USDC-USDT pool (which happens to be the only pool in

our sample consisting purely of stablecoins), this pattern is consistent across all pools.

While the average size of sniped swaps seems to decrease, the contrary can be observed

with regard to the number of sniped swaps, which increases in all pools over time, both

in absolute terms as well as relative to the number of non-sniped swaps. Of all identified

JiT liquidity provisions in our dataset, 55.33% occurred in 2025, i.e., the last year of

our sample period. Figure 2 displays for each pool and year the relative share of sniped

swaps, in terms of swap counts, further underscoring the increasing frequency of JiT

liquidity provisions in the sampled pools.

To summarize, with regard to the relevance of JiT liquidity provision, our data draw

a somewhat ambivalent picture. From the liquidity taking side, only a small, albeit

increasing, fraction of swaps is supplied with JiT liquidity. Also in terms of volume,

the vast majority of trading activity takes place without JiT liquidity provision, which

implies that in aggregate, only a very limited share of trading fees is extracted by JiT

liquidity providers to the detriment of conventional liquidity providers. Our computa-

tions show that during our sample period, swaps within the respective pools generated

a total of 1.1306 billion dollars in trading fees, out of which 8.3354 million dollars (i.e.,

0.7372%) were earned by JiT liquidity providers. However, when shifting the focus to

the supply side of liquidity, a different picture emerges. As already outlined in this sec-

28 Computing the ratio based on median swap sizes yields a decrease from 24.19 in 2021 to 5.29 in
2025.
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tion, JiT liquidity providers are responsible for roughly a third of all liquidity provisions

and account for the majority of all token amounts ever added to the pools. Although

their liquidity is supplied instantaneously and consequently does not translate into a

dominant share of standing liquidity on a time-weighted basis, these figures outline the

economic significance of JiT liquidity providers in Uniswap v3. Furthermore, our find-

ings underscore that JiT liquidity providers seem to act highly selective, i.e., they supply

huge amounts of liquidity for very few, exclusively selected swaps.

4.2 Profitability of JiT liquidity provisions

In this subsection, we elaborate on the profitability of the identified JiT liquidity pro-

visions. For each JiT liquidity provision, we compute its profit as outlined in section

3.1. With regard to a JiT liquidity provision’s trading fee income (i.e., F ), we utilize

for each sniped swap the pre- and post-swap marginal pool price and the liquidity dis-

tribution across tick ranges. Based on these variables, we can reconstruct the swap’s

price path and infer the amount of the trade executed and fees accrued within each tick

range. Subsequently, we multiply the swap’s total fees within each tick range with the

JiT liquidity provider’s relative share of liquidity in that range to determine the JiT

liquidity provider’s fee income.29 We compute F in ETH.30 To estimate the change in

the value of the JiT liquidity provider’s token holdings induced by the sniped swap (i.e.,

∆V ), we value both the deposited and withdrawn token amounts with the token pair’s

29 As a consistency check, we additionally compare the reconstructed fee income with the fees ef-
fectively withdrawn via the corresponding collect events and obtain virtually identical results.
Nevertheless, we rely on the reconstruction methodology throughout the analysis, since it allows
us to unambiguously derive a liquidity provider’s fee income from a single swap, while the corre-
sponding collect events may also include fees accrued from previous swaps that had not yet been
withdrawn.

30 I.e., if a sniped swap purchases ETH and consequently, the fee is paid in form of the counter token,
we utilize the respective pool’s post-swap marginal price to convert F into ETH. For the USDC-
USDT pool, which is the only pool in our sample not containing ETH, we utilize in a first step (if
the sniped swap purchases USDT) the post-swap marginal pool price to convert the trading fee to
USDT and subsequently apply Binance’s contemporaneous ETH-USDT price to denote it in ETH.
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contemporaneous price on Binance.31 Binance price data are obtained from its historical

market data repository, which provides OHLC prices at a one-second frequency for each

listed pair. To compute the transaction costs (i.e., gas and coinbase, respectively), we

utilize data obtained via the Etherscan’s API to query for each JiT liquidity provision’s

mint as well as burn transaction its gas fees and potential coinbase payment.32 Both

measures are reported in ETH, as it is the Ethereum blockchain’s native currency.

Table 3 provides an overview of the profitability of JiT liquidity provisions and its

components for each year during our sample period and Table 4 displays the respective

measures for each pool.33 Overall, we find that while the frequency of JiT liquidity

provisions has increased remarkably, the contrary can be observed for their profitability.

While in 2021 JiT liquidity providers secured, on average, a profit of 419.77 dollars per

attack, our data indicate a stark decrease in the profitability of JiT liquidity provisions

over time, that culminates in an average loss of 5.24 dollars per attack in 2025. Also in

the relative share of profitable JiT liquidity provisions, we observe a gradual decrease

over time. Across all years, more than one in three liquidity provisions suffers a loss.34

When analyzing the profitability components individually, we can identify the lower fee

income as the main driver of the decreasing profitability of JiT liquidity provisions. In

principle, the decrease in fee income can stem from three sources. First, it can be caused

by JiT liquidity providers supplying smaller amounts of liquidity and consequently earn-

31 We measure ∆V in ETH, i.e., we use ETH as the numeraire token. For ETH-USDT as well as
ETH-USDC and ETH-DAI pools, we apply Binance’s ETH-USDT price (the per-unit price of
USDT, denoted in ETH) as the reference market price, as ETH is predominantly traded against
USDT on Binance and consequently, this pair constitutes the most liquid and reliable reference
price benchmark. We note that thereby, we implicitly assume major stablecoins to trade close to
parity. For the USDC-USDT pool, based on Binance’s contemporaneous USDC-USDT price we
compute ∆V in USDT and subsequently apply the ETH-USDT price to convert it to ETH. For
the ETH-BTC pools, we utilize Binance’s ETH-BTC price to derive the per-unit price of BTC,
denoted in ETH, and subsequently compute ∆V .

32 See https://docs.etherscan.io/. To identify coinbase payments, we search within each relevant
transaction for payments to the respective block’s coinbase address.

33 While we initially compute profits in ETH, we convert them to USD (precisely, in USDT based on
Binance’s contemporaneous ETH-USDT price) to ensure comparability across years, as there has
been substantial fluctuation in the price of ETH during our sample period. While we identified
a total of 173,396 JiT liquidity provisions, Binance price data are unavailable for the timestamps
of 228 observations. Consequently, we can compute profitability only for the remaining 173,168
observations.

34 Also Wan and Adams (2023) find that during their sample period, only 54.7% of JiT liquidity
provisions generate a profit.
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ing a smaller fraction of the sniped swap’s fee. Second, JiT liquidity provisions could

have migrated from high-fee to low-fee pools over time. Third, lower fee income can be

the result of a decrease in the average size of sniped swaps, as a swap’s total fee is a

fixed percentage of its size. Our data provide strong evidence for the latter explanation

to be accurate. As reported in Table 3, we observe a significant decrease in the average

size of sniped swaps from roughly half a million USD in 2021 to just above 20,000 USD

in 2025. While our data also indicate a moderate decrease in the average amount of

tokens supplied by JiT liquidity providers, this effect is much less pronounced.35 Ad-

ditionally, we find that the average fee rate of sniped swaps, computed by weighting

each fee tier with its share of total sniped trading volume, decreases from 0.1493% in

2021 to 0.0814% in 2022. However, in subsequent years this measure remains relatively

stable and assumes a value of 0.0712% in 2025, suggesting that the migration of JiT

liquidity provisions towards low-fee pools is not the primary source of deteriorating fee

earnings over time. Besides the fee income, our data indicate that JiT liquidity providers

systematically benefit from swap-induced changes in their token holdings, as ∆V in Ta-

ble 3 is consistently positive across all years. This suggests that JiT liquidity providers

strategically target swaps that generate a positive value change of their token holdings

in addition to fee income. With regard to the cost components, we do not observe a

clear trend when aggregating gas costs and coinbase payments to a JiT liquidity pro-

vision’s total costs, indicating that the decline in JiT liquidity provision profitability is

mainly driven by reduced revenues rather than rising execution costs. With regard to the

profitability of JiT liquidity provisions within each pool, Table 4 reveals substantial het-

erogeneity, as the relative share of profitable JiT liquidity provisions varies between 42%

(i.e., USDC-USDT pool with 0.01% fee) and 76% (i.e., ETH-USDT pool with 0.01% fee).

Next, we aim to evaluate whether certain characteristics of JiT liquidity provisions

determine their profitability. With that regard, we group all JiT liquidity provisions into

35 Furthermore, instead of the dollar value of liquidity added, the more meaningful metric with regard
to fee income is the relative share of liquidity supplied by JiT liquidity providers within the sniped
swap’s tick range. As our data show, JiT liquidity providers account, on average, for more than
90% of the liquidity within the tick range in which the sniped swap is executed, with very little
variation across years. Consequently, we can rule out lower amounts of liquidity added to be the
driving force behind the decrease in fee income.
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deciles based on four metrics: the size of the sniped swap, the total costs (i.e., gas fees plus

any additional coinbase payment), the invested capital (i.e., the USD-denominated value

of liquidity added to the pool by the JiT liquidity provider) and the number of logs emit-

ted by the mint and burn transactions.36 Figure 3 displays the mean dollar-denominated

profit of JiT liquidity provisions across deciles formed by each metric. It clearly indicates

a positive relation between a JiT liquidity provision’s profit and the sniped swap’s size.

