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Abstract
On high-throughput, low-fee blockchains, a qualitatively new form

of maximal extractable value (MEV) has emerged: searchers submit

large volumes of speculative transactions, whose profitability is

resolved only at execution time. We refer to this as spam MEV. On
major rollups, it can at times consume more than half of block gas,

even though only a small fraction of probes ultimately results in a

trade. Despite growing awareness of this phenomenon, there is no

principled framework for understanding how blockchain design

parameters shape its prevalence and impact.

We develop such a framework, modeling spam transactions com-

peting for on-chain opportunities under a competitive equilibrium

that drives their profits to zero, and deriving equilibrium spam

volumes as a function of block capacity, minimum gas price, and

the transaction fee mechanism. Empirical evidence from Base and

Arbitrum supports the model: spam grew sharply as block capacity

was scaled up and fell when minimum gas prices were introduced.

Our analysis yields three main insights. First, spam is always costly:

when block capacity is scarce, it displaces users and drives up gas

prices; as block capacity grows, it increasingly consumes execution

resources, raising network externality, i.e., the cost of provisioning

and processing blocks. We show that spam takes an increasing

share of each additional unit of block capacity, so capping it before

all users are included creates a favorable trade-off: forgoing a small

amount of user welfare eliminates disproportionate spam and exter-

nality. Second, we extend the analysis to approximate priority fee

ordering and show that this reduces spam, as spammers pay more

to reach early block positions. Third, as user demand grows and

blockspace is scaled accordingly, spam’s share of block capacity

plateaus rather than growing indefinitely.

CCS Concepts
• Security and privacy→ Blockchain.
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1 Introduction
Maximal extractable value (MEV) has been a central topic in blockchain

research over the past several years [7, 21, 52]. Much of this work

has focused on the Ethereum Layer 1, which, for a long time, was

the primary home of decentralized finance (DeFi) and thus the

main arena for MEV extraction. On the Ethereum Layer 1, the
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most widely studied MEV strategies, such as sandwich attacks,

cyclic arbitrage, liquidations, and non-atomic arbitrage, are precise

and targeted: a searcher identifies a specific on-chain opportunity

through off-chain computation, constructs a transaction to capture

it, and submits it with high confidence of success. These strategies

rely on the ability to observe pending transactions in a mempool,

i.e., the public waiting area for transactions awaiting inclusion, or

to monitor state changes with sufficient time to react. Today, com-

petition among searchers on Ethereum is mediated by block builder

auctions [33], in which searchers bid for the right to capture an

opportunity. Only the winning transaction is included on-chain;

losing bids are largely filtered out before execution, keeping most

failed MEV attempts off the blockchain.

A qualitatively different form of MEV has recently emerged

on high-throughput blockchains. Rather than targeting a specific

opportunity identified off-chain, searchers submit high volumes

of speculative transactions whose profitability is resolved only at

execution time. We refer to this class of strategies as spam MEV.
Related work has called this phenomenon optimistic MEV [53]

or probabilistic MEV [43], emphasizing the searcher’s uncertainty

about whether a transaction will be profitable. Our terminology

instead emphasizes that they consume shared block space and

infrastructure resources, whether or not each transaction succeeds.

In spam MEV, both the detection and execution of opportunities

reside largely in on-chain smart-contract logic [53]: a transaction

probes whether a profitable opportunity exists at the moment of

execution and, if so, captures it. When no opportunity is found, the

transaction consumes gas, i.e., the computational cost of executing

transactions on the blockchain, searching without ever executing a

trade. This encompasses a range of speculative strategies, though

cyclic arbitrage is the most prominently studied among them. To

illustrate the contrast: as studied on the Ethereum Layer 1, a cyclic

arbitrage bot precomputes a profitable path and executes a single

atomic transaction, whereas on many high-throughput chains, the

same type of bot speculatively submits transactions without know-

ing whether an opportunity exists, repeatedly probing liquidity

pools in the hope of capturing small gains and accepting a high

failure rate in exchange for marginal profits.

SpamMEV creates a different security concern from the targeted

MEV studied on Ethereum Layer 1. Classic MEV can harm users

through transaction-ordering manipulation and has been linked to

consensus-instability concerns [21, 52]. Spam MEV, on the other

hand, is closer to the traditional problem of spam in communication

systems: each individual message or transaction may be valid, but

high-volume unsolicited traffic abuses a shared resource [24]. In
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blockchains, the shared resource is block space and the infrastruc-

ture needed to execute, publish, and index transactions. Therefore,

even when spam MEV does not threaten consensus safety directly,

it can reduce the effective throughput available to genuine users

and impose costs on the broader blockchain infrastructure, creating

an availability and resource-abuse problem that the ecosystem is

currently trying to understand and address.

First documented on Solana [58], spam MEV has since been

identified on Ethereum Layer 2 rollups, including Base, Optimism,

and Arbitrum [32, 53]. The scale of the phenomenon is striking: on

Base and Optimism, spam MEV transactions consumed over 50%

of block gas in Q1 2025 [53], yet only 6–12% of these speculative

probes result in an actual trade. On top of that, despite consuming

more than half of on-chain gas, spam MEV transactions pay less

than a quarter of total fees [53], as they carry low priority fees.

What makes spam MEV viable and prevalent? A combination

of architectural and economic features common to modern high-

throughput chains likely plays a role. Low transaction fees reduce

the cost of failed speculative transactions, making repeated probing

profitable even at low success rates. Fast block times, often below

one second on rollups, can leave insufficient time for searchers to

observe state changes and submit targeted transactions before the

next block is produced, favoring continuous speculative submis-

sion over deliberate off-chain computation. Similarly, most high-

throughput chains lack a public mempool, e.g., rollups use cen-

tralized sequencers and Solana forwards transactions directly to

the current block producer, limiting the information available for

targeted extraction. Designs such as encrypted mempools [4, 8, 27],

when deployed, are likely to only increase spam MEV by further

reducing the information available for targeted MEV strategies.

While the prevalence of spam MEV has been documented, there

is no principled framework to study the interplay between design

parameters and spam volumes, and the impact of spam on various

stakeholders. As a result, the response from various blockchain

designers has been largely reactive and ad-hoc (c.f. Section 1.1).

In this work, we fill this gap by developing a framework to

determine the equilibrium volume of spam as a result of block space

and fee design choices, and to analyze the impact of resulting spam

on user welfare, validator revenue, and network externality, i.e., the

cost of provisioning block capacity and processing transactions.We

characterize the tradeoffs involved in design choices and provide

guidance for blockchain designers to navigate these tradeoffs.

In the remainder of this section, we first highlight the industry’s

response to spam MEV, describe the design levers and metrics we

focus on in this work, and then summarize our contributions.

1.1 Ecosystem Response
The prevalence of spamMEVhas not gone unnoticed. The blockchain

community has become increasingly aware of the scale of the prob-

lem, and a debate has emerged about how harmful spam truly is

and what should be done about it. Flashbots’ thesis that MEV fun-

damentally limits scaling [44], i.e., that added throughput capacity

is absorbed by spam rather than passed on to genuine users, has

been particularly influential in framing the discussion.

The most visible case study is Base, the Ethereum Layer 2 rollup

with the highest DeFi total value locked (TVL) [23]. Following the

Dencun upgrade, which drastically reduced Layer 2 data availability

costs, Base increased its block gas limit. However, the additional

capacity was largely consumed by spam MEV rather than bene-

fiting genuine users [32, 53]. As Figure 1a shows, spam gas grew

disproportionately faster than non-spam gas as Base progressively

raised its gas target after Dencun, absorbing the majority of the

added capacity. When the community took notice [32, 44, 53], Base

reduced the gas target from 70M to 50M. Figure 1b shows that com-

paring the 30 days before and after the change, spam gas fell by 34%

and non-spam gas by 24%, i.e., both declined but spam absorbed

a larger share of the reduction. Beyond block space consumption,

spam also imposes costs on the broader network infrastructure.

Multiple blockchain indexing services, including Etherscan, an-

nounced they would discontinue free API access for Base, citing

the significant infrastructure costs driven by the high transaction

volumes [26, 38, 39]. Base ultimately raised its minimum transac-

tion fee, explicitly citing spam reduction as the rationale [9]. As

Figure 2 shows, spam gas on Base trended downward thereafter,

coinciding with successive increases in the protocol minimum gas

price, though other factors may have also contributed.
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(a) Spam and non-spam gas on Base indexed to Dencun (March 13,
2024). Spam gas grew 122× from Dencun to its peak (April 2025),
while non-spam gas grew 11.2×.
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(b) Spam and non-spam gas on Base around the gas target reduction
from 70M to 50M on June 18, 2025. In the 30 days after the change,
spam gas fell by 34% and non-spam gas by 24%; spam’s share of total
gas dropped from 36% to 32%.

Figure 1: Spam and non-spam gas on Base over time (7-day
moving averages). The right axes show the gas target.

Other chains have moved in the same direction. Arbitrum, the

rollup with the second-highest DeFi TVL [23], had set a minimum
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Figure 2: Daily spam gas on Base from October 2025 onward
(7-day moving average), alongside the median fee and proto-
col minimum gas price (log scale, right axis). Average spam
gas fell from 450 Bgas/day in October 2025 to 302 Bgas/day
in February 2026 (−33%).

gas price meaningfully above 1 wei well before spam attracted

broader attention, and recently doubled this floor as part of a

broader fee mechanism overhaul [6, 62]. Outside the EVM ecosys-

tem, Aptos similarly raised its minimum gas fee, citing spam reduc-

tion [5]. Newer chains have launched with spam in mind: Monad,

for instance, sets a non-trivial minimum gas price and charges based

on the gas limit rather than gas consumed, making spam MEV with

large unused gas allocations more costly [16].

These interventions share a common intuition: spam is an un-

wanted form of resource abuse that reduces useful throughput and

imposes costs on the network. Yet the responses have been largely

reactive and chain-specific, without formal analysis of how design

parameters interact to determine the equilibrium level of spam. A

key factor is that, unlike Ethereum L1 where congestion pricing

naturally emerges, high-throughput chains can have slack capac-

ity where the market-clearing gas price approaches zero, while

the network still bears the cost of processing every transaction.

A minimum gas price 𝑔min ensures that each transaction pays at

least a meaningful contribution toward its marginal cost and, as our

analysis shows, serves as a key lever against spam in this regime.

1.2 Design Levers
We now describe the blockchain design choices that influence the

presence and characteristics of spam transactions. These are the

parameters that our framework analyzes.

Block Space Limit 𝑩max. The block space limit affects inclusion

costs. When the limit 𝐵max is low relative to transaction demand,

competition for inclusion in the block intensifies, increasing gas

prices 𝑔 and may therefore reduce the expected revenue of each

spam transaction. Conversely, when 𝐵max is large enough to ac-

commodate all transactions, gas prices 𝑔 decrease, and therefore

increase the expected profit of spam transactions.

Minimum Gas Price 𝒈min. A blockchain can impose a minimum

gas price 𝑔min per transaction, independent of block space availabil-

ity. Higher values of 𝑔min increase the cost when block capacity is

slack, influencing the economic outcome for both spam and non-

spam transactions. Without a gas price floor, the equilibrium gas

price 𝑔 would approach zero when block capacity exceeds demand,

resulting in a disproportionately high volume of spam transactions.

Transaction Fee Mechanism. The design of the transaction

fee mechanism (TFM) impacts transaction submission behavior.

For instance, spam transactions often specify a large gas limit but

typically consume only a fraction of it when executed without prof-

itable arbitrage opportunities [53]. Therefore, a TFM that imposes

higher costs for specifying large gas limits can change the spam

MEV strategy. Additionally, a TFM can dictate the ordering of trans-

actions within a block, such as through priority-based ordering,

which affects the resulting spam volumes.

1.3 Our Framework and Contributions
We develop a framework for analyzing spam MEV and its interac-

tion with blockchain design choices.Wemodel spam transactions as

competing for on-chain opportunities, and study how equilibrium

spam volume depends on the block space limit 𝐵max, the minimum

gas price 𝑔min, and the transaction fee mechanism. We evaluate the

impact of spam on user welfare, validator revenue, and network

externality. Our main results are:

(1) Closed-form equilibrium spam volume and gas prices
(Section 3.1): We characterize spam equilibrium under random

transaction ordering. Depending on block capacity and the

minimum gas price, the outcome is either no spam entry, a slack

equilibrium pinned down by 𝑔min, or a congested equilibrium

in which spam raises the gas price.

(2) User welfare, revenue and externality characterization
along with trade-offs (Section 3.2): We analyze user welfare,

validator revenue, and network externality in equilibrium.

(3) Parameter-setting guidance (Section 3.3): We characterize

the choice of (𝐵max, 𝑔min), and show how to use the proportion

of spam at the margins as a practical rule for selecting the

design parameters without admitting disproportionate spam.

(4) Priority fee ordering (PFO) (Section 4): We extend the analy-

sis to an approximate PFO TFM. We show that PFO can reduce

spam by making earlier positions in the block more expensive.

(5) Demand-scaling analysis (Section 5 and Section 6): We study

whether spam limits blockchain scaling [44]. We estimate that

MEV opportunity size grows approximately linearly with non-

spam activity using empirical data. We show that as demand

grows, spam remains a nontrivial share of included gas, but its

share plateaus rather than growing without bound.

