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Abstract—The successive generations of consensus algorithms
progressively shifted the performance bottleneck of blockchains
to the execution layer. Recent works have addressed this bottle-
neck by parallelizing the execution of transactions. Historically,
transaction ordering was left to the discretion of validators, a
practice that lacked transparency and gave rise to Maximal
Extractable Value (MEV) attacks where transaction ordering is
manipulated for private gain. More recently, the focus has shifted
toward fair ordering protocols that prioritize chronological sub-
mission. However, fair ordering is often misaligned with validator
incentives and negatively impacts execution throughput under
high congestion. In this work, we address the tension between
validator revenue and fair ordering using a dynamic optimization
framework.

We define a blockchain-independent model to evaluate trans-
action ordering in a continuous setting where the execution of
successive blocks can overlap. Within this model, we propose
an anytime genetic algorithm. We use real-world blockchain
data and execution time estimates within realistic error margins,
showing that this approach increases validator profit by around
15% and accelerates congestion relief. We also quantify the
impact of adding fair ordering constraints on validator revenue
during congestion, showing that revenue decreases by around
50%.

Index Terms—Blockchain, Execution layer, Sequencing, Byzan-
tine Fault Tolerance

I. INTRODUCTION

Blockchain systems have historically suffered from effi-
ciency and throughput limitations. Bitcoin and Ethereum have
estimated maximum transaction throughputs of 7 and 40 TPS,
respectively [1, 2]. Meanwhile, blockchain applications have
expanded to include use cases beyond traditional decentralized
finance (DeFi) applications, such as the Internet of Things
which require much greater throughput.

Blockchains typically operate in the Byzantine setting,
where actors may be malicious, and are therefore required to
solve the Byzantine Fault-Tolerant State Machine Replication
(BFT-SMR) problem. Early blockchain designs followed a
monolithic architecture, which complicated their optimization,
as improvements to one part of the system would neces-
sarily impact its entirety. This design limitation motivated
the emergence of a new class of blockchain, known as lazy
blockchains [3—5]. Lazy blockchains separate the various BFT-
SMR steps, i.e., transaction dissemination, consensus, verifi-
cation, and execution, which can therefore be independently
optimized and processed concurrently. In such parallel systems,
the overall performance is determined by the speed of the
slowest component. As a result, most of the initial efforts
focused on optimizing blockchain consensus, as it has histori-
cally been the most inefficient component [6]. However, recent
directed acyclic graph (DAG)-based consensus algorithms
brought a major increase in throughput [7—-10], and execution
has become the performance bottleneck of lazy blockchains.

There are two approaches for optimizing the execution stage:
vertical and horizontal. Vertical optimization aims at optimiz-
ing individual transaction execution. It is highly dependent
on the types of transactions, making it less generalizable.
An example of such an approach is the analysis of smart

contract programming languages [11, 12]. Horizontal optimiza-
tion focuses on the ability to execute multiple transactions in
parallel. This approach is more generalizable, as it abstracts
transaction execution. It has been the dominant research focus
for execution optimization. The general approach is to split
the transactions based on their interdependence and distribute
them across multiple independent executors [13—19]. Such an
approach has led to significant throughput improvements with
the state-of-the-art execution engines reportedly reaching 170k
TPS [19].

The key property that enables efficient horizontal paral-
lelization is transaction independence. As each transaction
can be seen as a list of read and write operations on some
set of accounts or objects, two transactions are independent
if both transactions perform read-only operations on their
overlapping objects. Independent transactions can be executed
concurrently on different machines, requiring only a final state
merge. Saraph and Herlihy [20] analyzed historical Ethereum
transaction data and found that such parallelization could
double execution speed. However, the authors also highlight
the limitations of direct parallelization: a few transactions
are responsible for causing major interdependence between
transactions. Eliminating these problematic transactions would
allow performance to increase by a factor of 8 compared to
the sequential execution schedule. However, how these prob-
lematic transactions are identified and handled depends on the
ordering policy applied before execution - a design decision
that current blockchain systems leave largely unspecified.