Especially in the highest two deciles of swap size, profitability increases sharply. When

forming deciles based on the amount of capital invested, we observe an overall increase

in the profitability as the deployed capital rises, although less significant than with swap

size. A similar picture emerges when JiT liquidity provisions are grouped into deciles

based on their total costs. Lastly, we focus on the relation between a JiT liquidity pro-

vision’s profitability and the underlying transactions’ emitted logs. As Figure 3 depicts,

the relationship is non-monotonic. Starting from the lowest deciles, we observe an in-

crease in the profitability as the number of logs increases, followed by a sharp decline

as we enter the deciles with the highest number of logs, culminating in a negative mean

profit in the top two deciles. Especially the decline of JiT liquidity provision profitability

in the highest log deciles might be very informative for the interpretation of our results.

In particular, for transactions emitting a large number of logs it is reasonable to assume

that they contain other operations besides the JiT liquidity provision, likely generating

additional sources of income. However, our computations only account for the income

generated by the JiT liquidity provision, as this is the only component we can unam-

biguously identify and compute from our available data. Yet, we are forced to deduct

the entire transaction’s execution costs (i.e., gas fees and coinbase payments) as they

inherently accrue at the transaction level and any allocation across the transaction’s

individual operations lacks a concise economic justification. Due to the apparent mis-

match between the fully observed costs and potentially only partially captured revenue

sources, labeling those JiT liquidity provisions as unprofitable may be misleading. As

36 Logs capture individual actions within a blockchain transaction. While all logs are triggered by the
same transaction, logs in one transaction can relate to different operations. E.g., a single transac-
tion may call a smart contract that mints liquidity, conducts a swap and transfers tokens to another
address. In such a scenario, each step would emit separate logs. Consequently, a transaction’s num-
ber of logs can be interpreted as a proxy for its complexity and indicate whether the transaction’s
underlying rationale is a pure JiT liquidity provision or includes additional operations.
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a proportional distribution of the entire transaction’s execution costs across its distinct

operations is not possible, we conclude that when a JiT liquidity provision constitutes

only one component of a complex transaction, its profit cannot be reliably computed in

isolation. Instead, it would only be reasonable to assess the transaction’s profitability

as a whole, i.e., taking into account all operations and their associated values. However,

as a single transaction can emit hundreds of logs and involve interactions with multiple

pools and a wide range of additional operations, including arbitrage trades, liquidations

and routing strategies across multiple DEXs, such an analysis would be highly complex

and is beyond the scope of our paper.

Based on these considerations, we aim to filter our dataset for ’pure’ JiT liquidity

provisions, i.e., transactions that only entail the addition and removal of liquidity. As

specified in the Uniswap v3 core and periphery smart contracts37, minting liquidity may

emit the following events: a mint event from the pool contract, an IncreaseLiquidity

event from the pool manager and three transfer events (one representing the creation

of the position NFT and two for the tokens deposited into the pool). Similarly, burn-

ing liquidity may emit the following events: a burn event from the pool contract, a

DecreaseLiquidity event from the position manager, two collect events reflecting the

withdrawal of the position’s earned trading fees and three transfer events (one associ-

ated with the removal of the position NFT and two for the withdrawal of the position’s

tokens). Consequently, we filter our sample for those JiT liquidity provisions whose re-

spective mint and burn transactions contain no more than the expected set of logs.38

Indeed, we find that out of the 173,168 JiT liquidity provisions in our sample, only

75,962 fulfill these criteria, suggesting that in more than 50% of the cases, JiT liquidity

provision is just one component within a larger strategy. While within the subset of

pure JiT liquidity provisions we observe a pronounced decrease in transaction costs, we

find that even there, roughly 30% return a negative profit. This underscores that JiT

liquidity provision is a highly competitive market, where bidding for block inclusion can

37 See Uniswap Labs (2021a) and Uniswap Labs (2021b), respectively.
38 I.e., at most one mint, one IncreaseLiquidity and three transfer events within a mint transaction

and no more than one burn, one DecreaseLiquidity, two collect and three transfer events within a
burn transaction.
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outweigh revenues. Furthermore, the intuition that a JiT liquidity provision’s revenue is

perfectly computable ex ante, and hence, no JiT liquidity provision should ever exhibit

transaction costs that exceed its revenue, is not totally accurate in practice. Precisely,

while the JiT liquidity provider obtains control over the ordering of transactions within

its submitted bundle, there is no guarantee that other transactions altering the pool

state are not processed earlier in the same block. Consequently, it is possible that the

pool state at the time of execution deviates from that at the time of bundle submission,

implying that the realized revenue will be different from the ex-ante computed revenue.

Since the JiT liquidity provider must specify its payments to the block builder at the

time of bundle submission, the computation is based on a potentially outdated pool

state, which can result in a scenario where transaction costs surpass realized revenue,

yielding a net loss. Besides, even for pure JiT liquidity provisions, we cannot exclude

that they are not part of a broader strategy, spanning across multiple transactions and

blocks and that losses incurred by the JiT liquidity provision might be necessary to gain

profits elsewhere. Furthermore, providing JiT liquidity can theoretically also serve as a

substitute for a swap, as after the execution, the JiT liquidity provider always ends up

holding a larger amount of one token and a lower amount of the other token compared to

its initial deposit. Consequently, rather than conducting a conventional swap and paying

trading fees, one could provide JiT liquidity with appropriate token holdings to replicate

the desired change in its holdings and additionally earn trading fees.39 While our data

does not allow us to confirm such a motive, it may serve a further explanation for why

some JiT liquidity provisions seem to be unprofitable when considered in isolation but

can still be economically rational operations.

5 Determinants of JiT liquidity provision

While section 4 offers descriptive statistics capturing the prevalence and profitability of

JiT liquidity provisions in Uniswap v3’s largest pools, this section aims to unveil factors

39 E.g., if someone wishes to purchase ETH in exchange for USDC, instead of submitting a swap
transaction, one could also snipe a sufficiently large swap that sells ETH in exchange for USDC.
In either case, the agent will end up with more ETH and less USDC.
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that determine whether a particular swap will be targeted by JiT liquidity providers. To

examine the determinants of swap sniping in a systematic setting, we establish a linear

probability panel regression model with pool and year fixed effects. Since our panel con-

tains only 10 clusters, conventional cluster-robust inference may be unreliable (see, e.g.,

Cameron and Miller (2015)). Therefore, we apply the wild cluster bootstrap using Webb

weights, a procedure that improves inference in settings with a small number of clusters

(see Cameron et al. (2008) and MacKinnon and Webb (2017)). Although the dependent

variable is binary, we abstract from estimating a logistic panel regression model because

the wild cluster bootstrap is most well established for linear models.40

To construct a balanced and representative estimation sample, we commence with all

sniped swaps from each pool and year. Subsequently, we apply two sampling approaches.

In model 1, we match each sniped swap with ten randomly selected, non-sniped swaps

from the same pool and year. Next, we merge all pool-year samples into a single dataset,

on which we subsequently apply our panel regression model.41 In model 2, we select for

each sniped swap the five next smaller and five next larger non-sniped swaps in terms

of USD-denoted trade size from the same pool and year.42 Additionally, we require

each non-sniped swap’s size to lie within an interval of [0.90, 1.10] times the size of the

respective sniped swap.43 Analogously to model 1, we subsequently merge all model

2 pool-year samples to one single dataset and estimate the regression model based on

the resulting sample. The linear probability panel regression model we apply on both

samples takes the following form

40 While there have been proposed score-based wild bootstrap methods for nonlinear models (see
Kline and Santos (2012)), we are not aware of a standard implementation for two-way fixed-effects
logistic panel regression models with a small number of clusters.

41 This sampling strategy is motivated by approaches suggested for rare event settings, i.e., where
the amount of non-events outnumbers the amount of events by a large factor. E.g., King and Zeng
(2001) propose that ”researchers can collect all (or all available) ones and a small random sample
of zeros and not lose consistency or even much efficiency relative to the full sample”.

42 This follows a matched-sample approach by comparing sniped and non-sniped swaps of similar trade
size. Matched-sample approaches to improve comparability of treatment and control observations
are applied by, e.g., Kothari et al. (2005) and Gaul and Palvia (2013).

43 If less than five suitable non-sniped swaps are available on either side, we restrict the number of
selected non-sniped swaps on both sides to the smaller available number. E.g., if for a given sniped
swap only two larger and four smaller non-sniped swaps satisfy the size constraint, we include two
larger and two smaller non-sniped swaps in our sample.
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snipedi = βXi + γp + δt + ϵi (10)

where Xi is a vector capturing swap-specific explanatory variables and γp and δt are

pool and year fixed effects, respectively. The regression model consists of the following

explanatory variables:

- size: the USD-denominated size of the swap. Given the observation that sniped

swaps tend to exhibit a larger size than non-sniped swap, we expect a positive effect of

’size’ on a swap’s sniping probability.

- total value locked (tvl): the dollar value of liquidity deposited in the pool’s price

range where the swap is executed.44 Since a swap’s trading fee is shared among all active

liquidity providers relative to their share of the overall liquidity within that range, a high

level of liquidity (measured by tvl) implies that it will be more capital intensive for the

JiT liquidity provider to supply an amount of liquidity that will earn him a large fraction

of the swap’s trading fee. In light of these considerations, we predict that a higher tvl

decreases a swap’s sniping probability.