(6) Empirical evidence and case studies (Section 6): We present

case studies of spam on Base and Arbitrum. Our findings sup-

port several model predictions: spam falls when gas price floors

rise, grows with block capacity, absorbs disproportionate mar-

ginal block space, and, on Base, appears later in the block as

predicted by the PFO analysis.

(7) Mitigations (Section 7): We discuss practical mitigations with

the insights from our model and analysis.

2 Model
We present our model for analyzing spam MEV. The design levers

(block space limit 𝐵max, minimum gas price𝑔min, and transaction fee

mechanism)were introduced in Section 1.2. We consider blockchains

run by validators; we refer to the parties that send transactions as
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users. There are two types of users in the model: genuine users and

spam bots. Genuine users submit transactions because they receive

intrinsic utility from execution. Spam bots, by contrast, are strategic

agents that submit transactions in order to search and capture MEV

opportunities that are determined at the time of execution. They

have no intrinsic utility, and their transaction volume is determined

endogenously in equilibrium.

We analyze TFMs that charge a transaction for its gas limit rather

than gas used, and block size is counted in terms of transaction

gas limits, similar to high-throughput blockchains such as Solana

and Monad [16]. Our results can be straightforwardly adapted to

a mechanism that charges only for the used gas. For our initial

analysis in Section 3, the TFM orders transactions in a random

order, mimicking the operations of a low-latency blockchain. We

extend our analysis to priority-fee based ordering in Section 4.

Now we formalize block space and spammers’ utility model and

define the metrics we use to evaluate equilibrium outcomes.

2.1 Block Demand and Spam Model
We analyze transaction dynamics within a single block. Let 𝐵 ≤
𝐵max denote the amount of block space actually occupied in the

block. Let 𝑄𝑢 ≤ 𝐵 represent the amount of included user gas, i.e.,

gas consumed by genuine (non-spam) transactions. The demand

from genuine users follows a demand function 𝐷 (𝑔), which spec-

ifies how much genuine-user gas is demanded at any given gas

price 𝑔. This demand curve does not include spam demand. Each

spam transaction carries a gas limit of 𝑠 , so if 𝑆 spam transactions

are included, occupied block space decomposes as 𝐵 = 𝑄𝑢 + 𝑠𝑆 .

Equivalently, 𝑆 = (𝐵 −𝑄𝑢 )/𝑠 in terms of 𝐵 and 𝑄𝑢 .

In the TFM model used in Section 3, the TFM gives a clearing

price 𝑔∗ ≥ 𝑔min that is paid by all included transactions. In the PFO

model in Section 4, the same logic applies sub-block by sub-block,

with different clearing prices for different execution positions. A

single arbitrage opportunity worth 𝑟 is created by some random

genuine user transaction and can be successfully claimed by a spam

transaction if it is the first spam transaction to be sequenced after

the particular user transaction. We model the opportunity size 𝑟 to

be increasing in the amount of included user gas in Section 5.

We assume a free-entry environment for spam bots: any number

of agents can submit spam transactions. There is no fixed cost of

becoming a spammer; the spammer only pays for the transaction

fees of submitted spam transactions. Strategic spam bots enter as

long as their expected net payoff is non-negative. At equilibrium,

included spam transactions earn zero expected net profit (full rent

dissipation [37, 51]), and an additional spam transaction cannot

profitably enter. Given a TFM and an ordering rule, the clearing

price and the amount of spam are endogenously determined by

genuine user demand function and this zero-profit entry condition.

The utility of a spam transaction is the revenue it captures (𝑟 if

successful and 0 otherwise) minus the fees 𝑠 · 𝑔∗ it pays. The utility
of a genuine user transaction is defined as 𝑢 − 𝑓 if included in the

block, and 0 otherwise, where 𝑢 is its valuation of execution and 𝑓

is the fee it pays. For included genuine users, 𝑓 ≤ 𝑢. Looking ahead,

user valuations are represented by the demand function, while fees

are determined by the TFM.

Gas price

Gas demanded

𝑔min 𝑔∗
(clearing price)

𝐷0

𝐷 (𝑔) = 𝐷0 − 𝛽𝑔

User

welfare

𝐷 (𝑔∗ )

𝐷 (𝑔min )

𝐷0/𝛽

Figure 3: Linear demand curve 𝐷 (𝑔) = 𝐷0 − 𝛽𝑔 for genuine
users. At clearing price 𝑔∗, the shaded triangle is the user
welfare (aggregate surplus of included users).

2.2 Metrics
We now describe the metrics used to quantify the impact of spam

transactions on the blockchain. In addition to the welfare and cost

metrics below, we analyze the spam share of included gas, defined

as the fraction of included gas consumed by spam transactions.

A higher spam share means that a larger fraction of the block is

unavailable to genuine users. It is therefore a direct measure of the

resource-abuse aspect of spam MEV.

User welfare. The user welfare is defined as the aggregate utility

of all genuine users. As shown in Fig. 3 for a linear demand curve,

the user welfare is the area under the genuine-user demand curve

above the clearing price𝑔∗. A higher user welfare indicates a greater

overall benefit to users of the blockchain. Spam can reduce user

welfare by reducing block space for genuine users, or by increasing

the inclusion price and pricing out users with lower valuations.

Validator revenue. Validator revenue is the total gas fees col-

lected from all included transactions (both users and spammers),

written as 𝑅 = 𝑔∗ · 𝐵, where 𝑔∗ is the equilibrium clearing gas price

and 𝐵 is total gas used. This quantity represents the direct income

to the network from transaction processing. For the purposes of

this work, we do not consider burning of fees or block rewards, as

they are merely a way to change allocation of revenue between

token holders and validators, and do not affect the net economic

incentives for spamming or the overall welfare analysis.

Network externality. The network externality is the cost borne

by the network for provisioning block capacity and processing

transactions, written as 𝐸 (𝐵max) = 𝑐1𝐵max+𝑐2𝐵,where 𝑐1 is the per-

unit cost of providing block capacity (e.g., bandwidth provisioning,

data availability, node hardware), and 𝑐2 is the per-unit cost of

computation (e.g., execution, state access). The capacity component

𝑐1𝐵max depends on the provisioned block capacity, not actual usage,

while the compute component 𝑐2𝐵 scales with actual gas consumed.

Network externality captures costs such as increased barriers to

decentralization and additional pressure on infrastructure operators

(e.g., full nodes), which are not easily quantifiable but are important

considerations in blockchain design, especially as it relates to spam

transactions. In this sense, externality captures the security and
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reliability cost of allowing high-volume traffic that consumes shared

blockchain resources.
1

3 Analysis with Random Ordering
In this section, we study a simple random-ordering TFM, which is

intentionally minimal. There is a block of capacity 𝐵max, a single

opportunity of value 𝑟 , and a volume of spam transactions that try

to claim that opportunity. Each spam transaction reserves 𝑠 gas and

is charged based on its gas limit, not on ex post gas used. Unless

specified otherwise, we use the simple linear demand function

(𝐷 (𝑔) = 𝐷0 − 𝛽𝑔) for non-spam users’ gas consumption to expose

the equilibrium characteristics. Recall that 𝑄𝑢 denotes the amount

of user gas included in the block. In this section, we assume that

the opportunity size 𝑟 is linear in the included user gas, given by

𝑟 =
𝑄𝑢

𝐷0

· 𝑟0. Finally, we impose a floor 𝑔min, which lets us study the

design choice of a minimum inclusion price.

3.1 Spam Volume at Equilibrium
The first quantity we need is the probability that spam transactions

claim the opportunity. Suppose there are 𝑆 spam transactions in the

block. Only the relative position of the opportunity among these

𝑆 spam transactions matters. For example, when 𝑆 = 3, we can

visualize the situation by placing the three spam transactions as

triangles and considering the four possible slots of the opportunity:

1 2 3 4

✓ ✓ ✓ ×

The circles represent the possible positions where the opportunity

can appear relative to the spam transactions. In the first three posi-

tions, there is at least one spam transaction after the opportunity, so

a spam transaction can claim it. In the last position, the opportunity

appears after all spam transactions, so it cannot be claimed. More

generally, there are 𝑆 + 1 equally likely relative positions for the

opportunity, and exactly one of them fails. Therefore,

Pr[opportunity claimed by spam] = 𝑆

𝑆 + 1

.

We next compute the clearing price at a fixed spam volume.

Recall that the user demand curve is characterized by 𝐷 = 𝐷0 − 𝛽 ·𝑔
where 𝑔 is the gas price. In the absence of spam, the market-clearing

price implied by the demand curve and block size 𝐵max is 𝑔1 :=
𝐷0−𝐵max

𝛽
. However, since the protocol enforces a price floor 𝑔min,

the actual clearing price without spam is max{𝑔min, 𝑔1}. If 𝑆 spam

transactions are included in the block and each reserves 𝑠 gas, then

the remaining space available to non-spam users is 𝐵max − 𝑆𝑠 . The

resulting clearing price is

𝑔(𝑆) = max

{
𝑔min, 𝑔1 +

𝑠

𝛽
𝑆

}
.

The term
𝑠
𝛽
𝑆 captures the price increase caused by spam taking up

block space, and the outer maximum applies the gas price floor.

1
Buterin [13],drawing analogy to pollution, puts forth a similar approach to modeling

the externality of block sizes on the ecosystem, where the externality is linear in block

size for modern blockchains.

Given this price, the expected utility of each spam transaction

at spam volume 𝑆 is

𝑢 (𝑆) = 1

𝑆 + 1

𝑟 − 𝑠𝑔(𝑆) .

The first term is the expected MEV revenue of each spam transac-

tion. The second term is the inclusion cost. Recall that in a com-

petitive equilibrium, spammers enter until the expected utility of

each spam transaction is 0 (see Section 2.1). Solving the zero-profit

condition (𝑢 (𝑆) = 0) gives

𝑆∗ =



0, 𝑟0

𝑄0

𝑢

𝐷0

≤ 𝑠𝑔0,

𝑟0𝐷 (𝑔min)
𝐷0𝑠𝑔min

− 1, 𝑟0

𝑄0

𝑢

𝐷0

> 𝑠𝑔0
and 𝑔0 = 𝑔min,√︃(

𝑠 − Δ + 𝛽𝑟0/𝐷0

)
2 + 4𝛽𝑟0 −

(
𝑠 + Δ + 𝛽𝑟0/𝐷0

)
2𝑠

, otherwise,

where Δ = 𝐷0 − 𝐵max, 𝑔
0 = max{𝑔min, 𝑔1} is the clearing price in

the absence of spam, and 𝑄0

𝑢 = min{𝐵max, 𝐷 (𝑔min)} is the amount

of user gas included in the absence of spam.

The first case says that spam does not enter when the effective op-

portunity value in the spam-free world is below the per-transaction

inclusion cost. The second case is the slack-at-the-floor regime,

where the gas price remains 𝑔min, and the block is not congested. In

this regime, spam depends on 𝑟0, 𝑔min, and the amount of non-spam

demand that remains at the floor. The third case is the congested

regime, where spam raises the clearing price above the floor. In this

regime, spam depends on the baseline opportunity parameter 𝑟0,

the block size, and user demand.

Remark 3.1 (Connection to Mazorra et al.). In the slack case, 𝑆∗ =
𝑟/(𝑠𝑔min) − 1 = 1/𝑐 − 1 where 𝑐 = (𝐷0𝑠𝑔min)/(𝑟0 · 𝐷 (𝑔min)) is the
cost-to-reward ratio. This matches the lower bound on total spam

from the timing game model of Mazorra et al. [43], who show that

equilibrium spam in an 𝑛-player timing game lies in [1/𝑐 − 1, 1/𝑐]
and converges to 1/𝑐−1 as𝑛 → ∞. Our competitive equilibrium cor-

responds to this large-𝑛 limit derived using a completely different

approach from their work.

For our welfare analysis later, we now derive the minimum

blockspace, denoted by 𝐵plat, needed for the clearing gas price to

remain at the floor 𝑔min. Looking ahead, the benefit of provisioning

blockspace plateaus out beyond 𝐵plat. 𝐵plat can be written as

𝐵plat = 𝐷 (𝑔min) +
(
𝑟0𝐷 (𝑔min)
𝐷0𝑔min

− 𝑠

)
+
.

In this equation, the first term is the amount of non-spam demand

that remains at the floor price. The second term is the equilibrium

spam volume at the floor, converted into gas units. Therefore, 𝐵plat

is the amount of block space needed to fit both user demand at 𝑔min

and the spam that is still profitable at that price. For 𝐵max < 𝐵plat,

the block is still effectively scarce, so adding capacity lowers the

clearing price and increases the spam volume. Once 𝐵max reaches

𝐵plat, the gas price settles at the𝑔min. At that point, spam equilibrium

volume reaches its peak level and no longer changes with further

increases in block capacity 𝐵max. Figure 4 shows this pattern.
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Figure 4: Equilibrium spam volume as a function of block
size 𝐵max, and the gas share of spam transactions out of to-
tal included gas. Spam is 0 when the block is small and the
clearing price is high. As 𝐵max grows, entry becomes more
profitable and spam begins to rise. Once 𝐵max reaches 𝐵plat,
the gas price is pinned at 𝑔min and spam plateaus. In this
figure, 𝐷0 = 1200, 𝛽 = 6, 𝑠 = 20, 𝑟0 = 6000, and 𝑔min = 20.