Traditional blockchains such as Ethereum or Bitcoin, which
execute transactions sequentially, allow validators to determine
the transaction order themselves. Initially, the idea was to
enable congestion control indirectly through self regulation by
allowing users to submit gas prices, incentivizing validators
to include higher-paying transactions first. The primary aim
of such a mechanism was to handle the congestion resulting
from spam by introducing a barrier to creating a transaction
[21]. Although effective at filtering noise, this approach has
significant drawbacks when handling congestion stemming
from a genuine lack of execution resources. This approach
to congestion management does not determine a precise order-
ing, leaving validators to arbitrarily reorder transactions. In
practice, this freedom is often exploited in a non-transparent
way to extract additional value for validators in a phenomenon
known as Maximal Extractable Value (MEV) [22]. This lack
of ordering transparency has given rise to research into fair
ordering [23, 24]. The fair ordering approach gives up profit
in favor of matching the transaction arrival time as closely
as possible. These two paradigms exist at the opposite ends
of a spectrum: unconditional validator ordering lacking any
transparency on one end, and overly rigid ordering with total
disregard for validator interests on the other.

In this work, we explore a middle ground between these two
extreme approaches, building on the transaction sequencing
approach as applied by Sui [25, 26]. In this framework,
transactions are initially ordered and then some of them are
deferred to the next block based on their resource usage in case



of congestion. In its current form, Sui first orders transactions
by gas price, then evaluates them sequentially to determine
which transactions to defer based on their predicted execution
time and resource usage. A transaction is deferred to the
next sequencing round if the cumulative estimated execution
time of transactions touching the same object would exceed a
protocol-defined capacity limit. Execution time estimates and
object conflicts are only used in the deferral step. We expand
on this idea by incorporating execution time estimates and
object conflict information into the initial ordering step. Then
we extend this concept into a continuous execution model
where execution of successive blocks can overlap. We do
this by applying an anytime genetic algorithm that can be
dynamically adjusted based on congestion level. We evaluate
it for validator profit on real-world Sui data and find that
it improves validator profit by around 15% compared to
the baseline and helps the congestion clear faster. We also
extend this approach to include fair ordering by moving from
total order to causal order and quantifying the profit-fairness
tradeoff, finding that adding fair ordering reduces the profit by
around 50%.

In summary, this paper makes the following contributions:

o We formalize a blockchain independent model to evaluate
different ways of sequencing transactions in a continuous
execution scenario.

o We extend this model to account for the fair ordering
constraint.

o We propose and implement several heuristic sequencing
baselines and a genetic algorithm for sequencing, which
takes into account transaction execution time estimates
and object conflict information.

o We evaluate the performance of different sequencers on
real-life Sui data and synthetic Ethereum-based data by
simulating sequencing and execution steps.

o We repeat all experiments under realistic perturbations of
the predicted execution times.

« We find that applying genetic ordering increases validator
profit by around 15%.

o We quantify impact of fair ordering on validator profit,
showing that it reduces revenue by around 50%.

e Our code is publicly available online at https://github.
com/Artjom-Pugatsov/genetic-sequencing.

II. BACKGROUND

In this work, we focus on the sequencing layer of a
blockchain. We define the sequencing layer as a part of the
blockchain responsible for two operations: ordering of trans-
actions and congestion control. Currently, many blockchains
do not have an explicit sequencing step. In such cases,
consensus takes on the responsibilities of the sequencing
step by determining transaction order through block building.
Our definition of the sequencing layer is primarily informed
by Suis architecture, with consensus only responsible for
producing a set of agreed-upon transactions without ordering
them. Then the sequencing layer produces an ordering of
transactions and creates an estimated schedule for transaction

execution, estimating when each transaction will be executed.
This estimated schedule is used to defer transactions that
do not fit in the given execution time window. While the
sequencing layer does create an estimated schedule, the actual
schedule will likely differ due to dynamic interaction between
conflicting transactions, which leads to differences between
estimated and actual execution times.

As illustrated in Figure 1, the sequencing layer processes
a block! of transactions from consensus alongside execu-
tion time estimates. While these estimates are derived from
transaction properties and can be generated as early as the
dissemination phase, the specific estimation mechanisms are
outside the scope of this work. Furthermore, we define a fair
ordering extension based on dissemination and/or consensus
data. Our model does not depend on the underlying protocols
used to establish this ordering, assuming that there is a causal
order among the transactions received from consensus.