- gas fees: the average gas fee per transaction (in USDT) on the Ethereum blockchain

44 Total value locked, in this context, refers to the real reserves, deposited within the respective pool’s
minimum tick spacing range encompassing the marginal pool price prior to the swap. Precisely,
we compute the interval’s real reserves of each token according to equations 3 and 4 and subse-
quently convert it to units of the respective pool’s stablecoin. E.g., consider a swap within the
ETH-USDC pool with 0.05% fee and the pre-swap marginal pool price is at tick 198543. Since the
pool’s minimum tick spacing amounts to 10, the relevant tick range is given by [198540; 198550[.
Consequently, based on the interval’s aggregate liquidity (see equation 6), we compute its associ-
ated ETH and USDC reserves and subsequently convert ETH reserves into USDC, based on the
marginal pool price, to measure tvl in USDC. For the ETH-BTC pools, we compute tvl in ETH
and subsequently convert it to a dollar value based on Binance’s contemporaneous ETH-USDT
exchange rate. Importantly, for sniped swaps we compute tvl before the addition of liquidity by
the JiT liquidity provider, since we are interested in the level of liquidity at the point in time when
the JiT liquidity provider makes the decision whether or not to snipe the swap.
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within the last 60 minutes prior to the swap.45 A JiT liquidity provision consists of two

transactions (i.e., the mint right before and the burn immediately after the sniped swap),

both of which will be published on the blockchain and are consequently subject to gas

fees. Since gas fees need to be paid by the JiT liquidity provider and consequently cur-

tail potential profits, we expect higher gas fees to negatively impact a swap’s sniping

probability.

- spread: As outlined in sections 3.1 as well as 4.2, each swap alters the liquidity pool’s

token composition and consequently each liquidity provider’s token holdings, which im-

plies that, essentially, a JiT liquidity provision boils down to a token swap also from

the JiT liquidity provider’s perspective. As suggested by Wan and Adams (2023), JiT

liquidity providers may wish to hedge against this implied swap and do so by performing

an offsetting trade (i.e., purchase (sell) token X if the sniped swap purchases (sells) token

X), preferably on a centralized crypto exchange. Besides the trading fees charged by the

centralized exchange, which, in relative terms, do not vary over time, also the respective

trading pair’s bid-ask spread contributes to the costs of this hedge. With Binance be-

ing the largest CEX in terms of trading volume, we utilize its publicly available OHLC

prices, aggregated over one-minute intervals, of the respective trading pairs to derive a

proxy for the bid-ask spread based on the trading pair’s relative intraperiod high-low

range (see, e.g., Corwin and Schultz (2012) and Ardia et al. (2024)).46 We eventually

compute spread as high−low
high+low

2

and subsequently assign to each swap within our sample the

trading pair’s concurrent spread on Binance. Since a higher bid-ask spread increases

hedging costs, which consequently reduce profits of potential JiT liquidity provisions, we

expect spread to negatively affect the probability of a swap being sniped.

- direction: As discussed in section 3.1, a swap favorably alters a liquidity provider’s

45 A potential shortcoming of this variable is that due to computational constraints, we could only
query the respective gas fees of every 50th block, which amounts to roughly 6 values per hour based
on which we compute our gas fees estimate. While gas fees are naturally denominated in ETH, we
convert them into a dollar value based on Binance’s contemporaneous ETH-USDT exchange rate.

46 For the same reason as with regard to the computation of ∆V (see section 4.2), we compute
the spread variable based on Binance’s ETH-USDT pair for swaps from ETH-USDT as well as
ETH-USDC and ETH-DAI pools in our sample.
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token holdings when it increases the divergence between the marginal pool price and that

of the reference market, while it exhibits a negative impact on the liquidity provider’s

token holdings when it pushes the marginal pool price closer to that of the reference

market (see Trotti et al. (2025)). To capture that profit or loss component of a potential

JiT liquidity provision, we introduce the binary variably direction which assumes 1 if a

swap moves the marginal pool price in a favorable direction (i.e., the post-swap marginal

pool price diverges further from the respective token pair’s contemporaneous price on

Binance than the pre-swap marginal pool price) and 0 if the swap moves the marginal

pool price in an adverse direction (i.e., the post-swap marginal pool price deviates less

from the token pair’s contemporaneous price on Binance than the pre-swap marginal

pool price).47 Following this logic, we predict that swaps whose direction variable as-

sumes 1, are more likely to be targeted by JiT liquidity providers.

Furthermore, we introduce a number of control variables:

- volume: the respective pool’s USD-denominated trading volume within the last 60

minutes prior to the swap

- vola: the respective pool’s volatility of the 60 seconds ETH log return (derived from

marginal pool prices) within the last 60 minutes prior to the swap48

- mints burns: the respective pool’s difference between the USD-denominated amount

of liquidity minted and burned within the last 60 minutes prior to the swap

- eth buy: a binary variable that assumes 1 if the swap purchases ETH and 0 other-

wise49

47 Again, we compute the direction variable based on Binance’s ETH-USDT pair for swaps from
ETH-USDT as well as ETH-USDC and ETH-DAI pools in our sample.

48 For the USDC-USDT pool, vola refers to the volatility of the 60 seconds USDC log return, derived
from the respective pool’s marginal price.

49 For the USDC-USDT pool with 0.01% fee (i.e., the only pool in our sample without ETH as one
token), the variable assumes 1 if the swap purchases USDC and 0 otherwise.
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The variables size, mints burns, gas fees, tvl, and volume enter the regression in

logarithmic form.50 The results of our regression model are summarized in Table 5.

Both model specification yield overall similar results, suggesting that our findings are

robust to alternative sampling approaches. The coefficients of the respective variables

substantiate several of our predictions. First, we observe a statistically significant, pos-

itive impact of direction on the sniping probability of a swap. This indicates that JiT

liquidity providers take the swap-induced change of their token holdings into account

and strategically target those swaps that alter it beneficially. The size coefficient is

also statistically significant and positive, which underscores that JiT liquidity providers

preferably target large swaps, since they generate higher fee income. While factors in-

creasing the profitability of potential JiT liquidity provisions (i.e., large trade sizes and

price movements in a favorable direction) exhibit positive coefficients in our regression

estimate, the contrary can be observed for variables capturing the costs of JiT liquidity

provisions. Specifically, gas fees as well as spread display a statistically significant, neg-

ative coefficient in both model specifications. This suggests that JiT liquidity providers

tend to be more active in times of comparably low gas fees and favorable trading con-

ditions on centralized exchanges that may be used to execute offsetting trades. tvl,

capturing the capital required to dominate active liquidity, exhibits a negative, albeit

insignificant coefficient, in both model specifications. A possible reasoning for the coef-

ficient’s insignificance is that JiT liquidity providers have access to amounts of capital

that exceed the pool’s existing active liquidity by orders of magnitude, such that even

a relatively large tvl does not effectively constrain their ability to supply a sufficient

amount of tokens to dominate active liquidity. Also, eth buy is significantly negative in

both models, implying that swaps selling ETH are more likely to be targeted by JiT

liquidity providers.51 The remaining variables (i.e., vola, volume and mints burns) do

not exercise a statistically significant impact on a swap’s sniping probability in either

50 Since mints burns, which measures the difference between liquidity added and removed dur-
ing the preceding hour, can also assume negative values, we transform it according to
sign(mints burnsi) ln(|mints burnsi|+ 1) .

51 While a potential explanation for this finding could be that large swaps disproportionately often
sell ETH, our data do not support this interpretation. Across all swaps in our sample (excluding
the USDC-USDT pool), 51.37% sell ETH. When partitioning swaps into size deciles, we observe
very little variation with regard to the share of ETH sales, as it fluctuates from 49.7% to 53.4%
between deciles.
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model specification. To check the robustness of the linear probability model’s findings,

we estimate separate logistic regression models for each pool individually. The logistic

regression results are reported in the appendix from Table 6 to 15. We find that all

statistically significant variables in the linear probability panel regression model retain

their sign and significance in each pool-specific logistic regression. To summarize, the

regression results suggest that JiT liquidity provision is primarily determined by a trade-

off between the operation’s expected revenue (i.e., fee income and value change in the

liquidity provider’s token holdings) and its associated costs (i.e., gas fees, hedging costs

and capital requirements).

6 Conclusion

This paper studies just-in-time (JiT) liquidity provision in Uniswap v3, a sophisticated

practice where liquidity providers supply large amounts of liquidity for single, exclusively

selected swaps. Based on a comprehensive dataset covering the 10 largest Uniswap v3

pools from May 2021 to December 2025, we investigate the prevalence, profitability and

determinants of JiT liquidity provision. Our findings indicate that while only a small

fraction of swaps is supplied with JiT liquidity, the amounts of capital deployed by JiT

liquidity providers significantly exceed those of conventional liquidity providers. Also

we observe a pronounced increase in the frequency of JiT liquidity provision over time,

accompanied by a decrease in the average size of sniped swaps. Our profitability compu-

tations indicate that overall, JiT liquidity provision only yields moderate returns, with

an average profit of roughly 20 dollars per attack. Furthermore, we find that only 63%

of all JiT liquidity provisions are profitable. We argue that the profitability decrease is

primarily driven by the decline in the size of sniped swaps, which in turn reduces trad-

ing fee income. To elaborate on the determinants that drive JiT liquidity provision, we

establish a logistic panel regression model with pool and year fixed effects. The results

suggest that swaps are more likely to be targeted by JiT liquidity providers when they

exhibit a large size, cause a further deviation between the pool’s and a reference mar-
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ket price and when existing liquidity within the relevant tick range is low. Vice versa,

higher transaction-related costs, such as gas fees and hedging costs, negatively impact

the probability of a swap being supplied with JiT liquidity.