3.2 Welfare, Revenue, and Externality Analysis
We next study how the metrics in Section 2.2 vary with the design

parameters. To assess the impact of spam, we compare two worlds

evaluated at the same parameter values: (1) the realized world

with spam, and (2) a counterfactual world without spam. Holding

parameters fixed isolates the effect of spam on users, validators,

and the cost of the blockchain to process blocks. Our analysis here,

especially onwelfare and externality, provides the quantities needed

later for choosing blockchain parameters wisely.

Figure 5 summarizes the equilibrium levels of user welfare, val-

idator revenue, and externality in the spam world and in the spam-

free counterfactual world. For compactness, the maths expressions

of the user welfare, validator revenue, and externality, and the ex-

plicit counterfactual deltas and the characterization of where the

welfare gap is largest are deferred to Section A.

3.3 Parameter-Setting Guidance
The analysis above gives the system designer two main parameters

against spam, namely the block size 𝐵max and the price floor 𝑔min.

These two parameters affect user inclusion, validator revenue, and

the system cost of supporting larger blocks. A good choice should

therefore increase user welfare, but should not keep increasing 𝐵max

once the extra capacity mostly creates spam or idle space. Figures 5

and 12 depict the tradeoff between welfare on one side, and revenue

and externality on the other side. We address each parameter in

turn: here we first discuss choosing 𝐵max for a fixed 𝑔min, and we

discuss choosing 𝑔min for a fixed 𝐵max in Section B.

We present two rules for choosing 𝐵max given a fixed gas price

floor 𝑔min: a simple baseline that scales to the point where user

welfare plateaus, and a refined rule that stops earlier by requiring

that marginal capacity primarily serves users.

A baseline rule: stop scaling at the plateau 𝑩plat. Choose a

gas price floor 𝑔min. For this fixed floor, user welfare increases with

𝐵max until the system reaches the slack threshold 𝐵plat (𝑔min). At
this point, the block has enough space to fit both the non-spam

demand that remains at the floor and the spam that is still profitable

at that floor. Once 𝐵max ≥ 𝐵plat (𝑔min), further increase in block size

does not increase user welfare, because the user side is already

capped by𝐷 (𝑔min). The revenue also does not increase, and only the
externality increases. Therefore, if the designer fixes𝑔min and wants

to maximize user welfare without creating unnecessary externality,

the natural choice is𝐵
†
max

(𝑔min) = 𝐵plat (𝑔min) . This gives a relatively
simple benchmark rule: for a fixed gas price floor 𝑔min, increase

block size until the user welfare plateaus.
2

A refined rule: require that marginal capacity does not ad-
mit disproportionate spam. The benchmark rule 𝐵

†
max

(𝑔min) =
𝐵plat (𝑔min) is useful, but it can be too permissive: near 𝐵plat, much

of the newly provisioned capacity may be absorbed by spam, as

shown in Fig. 6. Therefore, in practice, the designer may want a

stricter rule: if the block size is increased by a small amount, a

sufficient fraction of that extra capacity should go to useful user

gas rather than to spam.

To make this precise, we define the marginal user share as

𝑚user :=
𝜕𝑄∗

𝑢 (𝐵max, 𝑔min)
𝜕𝐵max

,

which measures the fraction of an increase in block capacity that

becomes useful user gas. Inside the entry-and-congested region,

this derivative can be written as

𝑚user =
1

2

©­­«1 − 𝐵max − 𝐷0 + 𝑠 + 𝛽𝑟0/𝐷0√︃(
𝐵max − 𝐷0 + 𝑠 + 𝛽𝑟0/𝐷0

)
2 + 4𝛽𝑟0

ª®®¬ .
This expression is strictly decreasing in 𝐵max as shown in Theo-

rem 3.2; equivalently, spam takes an increasing share of marginal

capacity. Once 𝐵max ≥ 𝐵plat, 𝑚user becomes zero, because extra

capacity is no longer used by either users or spam.

We now introduce a design parameter 𝜂 ∈ (0, 1], which we call

the minimum marginal user share (MMUS). It requires that at least

an 𝜂 fraction of the next unit of capacity go to users. Given a fixed

𝑔min, the refined rule chooses

𝐵∗
max

(𝑔min, 𝜂) ∈ arg max

𝐵max

𝑊user (𝐵max, 𝑔min) subject to𝑚user ≥ 𝜂.

Because𝑊user (𝐵max, 𝑔min) is nondecreasing in 𝐵max, this rule picks

the largest block size for whichmarginal capacity still primarily ben-

efits users. It is a stricter version of the plateau rule: 𝐵∗
max

(𝑔min, 𝜂) ≤
𝐵plat (𝑔min) whenever𝜂 > 0. Lower𝜂 allowsmore aggressive scaling,

while higher 𝜂 stops scaling earlier.

Proposition 3.2. Fix 𝑔min and suppose the equilibrium is in the
entry-and-congested region. Let 𝑔∗ denote the gas price at equilib-
rium. Then, for any twice continuously differentiable and strictly
decreasing demand curve 𝐷 (𝑔), if 𝑔∗𝐷 (𝑔∗)𝐷 ′′ (𝑔∗) + 2𝐷 (𝑔∗)𝐷 ′ (𝑔∗) −
2𝑔∗

(
𝐷 ′ (𝑔∗)

)
2

< 0 (𝐷 ′ is d𝐷
d𝑔
), (which holds for the linear demand

function), then𝑚user is decreasing in 𝐵max.

The proof can be found in Section E. We note that the condition

in Theorem 3.2 holds for the linear demand function, and for the

exponential demand function (i.e., 𝐷 (𝑔) = 𝐷0 · 𝑒−𝜆𝑔) as well.

2
In practice, the designer may want to keep some slack in blockspace, to accommodate

bursts in user demand, i.e., demand function steepening in ourmodel. Some blockchains

do this by choosing a block capacity larger than the demand at 𝑔min , so that demand

spikes during volatile periods can be absorbed without congestion.
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Figures 6 visualize this rule. It plots 𝐵∗
max

as a function of 𝜂

when 𝑔min is fixed, and shows the corresponding 𝐵∗
max

values for

representative 𝜂 values.

Takeaway (Marginal spam share). Spam takes an increasing

share of each additional unit of block capacity. Setting 𝐵max below

𝐵plat or raising 𝑔min creates a favorable trade-off: forgoing a small

amount of user welfare eliminates a disproportionate amount of

spam, substantially reducing network externality.

4 Analysis with (Approximate) Priority Fee
Ordering

We now turn to a TFM with priority fee ordering (PFO), where

transactions are executed in decreasing order of their bids rather

than randomly. PFO closely approximates the ordering observed on

many deployed chains, where transactions paying higher priority

fees consistently land earlier in the block. It may also help reduce

spam: under random ordering, spam transactions can occupy early

positions in the block without paying more than others, whereas

PFO makes such placement costly.

To capture this effect tractably, we use a block-position-specific

demand model. The idea is that users differ not only in their valua-

tion, but also in which part of the block they are willing to occupy.

In practice, the top of the block generally serves high-value, time-

sensitive flow, e.g., professional DeFi traders, while later positions

are filled by users who only need inclusion. We model this by parti-

tioning the block into ordered regions and associating each region

with its own demand curve. High-value users only demand early

positions, since by the time later positions execute their opportu-

nity has already passed. Lower-value users have no such preference

and would happily occupy any block position, but they are priced

out of the early region because it clears at a higher gas price.

In the main body, we focus on the two-sub-block case. We split

the block into an early sub-block and a late sub-block, with the first

executing before the second. Transactions sort into sub-blocks by

bid: higher bids land in the first sub-block, lower bids in the second.

Within each sub-block, ordering is random. We defer the general

𝑛-sub-block formulation, where sub-blocks have equal capacity and

the demand curve is evenly partitioned across them, to Section C.1.

We use a single parameter 𝑣 ∈ [0, 1] to specify the two-sub-

block approximation. The first sub-block receives fraction 𝑣 of block

capacity and is associated with the upper 𝑣 fraction of the original

valuation distribution; the second sub-block receives fraction (1−𝑣)
of block capacity and is associated with the remaining lower (1−𝑣)
fraction. Thus, the sub-block capacities are 𝐶1 = 𝑣𝐵max and 𝐶2 =

(1 − 𝑣)𝐵max. Formally, users in the first sub-block have inverse

demand 𝑃
(𝑣)
1

(𝑄) = (𝐷0 −𝑄)/𝛽 for 0 ≤ 𝑄 ≤ 𝑣𝐷0, while users in the

second sub-block have inverse demand 𝑃
(𝑣)
2

(𝑄) = ((1−𝑣)𝐷0−𝑄)/𝛽
for 0 ≤ 𝑄 ≤ (1 − 𝑣)𝐷0. Equivalently, the direct demand curves

are 𝐷
(𝑣)
1

(𝑔) = (min{𝑣𝐷0, 𝐷0 − 𝛽𝑔})+ and 𝐷
(𝑣)
2

(𝑔) =
(
(1 − 𝑣)𝐷0 −

𝛽𝑔
)+
. These two demand slices sum to the original linear demand,

𝐷
(𝑣)
1

(𝑔) + 𝐷
(𝑣)
2

(𝑔) = 𝐷0 − 𝛽𝑔.

Let 𝑔1 denote the clearing price of the first sub-block and let

𝑔 denote the clearing price of the second sub-block. Whenever

both sub-blocks are nonempty, we have 𝑔1 ≥ 𝑔 ≥ 𝑔min. Spam bots

may target either sub-block and pay the corresponding price. As

in Section 3, we assume that the opportunity value scales linearly

with total included user gas, 𝑟 = 𝑟0 ·𝑄𝑢/𝐷0, where 𝑄𝑢 is the total

user gas included in the block. This captures the idea that more user

activity creates more MEV opportunities, while spam can reduce

those opportunities by displacing users.

4.1 Competitive Spam Equilibrium
We now characterize the spam equilibrium in the two-sub-block

case. Let 𝑆1, 𝑆2 denote the number of spam transactions placed in

the first and second sub-blocks, respectively.
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Given 𝑆1 spam transactions in the first sub-block, the included

user gas there is 𝑄1 (𝑆1;𝑔) = min

{
𝐶1 − 𝑆1𝑠, 𝐷

(𝑣)
1

(𝑔)
}+

. The corre-

sponding first-sub-block price is𝑔1 (𝑆1;𝑔) = max

{
𝑔, 𝑃

(𝑣)
1

(𝑄1 (𝑆1;𝑔))
}
.

Intuitively, if the top-sub-block demand at the lower price 𝑔 is large

enough to fill the post-spam capacity 𝐶1 − 𝑆1𝑠 , then the first-sub-

block price rises above 𝑔 to clear that capacity. Otherwise, the

first sub-block is slack and clears at 𝑔. Similarly, given 𝑆2 spam

transactions in the second sub-block, the included user gas there is

𝑄2 (𝑆2;𝑔) = min

{
𝐶2 − 𝑆2𝑠, 𝐷

(𝑣)
2

(𝑔)
}+

. The second sub-block clears

at the block-level inclusion price, so the equilibrium value 𝑔∗ sat-

isfies the fixed-point condition 𝑔∗ = max

{
𝑔min, 𝑃

(𝑣)
2

(
𝑄2 (𝑆∗2 ;𝑔∗)

)}
,

with the convention that if 𝐶2 = 0, then 𝑔∗ = 𝑔min.

Since the opportunity is randomly located among the included

user gas, the expected reward attributable to sub-block 𝑖 is
𝑟0

𝐷0

𝑄𝑖 .

Given 𝑆1 spam transactions in the first sub-block, the opportunity

is captured with probability 𝑆1/(𝑆1 + 1), by the same argument as

in Section 3.1. The expected utility of spam in the first sub-block is

𝑈1 (𝑆1;𝑔) = 𝑟0

𝐷0

𝑄1 (𝑆1;𝑔) 𝑆1

𝑆1 + 1

− 𝑆1𝑠 𝑔1 (𝑆1;𝑔).

The equilibrium spam volume in the first sub-block is the solution

𝑆∗
1
to𝑈1 (𝑆∗1 ;𝑔∗) = 0, subject to the capacity constraint 𝑆∗

1
𝑠 ≤ 𝐶1.

For the second sub-block, the spam utility has two components.

First, the opportunity may originate in the second sub-block and be

captured there, contributing
𝑟0

𝐷0

𝑄2 (𝑆2;𝑔) 𝑆2

𝑆2+1
. Second, the oppor-

tunity may originate in the first sub-block but fail to be captured

there. That happens with probability 1/(𝑆∗
1
+ 1). In that case, the

opportunity survives into the second sub-block and is captured

there by any positive spam. Thus, the expected utility of spam in

the second sub-block is

𝑈2 (𝑆2;𝑔) = 𝑟0

𝐷0

(
𝑄2 (𝑆2;𝑔) 𝑆2

𝑆2 + 1

+
𝑄∗

1

𝑆∗
1
+ 1

)
− 𝑆2𝑠 𝑔.

The equilibrium spam volume 𝑆∗
2
is derived by solving𝑈2 (𝑆∗2 ;𝑔∗) =

0, subject to the capacity constraint 𝑆∗
2
𝑠 ≤ 𝐶2.

Together, the two zero-profit conditions and the fixed-point

condition for 𝑔∗ determine the equilibrium tuple (𝑆∗
1
, 𝑆∗

2
, 𝑔∗). The

total spam volume is accordingly 𝑆∗ = 𝑆∗
1
+ 𝑆∗

2
.