Sequencing extension [Transaction
‘ information

) Execution times

Execution time Touched objects
prediction Gas prices

{ Dissemination HConsensusHSequencing}—HExecution‘

,,,,,,,,,,,, A

Fair ordering

policy Fair ordering extensi0n§

Fig. 1: Modular architecture of a lazy blockchain. The se-
quencing layer, located in between consensus and execution,
is responsible for transaction ordering and congestion control.

A. Heuristic ordering

The current transaction ordering mechanism in Sui employs
a linear ordering heuristic based on the gas price for shared
objects. This approach builds a schedule in a greedy manner,
one transaction at a time. With such an approach, a highly
congestive transaction can be sequenced first, which might
lead to subsequent executor downtime when the following
transactions conflict with it. An illustration of such a sequence
is illustrated in Figure 2. In this example, which involves four
workers, greedily scheduling transaction 1 (bottom left), which
conflicts with transactions 2 to 5, prevents scheduling any of
the other transactions and leads to more deferred transactions,
possibly suboptimal gas revenue and increased downtime
compared to an alternative sequencing (bottom right) that
would schedule transactions 2 to 5 and defer transaction 1.

Using another ordering criterion, instead of gas price, in a
greedy strategy would possibly lead to similar scenarios where
a highly congestive transaction is scheduled first.

'Throughout this work we use the term "block" to refer to an atomic unit
of transactions that are sequenced and executed together. While we recognize
that in DAG-based architectures a single commit can encompass multiple
vertices, we use the term "block” to stay protocol-agnostic.
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Fig. 2: Greedy sequencing of transactions based on gas price
(left) compared to a feasible alternative (right). The size of
transactions corresponds to transaction execution time. The
greedy algorithm can be sub-optimal and defer many transac-
tions.

Instead, we propose to not only account for estimated
execution times and transaction conflicts when estimating the
scheduling of transactions, but to also incorporate them into
the initial ordering step.

B. Sequencing objectives

We look at sequencing as a combinatorial problem that aims
to determine a schedule for transactions that optimizes for a
performance metric. For example, if the goal is to schedule
all the given transactions in the shortest amount of time, one
would minimize the makespan. Alternatively, if the goal is to
reach the highest possible throughput, then one would aim
to maximize the number of transactions that fit into a given
timeframe. In this work, we focus on maximizing the sum
of the transaction fees of scheduled transactions. We define
the fee of a transaction as its execution time multiplied by its
gas price. Optimizing for transaction fees ensures that the less
congestive transactions are prioritized, while still allowing the
more congestive transactions to be scheduled, as long as their
gas price is sufficiently high. This approach also guarantees
maximum profit for the validators, which incentivizes further
participation in the blockchain.

C. Sequencing requirements

To be practical, the sequencing step should satisfy three
main requirements: (i) it should not introduce a performance
bottleneck; (ii) it should be adjustable; and (iii) it should be
continuous.

The primary goal of sequencing is to improve the perfor-
mance of execution. Thus, the sequencer must not interfere
with execution and must be able to run in parallel with it. We
assume execution is distributed across multiple workers that
may finish execution of a block at different times. Therefore,
an executor’s availability time is not fixed, and the sequencer
should be able to terminate the optimization process early and
produce a good quality sequence at any time.

The need for adjustability is further highlighted by the in-
herent overhead that sequencing introduces. Since sequencing
adds an additional step to the processing of the block, it
increases latency. When congestion is low, there is no need
to increase the latency, as even a simple sequence would
lead to all the transactions being scheduled. An adjustable
sequencer would be able to scale the time dedicated to ordering
transactions.

Furthermore, sequencing needs to support continuity. In
this model, execution does not wait for a block to be fully
processed before moving on to the next block. When a worker
finishes with all the assigned transactions from block N, it
moves immediately onto block N +1 without waiting for other
workers. So the sequencer needs to account for some workers
becoming free before others.