From a broader perspective, our findings relate to the growing literature on the mar-

ket microstructure of concentrated liquidity AMMs. While JiT liquidity providers prove

advantageous for traders, who benefit from a higher level of liquidity and, consequently,

better execution prices, they pose a risk for conventional liquidity providers, who earn

almost no fees from swaps that are targeted by JiT liquidity providers. However, since

our data indicate that the overwhelming share of swaps is conducted in absence of JiT

liquidity, we find no evidence that this practice substantially harms conventional liquid-

ity providers or discourages them from engaging in liquidity provision in concentrated

liquidity AMMs.

Several limitations of our analyses leave room for further research. First, while we

identify a trend that the size of sniped swaps decreases substantially over time, it remains

unclear to what extent these operations truly reflect economically meaningful JiT liquid-

ity provision. Given the considerable fixed costs associated with JiT liquidity provision

and the limited revenue that can be generated when supplying liquidity for a comparably

small swap, future research could further investigate whether such JiT liquidity provi-

sions are driven by alternative strategic motives not captured in our analyses. Moreover,

Uniswap v4, which was deployed in January 2025, offers several features that could

significantly impact JiT liquidity provision. In particular, its hook-architecture allows

pool creators to implement customized features, such as dynamically adjusting trading

fees, alternative liquidity provision mechanisms and custom execution rules. These fea-

tures could significantly affect both the profitability as well as feasibility of JiT liquidity

provision. Consequently, analyzing the evolvement of JiT liquidity provision under the

Uniswap v4 framework depicts an avenue for further research.
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Tables and Figures

Figure 1: Average size of sniped and non-sniped swaps. This Figure depicts for each
pool and year the ratio between the average USD denomiated size of sniped and non sniped
swaps. Displayed are only pool-year combinations where the number of sniped swaps exceeds
100. For better readabilty, we display the yearly ratios for the USDC-USDT pool with 0.01%
fee level in a separate panel, due to its markedly different scale.
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Figure 2: Relative share of sniped swaps. This Figure depicts for each pool and year the
share of sniped swaps relative to the overall number of swaps. Displayed are only pool-year
combinations where the number of sniped swaps exceeds 100.
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Figure 3: Profitability across deciles of JiT liquidity provision characteristics. We
sort JiT liquidity provisions into deciles based on four metrics: invested capital (i.e., the dollar-
denoted value of tokens minted), N logs (i.e., the number of logs emitted by the mint and burn
transaction), swap size (i.e., the dollar-denoted size of the sniped swap) and total costs (i.e.,
the dollar-denoted sum of gas fees and coinbase payments). Depicted is the mean profit (in
dollars) of JiT liquidity provisions within each decile.
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Table 1: Largest Uniswap v3 pools by cumulative trading volume. This Table reports for the
10 largest Uniswap v3 pools on Ethereum its cumulative trading volume (in billion USD), from
its inception until December 31st 2025.

pool address token 0 token 1 fee tier cumulative volume (B)
0x88e6a0c2ddd26feeb64f039a2c41296fcb3f5640 USDC WETH 0.05% 575.40
0x11b815efb8f581194ae79006d24e0d814b7697f6 WETH USDT 0.05% 130.85
0x3416cf6c708da44db2624d63ea0aaef7113527c6 USDC USDT 0.01% 104.35
0x4585fe77225b41b697c938b018e2ac67ac5a20c0 WETH WBTC 0.05% 92.12
0x8ad599c3a0ff1de082011efddc58f1908eb6e6d8 USDC WETH 0.3% 87.93
0xc7bbec68d12a0d1830360f8ec58fa599ba1b0e9b WETH USDT 0.01% 76.12
0x4e68ccd3e89f51c3074ca5072bbac773960dfa36 USDT WETH 0.3% 56.94
0xe0554a476a092703abdb3ef35c80e0d76d32939f USDC WETH 0.01% 45.35
0xcbcdf9626bc03e24f779434178a73a0b4bad62ed WETH WBTC 0.3% 33.60
0x60594a405d53811d3bc4766596efd80fd545a270 WETH DAI 0.05% 32.05
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Table 2: JiT liquidity provision in Uniswap v3’s 10 largest pools. This Table provides
for each year and pool from the respective pool’s inception until December 31st 2025 the
number of just-in-time liquidity provisions (’JiT events’), the number of liquidity provisions
not classified as JiT (’non-JiT mints’), the overall (in billion USD), mean and median (in million
USD) amount of liquidity added by JiT (’vol. JiT mints’, ’mean size JiT mints’ and ’median size
JiT mints’, respectively) as well as non-JiT liquidity providers (’vol. non-JiT mints’, ’mean
size non-JiT mints’ and ’median size non-JiT mints’, respectively), and the overall volume
(in billion USD) and mean and median size (in USD) of sniped (’vol. sniped swaps’, ’mean
size sniped swaps’ and ’median size sniped swaps’, respectively) as well as non-sniped swaps
(’vol. non-sniped swaps’, ’mean size non-sniped swaps’ and ’median size non-sniped swaps’,
respectively).

(a) ETH–USDC, 0.05% fee

variable 2021 2022 2023 2024 2025 all
JiT events 1,944 12,079 19,138 15,143 30,018 78,322
non-JiT mints 12,467 32,176 24,045 17,088 23,612 109,388
vol. JiT mints (bn USD) 35.62 294.08 417.99 217.64 390.77 1356.11
vol. non-JiT mints (bn USD) 4.12 13.41 14.98 9.10 4.85 46.46
mean vol. JiT mints (m USD) 18.32 24.35 21.84 14.37 13.02 17.31
median vol. JiT mints (m USD) 14.05 23.29 20.82 12.62 12.07 17.12
mean vol. non-JiT mints (m USD) 0.33 0.42 0.62 0.53 0.21 0.42
median vol. non-JiT mints (m USD) 0.04 0.04 0.03 0.01 0.00 0.02
non-sniped swaps 1,090,792 2,726,734 1,906,148 2,112,885 2,104,542 9,941,101
vol. sniped swaps (bn USD) 1.01 1.79 3.63 1.80 0.85 9.08
vol. non-sniped swaps (bn USD) 102.39 212.92 100.45 93.49 57.19 566.44
mean size sniped swaps (USD) 518,490.69 148,581.53 189,568.46 118,872.52 28,457.65 115,994.89
median size sniped swaps (USD) 236,357.85 102,919.30 119,078.19 67,952.51 10,474.22 53,091.04
mean size non-sniped swaps (USD) 93,864.64 78,084.72 52,700.49 44,248.30 27,174.55 56,979.56
median size non-sniped swaps (USD) 10,035.10 4,993.12 3,430.52 3,658.03 3,191.84 4,438.41

(b) ETH–USDT, 0.05% fee

variable 2021 2022 2023 2024 2025 all
JiT events 58 220 2,114 6,413 17,678 26,483
non-JiT mints 2,521 2,674 3,638 3,475 4,971 17,279
vol. JiT mints (bn USD) 1.26 2.03 23.01 37.64 80.96 144.91
vol. non-JiT mints (bn USD) 1.20 0.75 0.96 2.01 1.50 6.42
mean vol. JiT mints (m USD) 21.81 9.23 10.88 5.87 4.58 5.47
median vol. JiT mints (m USD) 15.35 7.26 10.99 3.32 1.92 2.67
mean vol. non-JiT mints (m USD) 0.48 0.28 0.26 0.58 0.30 0.37
median vol. non-JiT mints (m USD) 0.03 0.02 0.03 0.04 0.00 0.02
non-sniped swaps 675,898 1,075,672 1,442,932 1,361,487 1,393,066 5,949,055
vol. sniped swaps (bn USD) 0.01 0.01 0.14 0.38 0.26 0.79
vol. non-sniped swaps (bn USD) 26.35 25.17 23.18 33.75 21.64 130.09
mean size sniped swaps (USD) 146,166.62 45,960.22 64,658.70 58,553.59 14,753.13 29,890.40
median size sniped swaps (USD) 90,061.80 37,473.99 50,015.33 29,302.85 8,737.18 11,544.90
mean size non-sniped swaps (USD) 38,989.74 23,403.81 16,064.31 24,786.51 15,533.15 21,867.82
median size non-sniped swaps (USD) 4,995.74 2,977.77 2,001.53 3,941.39 4,371.32 3,234.89
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Table 2: JiT liquidity provision in Uniswap v3’s 10 largest pools. (continued)

(c) USDC–USDT, 0.01% fee

variable 2021 2022 2023 2024 2025 all
JiT events − 130 183 1,060 2,413 3,786
non-JiT mints 221 2,555 4,887 2,942 5,122 15,727
vol. JiT mints (bn USD) − 2.49 2.14 4.76 8.65 18.04
vol. non-JiT mints (bn USD) 0.29 5.00 7.14 5.92 3.31 21.66
mean vol. JiT mints (m USD) − 19.14 11.69 4.49 3.58 4.76
median vol. JiT mints (m USD) − 17.81 7.03 1.17 1.73 1.75
mean vol. non-JiT mints (m USD) 1.32 1.96 1.46 2.01 0.65 1.38
median vol. non-JiT mints (m USD) 0.03 0.09 0.29 0.89 0.05 0.15
non-sniped swaps 29,517 308,186 295,653 385,417 567,893 1,586,666
vol. sniped swaps (bn USD) − 0.14 0.28 0.47 0.32 1.20
vol. non-sniped swaps (bn USD) 4.51 35.09 28.81 22.50 12.19 103.10
mean size sniped swaps (USD) − 1,063,207.04 1,523,491.73 440,792.72 131,446.15 317,336.44
median size sniped swaps (USD) − 720,564.94 778,526.11 199,983.26 32,829.85 73,577.36
mean size non-sniped swaps (USD) 152,766.22 113,861.31 97,456.82 58,368.75 21,467.63 64,979.45
median size non-sniped swaps (USD) 25,631.58 6,508.53 5,075.11 4,406.69 618.21 2,830.39