Figure 7 illustrates how the resulting spam volume changes with

𝐵max and with the capacity-split parameter 𝑣 . For large 𝐵max, once

spam reaches its plateau, the 𝑣 = 0.5 curve has less spam than

the random-ordering case (𝑣 = 1). The reason is that spam that

is included in the first sub-block pays the higher price 𝑔1, while

the cheaper lower region has only half of the block capacity. For

smaller 𝐵max, however, 𝑣 = 0.5 can generate more spam than 𝑣 = 1,

since splitting the block creates a lower-priced second sub-block

even when the overall block is still relatively scarce. Spam can enter

this cheaper tail region, pay only 𝑔, and still capture opportunities

that survive from the first sub-block. We note that this is an artifact

of our model.

Takeaway (Priority fee ordering). Priority fee ordering reduces

spam when enough scarce capacity is allocated to a high-value

early block region. When the early region is small or has little

demand, the lower sub-block can remain cheap, giving spammers

an attractive tail region.
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Figure 7: Equilibrium spam volume under the two-sub-block
approximation to PFO for 𝑣 ∈ {0.25, 0.5, 0.75, 1}. We use the
same calibration as in Fig. 4. The case 𝑣 = 1 collapses to the
random-ordering benchmark.

4.2 Metrics under Approximate PFO
The discussion above focuses on spam volume and where spam is

placed inside the block. For completeness, we also evaluate user

welfare, validator revenue, and network externality under the two-

sub-block PFO model. For the interest of space, we defer the formal

expressions and numerical plots to Section C.2.

The main qualitative takeaway is that for any fixed 𝑣 , the pat-

tern in the metrics mirrors the random-ordering model: as 𝐵max

rises, user welfare rises and eventually plateaus, validator revenue

first increases but then decrease and finally plateaus, and network

externality increases. We avoid reading the separate𝑊user, 𝑅, and

𝐸 curves as direct comparisons across different values of 𝑣 , since

changing 𝑣 changes both the capacity split and the distribution of

user valuations across sub-blocks. The combined quantity𝑊user +𝑅

varies less than user welfare and validator revenue separately as 𝑣

differs, because changing 𝑣 partly reallocates surplus between users

and the validator.

5 Impact of Spam on Blockchain Scaling
One of the central concerns with spam (e.g., the one of Flash-

bots [44]) is that it may limit scaling, as additional block capacity

could simply be consumed by spammers instead of benefiting users.

Namely, the concern is that the chain may provision more block

space, but the effective throughput available to genuine users may

not increase proportionally if spam absorbs the added capacity. Re-

call that spam share (Section 2.2) is a metric measuring the fraction

of included gas consumed by spam MEV. We now study whether

and to what extent spam may limit the benefit of scaling to be

passed down to a rise in user demand.

According to empirical data (see Section G), on both Base and

Arbitrum, the total size of MEV profit grows approximately linearly

in non-MEV gas. Accordingly, in this section, we assume that the

opportunity value scales linearly with included user gas.

To formalize the problem further, let 𝜆 ≥ 1 denote a demand-

scaling parameter. We scale non-spam demand as 𝐷𝜆 (𝑔) = 𝜆(𝐷0 −
𝛽𝑔), so that the number of users at every price level grows propor-

tionally with 𝜆. The realized opportunity value is then assumed to

be 𝑟𝜆 = 𝑟0 · 𝑄𝑢

𝐷0

, where 𝑄𝑢 is the equilibrium amount of included

user gas under the scaled demand curve. Thus, as more user gas is

included, the MEV opportunity grows proportionally. Additionally,
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let 𝜌spam denote the spam share of included gas, i.e., spam gas di-

vided by total included gas. A higher value of 𝜌spam means that a

larger fraction of the scaled block is unavailable to genuine users.

Here, we focus on the random-ordering benchmark and the two

block-size rules from Section 3.3; the demand-scaling analysis un-

der approximate PFO is deferred to Section D. Under the baseline

parameter choice, the designer sets 𝐵max equal to the plateau thresh-

old under the scaled demand curve. Since all users willing to pay

the floor are then included, the opportunity value at the plateau

is 𝑟
†
𝜆
= 𝑟0 · 𝐷𝜆 (𝑔min)/𝐷0, and the corresponding plateau block size

is 𝐵plat,𝜆 = 𝐷𝜆 (𝑔min) +
(
𝑟0𝐷𝜆 (𝑔min

)
𝐷0𝑔min

− 𝑠

)
+
. Let 𝑆

†
𝜆
denote the equilib-

rium spam volume at 𝐵max = 𝐵plat,𝜆 . The spam share of included

gas under the baseline rule is then 𝜌
†
spam

(𝜆) = 𝑠 𝑆
†
𝜆

𝐵
plat,𝜆

.

We also study how the refined block-size rule in Section 3.3

behaves under the same scaling model. Fix a floor 𝑔min and a target

𝜂 ∈ (0, 1] for the minimum marginal user share. Let 𝐵∗
max

(𝑔min, 𝜂)
denote the resulting MMUS block size under the scaled demand

curve, and let 𝑆∗
𝜆
be the corresponding equilibrium spam volume.

The spam share of included gas is then 𝜌∗
spam

(𝜆) =
𝑠 𝑆∗

𝜆

𝐵∗
max

(𝑔
min

,𝜂 ) ,

where, under the refined rule, the block is still in the congested

region and so total included gas equals 𝐵∗
max

(𝑔min, 𝜂).
Figure 8 plots 𝜌

†
spam

(𝜆) and 𝜌∗
spam

(𝜆) for 𝜆 ∈ [1, 50], with 𝜂 =

0.6 and a fixed price floor 𝑔min = 20. The main pattern is that,

under linear opportunity scaling, the spam share rises at first and

then plateaus at a positive level. The intuition is simple: both user

demand at the floor and the inducedMEV opportunity grow linearly

with 𝜆, so the amount of profitable spam also scales linearly. As

a result, scaling does not drive the spam share to zero. Instead,

the system approaches a regime in which spam remains a stable

fraction of included gas.

We also observe that, for the same 𝜆, the refined block-size choice

𝐵∗
max

yields a lower spam share than the baseline choice 𝐵plat,𝜆 .

The reason is that the MMUS rule stops scaling earlier, namely at

the point where the marginal benefit of extra capacity becomes

too spam-heavy. Therefore, the refined rule keeps the spam share

systematically below the 𝐵plat benchmark.
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Figure 8: Impact of demand scaling on the spam share of in-
cluded gas under random ordering. The x-axis and y-axis are
the demand-scaling parameter 𝜆 and the fraction of included
gas consumed by spam, respectively. The dashed curve shows
the outcome under the baseline rule that scales block size to
𝐵plat,𝜆 . The solid curve shows the outcome under the refined
MMUS rule. We fix 𝑔min = 20 and 𝜂 = 0.6.
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Figure 9: Spam’s share of total gas on Base (7-day moving
average, Jan 2024 to Feb 2026). The background shows the gas
target and the stepwise protocol minimum gas price. Spam
share tracks capacity expansion closely, peaking near 50%
in early 2025, then falls sharply after the gas price floor is
introduced in Dec 2025.

Takeaway (Spam under demand scaling). When MEV op-

portunities scale linearly with included user gas, spam’s share of

included gas does not vanish as demand grows. Instead, under

both the plateau rule and the refined MMUS rule, the spam share

approaches a sizable positive level.

6 Empirical Analysis
Our previous analysis predicts that spam absorbs a disproportionate

share of marginal block capacity (𝐵max) and that the gas price floor

(𝑔min) directly gates spam profitability. We now examine how these

two design levers affect spam in practice by analyzing daily spam

gas on two major Ethereum Layer 2 rollups, Base and Arbitrum,

which have undergone significant changes to both parameters dur-

ing our observation period. For the interest of space, we defer how

we collect data to Section F.

6.1 Spam on Base and Arbitrum
Figure 9 shows spam’s share of total gas on Base alongside the gas

target and minimum gas price. Three phases are visible. First, after

the Dencun upgrade in Mar 2024, Base progressively raised its gas

target and spam’s share rose sharply, peaking near 50% in early

2025 (cf. Figure 1a for an indexed view of absolute gas). Second,

when Base reduced the gas target from 70M to 50M in Jun 2025,

spam’s share declined (cf. Figure 1b). Third, starting in Dec 2025,

Base introduced and progressively raised a protocol minimum gas

price; spam’s share fell sharply and remained below 15% through

Feb 2026 (cf. Figure 2).

Figure 10 shows the corresponding spam share for Arbitrum.

Both rollups charge an L2 execution fee plus an L1 data posting

surcharge; before Dencun, the L1 component dominated, but blobs

made it negligible. The gas price floors discussed here differ in

scope: Arbitrum’s floor of 0.01 gwei (set at Dencun, down from

an effective minimum of approximately 0.1 gwei when L1 costs

dominated) covers the total fee, i.e., both execution and data posting,

whereas Base’s floor (introduced in Dec 2025) applies only to the

L2 execution fee. With its higher floor, Arbitrum experienced lower

spam than Base throughout the post-Dencun period (mostly 5–25%).
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Figure 10: Spam’s share of total gas on Arbitrum (7-day mov-
ing average, Jan 2024 to Feb 2026). The background shows
the protocol minimum gas price, which was doubled from
0.01 to 0.02 gwei on Jan 9, 2026. Spam share dips briefly after
the fee change but rebounds to around 20% by mid-February.

In Jan 2026, Arbitrum doubled the L2 gas price floor to 0.02 gwei

as part of a broader fee mechanism overhaul [6, 62]. As noted

in Section 1.1, spam’s share dipped briefly after the change but

rebounded to around 20% by mid-February.

Remark 6.1 (Cross-chain comparisons and ordering.). A raw com-

parison between Base and Arbitrum should not be read as a test of

priority fee ordering. Our approximate PFO analysis is comparative-

static: it changes the ordering rule while holding fixed block ca-

pacity, gas price floors, user demand, MEV opportunities, and the

distribution of demand across block positions. Base and Arbitrum

differ along all of these dimensions, so differences in their spam

shares do not isolate the effect of ordering alone. We therefore use

the empirical evidence mainly in two ways: within-chain changes

identify how spam responds to capacity and fee floors, while Base’s

within-block spam location provides qualitative evidence consistent

with the PFO mechanism.

Spam location within blocks on Base. We also study where

spam transactions appear within Base blocks before the adoption

of Flash Blocks in Jul 2025. We collect all transactions sent to the

identified spam contracts in each month, rank them by transaction

index within the block after excluding the system transaction, and

for each 𝑘 ∈ {0, 1, . . . , 100} compute the cumulative share of spam

gas contained in the first 𝑘% of block positions. Then we aggre-

gate the monthly curves using spam gas as weights and report the

interquartile range (IQR) across months.

Figure 11 shows that the cumulative spam gas curve lies below

the uniform benchmark for most of the block. Spam is underrepre-

sented in early block positions and concentrated in later positions.

This qualitative pattern is consistent with the analysis in Section 4,

as spam tends to appear in later, cheaper parts of the block rather

than being spread uniformly. The monthly curves exhibit a con-

sistent qualitative pattern, indicating that the observed effect is

persistent throughout the sample period.

6.2 Spam and Block Capacity
We regress spam gas on the gas target, i.e., the empirical counterpart

of 𝐵max, using the full sample of 790 daily observations from Base.
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Figure 11: Distribution of spam gas by normalized position
within Base blocks, Jan 2024 to Jun 2025. The x-axis is block
position and the y-axis is the cumulative share of spam gas
contained at or below that position. The solid line is the
gas-weighted aggregate across months, and the shaded band
shows the monthly interquartile range (IQR), i.e., the band
between the 25th and 75th percentiles of the monthly curves.
The dashed 45-degree line is the uniformbenchmark. A curve
below the dashed line indicates that spam is concentrated
toward later positions in the block.

Table 1: OLS regression results for spam on Base (790
daily observations, Jan 2024 to Feb 2026). Model 1 regresses
log(spam gas) on log(gas target). Model 2 regresses spam’s
share of total gas on the same regressor. Newey-West stan-
dard errors (6 lags) in parentheses.

Model 1: log(spam gas) Model 2: spam share

log(gas target) 2.27
∗∗∗

0.11
∗∗∗

(0.133) (0.009)
Constant −13.11

∗∗∗ −1.65
∗∗∗

(2.319) (0.154)
𝑅2

0.82 0.39

∗∗∗ 𝑝 < 0.001

We exclude the market-determined clearing fee because it is en-

dogenous: for most of the sample period there was no protocol gas

price floor, so the observed minimum fee reflects demand-driven

congestion rather than an exogenous policy variable (𝑔min in our

model). Table 1 reports the results.

Model 1 shows that spam gas scales super-linearly with the gas

target: a 1% increase in the gas target is associated with a 2.27%

increase in spam gas (𝑅2 = 0.82). Model 2 shows that higher gas

targets also increase spam’s share of total gas (+0.11 per log-unit,

𝑅2 = 0.39), consistent with spam disproportionately filling marginal

capacity (see Fig. 6 and associated analysis in Section 3.3). The gas

target reduction on Jun 18, 2025 (70M to 50M) provides a concrete

illustration: spam gas fell by 34% compared to 24% for non-spam

gas in the 30-day window (cf. Figure 1b), i.e., both declined, but

spam absorbed a larger share of the reduction.
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Since daily observations exhibit serial dependence, we report

Newey-West standard errors (6 lags) to avoid understating the true

uncertainty. Both coefficients remain highly significant (𝑝 < 0.001)

after this correction. These regressions capture only Base; Arbitrum

did not change its gas target during the observation period.