(d) ETH–BTC, 0.05% fee

variable 2021 2022 2023 2024 2025 all
JiT events 4 598 966 3,360 3,828 8,756
non-JiT mints 2,231 4,979 3,680 4,456 3,530 18,876
vol. JiT mints (bn USD) 0.16 7.43 7.02 26.54 41.82 82.97
vol. non-JiT mints (bn USD) 0.67 2.52 1.92 2.32 2.81 10.23
mean vol. JiT mints (m USD) 40.91 12.42 7.26 7.90 10.92 9.48
median vol. JiT mints (m USD) 40.02 10.14 2.26 4.39 10.86 6.96
mean vol. non-JiT mints (m USD) 0.30 0.51 0.52 0.52 0.80 0.54
median vol. non-JiT mints (m USD) 0.05 0.05 0.06 0.05 0.01 0.04
non-sniped swaps 134,234 345,278 280,588 433,475 674,026 1,867,601
vol. sniped swaps (bn USD) 0.003 0.08 0.20 0.48 0.12 0.89
vol. non-sniped swaps (bn USD) 10.50 31.01 14.55 22.88 12.35 91.28
mean size sniped swaps (USD) 795,407.30 141,952.15 205,351.12 142,075.45 32,517.20 101,449.01
median size sniped swaps (USD) 635,734.82 91,478.23 152,507.97 83,119.06 12,911.71 50,419.93
mean size non-sniped swaps (USD) 78,187.90 89,820.14 51,839.71 52,774.58 18,327.61 48,877.54
median size non-sniped swaps (USD) 19,810.00 27,558.44 17,271.59 24,236.13 5,080.96 11,281.11

(e) ETH–USDC, 0.3% fee

variable 2021 2022 2023 2024 2025 all
JiT events 891 1,585 611 1,281 2,673 7,041
non-JiT mints 35,375 42,503 4,476 2,961 10,615 95,930
vol. JiT mints (bn USD) 18.78 41.07 14.72 14.21 29.35 118.12
vol. non-JiT mints (bn USD) 7.07 4.30 0.68 1.07 4.15 17.27
mean vol. JiT mints (m USD) 21.08 25.91 24.09 11.09 10.98 16.78
median vol. JiT mints (m USD) 17.91 24.75 21.98 7.01 8.64 15.35
mean vol. non-JiT mints (m USD) 0.20 0.10 0.15 0.36 0.39 0.18
median vol. non-JiT mints (m USD) 0.01 0.0003 0.01 0.004 0.002 0.003
non-sniped swaps 179,089 206,965 101,629 134,534 205,033 827,250
vol. sniped swaps (bn USD) 0.53 0.22 0.05 0.08 0.05 0.94
vol. non-sniped swaps (bn USD) 38.77 27.78 5.08 8.86 6.62 87.11
mean size sniped swaps (USD) 593,414.13 141,817.60 83,458.16 60,296.04 19,945.23 132,801.96
median size sniped swaps (USD) 360,525.24 79,672.72 49,857.89 19,970.04 5,564.31 30,449.66
mean size non-sniped swaps (USD) 216,478.54 134,203.32 50,025.93 65,832.56 32,298.80 105,297.60
median size non-sniped swaps (USD) 93,583.39 43,432.74 6,290.62 22,892.41 10,105.01 22,925.74
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Table 2: JiT liquidity provision in Uniswap v3’s 10 largest pools. (continued)

(f) ETH–USDT, 0.01% fee

variable 2021 2022 2023 2024 2025 all
JiT events − − 37 3,204 15,516 18,757
non-JiT mints − 1 118 3,611 7,891 11,621
vol. JiT mints (bn USD) − − 0.02 8.17 32.21 40.40
vol. non-JiT mints (bn USD) − − 0.03 0.34 0.64 1.01
mean vol. JiT mints (m USD) − − 0.60 2.55 2.08 2.15
median vol. JiT mints (m USD) − − 0.47 1.81 0.54 0.74
mean vol. non-JiT mints (m USD) − 0.07 0.22 0.09 0.08 0.09
median vol. non-JiT mints (m USD) − 0.07 0.10 0.02 0.01 0.01
non-sniped swaps − 10 119,833 1,758,800 4,471,544 6,350,187
vol. sniped swaps (bn USD) − − 0.0006 0.06 0.14 0.20
vol. non-sniped swaps (bn USD) − 0.0007 4.58 35.57 35.78 75.93
mean size sniped swaps (USD) − − 16,223.43 18,546.79 9,340.09 10,926.32
median size sniped swaps (USD) − − 15,126.34 14,818.67 6,166.62 7,193.20
mean size non-sniped swaps (USD) − 69.95 38,229.39 20,221.70 8,001.33 11,956.40
median size non-sniped swaps (USD) − 82.50 3,637.79 2,930.50 1,212.56 1,604.45

(g) ETH–USDT, 0.3% fee

variable 2021 2022 2023 2024 2025 all
JiT events 279 319 1,042 2,734 9,882 14,256
non-JiT mints 10,819 5,471 3,530 6,446 35,252 61,518
vol. JiT mints (bn USD) 4.61 4.43 10.80 21.76 65.87 107.47
vol. non-JiT mints (bn USD) 3.02 0.81 0.41 1.49 6.75 12.50
mean vol. JiT mints (m USD) 16.52 13.88 10.37 7.96 6.67 7.54
median vol. JiT mints (m USD) 12.85 11.81 9.46 5.90 5.31 6.16
mean vol. non-JiT mints (m USD) 0.28 0.15 0.12 0.23 0.19 0.20
median vol. non-JiT mints (m USD) 0.01 0.003 0.002 0.002 0.002 0.003
non-sniped swaps 148,852 151,171 159,926 254,142 316,443 1,030,534
vol. sniped swaps (bn USD) 0.06 0.03 0.04 0.11 0.18 0.42
vol. non-sniped swaps (bn USD) 18.15 10.30 3.39 10.68 14.07 56.58
mean size sniped swaps (USD) 210,396.16 78,853.85 41,776.58 41,027.11 18,561.55 29,670.28
median size sniped swaps (USD) 144,715.99 49,929.82 21,154.86 13,225.52 2,047.23 5,086.72
mean size non-sniped swaps (USD) 121,944.39 68,107.03 21,189.06 42,004.96 44,463.17 54,904.97
median size non-sniped swaps (USD) 32,268.92 30,001.58 1,105.04 2,316.42 3,210.64 4,991.36

(h) ETH–USDC, 0.01% fee

variable 2021 2022 2023 2024 2025 all
JiT events − − 57 1,110 10,926 12,093
non-JiT mints 17 300 282 1,560 4,923 7,082
vol. JiT mints (bn USD) − − 0.10 1.23 30.75 32.08
vol. non-JiT mints (bn USD) 0.01 0.02 0.12 0.16 0.30 0.61
mean vol. JiT mints (m USD) − − 1.67 1.11 2.81 2.65
median vol. JiT mints (m USD) − − 0.02 0.46 0.40 0.40
mean vol. non-JiT mints (m USD) 0.63 0.06 0.43 0.10 0.06 0.09
median vol. non-JiT mints (m USD) 0.01 0.002 0.02 0.02 0.01 0.01
non-sniped swaps 135 44,101 188,786 655,250 4,128,705 5,016,977
vol. sniped swaps (bn USD) − − 0.0009 0.01 0.08 0.09
vol. non-sniped swaps (bn USD) 0.01 0.51 8.96 10.36 25.49 45.32
mean size sniped swaps (USD) − − 15,586.61 10,554.88 7,057.17 7,418.42
median size sniped swaps (USD) − − 2,276.34 4,930.64 4,391.47 4,434.82
mean size non-sniped swaps (USD) 56,547.05 11,495.16 47,458.44 15,808.00 6,172.79 9,032.91
median size non-sniped swaps (USD) 2,092.43 1,136.44 5,022.96 2,535.06 880.07 1,038.29
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Table 2: JiT liquidity provision in Uniswap v3’s 10 largest pools. (continued)

(i) ETH–BTC, 0.3% fee

variable 2021 2022 2023 2024 2025 all
JiT events 250 211 140 439 1,323 2,363
non-JiT mints 9,573 9,230 5,189 5,779 7,215 36,986
vol. JiT mints (bn USD) 6.28 3.13 1.70 5.40 16.18 32.69
vol. non-JiT mints (bn USD) 4.07 3.05 1.07 1.42 0.71 10.33
mean vol. JiT mints (m USD) 25.11 14.84 12.15 12.31 12.23 13.83
median vol. JiT mints (m USD) 23.07 9.90 10.47 9.31 12.62 12.37
mean vol. non-JiT mints (m USD) 0.43 0.33 0.21 0.25 0.10 0.28
median vol. non-JiT mints (m USD) 0.02 0.01 0.01 0.01 0.001 0.01
non-sniped swaps 54,769 80,074 64,171 63,182 94,983 357,179
vol. sniped swaps (bn USD) 0.11 0.07 0.03 0.10 0.02 0.33
vol. non-sniped swaps (bn USD) 8.85 10.56 3.93 9.27 2.58 35.19
mean size sniped swaps (USD) 459,554.08 314,267.01 237,623.91 220,547.88 17,482.29 141,521.71
median size sniped swaps (USD) 322,171.75 141,897.55 89,586.86 71,182.31 6,069.79 21,484.63
mean size non-sniped swaps (USD) 161,658.06 131,920.76 61,203.58 146,655.59 27,157.97 98,522.89
median size non-sniped swaps (USD) 59,809.56 41,770.97 20,892.56 63,837.38 9,979.28 30,042.82

(j) ETH–DAI, 0.05% fee

variable 2021 2022 2023 2024 2025 all
JiT events 134 2 90 296 1,017 1,539
non-JiT mints 1,513 785 581 310 298 3,487
vol. JiT mints (bn USD) 2.89 0.02 0.27 0.85 1.48 5.51
vol. non-JiT mints (bn USD) 0.74 0.15 0.12 0.18 0.03 1.23
mean vol. JiT mints (m USD) 21.55 9.70 3.03 2.86 1.46 3.58
median vol. JiT mints (m USD) 19.58 9.70 1.39 0.67 0.42 0.55
mean vol. non-JiT mints (m USD) 0.49 0.19 0.21 0.58 0.11 0.35
median vol. non-JiT mints (m USD) 0.02 0.02 0.02 0.10 0.07 0.02
non-sniped swaps 278,128 375,268 241,024 237,320 470,433 1,602,173
vol. sniped swaps (bn USD) 0.05 0.005 0.004 0.01 0.01 0.08
vol. non-sniped swaps (bn USD) 16.38 7.79 3.72 2.95 1.14 31.99
mean size sniped swaps (USD) 368,044.77 2,450,230.02 40,477.30 44,775.63 10,119.83 52,895.95
median size sniped swaps (USD) 97,880.85 2,450,230.02 28,368.91 20,410.86 8,062.95 10,281.44
mean size non-sniped swaps (USD) 58,910.44 20,756.84 15,449.17 12,414.75 2,427.05 19,963.94
median size non-sniped swaps (USD) 9,022.36 6,110.31 4,502.20 3,537.08 717.06 2,512.79
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Table 5: Linear probability panel regression model with pool and year fixed effects.
This Table reports coefficient estimates from the linear probability panel regression model
that a swap is targeted by a just-in-time liquidity provider. Results are shown for both the
unrestricted (1) and size-restricted (2) sample. Statistical significance is assessed using the
wild cluster bootstrap with Webb weights and clustering at the pool level. The variables size,
gas fees, mints burns, tvl, and volume are transformed using the natural logarithm.

Dependent Variable: sniped
Model: (1) (2)

Variables
spread -17.06∗∗∗ -13.07∗∗∗

(0.0029) (0.0008)
size 0.0321∗∗∗ 0.0185∗∗∗

(0.0008) (0.0014)
vola 5.124 4.943

(0.2345) (2.6382)
gas fees -0.0382∗∗∗ -0.0379∗∗∗

(0.0001) (0.0000)
mints burns (10−4) -0.9107 -0.7772

(0.1134) (0.1263)
tvl -0.0074 -0.0035

(0.3027) (0.7725)
volume -0.0047 -0.0073

(0.2397) (0.1477)
eth buy -0.0316∗∗ -0.0323∗∗∗

(0.0116) (0.0088)
direction 0.1453∗∗ 0.1737∗∗∗

(0.0111) (0.0061)

Fixed-effects
pool Yes Yes
year Yes Yes

Fit statistics
Observations 1,904,848 1,901,660
R2 0.13417 0.10128
Within R2 0.13417 0.10128

Wild cluster bootstrap p-values in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

48



A Derivation of Uniswap v3’s invariant function and

numerical example

To derive equation 2 consider a liquidity provider that aims to provide liquidity in the

range [Pa, Pb], where Pa < P < Pb. Starting from a hypothetical uniformly distributed

liquidity pool with token reserves x and y and their corresponding product L2, one can

now question the maximum amount of each token that can be removed from the pool

before P exits [Pa, Pb]. Since x · y = L2 and P = y
x
, which implies y = P · x and

P · x2 = L2, one can, for any L and P , express the pool’s reserves of token X as

x =
L√
P

(11)

and those of token Y as

y = L ·
√
P (12)

Since P is defined as the marginal price of token X, denoted in units of token Y ,

for a given L an increase (decrease) of P corresponds to a decrease (increase) of x and

an increase (decrease) of y. Consequently, as long as P ∈ [Pa, Pb], the lowest amount of

X reserves within the pool is reached when P = Pb, while reserves of token Y reach its

minimum when P = Pa. Based on equations 11 and 12, we can infer that, conditional

to P ∈ [Pa, Pb], the tokens’ minimum reserves translate to

xmin =
L√
Pb

(13)

and
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ymin = L ·
√

Pa (14)

respectively. Equivalently, it can be stated that from the supplied x units of token

X and y units of token Y , no more than

x− xmin = x− L√
Pb

(15)

units of token X and

y − ymin = y − L ·
√

Pa (16)

units of token Y will be consumed by trades as long as P ∈ [Pa, Pb]. What these

considerations illustrate is that by supplying just x− L√
Pb

units of token X and y−
√
Pa ·L

units of token Y , trading within P ∈ [Pa, Pb] can be conducted on identical terms as in

a uniformly distributed liquidity pool that holds x units of token X and y units of token

Y . The respective amounts of each token required to replicate an xy = L2 uniformly

distributed liquidity pool within P ∈ [Pa, Pb] are referred to as real reserves, i.e.,

xreal = x− L√
Pb

(17)

and

yreal = y −
√
Pa · L (18)
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Conversely, the reserves of the hypothetical, uniformly distributed liquidity pool

(whose replication within P ∈ [Pa, Pb] is achieved by depositing xreal and yreal), are

referred to as ”virtual reserves”, i.e.,

xvirtual = xreal +
L√
Pb

(19)

and

yvirtual = yreal + L ·
√

Pa (20)

Since the virtual reserves reflect those of the hypothetical uniformly distributed liq-

uidity pool replicated within [Pa, Pb], they must satisfy the constant product invariant,

i.e.,

xvirtual · yvirtual = L2. (21)

Substituting xvirtual and yvirtual in equation 21 with equations 19 and 20 yields

(
xreal +

L√
Pb

)(
yreal + L

√
Pa

)
= L2, (22)

which corresponds to equation 2 in the main text.
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To illustrate numerically, consider a uniformly distributed liquidity pool with x =

y = 1, 000, translating to L2 = 1, 000, 000 and P = 1. Replicating the uniformly dis-

tributed pool within [Pa, Pb] = [0.9, 1.1] would, according to equations 17 and 18 require

xreal = 1, 000− 1,000√
1.1

= 46.5374 units of tokenX and yreal = 1, 000−
√
0.9·1, 000 = 51.3167

units of token Y . Now consider a trader that wishes to purchase ∆x = 10 units of token

X. At first, consider the swap to be conducted against the uniformly distributed liquid-

ity pool, whose invariant function is given by

x · y = 1, 000 · 1, 000 = 1, 000, 000 (23)

Consequently, by solving (1, 000 − 10) · (1, 000 + ∆y) = 1, 000, 000 for ∆y, one can

compute that in order to purchase 10 units of token X from the uniformly distributed

pool, the trader has to pay

∆yuniform =
1, 000, 000

1, 000− 10
− 1, 000 = 10.1010 (24)

units of token Y .

Next, consider the swap to be conducted against the concentrated liquidity pool,

whose invariant function within [0.9, 1.1] translates to

(
xreal +

L√
Pb

)(
yreal + L

√
Pa

)
=

(
46.5374 +

1, 000√
1.1

)(
51.3167 + 1, 000 ·

√
0.9
)
= 1, 000, 000

(25)
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By solving
(
46.5374− 10 + 1,000√

1.1

) (
51.3167 + ∆y + 1, 000 ·

√
0.9
)

= 1, 000, 000 for

∆y, one can compute that in order to purchase 10 units of token X from the con-

centrated liquidity pool, the trader has to pay

∆yconcentrated =
1, 000, 000

46.5374− 10 + 1,000√
1.1

− 51.3167− 1, 000 ·
√
0.9 = 10.1010 (26)

units of token Y . As the example illustrates, trading against the concentrated liquid-

ity pool within the interval [0.9, 1.1]52 yields the same execution price as trading against

the uniformly distributed liquidity pool, as in either case, the trader would have to pay

10.1010 units of token Y in order to receive 10 units of token X. However, the concen-

trated liquidity pool requires substantially lower token deposits, since the concentrated

liquidity provider only has to supply 46.5374 units of token X and 51.3167 units of token

Y , while the uniformly distributed liquidity pool requires deposits of 1, 000 units of each

token.

52 This implies that the equivalence only holds for trade sizes that do not exceed the concentrated
liquidity pool’s real reserves.
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B Relation between a liquidity position’s V , l and L

As displayed by equations 3 and 4, depending on the relation of Pa and Pb to P , for

a given L, a position’s real reserves can be computed by xreal = L ·
(

1√
P̃
− 1√

Pb

)
and

yreal = L ·
(√

P̃ −
√
Pa

)
, where

P̃ =


Pa if P ≤ Pa,

P if Pa < P < Pb,

Pb if P ≥ Pb.