6.3 Spam and The Minimum Gas Price
The capacity regressions above deliberately exclude the minimum

fee because the observed fee is endogenous for most of the sam-

ple. To isolate the effect of the protocol gas price floor (𝑔min in

our model), we focus on periods where an exogenous floor was

introduced or raised and the gas target was largely constant.

Base. Base introduced a protocol minimum gas price in Dec 2025

and raised it in a series of steps (0.0002, 0.0005, 0.001, 0.002, and

0.005 gwei). Since the steps are unevenly spaced (13 to 36 days apart),

fixed-length before/after windows would overlap. We therefore use

non-overlapping windows: the “after” period runs from one step

to the next, and the “before” period is a window of equal length

immediately preceding the step. Results are reported in Table 2.

Table 2: Non-overlapping before-and-after comparisons
around each gas price floor step on Base. The “after” window
runs from the step to the next step (or end of sample); the
“before” window is an equal-length period immediately pre-
ceding the step. Δ is the percentage change in daily averages.

Gas price floor step Window Spam gas Δ Non-spam gas Δ Spam share

0 → 0.0002 gwei (Dec 5) 13d −41.6% +9.1% 26.3% → 16.1%

→ 0.0005 gwei (Dec 18) 36d −55.0% +17.6% 20.8% → 9.3%

→ 0.001 gwei (Jan 23) 11d +100.7% −5.2% 4.9% → 9.9%

→ 0.002 gwei (Feb 3) 17d +49.0% −5.4% 8.2% → 12.3%

→ 0.005 gwei (Feb 20) 9d −27.6% −1.9% 11.1% → 8.5%

Over the full gas price floor period, spam’s share of total gas fell

from 26% to below 9%, though the decline was not monotonic across

individual steps. The introduction of the gas price floor and the first

increase to 0.0005 gwei coincided with the largest reductions (−42%

and −55%), while non-spam gas grew in both cases (+9% and +18%).

The 0.001 and 0.002 gwei steps saw spam rebound, possibly due

to confounding factors such as increased price volatility creating

more arbitrage opportunities during that period. The subsequent

increase to 0.005 gwei again coincided with a 28% spam reduction

with negligible non-spam impact (−2%). The data is limited to five

steps over a short period, but the overall trend is clear: spam’s

share declined substantially, and the individual steps where spam

fell did so while non-spam gas was unaffected or grew, consistent

with the gas price floor raising costs for spam bots while remaining

negligible for organic users.

Arbitrum. Arbitrum doubled its gas price floor from 0.01 to

0.02 gwei on Jan 9, 2026. Table 3 compares symmetric 50-day win-

dows before and after the change.

Over the 50-day windows, doubling the gas price floor did not

reduce spam: spam gas increased by 9%, and its share rose from 19%

to 20%. While the first weeks after the change showed a temporary

dip (cf. Section 1.1), spam rebounded above pre-change levels by

mid-February. Spam did initially decrease after the fee change. The

subsequent rebound is largely attributable to three new contracts

Table 3: 50-day before-after comparison around the Arbitrum
gas price floor doubling (0.01 to 0.02 gwei) on Jan 9, 2026.
Before: Nov 20 to Jan 8; after: Jan 9 to Feb 27.

Before (50d) After (50d) Δ

Spam gas (Bgas/day) 83.9 91.1 +8.6%

Non-spam gas (Bgas/day) 355.9 354.1 −0.5%

Spam share 18.8% 20.0% +6.4%

that went live between Feb 7 and 8, which accounted for 51% of

all Arbitrum spam gas in February, and ceased activity around

Feb 25. The three contracts went online and offline at the same

time, suggesting they may be operated by the same entity. Given

their short-lived activity, the rebound likely reflects a transient

event rather than a sustained trend.
3

7 Mitigations to Spam
In this section, we discuss mitigation directions suggested by our

analysis. Since spam MEV consumes shared block space and infras-

tructure resources without producing corresponding useful output,

the goal is to reduce this resource abuse. This perspective is consis-

tent with ecosystem responses: several chains have made low-value

transactions more expensive through gas price floors or minimum

gas budgets [5, 6, 9, 62].

We organize mitigations into two broad classes. The first class

consists of system-levelmechanisms, which operate at the blockchain

or block-producer layer. Within this class, incentive-based mecha-
nisms make spam more expensive, while cheap-path mechanisms
make failed spam cheaper to process. The second class consists of

application-specific mechanisms, where the protocol that creates
the opportunity changes its own design to reduce the MEV left for

speculative probing. These approaches can be combined in practice.

7.1 Incentive-Based Mechanisms
Incentive-based mechanisms reduce spam by increasing its ex-

pected cost, so that fewer spam attempts enter in equilibrium. They

do not require perfectly identifying spam and can be deployed as

coarse policies targeting resource consumption.

Minimum gas prices. A simple mechanism is to set a nontrivial

floor gas price (i.e., increasing 𝑔min). As discussed in Section 1.1,

several chains have adopted nontrivial fee floors, either from launch

or in response to spam [5, 6, 9, 55, 62]. This is consistent with

our analysis in Section 3: a sufficiently high floor gas price caps

spam volume and preserves useful block space for users. Empirical

evidence for this effect is shown in Section 6.3.

Charging for reserved execution gas. Another lever is to charge

based on gas limit rather than ex post gas used. This targets strate-

gies that reserve capacity but revert early or do little work when

they fail. In our model, this makes spam pay for the capacity it

forces the network to reserve, which reduces equilibrium spam

volume; Monad, for instance, adopted this approach [16].

3
The three contracts are 0x7c99. . . 24d9, 0xb4a1. . . bf47, and 0xc487. . . 28ac.
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7.2 Cheap-Path Mechanisms
Cheap-path mechanisms reduce the cost to the system of failed

spam transactions.

Filtering when execution is not the bottleneck. When the

block producer can simulate transactions, it can filter out transac-

tions that produce no state changes before including them in a block.

This is aligned with Ethereum’s block-building pipeline, where

builders and relays already simulate candidate blocks [30], and

with future proposer-builder separation designs [22]. On rollups

such as Unichain, the centralized sequencer can similarly simulate

transactions and drop no-effect transactions before posting data to

Layer 1 [59]. A practical concern is that block producers themselves

can become targets for spam, so rate limits, reputation systems, or

out-of-band fees may still be needed [30].

Cancellation when execution is the bottleneck. When ex-

ecution resources are scarce, one possible approach is to allow a

failed spam transaction to be cancelled without full execution, pro-
vided the cancellation is justified in a verifiable way. For example,

a sender could provide evidence that the transaction would lead to

no state changes, while paying a smaller but nonzero fee.

7.3 Application-Specific Mechanisms
Application-specific mechanisms reduce spam by changing the

protocol that generates the MEV opportunity, so that the oppor-

tunity size is reduced. The application can internalize, auction, or

redistribute the value that would otherwise be left to spam transac-

tions. Examples include Chainlink’s Smart Value Recapture feeds

for oracle-update backrunning [17], and protocol redesigns that

redistribute MEV at the application layer [2, 65].

8 Related Work
Empirics of spam MEV. Spam MEV was first documented on

Solana by Umbra Research [58], who observed high failure rates

among MEV transactions and provided early evidence that high-

throughput, low-fee chains incentivize redundant submissions over

priority-fee competition. Solmaz et al. [53] study optimistic cyclic

arbitrage patterns on Ethereum Layer 2 rollups and find that cyclic

arbitrage bots consumed over 50% of gas on Base and Optimism by

early 2025, with only 6–12% of probes resulting in a trade. Gogol

et al. [32] study reverted transactions on five rollups, finding that

revert rates rose sharply after Dencun; by restricting to reverts,

they capture one subtype of spam implementation and strategy,

as not all unsuccessful probes revert. These works are primarily

empirical. Our work develops a framework that characterizes how

block capacity, gas price floors, and the transaction fee mechanism

jointly determine spam volume, and analyzes the resulting impact

on user welfare, validator revenue, and network externality. We

complement the analysis with empirical evidence.

Modeling spam MEV. Concurrent with our work, Mazorra et

al. [43] model spam as a timing game among a finite number of

searchers competing for an opportunity, showing that timing com-

petition fully dissipates expected profits. Their equilibrium spam

volume in the large-𝑛 limit corresponds exactly to ours, despite

the models being derived independently. The two models are com-

plementary: Mazorra et al. characterize when and how often each

searcher submits in the timing game, while we focus on how pro-

tocol design parameters, i.e., block capacity, gas price floors, and

transaction ordering, jointly shape spam volume and its welfare

and externality implications.

In related work, Capponi and Zhu [15] model costly duplicate

submissions as a latency race among traders competing for time-

sensitive opportunities on blockchains, framing the problem as

an observable analogue of HFT latency investment. They show

that a time-priority auction (Timeboost) reduces redundant submis-

sions and reallocates the waste into platform revenue, and validate

this prediction on Arbitrum using a difference-in-differences de-

sign. Their focus is on a specific auction mechanism as mitigation,

whereas we study how general design parameters jointly shape

spam volume and welfare.

Targeted MEV. Eskandari et al. [25] taxonomized front-running

attacks on Ethereum, and Daian et al. [21] broadened the scope to

MEV more generally, documenting priority gas auctions among

searchers. Qin et al. [52] and Torres et al. [56] subsequently quanti-

fied sandwich attacks, arbitrage, and liquidations at scale. A large

body of further work has measured specific strategies and infras-

tructure on the Ethereum Layer 1 [1, 33, 34, 50, 60, 61, 63, 66, 68, 69],

on alternative Layer 1s [48], and across chains and rollups [31, 47,

49, 57]. These works study targeted MEV, i.e., strategies where

searchers identify a specific opportunity off-chain and submit a

transaction to capture it. Our work, in contrast, focuses on spam

MEV, where searchers submit speculative transactions whose prof-

itability is resolved only at execution time.

MEV prevention. Proposed mitigations for targeted MEV include

protocol-specific parameter tuning [35, 67], trusted third-party or-

dering via relays or private mempools [20, 28, 29, 46], fair order-

ing protocols [14, 40–42], commit–reveal and privacy-preserving

schemes [12, 45, 64], trusted execution environments [10, 54], and

encrypted mempools via threshold encryption [3, 4, 8, 11, 18, 19];

see Heimbach and Wattenhofer [36] for a comprehensive system-

atization. Spam MEV, however, is largely unaddressed by these

mechanisms and may even be worsened: encrypted mempools, for

instance, remove the information advantage that enables targeted

extraction, potentially shifting searchers toward speculative, high-

volume strategies instead. As part of this work, we also propose

mitigations specifically targeting spam MEV.

9 Conclusions and Future Directions
We develop a framework for analyzing spam MEV under a compet-

itive equilibrium, deriving equilibrium spam volumes and charac-

terizing the impact on user welfare, validator revenue, and network

externality. Empirical evidence from Base and Arbitrum validates

our predictions. We find that spam crowds out users and inflates

network externality, claiming a disproportionate share of marginal

block capacity. A lower 𝐵max, higher 𝑔min, or priority fee ordering

in the TFM each curb it, and remain effective as demand scales.

Together, 𝐵max, 𝑔min, and the TFM defend against the availability

and resource-abuse problem at the heart of spam MEV.

An important direction for future work is the concrete design

of system-level mitigation mechanisms, both making spam less

attractive to send and failed probes cheaper to process; how these

approaches interact across blockchain architectures remains open.
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Ethical Considerations
This work studies spam MEV as a resource-abuse problem for high-

throughput blockchains. Our empirical analysis uses publicly avail-

able on-chain data and public indexers; we do not collect private

user data, interact with users, run experiments on live systems, or

submit transactions to any blockchain. All measurements are based

on transactions that have already been included on-chain. We fo-

cus on aggregate trends, contract-level behavior, and system-level

outcomes, and do not attempt to deanonymize users/searchers or

attribute activity to real-world identities.

Our spam classification is a heuristic intended for measurement.

Contracts identified as spam candidates should not be interpreted

as malicious actors in a legal sense; rather, they match the high-

volume probing behavior studied in our model.

The main goal of the paper is defensive: to help blockchain

designers understand when spam consumes effective throughput,

how it affects user welfare and network externality, and which

mechanisms can potentially reduce the resulting resource abuse.

Open Science
The empirical analysis in this paper is based on Dune Analytics

queries over public on-chain data. All Dune SQL queries used to

collect the data are publicly accessible online on this page.

A Metrics for Random Ordering Model
This appendix records the level quantities and counterfactual gaps

used in Section 3.2. Throughout, we compare two worlds evaluated

at the same design parameters (𝐵max, 𝑔min): the equilibrium world

with spam, and the counterfactual world without spam. This isolates

the effect of spam while holding the block size and gas price floor

fixed.

Spam world and spam-free world. In the spam-free world, all

block space is available to genuine users. The clearing price is

𝑔0 (𝐵max, 𝑔min) = max

{
𝑔min,

𝐷0 − 𝐵max

𝛽

}
,

and the amount of user gas included in the block is

𝑄0

𝑢 (𝐵max, 𝑔min) := min {𝐵max, 𝐷 (𝑔min)} .
In the spam world, some block space may be taken up by spam.

Using the equilibrium spam volume 𝑆∗ from Section 3.1, the amount

of included user gas is

𝑄∗
𝑢 (𝐵max, 𝑔min) := min {𝐵max − 𝑠𝑆∗ (𝐵max, 𝑔min), 𝐷 (𝑔min)} .

Thus, users get only the block space left after spam. We have 𝑄∗
𝑢 ≤

𝑄0

𝑢 , and the gap 𝑄0

𝑢 − 𝑄∗
𝑢 is the useful block space displaced by

spam.

Let 𝑔∗ (𝐵max, 𝑔min) denote the clearing price in the spam world,

and let

𝐺∗ (𝐵max, 𝑔min) :=𝑄∗
𝑢 (𝐵max, 𝑔min) + 𝑠𝑆∗ (𝐵max, 𝑔min)

denote the total gas sold in equilibrium. Equivalently, in the con-

gested region 𝐺∗ = 𝐵max, while in the slack-at-the-floor region

𝐺∗ = 𝐷 (𝑔min) + 𝑠𝑆∗.

User welfare. Recall that user welfare is the sum of genuine

users’ utilities. Under the linear demand model, it depends only on

how much user gas is included. Therefore, in the spam-free world,

𝑊 0

user
(𝐵max, 𝑔min) =

(𝑄0

𝑢 (𝐵max, 𝑔min))2

2𝛽
,

while in the spam world,

𝑊 ∗
user

(𝐵max, 𝑔min) =
(𝑄∗

𝑢 (𝐵max, 𝑔min))2

2𝛽
.

These level expressions show the main mechanism: under random

ordering, spam lowers user welfare by reducing useful user gas.

Validator revenue. Validator revenue is the amount of gas sold

times the clearing price. Without spam, revenue comes only from

users:

𝑅0 (𝐵max, 𝑔min) = 𝑔0 (𝐵max, 𝑔min)𝑄0

𝑢 (𝐵max, 𝑔min).
In the spam world, validator revenue is

𝑅∗ (𝐵max, 𝑔min) = 𝑔∗ (𝐵max, 𝑔min)𝐺∗ (𝐵max, 𝑔min).
Comparing 𝑅∗

and 𝑅0
captures how spam can increase validator

revenue even when it harms users.

Externality. We note that when choosing the parameters, we

cannot ignore the cost that the parameter choices have on the

overall blockchain ecosystem. Along the lines of Buterin [13], we

model the ecosystem cost of processing blocks as

𝐸 (𝐵max, 𝑔min) = 𝑐1𝐵max + 𝑐2𝐺,

where 𝑐1 is the cost of provisioning block capacity and 𝑐2 is the

per-gas execution cost. In the spam-free world,

𝐸0 (𝐵max, 𝑔min) = 𝑐1𝐵max + 𝑐2𝑄
0

𝑢 (𝐵max, 𝑔min),
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while in the spam world,

𝐸∗ (𝐵max, 𝑔min) = 𝑐1𝐵max + 𝑐2𝐺
∗ (𝐵max, 𝑔min).

The capacity term is shared by both worlds, while the execution

term can be larger in the spam world. Note that this additional

burden is not only borne by the validators, but by the overall ecosys-

tem, such as higher hardware and bandwidth requirements for full

nodes, which has second-order externalities on decentralization.

We use the term externality following Buterin [13], who draws a

parallel to environmental pollution: although the block producer is

compensated for including transactions, the cost of disseminating,

executing, and storing them is borne by every full node in the net-

work, much like pollution produced by one factory is suffered by

the entire surrounding area. The quantity 𝐸 (𝐵max, 𝑔min) captures
this collective burden.

A.1 Counterfactual Delta
We now record the gaps between the spam world and the spam-free

world. These deltas isolate the effect of spam itself while holding

(𝐵max, 𝑔min) fixed.
User welfare delta. The user-welfare change caused by spam is

Δ𝑊user (𝐵max, 𝑔min) =𝑊 ∗
user

(𝐵max, 𝑔min) −𝑊 0

user
(𝐵max, 𝑔min)

=
(𝑄∗

𝑢 (𝐵max, 𝑔min))2 − (𝑄0

𝑢 (𝐵max, 𝑔min))2

2𝛽
.

This quantity is weakly negative. It is zero when spam does not

enter, and also when the block is large enough that spam no longer

displaces users.

Validator revenue delta. The change in validator revenue caused

by spam is

Δ𝑅val (𝐵max, 𝑔min) = 𝑅∗ (𝐵max, 𝑔min) − 𝑅0 (𝐵max, 𝑔min) .
In our model, this term is always weakly positive: spam can raise

validator revenue by increasing the clearing price, by filling other-

wise empty block space, or by doing both.

Externality delta. The increase in ecosystem cost caused by

spam is

Δ𝐸 (𝐵max, 𝑔min) = 𝐸∗ (𝐵max, 𝑔min) − 𝐸0 (𝐵max, 𝑔min)
= 𝑐2

(
𝐺∗ (𝐵max, 𝑔min) −𝑄0

𝑢 (𝐵max, 𝑔min)
)
.

The capacity term 𝑐1𝐵max cancels because both worlds use the same

block size. Thus, Δ𝐸 measures the additional execution burden

created by spam.

Figure 12 summarizes these counterfactual gaps.

User welfare loss peaks at block capacity of 𝑫 (𝒈min). The

following result characterizes where spam is most harmful to users.

Proposition A.1 (Welfare Loss Peaks at 𝐷 (𝑔min)). Under
the linear demand model 𝐷 (𝑔) = 𝐷0 − 𝛽𝑔, the user welfare loss
Δ𝑊user (𝐵max) is most negative (i.e., users are most harmed) at 𝐵max =

𝑄min, where 𝑄min := 𝐷 (𝑔min).

The proof is in Section E. For 𝐵max > 𝑄min, the spam-free welfare

is constant while the spam-world welfare increases, so the gap

shrinks. For 𝐵max < 𝑄min, every marginal unit of capacity serves a

user in the spam-free world, but some is absorbed by spam, so the

gap widens.

B Choosing 𝑔min for a fixed 𝐵max
The discussion above fixes 𝑔min and chooses 𝐵max. In practice, the

opposite situation also occurs: the designer may want to keep 𝐵max

fixed and choose the gas price floor instead. This is natural when

block size is costly to change, or when the system operator wants to

adjust spam volume through the gas price floor rather than through

throughput.

A baseline rule. Fix a block size 𝐵max. The simplest rule is to

choose the smallest 𝑔min such that the current block size already

equals the plateau threshold, that is,

𝑔
†
min

(𝐵max) such that 𝐵plat (𝑔†
min

) = 𝐵max .

Because 𝐵plat (𝑔min) is strictly decreasing in 𝑔min, this rule defines a

unique gas price floor. If the floor is already high enough that spam

does not enter, then the baseline choice is simply

𝑔
†
min

(𝐵max) =
𝐷0 − 𝐵max

𝛽
.

When the solution lies in the slack-with-spam region, we have

𝑔
†
min

(𝐵max) =
−(𝐵max−𝐷0+𝑠+𝛽𝑟0/𝐷0 )+

√
(𝐵max−𝐷0+𝑠+𝛽𝑟0/𝐷0 )2+4𝛽𝑟0

2𝛽
. If the

gas price floor were lower than 𝑔
†
min

(𝐵max), then the current block

size would be too small relative to the amount of spam and non-

spam demand that wants to enter. If the gas price floor were higher

than 𝑔
†
min

(𝐵max), then the block would be slack, but the system

would be using a stronger fee floor than needed to reach that point.

Choosing 𝒈min with the refined rule. The baseline rule makes

the current block just sufficient, but it does not control how the

newly admitted block usage is split between users and spam as

the gas price floor is lowered. Similar to the previous analysis, we

define the user share of the newly admitted used capacity when the

gas price floor is reduced from 𝑔min to 𝑔min − Δ𝑔 (assume Δ𝑔 → 0):

𝜇user :=
− 𝜕𝑄∗

𝑢 (𝐵max,𝑔min
)

𝜕𝑔
min

− 𝜕𝑄∗
𝑢 (𝐵max,𝑔min

)
𝜕𝑔

min

− 𝜕 (𝑠 𝑆∗ (𝐵max,𝑔min
) )

𝜕𝑔
min

.

The minus signs appear because we are studying the effect of low-

ering the gas price floor.

Proposition B.1. Fix 𝐵max. Then the local user share from lower-
ing 𝑔min has the following form with the linear demand function:

(1) If 𝑔min ≥ max

{
𝐷0−𝐵max

𝛽
,

𝑟0𝐷0

𝐷0𝑠+𝛽𝑟0

}
, then no spam enters and

𝜇user = 1. In this region, lowering the gas price floor only ad-
mits additional users.

(2) If 𝑔†min (𝐵max) ≤ 𝑔min <
𝑟0𝐷0

𝐷0𝑠+𝛽𝑟0

, then the block remains slack
and spam enters. In this region, lowering 𝑔min strictly decreases
the fraction of newly admitted used capacity that goes to users.

(3) If 𝐷0−𝐵max
𝛽

< 𝑔min < 𝑔
†
min (𝐵max), then the spam world is con-

gested. In this region, the denominator in the definition of 𝜇user is
zero.

The proof can be found in Section E. Theorem B.1 gives a simple

refined rule for choosing 𝑔min. Fix a target 𝜂 ∈ (0, 1] and require

that at least an 𝜂 fraction of newly admitted used capacity go to

users. Inside the slack-with-spam region, the condition 𝜇user ≥ 𝜂

becomes

𝛽 𝑔2

min

𝛽 𝑔2

min
+ 𝑟0

≥ 𝜂,
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Figure 12: Counterfactual impact of spam as a function of block size. Negative Δ𝑊user means that spam lowers user welfare.
Positive Δ𝑅val and Δ𝐸 mean that spam raises validator revenue and network externality, respectively.

which is equivalent to

𝑔min ≥
√︂

𝜂𝑟0

𝛽 (1 − 𝜂) .

Therefore, if the block size 𝐵max is fixed, a refined gas price floor

choice is

𝑔★
min

(𝐵max, 𝜂) = max

{
𝑔
†
min

(𝐵max), min

{
𝑟0𝐷0

𝐷0𝑠 + 𝛽𝑟0

,

√︂
𝜂𝑟0

𝛽 (1 − 𝜂)

}}
.

In this equation, the term𝑔
†
min

(𝐵max) is the baseline floor that makes

the current block size just sufficient, and the second term is the

user-share threshold. Therefore, the designer lowers 𝑔min only until

either the current block size would cease to be sufficient, or the

newly added capacity would become too spam-heavy.

C Priority Fee Ordering
C.1 Equilibrium Analysis
In this appendix, we generalize the 𝑛 = 2 model from the main

body to an arbitrary number 𝑛 of sub-blocks. Unlike the main body,

which uses a free parameter 𝑣 for the top-block demand share, here

we assume an even partition of the original linear demand curve

across sub-blocks.

Let 𝐶 = 𝐵max/𝑛 denote the capacity of each sub-block. Let 𝑆𝑖
denote the number of spam transactions in sub-block 𝑖 , and let each

spam transaction reserve 𝑠 gas. For 𝑖 = 1, . . . , 𝑛, define the inverse

demand of sub-block 𝑖 by

𝑃𝑖 (𝑄) =
𝑛−𝑖+1

𝑛
𝐷0 −𝑄

𝛽
, 0 ≤ 𝑄 ≤ 𝐷0

𝑛
.

Equivalently, the direct demand is

𝐷𝑖 (𝑔) =
(
min

{
𝐷0

𝑛
,
𝑛 − 𝑖 + 1

𝑛
𝐷0 − 𝛽𝑔

})+
.

These demand slices sum to the original linear demand:

𝑛∑︁
𝑖=1

𝐷𝑖 (𝑔) = 𝐷0 − 𝛽𝑔.

Thus, each sub-block is associatedwith a distinct slice of the original

valuation distribution, and users from earlier slices do not spill into

later sub-blocks.

For a candidate spam profile S = (𝑆1, . . . , 𝑆𝑛) and a candidate

block-clearing price 𝑔, define the included user gas in sub-block 𝑖 by

𝑄𝑖 (S;𝑔) = min{𝐶 − 𝑆𝑖𝑠, 𝐷𝑖 (𝑔)} . The clearing price of sub-block 𝑖

is then 𝑔𝑖 (S;𝑔) = max{𝑔, 𝑃𝑖 (𝑄𝑖 (S;𝑔))} . Because the demand slices

are nested, these prices are automatically weakly decreasing down

the block.

The total included user gas is 𝑄𝑢 (S;𝑔) = ∑𝑛
𝑖=1

𝑄𝑖 (S;𝑔), and, as
in the main body, the opportunity value is 𝑟 = 𝑟0 · 𝑄𝑢 (S;𝑔)

𝐷0

. The

expected reward attributable to sub-block 𝑖 is therefore
𝑟0

𝐷0

𝑄𝑖 (S;𝑔).
Top and second top sub-blocks. Given 𝑆1 spam transactions in

the top sub-block, the opportunity is captured there with probability

𝑆1/(𝑆1 + 1). Thus,

𝑈1 (𝑆1) =
𝑟0

𝐷0

𝑄1 (𝑆1;𝑔) 𝑆1

𝑆1 + 1

− 𝑆1𝑠 𝑔1 (𝑆1;𝑔).

Setting 𝑈1 (𝑆∗1 ) = 0 gives the equilibrium spam volume in the top

sub-block.