Furthermore, V , i.e., a position’s invested capital, denoted in units of token Y , is

given by

V = xreal · P + yreal (27)

and its length is measured by

l =
Pb

Pa

− 1 (28)

i.e., Pb = Pa · (1 + l)
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To illustrate that, ceteris paribus, L decreases in l and increases in V , we express L

as a function of l and V , respectively, and compute the corresponding first derivatives.

We commence with the relation between L and l, for a given Pa, P and V . Utilizing

equations 3, 4 and 28, equation 27 can be modified to

V = L ·

(
1√
P̃

− 1√
Pa · (1 + l)

)
· P + L ·

(√
P̃ −

√
Pa

)
(29)

which yields

L =
V(

P√
P̃
− P√

Pa·(1+l)

)
+
√

P̃ −
√
Pa

(30)

Since P̃ depends on the relation between Pa and Pb to P (where Pb = Pa · (1 + l)),

a piecewise computation of L’s derivative with respect to l is required. We begin with

P ≤ Pa, which modifies equation 30 to

L
∣∣
P≤Pa

=
V(

P√
Pa

− P√
Pa·(1+l)

)
+
√
Pa −

√
Pa

(31)

and simplifies to

L
∣∣
P≤Pa

=
V

P√
Pa

− P√
Pa·(1+l)

(32)
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The derivative with respect to l is consequently

dL

dl
= −

V · P
2
√
Pa
(1 + l)−3/2(

P√
Pa

− P√
Pa(1+l)

)2 for P ≤ Pa. (33)

Since

(
P√
Pa

− P√
Pa(1+l)

)2

as well as V · P
2
√
Pa
(1 + l)−3/2 is strictly positive, it follows

that dL
dl

< 0. Hence, L decreases in l when P ≤ Pa.

Next, we consider Pa < P < Pb, which consequently alters equation 30 to

L
∣∣
Pa<P<Pb

=
V(

P√
P
− P√

Pa·(1+l)

)
+
√
P −

√
Pa

(34)

and simplifies to

L
∣∣
Pa<P<Pb

=
V

2 ·
√
P −

√
Pa − P√

Pa·(1+l)

(35)

Now, the derivative with respect to l is

dL

dl
= −

V · P
2
√
Pa
(1 + l)−3/2(

2
√
P −

√
Pa − P√

Pa(1+l)

)2 for Pa < P < Pb. (36)

Again,

(
2
√
P −

√
Pa − P√

Pa(1+l)

)2

as well as V · P
2
√
Pa
(1 + l)−3/2 is strictly positive,

which implies that dL
dl

< 0, i.e., L decreases in l when Pa < P < Pb.
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Finally, we consider P ≥ Pb and adjust equation 30 accordingly:

L
∣∣
P≥Pb

=
V(

P√
Pa·(1+l)

− P√
Pa·(1+l)

)
+
√

Pa · (1 + l)−
√
Pa

(37)

This can be simplified to

L
∣∣
P≥Pb

=
V√

Pa · (1 + l)−
√
Pa

(38)

L’s derivative with respect to l consequently translates to

dL

dl
= −

V ·
√
Pa

2
√
1+l(√

Pa(1 + l)−
√
Pa

)2 for P ≥ Pb. (39)

Since
(√

Pa(1 + l)−
√
Pa

)2
as well as V ·

√
Pa

2
√
1+l

is strictly positive, dL
dl

< 0 when

P ≥ Pb. Consequently, we can conclude that irrespective of whether the liquidity range

lies below, above or encompasses the current price, L decreases in l.

Next, we investigate the relation between L and V . Considering equation 30, L’s

derivative with respect to V is

dL

dV
=

1

P ·
(

1√
P̃
− 1√

Pb

)
+
√
P̃ −

√
Pa

(40)
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Since Pa ≤ P̃ ≤ Pb, the denominator in equation 40, and by extension, dL
dV

is strictly

positive. Hence, L increases (monotonically) in V .
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Table 6: Logistic Regression Model, ETH-USDC 0.05% fee. This Table reports the
coefficient estimates from the logistic regression model explaining whether a swap in the ETH-
USDC pool with 0.05% fee tier is targeted by a just-in-time liquidity provider. Results are
displayed for both the unrestricted (1) and size- restricted (2) sample. Variable definitions and
transformations are described in Section 5. Standard errors are reported in parentheses.

Dependent variable:

sniped

(1) (2)

spread −694.8962∗∗∗ −617.2140∗∗∗

(6.7020) (6.3131)

size 0.7240∗∗∗ 0.2951∗∗∗

(0.0028) (0.0033)

vola 97.3027∗∗∗ 86.1076∗∗∗

(7.5668) (7.4946)

gas fees −0.5569∗∗∗ −0.5055∗∗∗

(0.0047) (0.0046)

mints burns −0.0016∗∗∗ −0.0016∗∗∗

(0.0004) (0.0004)

tvl −0.0419∗∗∗ 0.1509∗∗∗

(0.0067) (0.0063)

volume −0.0708∗∗∗ −0.0384∗∗∗

(0.0062) (0.0059)

eth buy −0.3432∗∗∗ −0.3753∗∗∗

(0.0087) (0.0081)

direction 1.8304∗∗∗ 1.8208∗∗∗

(0.0094) (0.0085)

Constant −6.8280∗∗∗ −5.8773∗∗∗

(0.0880) (0.0815)

Observations 861,487 860,978
Akaike Inf. Crit. 368,040.1000 438,402.7000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 7: Logistic Regression Model, ETH-USDT 0.05% fee. This Table reports the
coefficient estimates from the logistic regression model explaining whether a swap in the ETH-
USDC pool with 0.05% fee tier is targeted by a just-in-time liquidity provider. Results are
displayed for both the unrestricted (1) and size- restricted (2) sample. Variable definitions and
transformations are described in Section 5. Standard errors are reported in parentheses.

Dependent variable:

sniped

(1) (2)

spread −504.9441∗∗∗ −452.9996∗∗∗

(10.8300) (10.3087)

size 0.7036∗∗∗ 0.3685∗∗∗

(0.0055) (0.0068)

vola 178.8143∗∗∗ 199.5782∗∗∗

(22.2089) (21.5848)

gas fees −0.5866∗∗∗ −0.5446∗∗∗

(0.0077) (0.0077)

mints burns −0.0048∗∗∗ −0.0045∗∗∗

(0.0011) (0.0011)

tvl 0.0719∗∗∗ 0.2526∗∗∗

(0.0146) (0.0141)

volume −0.2429∗∗∗ −0.2156∗∗∗

(0.0133) (0.0128)

eth buy −0.5800∗∗∗ −0.5699∗∗∗

(0.0161) (0.0154)

direction 2.8035∗∗∗ 2.7326∗∗∗

(0.0179) (0.0168)

Constant −5.9880∗∗∗ −5.5937∗∗∗

(0.1291) (0.1286)

Observations 291,313 291,313
Akaike Inf. Crit. 118,012.2000 130,807.6000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 8: Logistic Regression Model, USDC-USDT 0.01% fee. This Table reports the
coefficient estimates from the logistic regression model explaining whether a swap in the ETH-
USDC pool with 0.05% fee tier is targeted by a just-in-time liquidity provider. Results are
displayed for both the unrestricted (1) and size- restricted (2) sample. Variable definitions and
transformations are described in Section 5. Standard errors are reported in parentheses.

Dependent variable:

sniped

(1) (2)

spread −3,888.5280∗∗∗ −394.2523∗∗∗

(1,009.4800) (12.7623)

size 0.8972∗∗∗ 0.3688∗∗∗

(0.0146) (0.0101)

vola −2,132.5440∗ −291.5222∗∗∗

(1,210.6730) (30.3846)

gas fees −1.1754∗∗∗ −0.5299∗∗∗

(0.0273) (0.0102)

mints burns −0.0110∗∗∗ 0.0019
(0.0040) (0.0012)

tvl −0.5857∗∗∗ −0.3972∗∗∗

(0.0195) (0.0154)

volume −0.2158∗∗∗ 0.1882∗∗∗

(0.0200) (0.0158)

usdc buy 0.5017∗∗∗ −0.3385∗∗∗

(0.0490) (0.0181)

direction 1.1281∗∗∗ 4.3084∗∗∗

(0.0495) (0.0484)

Constant 1.0698∗∗∗ −7.6743∗∗∗

(0.3957) (0.2089)

Observations 39,193 206,327
Akaike Inf. Crit. 11,994.5500 87,045.2100

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 9: Logistic Regression Model, ETH-BTC 0.05% fee. This Table reports the
coefficient estimates from the logistic regression model explaining whether a swap in the ETH-
USDC pool with 0.05% fee tier is targeted by a just-in-time liquidity provider. Results are
displayed for both the unrestricted (1) and size- restricted (2) sample. Variable definitions and
transformations are described in Section 5. Standard errors are reported in parentheses.