For sub-block 2, spam can either capture an opportunity that

originates in sub-block 2, or capture an opportunity that originates

in sub-block 1 but is not captured there. Hence

𝑈2 (𝑆2) =
𝑟0

𝐷0

(
𝑄2 (𝑆2;𝑔) 𝑆2

𝑆2 + 1

+
𝑄∗

1

𝑆∗
1
+ 1

)
− 𝑆2𝑠 𝑔2 (𝑆2;𝑔).

Solving𝑈2 (𝑆∗2 ) = 0 gives the second-sub-block equilibrium.

General sub-block. For sub-block 𝑖 ≥ 3, suppose that 𝑆∗
1
, . . . , 𝑆∗𝑖−1

have already been computed. The success probability again has two

components: the opportunity may originate in sub-block 𝑖 and be

captured there, or it may spill over from an earlier sub-block.

Letℎ𝑖 be the index of the last earlier sub-blockwith positive spam,

that is, ℎ𝑖 = max{ 𝑗 < 𝑖 : 𝑆∗𝑗 > 0}, with the convention ℎ𝑖 = 0 if no

earlier sub-block has positive spam. Let 𝑘𝑖 = 𝑖−1−ℎ𝑖 be the number

of contiguous zero-spam sub-blocks immediately before sub-block

𝑖 . If the opportunity originates in any of those 𝑘𝑖 zero-spam sub-

blocks, then it reaches sub-block 𝑖 alive and is captured there by
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any positive spam. The contribution of those blocks is therefore

𝑟0

𝐷0

∑𝑖−1

𝑗=ℎ𝑖+1
𝑄∗

𝑗 . If ℎ𝑖 ≥ 1, then there is one additional spillover

source: the opportunity may originate in sub-block ℎ𝑖 and fail to

be captured there, which occurs with probability 1/(𝑆∗
ℎ𝑖

+ 1). Since
all sub-blocks between ℎ𝑖 and 𝑖 have zero spam, that opportunity

then reaches sub-block 𝑖 alive. This contributes
𝑟0

𝐷0

𝑄∗
ℎ𝑖

𝑆∗
ℎ𝑖

+1
. Putting

these terms together, the expected utility of spam in sub-block 𝑖 is

𝑈𝑖 (𝑆𝑖 ) = 𝑟0

𝐷0

(
𝑄𝑖 (𝑆𝑖 ;𝑔) 𝑆𝑖

𝑆𝑖+1
+∑𝑖−1

𝑗=ℎ𝑖+1
𝑄∗

𝑗 + 1[ℎ𝑖 ≥ 1]
𝑄∗
ℎ𝑖

𝑆∗
ℎ𝑖

+1

)
− 𝑆𝑖𝑠 𝑔𝑖 (𝑆𝑖 ;𝑔).

We solve 𝑈𝑖 (𝑆∗𝑖 ) = 0 iteratively for 𝑖 = 1, . . . , 𝑛. If 𝑈𝑖 (𝑆𝑖 ) remains

nonnegative all the way up to the capacity boundary 𝑆𝑖 =𝐶/𝑠 , then
the equilibrium for that sub-block is the corner solution 𝑆∗𝑖 =𝐶/𝑠 .

This gives a spam profile 𝑆∗
1
, . . . , 𝑆∗𝑛 . The equilibrium is then

closed by the fixed-point condition

𝑔∗ = max

{
𝑔min, 𝑃𝑛

(
𝑄𝑛 (𝑆∗𝑛 ;𝑔∗)

)}
.

The total equilibrium spam volume is

𝑆∗ =
𝑛∑︁
𝑖=1

𝑆∗𝑖 ,

and the total included user gas is

𝑄∗
𝑢 =

𝑛∑︁
𝑖=1

𝑄∗
𝑖 .

C.2 Derivation of Welfare Metrics
We now record the outcome metrics for approximate PFO. We first

give the expressions for the two-sub-block model used in the main

body, where the first sub-block has capacity 𝐶1 = 𝑣𝐵max and the

second sub-block has capacity 𝐶2 = (1 − 𝑣)𝐵max. We then state the

corresponding expressions for the general 𝑛-sub-block model from

Section C.1.

Two-sub-block model. Recall that the first sub-block is associ-

ated with the upper slice of the demand curve, with inverse demand

𝑃
(𝑣)
1

, while the second sub-block is associated with the lower slice,

with inverse demand 𝑃
(𝑣)
2

. Changing 𝑣 therefore changes both the

capacity allocated to the early block region and the distribution of

user valuations across sub-blocks.

User welfare. Because the two sub-blocks correspond to differ-

ent segments of the original demand curve, welfare is computed

separately in each segment. In the spam world, users in the first

sub-block pay 𝑔∗
1
, while users in the second sub-block pay 𝑔∗. There-

fore,

𝑊user (𝐵max) =
∫ 𝑄∗

1

0

(
𝑃
(𝑣)
1

(𝑞) − 𝑔∗
1

)
𝑑𝑞 +

∫ 𝑄∗
2

0

(
𝑃
(𝑣)
2

(𝑞) − 𝑔∗
)
𝑑𝑞.

The no-spam benchmark is obtained by setting 𝑆1 = 𝑆2 = 0 and

recomputing the two clearing prices and user quantities.

Validator revenue. Each unit of gas in sub-block 1 pays 𝑔∗
1
, while

each unit of gas in sub-block 2 pays 𝑔∗. The total gas sold in each

sub-block is the sum of user gas and spam gas. Therefore,

𝑅(𝐵max) = 𝑔∗
1
·
(
𝑄∗

1
+ 𝑆∗

1
𝑠
)
+ 𝑔∗ ·

(
𝑄∗

2
+ 𝑆∗

2
𝑠
)
.

Externality. As in Section 2.2, we model the cost of supporting

larger blocks as a capacity cost plus a per-gas execution cost. In the

spam world,

𝐸 (𝐵max) = 𝑐1𝐵max + 𝑐2

(
𝑄∗

1
+𝑄∗

2
+ 𝑠𝑆∗

1
+ 𝑠𝑆∗

2

)
.

The no-spam counterfactual is obtained by setting 𝑆1 = 𝑆2 = 0.

Figure 13 compares the spam and no-spam outcomes under ap-

proximate PFO.

General 𝒏-sub-block model. For completeness, we also record

the corresponding metrics for the general 𝑛-sub-block model from

Section C.1. In that model, each sub-block corresponds to its own

slice of the original demand curve. Users in sub-block 𝑖 have inverse

demand 𝑃𝑖 and pay price 𝑔∗𝑖 = 𝑔𝑖 (𝑆∗𝑖 ;𝑔∗). Their consumer surplus is

therefore ∫ 𝑄∗
𝑖

0

(
𝑃𝑖 (𝑞) − 𝑔∗𝑖

)
𝑑𝑞.

Summing over sub-blocks gives total user welfare:

𝑊user (𝐵max) =
𝑛∑︁
𝑖=1

∫ 𝑄∗
𝑖

0

(
𝑃𝑖 (𝑞) − 𝑔∗𝑖

)
𝑑𝑞.

Each unit of gas in sub-block 𝑖 pays 𝑔∗𝑖 . The total gas sold in

sub-block 𝑖 is 𝑄∗
𝑖 + 𝑆∗𝑖 𝑠 . Therefore, validator revenue is

𝑅(𝐵max) =
𝑛∑︁
𝑖=1

𝑔∗𝑖 ·
(
𝑄∗
𝑖 + 𝑆∗𝑖 𝑠

)
.

Using the same system-cost model as above, the externality is

𝐸 (𝐵max) = 𝑐1𝐵max + 𝑐2

𝑛∑︁
𝑖=1

(
𝑄∗
𝑖 + 𝑆∗𝑖 𝑠

)
.

The no-spam benchmark is obtained by setting 𝑆𝑖 = 0 for every

sub-block and recomputing the induced prices and user quantities.

D Spam Volume Share under Demand Scaling
with Approximate Priority Fee Ordering

We ask whether priority fee ordering changes the scaling picture.

To keep the comparison aligned with the random-ordering analy-

sis in the main body, we use the same block-size benchmark. For

each value of 𝜆, we set 𝐵max = 𝐵plat,𝜆 , where 𝐵plat,𝜆 is the random-

ordering plateau size defined in Section 5. Thus, total provisioned

capacity is held fixed at the same benchmark level, while the alloca-

tion of block capacity across execution positions changes according

to the two-sub-block PFO model.

For a given value of 𝑣 , let 𝑆
(𝑣)
𝜆

denote the equilibrium spam

volume in the two-sub-block PFO model, and let 𝑄
(𝑣)
𝑢,𝜆

denote the

corresponding included user gas. Recall that 𝑣 is the fraction of

both block capacity and user valuation mass assigned to the first,

higher-priority sub-block. We define the spam share of included

gas as

𝜌
(𝑣)
spam

(𝜆) =
𝑠 𝑆

(𝑣)
𝜆

𝑠 𝑆
(𝑣)
𝜆

+𝑄
(𝑣)
𝑢,𝜆

.

The case 𝑣 = 1 collapses to a single sub-block and is therefore

equivalent to the random-ordering benchmark.

Figure 14 compares the two-sub-block PFO outcomes for 𝑣 ∈
{0.25, 0.5, 0.75, 1.0}. We fix 𝑔min = 20 and size the block using 𝐵plat,𝜆 .

The figure shows that PFO can reduce the spam share relative to

the 𝑣 = 1 benchmark.
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Figure 13: User welfare, validator revenue, externality, and𝑊user+𝑅 under approximate priority fee ordering in the two-sub-block
model. The solid curves show the spam world and the dashed curves show the no-spam counterfactual. Each color corresponds
to a different value of 𝑣 .
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Figure 14: Spam volume share under demand scaling with
approximate priority fee ordering. The x-axis is the demand-
scaling parameter 𝜆. The y-axis is the fraction of included
gas consumed by spam. All curves are evaluated at the same
block-size benchmark 𝐵max = 𝐵plat,𝜆 . The curves show the
two-sub-block PFO outcome for 𝑣 ∈ {0.25, 0.5, 0.75, 1.0}, where
𝑣 is the fraction of both block capacity and user valuation
mass assigned to the first sub-block. The case 𝑣 = 1 collapses
to the random-ordering benchmark.

The qualitative scaling pattern remains similar to the random-

ordering case. Across the curves, the spam share approaches a

positive plateau as 𝜆 grows. Thus, approximate PFO changes the

level of spam pressure, but does not change the basic conclusion

that linear opportunity scaling preserves a nontrivial spam share.

The role of PFO is therefore to reduce the share of spam in favorable

parameter regimes.

E Proofs
E.1 Proof of Theorem A.1
We work with the linear demand 𝐷 (𝑔) = 𝐷0 − 𝛽𝑔, inverse demand

𝑃 (𝑄) = (𝐷0 −𝑄)/𝛽 , and 𝑄min := 𝐷0 − 𝛽𝑔min. Consumer surplus is

𝑊 (𝑄) =𝑄2/(2𝛽). Recall that the opportunity value is now endoge-

nous and equal to 𝑟 = 𝑟0𝑄𝑢/𝐷0. If 𝑟0𝑄min/𝐷0 ≤ 𝑠𝑔min, then spam

does not enter for any 𝐵max, so Δ𝑊user ≡ 0 and the claim is trivial.

We therefore assume that entry occurs.

In the congested regime, let 𝑄 :=𝑄∗
𝑢 . Free entry, block fullness,

and the linear inverse demand imply
𝑟0𝑄

𝐷0 (𝑆∗+1) = 𝑠𝑔∗, 𝐵max =𝑄+𝑠𝑆∗,
and 𝑔∗ = 𝐷0−𝑄

𝛽
. Eliminating 𝑆∗ and 𝑔∗ gives

𝛽𝑟0𝑄 = 𝐷0 (𝐷0 −𝑄) (𝐵max −𝑄 + 𝑠).

Differentiating implicitly with respect to 𝐵max yields

𝑄 ′ (𝐵max) =
𝐷0 (𝐷0 −𝑄)

𝛽𝑟0 + 𝐷0 (𝐵max + 𝑠 + 𝐷0 − 2𝑄) .

Hence 0 < 𝑄 ′ (𝐵max) < 1, since 𝑄 < 𝐵max in the spam world and

the denominator exceeds the numerator by

𝛽𝑟0 + 𝐷0 (𝐵max + 𝑠 −𝑄) > 0.

Right of 𝑄min (loss shrinks). The spam-free world is slack, so

𝑊 0 = 𝑄2

min
/(2𝛽) is constant. For 𝑄min < 𝐵max < 𝐵plat, the spam

world is congested and

𝑊 ∗ =
𝑄 (𝐵max)2

2𝛽
,

𝑑𝑊 ∗

𝑑𝐵max

=
𝑄 (𝐵max)𝑄 ′ (𝐵max)

𝛽
> 0.

Thus Δ𝑊user =𝑊 ∗ −𝑊 0
increases toward 0 as 𝐵max grows. Once

𝐵max ≥ 𝐵plat, the spam world is also slack and Δ𝑊user = 0.

Left of𝑄min (loss grows).Below the spam-entry threshold,Δ𝑊user =

0. Once spam enters and 𝐵max < 𝑄min, both worlds are congested:

𝑊 0 =
𝐵2

max

2𝛽
, 𝑊 ∗ =

𝑄 (𝐵max)2

2𝛽
.