Dependent variable:

sniped

(1) (2)

spread −715.2614∗∗∗ −722.2049∗∗∗

(23.8146) (22.9790)

size 0.7171∗∗∗ 0.2032∗∗∗

(0.0104) (0.0111)

vola 102.6151∗∗ 68.0387
(47.2757) (47.0172)

gas fees −0.3432∗∗∗ −0.1872∗∗∗

(0.0123) (0.0118)

mints burns −0.0046∗∗∗ −0.0056∗∗∗

(0.0017) (0.0016)

tvl −0.3540∗∗∗ −0.1969∗∗∗

(0.0192) (0.0186)

volume 0.0171 0.0194
(0.0166) (0.0158)

eth buy −0.6932∗∗∗ −0.7270∗∗∗

(0.0269) (0.0257)

direction 1.3404∗∗∗ 1.4018∗∗∗

(0.0273) (0.0262)

Constant −4.8245∗∗∗ −1.9243∗∗∗

(0.1890) (0.1780)

Observations 96,316 96,316
Akaike Inf. Crit. 46,405.9400 52,873.7700

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 10: Logistic Regression Model, ETH-USDC 0.3% fee. This Table reports the
coefficient estimates from the logistic regression model explaining whether a swap in the ETH-
USDC pool with 0.05% fee tier is targeted by a just-in-time liquidity provider. Results are
displayed for both the unrestricted (1) and size- restricted (2) sample. Variable definitions and
transformations are described in Section 5. Standard errors are reported in parentheses.

Dependent variable:

sniped

(1) (2)

spread −354.3015∗∗∗ −266.5146∗∗∗

(11.4694) (10.7361)

size 0.3358∗∗∗ 0.2153∗∗∗

(0.0070) (0.0088)

vola 63.2225∗∗∗ 48.2392∗∗∗

(10.3418) (9.2213)

gas fees −0.3226∗∗∗ −0.3146∗∗∗

(0.0112) (0.0118)

mints burns −0.0010 −0.0017
(0.0014) (0.0014)

tvl −0.0314∗ 0.0860∗∗∗

(0.0185) (0.0183)

volume 0.0292∗∗∗ 0.0182∗∗

(0.0081) (0.0081)

eth buy −0.3200∗∗∗ −0.3204∗∗∗

(0.0266) (0.0264)

direction 1.9532∗∗∗ 1.8851∗∗∗

(0.0335) (0.0316)

Constant −4.5653∗∗∗ −5.0465∗∗∗

(0.2284) (0.2163)

Observations 77,451 77,432
Akaike Inf. Crit. 41,131.7900 42,551.1500

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 11: Logistic Regression Model, ETH-USDT 0.01% fee. This Table reports the
coefficient estimates from the logistic regression model explaining whether a swap in the ETH-
USDC pool with 0.05% fee tier is targeted by a just-in-time liquidity provider. Results are
displayed for both the unrestricted (1) and size- restricted (2) sample. Variable definitions and
transformations are described in Section 5. Standard errors are reported in parentheses.

Dependent variable:

sniped

(1) (2)

spread −353.2104∗∗∗ −394.2523∗∗∗

(13.4578) (12.7623)

size 0.7855∗∗∗ 0.3688∗∗∗

(0.0068) (0.0101)

vola −194.9333∗∗∗ −291.5222∗∗∗

(31.8506) (30.3846)

gas fees −0.6442∗∗∗ −0.5299∗∗∗

(0.0108) (0.0102)

mints burns 0.0016 0.0019
(0.0013) (0.0012)

tvl −0.3668∗∗∗ −0.3972∗∗∗

(0.0158) (0.0154)

volume 0.2322∗∗∗ 0.1882∗∗∗

(0.0167) (0.0158)

eth buy −0.3754∗∗∗ −0.3385∗∗∗

(0.0193) (0.0181)

direction 4.3333∗∗∗ 4.3084∗∗∗

(0.0502) (0.0484)

Constant −11.9628∗∗∗ −7.6743∗∗∗

(0.2167) (0.2089)

Observations 206,327 206,327
Akaike Inf. Crit. 77,386.6400 87,045.2100

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 12: Logistic Regression Model, ETH-USDT 0.3% fee. This Table reports the
coefficient estimates from the logistic regression model explaining whether a swap in the ETH-
USDC pool with 0.05% fee tier is targeted by a just-in-time liquidity provider. Results are
displayed for both the unrestricted (1) and size- restricted (2) sample. Variable definitions and
transformations are described in Section 5. Standard errors are reported in parentheses.

Dependent variable:

sniped

(1) (2)

spread −456.2944∗∗∗ −332.9378∗∗∗

(11.3102) (10.8123)

size 0.2859∗∗∗ 0.2851∗∗∗

(0.0042) (0.0056)

vola 172.6208∗∗∗ 188.9389∗∗∗

(14.0894) (13.8872)

gas fees −0.3629∗∗∗ −0.3552∗∗∗

(0.0076) (0.0079)

mints burns −0.0013 −0.0004
(0.0010) (0.0010)

tvl −0.2421∗∗∗ −0.0218∗

(0.0137) (0.0131)

volume −0.0411∗∗∗ −0.0594∗∗∗

(0.0061) (0.0061)

eth buy −0.2141∗∗∗ −0.1819∗∗∗

(0.0186) (0.0186)

direction 1.8721∗∗∗ 1.8640∗∗∗

(0.0231) (0.0218)

Constant −0.3831∗∗ −3.3827∗∗∗

(0.1803) (0.1775)

Observations 156,816 154,260
Akaike Inf. Crit. 83,122.8000 83,506.4000

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 13: Logistic Regression Model, ETH-USDC 0.01% fee. This Table reports the
coefficient estimates from the logistic regression model explaining whether a swap in the ETH-
USDC pool with 0.05% fee tier is targeted by a just-in-time liquidity provider. Results are
displayed for both the unrestricted (1) and size- restricted (2) sample. Variable definitions and
transformations are described in Section 5. Standard errors are reported in parentheses.

Dependent variable:

sniped

(1) (2)

spread −358.1147∗∗∗ −405.8879∗∗∗

(16.0874) (15.8201)

size 0.7214∗∗∗ 0.4714∗∗∗

(0.0082) (0.0130)

vola −279.6244∗∗∗ −334.2734∗∗∗

(36.8410) (36.1829)

gas fees −0.6073∗∗∗ −0.5846∗∗∗

(0.0149) (0.0147)

mints burns −0.0043∗∗ −0.0042∗∗

(0.0020) (0.0019)

tvl −0.6047∗∗∗ −0.6488∗∗∗

(0.0147) (0.0154)

volume 0.2430∗∗∗ 0.1893∗∗∗

(0.0175) (0.0171)

eth buy −0.5112∗∗∗ −0.6183∗∗∗

(0.0226) (0.0216)

direction 3.1236∗∗∗ 3.1134∗∗∗

(0.0400) (0.0384)

Constant −8.5487∗∗∗ −5.5737∗∗∗

(0.2105) (0.2130)

Observations 133,023 133,012
Akaike Inf. Crit. 54,287.2300 59,910.2100

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 14: Logistic Regression Model, ETH-BTC 0.3% fee. This Table reports the
coefficient estimates from the logistic regression model explaining whether a swap in the ETH-
USDC pool with 0.05% fee tier is targeted by a just-in-time liquidity provider. Results are
displayed for both the unrestricted (1) and size- restricted (2) sample. Variable definitions and
transformations are described in Section 5. Standard errors are reported in parentheses.

Dependent variable:

sniped

(1) (2)

spread −640.7343∗∗∗ −511.3698∗∗∗

(35.2782) (32.6308)

size 0.3514∗∗∗ 0.2209∗∗∗

(0.0126) (0.0152)

vola 191.7661∗∗∗ 292.3088∗∗∗

(51.2833) (46.4970)

gas fees −0.1855∗∗∗ −0.2417∗∗∗

(0.0218) (0.0227)

mints burns −0.0018 −0.0007
(0.0029) (0.0029)

tvl −0.1416∗∗∗ 0.0135
(0.0274) (0.0287)

volume −0.0619∗∗∗ −0.0660∗∗∗

(0.0074) (0.0074)

eth buy −0.3610∗∗∗ −0.3580∗∗∗

(0.0472) (0.0463)

direction 2.0767∗∗∗ 1.8528∗∗∗

(0.0614) (0.0563)

Constant −2.3496∗∗∗ −3.2297∗∗∗

(0.3563) (0.3491)

Observations 25,993 25,949
Akaike Inf. Crit. 13,645.4900 14,073.7600

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 15: Logistic Regression Model, ETH-DAI 0.05% fee. This Table reports the
coefficient estimates from the logistic regression model explaining whether a swap in the ETH-
USDC pool with 0.05% fee tier is targeted by a just-in-time liquidity provider. Results are
displayed for both the unrestricted (1) and size- restricted (2) sample. Variable definitions and
transformations are described in Section 5. Standard errors are reported in parentheses.

Dependent variable:

sniped

(1) (2)

spread −384.1203∗∗∗ −321.3992∗∗∗

(40.9115) (34.2584)

size 1.2203∗∗∗ 0.0774∗∗

(0.0363) (0.0304)

vola −150.3227 −330.0073∗∗∗

(102.5341) (85.1201)

gas fees −1.0653∗∗∗ −0.4615∗∗∗

(0.0452) (0.0343)

mints burns −0.0195∗ −0.0052
(0.0105) (0.0089)

tvl −0.3295∗∗∗ −0.0463
(0.0539) (0.0421)

volume 0.2640∗∗∗ 0.1855∗∗∗

(0.0468) (0.0366)

eth buy −0.1964∗∗ −0.2708∗∗∗

(0.0799) (0.0653)

direction 3.6330∗∗∗ 3.6938∗∗∗

(0.1086) (0.1002)

Constant −13.1480∗∗∗ −5.6081∗∗∗

(0.4125) (0.3383)

Observations 16,929 16,890
Akaike Inf. Crit. 4,475.6390 6,338.6490

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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