Therefore

Δ𝑊user =𝑊 ∗ −𝑊 0 =
𝑄 (𝐵max)2 − 𝐵2

max

2𝛽
,

and

𝑑

𝑑𝐵max

Δ𝑊user =
𝑄 (𝐵max)𝑄 ′ (𝐵max) − 𝐵max

𝛽
< 0,

because𝑄 (𝐵max) < 𝐵max and 0 < 𝑄 ′ (𝐵max) < 1. So the welfare loss

becomes more negative as 𝐵max increases up to 𝑄min.

Combining the two regions, Δ𝑊user (𝐵max) decreases on the left

of 𝑄min and increases on the right of 𝑄min. Therefore it is most

negative at 𝐵max =𝑄min. □

E.2 Proof of Theorem 3.2
Proof. In the entry-and-congested region, free entry implies

𝑟0𝐷 (𝑔∗)
𝐷0 (𝑆∗ + 1) = 𝑠 𝑔∗,

so

𝑆∗ =
𝑟0𝐷 (𝑔∗)
𝐷0𝑠 𝑔

∗ − 1.
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Because the block is congested, it is full, so

𝐷 (𝑔∗) + 𝑠 𝑆∗ = 𝐵max .

Substituting the expression for 𝑆∗ gives

𝑟0𝐷 (𝑔∗) = 𝐷0𝑔
∗ (𝐵max − 𝐷 (𝑔∗) + 𝑠

)
.

Differentiating both sides with respect to 𝐵max yields

𝑟0𝐷
′ (𝑔∗) 𝜕𝑔∗

𝜕𝐵max

= 𝐷0

[
𝜕𝑔∗

𝜕𝐵max

(
𝐵max − 𝐷 (𝑔∗) + 𝑠 − 𝑔∗𝐷 ′ (𝑔∗)

)
+ 𝑔∗

]
.

Rearranging and using

𝐵max − 𝐷 (𝑔∗) + 𝑠 =
𝑟0𝐷 (𝑔∗)
𝐷0𝑔

∗

from the equilibrium condition above gives

𝜕𝑔∗

𝜕𝐵max

= − 𝐷0 (𝑔∗)2

𝑟0𝐷 (𝑔∗) − 𝑔∗ (𝑟0 + 𝐷0𝑔
∗)𝐷 ′ (𝑔∗) .

Now use 𝑄∗
𝑢 = 𝐷 (𝑔∗), so

𝑚user =
𝜕𝑄∗

𝑢

𝜕𝐵max

= − 𝐷0 (𝑔∗)2𝐷 ′ (𝑔∗)
𝑟0𝐷 (𝑔∗) − 𝑔∗ (𝑟0 + 𝐷0𝑔

∗)𝐷 ′ (𝑔∗) .

Differentiating𝑚user with respect to 𝑔∗ gives

𝜕𝑚user

𝜕𝑔∗ = −
𝐷0𝑔

∗𝑟0

(
𝑔∗𝐷 (𝑔∗ )𝐷′′ (𝑔∗ )+2𝐷 (𝑔∗ )𝐷′ (𝑔∗ )−2𝑔∗ (𝐷′ (𝑔∗ ) )2

)(
𝑟0𝐷 (𝑔∗ )−𝑔∗ (𝑟0+𝐷0𝑔

∗ )𝐷′ (𝑔∗ )
)

2
.

Multiplying by 𝜕𝑔∗/𝜕𝐵max and using the formula above yields

𝜕𝑚user

𝜕𝐵max

=
𝐷2

0
(𝑔∗ )3𝑟0

(
𝑔∗𝐷 (𝑔∗ )𝐷′′ (𝑔∗ )+2𝐷 (𝑔∗ )𝐷′ (𝑔∗ )−2𝑔∗ (𝐷′ (𝑔∗ ) )2

)(
𝑟0𝐷 (𝑔∗ )−𝑔∗ (𝑟0+𝐷0𝑔

∗ )𝐷′ (𝑔∗ )
)

3
.

The denominator is positive, so the sign is determined by

𝑔∗𝐷 (𝑔∗)𝐷 ′′ (𝑔∗) + 2𝐷 (𝑔∗)𝐷 ′ (𝑔∗) − 2𝑔∗ (𝐷 ′ (𝑔∗))2 .

Thus, whenever

𝑔∗𝐷 (𝑔∗)𝐷 ′′ (𝑔∗) + 2𝐷 (𝑔∗)𝐷 ′ (𝑔∗) − 2𝑔∗ (𝐷 ′ (𝑔∗))2 < 0,

we have

𝜕𝑚user

𝜕𝐵max

< 0.

For the linear demand curve𝐷 (𝑔) = 𝐷0−𝛽𝑔, we have𝐷 ′ (𝑔) = −𝛽
and 𝐷 ′′ (𝑔) = 0, so

𝑔𝐷 (𝑔)𝐷 ′′ (𝑔) + 2𝐷 (𝑔)𝐷 ′ (𝑔) − 2𝑔(𝐷 ′ (𝑔))2 = −2𝛽𝐷0 < 0.

Therefore, the sufficient condition above holds for the linear de-

mand function. □

Remark E.1. The condition in Theorem 3.2 does not hold for every

decreasing demand curve. For example, let

𝐷 (𝑔) = 𝐴 exp

(
−1 − (1 + 𝑔)−2

2

)
.

Then 𝐷 ′ (𝑔) = −𝐷 (𝑔)/(1 + 𝑔)3 < 0, so the demand curve is strictly

decreasing. A direct calculation gives

𝑔𝐷 (𝑔)𝐷 ′′ (𝑔) + 2𝐷 (𝑔)𝐷 ′ (𝑔) − 2𝑔(𝐷 ′ (𝑔))2 = 𝐴2𝑒−1+(1+𝑔)−2 𝑔3−4𝑔−2

(1+𝑔)6
.

This expression is positive for all sufficiently large 𝑔. Therefore,

the sufficient condition in Theorem 3.2 can fail even for a smooth

strictly decreasing demand curve.

Remark E.2 (The condition that the slope of 𝑚user decreasing in

𝐵max). Let

𝐴(𝑔) = 𝑟0𝐷 (𝑔) − 𝑔(𝑟0 + 𝐷0𝑔)𝐷 ′ (𝑔),
and

𝐹 (𝑔) = 𝑔𝐷 (𝑔)𝐷 ′′ (𝑔) + 2𝐷 (𝑔)𝐷 ′ (𝑔) − 2𝑔(𝐷 ′ (𝑔))2 .

We have

𝜕𝑚user

𝜕𝐵max

=
𝐷2

0
(𝑔∗)3𝑟0 𝐹 (𝑔∗)
𝐴(𝑔∗)3

.

Since

𝜕𝑔∗

𝜕𝐵max

< 0,

the condition for 𝜕𝑚user/𝜕𝐵max to be non-increasing is

d

d𝑔

(
𝑔3𝐹 (𝑔)
𝐴(𝑔)3

)
≥ 0.

It holds for the linear demand function.

E.3 Proof of Theorem B.1
Proof. In the no-entry region, 𝑆∗ = 0, so lowering the gas

price floor changes only user inclusion. Therefore the full marginal

increase in used capacity goes to users, and 𝜇user = 1. When the

floor binds, no entry means

𝑟0𝐷 (𝑔min)
𝐷0

≤ 𝑠 𝑔min .

Under the linear demand function𝐷 (𝑔) = 𝐷0−𝛽𝑔, this is equivalent
to

𝑔min ≥ 𝑟0𝐷0

𝐷0𝑠 + 𝛽𝑟0

.

Together with the condition that the floor binds, 𝑔min ≥ 𝐷0−𝐵max

𝛽
,

this gives the first case.

In the slack-with-spam region, we have

𝑄∗
𝑢 (𝐵max, 𝑔min) = 𝐷 (𝑔min) = 𝐷0 − 𝛽𝑔min

and

𝑠 𝑆∗ (𝐵max, 𝑔min) = 𝑠

(
𝑟0𝐷 (𝑔min)
𝐷0𝑠 𝑔min

− 1

)
=
𝑟0𝐷 (𝑔min)
𝐷0𝑔min

− 𝑠 .

Under the linear demand function, this simplifies to

𝑠 𝑆∗ (𝐵max, 𝑔min) =
𝑟0 (𝐷0 − 𝛽𝑔min)

𝐷0𝑔min

− 𝑠 =
𝑟0

𝑔min

− 𝛽𝑟0

𝐷0

− 𝑠 .

Differentiating with respect to 𝑔min gives

𝜕𝑄∗
𝑢

𝜕𝑔min

= −𝛽 and

𝜕(𝑠 𝑆∗)
𝜕𝑔min

= − 𝑟0

𝑔2

min

.

Substituting these derivatives into the definition of 𝜇user yields

𝜇user (𝐵max, 𝑔min) =
𝛽

𝛽 + 𝑟0/𝑔2

min

=
𝛽 𝑔2

min

𝛽 𝑔2

min
+ 𝑟0

.

Differentiating this expression gives

𝜕𝜇user (𝐵max, 𝑔min)
𝜕𝑔min

=
2𝛽𝑟0 𝑔min

(𝛽𝑔2

min
+ 𝑟0)2

> 0.

Therefore 𝜇user increases with 𝑔min, or equivalently decreases as

the gas price floor is lowered.

Finally, in the congested-with-spam region, the equilibrium price

is already above the gas price floor. A small change in 𝑔min does

not change the local equilibrium allocation, so both the user-gas
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(a) Base. The estimated elasticity is 𝛾 = 1.08 with 𝑅2 = 0.47.
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(b) Arbitrum. The estimated elasticity is 𝛾 = 0.82 with 𝑅2 = 0.13.

Figure 15: Daily net cyclic arbitrage profit versus daily non-MEV trading volume on log-log scales.

increment and the spam-gas increment are zero. Thus the denomi-

nator in the definition of 𝜇user vanishes, and the local share is not

informative in that region. □

F Data and methodology
We collect 790 daily observations per chain from January 2024

through February 2026 using Dune Analytics. To classify spam, we

use an approach similar to the methodology employed by Flash-

bots [44] and consistent with the optimistic probing behavior de-

scribed by Solmaz et al. [53]: we identify contracts that interact

with decentralized exchanges (DEXes) but frequently fail to ex-

ecute trades, i.e., they probe for arbitrage opportunities without

producing ERC-20 token transfers. Using on-chain traces, we find

all transactions where a contract makes an internal call to a known

DEX pool or router address. For each such transaction, we check

whether it produced at least one ERC-20 transfer event. Contracts

that interact with DEXes but produce no token transfer are probing

but not trading. For each contract and month, we compute the

fraction of DEX-interacting transactions that produced a transfer.

Contracts with a transfer rate below 50% and at least 10 interactions

are classified as spam candidates. We rank candidates by total gas

consumed and conservatively retain only the top 100 per month.

We then attribute all daily transactions from these contracts to

spam transactions. Non-spam gas is the total gas minus spam gas.

The scripts that we use to gather the data can be found on this page.

G MEV Revenue Scaling with User Volume
In this appendix, we estimate how the opportunity value 𝑟 scales

with user demand in deployed systems. This matters for the scaling

analysis in the main body. If MEV opportunity size grows with

user activity, then the amount of spam that can be sustained at

equilibrium may also grow with adoption.

Methodology. We study cyclic arbitrage on Ethereum Layer 2

rollups. Our main case study is Base, and we also report correspond-

ing estimates for Arbitrum. We use daily observations and identify

cyclic arbitrage transactions from decoded DEX swap data on Dune

Analytics. A transaction is classified as cyclic arbitrage if it con-

tains at least three swaps that form a cycle, meaning that the first

token sold is also the last token bought, and the transaction yields a

positive net balance in exactly that token. We exclude transactions

routed through known DEX aggregator contracts, since these are

more likely to reflect user-initiated routing rather than MEV. For

each arbitrage transaction, we compute gross profit from the net

token balance and subtract the gas fee to obtain net profit. We

then aggregate these net profits by day and use the resulting daily

total as a proxy for the available opportunity value 𝑟 . This proxy

is imperfect, but it is natural in a competitive setting, since real-

ized arbitrage profits should track the amount of extractable value

available to searchers.

To measure user demand, we use daily non-MEV trading volume

in USD and estimate the log-log regression

log(𝑃𝑡 ) = 𝛼 + 𝛾 log(𝑉𝑡 ),

https://anonymous.4open.science/r/Blockspace-Under-Pressure-CCS26b/
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where 𝑃𝑡 is daily net cyclic arbitrage profit and𝑉𝑡 is daily non-MEV

trading volume. The coefficient 𝛾 is the elasticity of realized cyclic

arbitrage profit with respect to user trading volume.

Base. We first analyze Base using 790 daily observations from

January 2024 through February 2026. The estimate is 𝛾 = 1.08 with

standard error 0.041, 𝑅2 = 0.47, and 𝑝 ≈ 0. Thus, on Base, a 1%

increase in user trading volume is associated with roughly a 1.08%

increase in cyclic arbitrage profit, which is close to linear.

Arbitrum. We next apply the same methodology to Arbitrum.

For Arbitrum, we estimate 𝛾 = 0.82 with 𝑅2 = 0.13. The low 𝑅2

indicates that the relationship between user trading volume and

cyclic arbitrage profit on Arbitrum is considerably weaker and less

reliable than on Base, with most of the variation in arbitrage profit

unexplained by trading volume alone.
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