As illustrated in Figure 3, this adjustability and continuity
allow for parallelization between different blockchain layers.
The diagram shows how the processing of blocks in one
layer might affect the processing of blocks in another layer. It
highlights how a blockchain could react to an increase in con-
gestion by reducing the time for dissemination of the current
block b3 and increasing the time for sequencing of that block.
This will lead to increased latency for future blocks, while
increasing the resources used for sequencing. Furthermore,
the figure demonstrates the realization of continuity through
overlapping execution of blocks b2 and b3. The sequencing
phase is terminated early to immediately provide the execution
layer with a sequenced block, preventing worker idling.

As we try to keep this work independent from concrete
implementations of other blockchain layers, we do not design
a mechanism for sequencing control between layers. Instead,
these requirements manifest in the design choices of our order-
ing algorithm. It needs to be anytime to satisfy requirements
i and ii and it needs to account for continuity to satisfy
requirement iii.

D. Scheduling estimation

While this work focuses on optimizing the ordering step
of sequencing, a practical evaluation of ordering requires an
estimation of the resulting schedule with final performance
dependent on the execution timeline.

To bridge this gap, we introduce the concept of a scheduling
function, which is a function that estimates the start time



Dissemination: bl b2 b3 b4 b5
Consensus: bl b2 |b3 b4 b5
Sequencing: bl b2 b3 b4
Execution: bl b2 b3
Congestion Worker is
free early

Fig. 3: Processing of blocks b1 to b5 by the different
blockchain layers. Note the increased sequencing time for
b3, triggered by congestion detected during the execution of
bl. Furthermore, the sequencing of b3 was terminated early
to satisfy continuous execution requirement, since a worker
becomes free after executing b2 while other workers are still
executing b3.

and assigned worker for a set of transactions when given an
ordering of transactions. Although our approach is in principle
agnostic to the realization of the scheduling function, in
practice and for the purpose of schedule evaluation we provide
a concrete scheduling algorithm to serve as a benchmark for
evaluating our results.

Since scheduling combinatorial optimization problems
are typically NP-hard, we instead rely on a deterministic
polynomial-time scheduling algorithm. Our goal is to have
a scheduling algorithm that is fast and produces high quality
schedules. We rely on a greedy scheduler which schedules
the transactions greedily one by one and defers transactions
to the next block if they cannot be scheduled at the end of a
worker’s queue without possibly leading to a conflict with a
transaction scheduled on another worker. This is a continuation
of the approach proposed by Sui and extended to the case
with a fixed number of workers, whereas the original Sui
implementation did not assume a concrete number of workers,
imagining a system with an unlimited degree of parallelization
and focusing only on object availability. The pseudocode of
Sui’s approach, extended with a restriction for a concrete
number of workers, is shown in Algorithm 1.

The introduction of a finite worker pool necessitates a
selection strategy to decide which worker will be assigned
which transaction. We settled on the Earliest Start Time strat-
egy where transactions are scheduled on the worker with the
earliest availability time since it showed the highest throughput
during empirical testing.

A straightforward improvement over the aforementioned
greedy approach is to not only schedule the transactions at
the end of schedules within executors, but to also check if
the workers have any gaps in which the transaction can be

Algorithm 1: Greedy scheduler

input : L., d,m
output : Assignment A, where A[tz] = (¢,w;q) or
None
1A« 0
2 for txin L,; do
3 WrkFreeAt < ()
4 for win0,1,....m — 1 do
5 L WrkFreeAt|w] < find_earliest(4, w, tx)

=)

wrk < choose_worker(WrkFreeAt)

7 if wrk == None then
8 | Aftz] < None
9 else

10 L Altz] < WrkFreeAtlwrk],wrk)

11 return A

scheduled [27]. This approach is a direct improvement over
scheduling transactions after all the previously scheduled ones.
The downside of this approach is that it substantially increases
the complexity of the algorithm. Before it was sufficient to
track only the latest times at which each worker and object
are occupied. Now each insertion first has to be compared
against a list of gaps within the schedule.

To make the scanning for gaps operation more efficient, we
implement this approach using a B-Tree data structure to keep
the gaps ordered by their duration and only scan the gaps
starting from the smallest gap that could fit the transaction
and stopping at the first found gap. This approach is different
from the original proposal for gap-filling scheduling. Although
it may sometimes produce different schedules, we determined
that this implementation has the same average schedule quality
as the original implementation, while showing a slight per-
formance improvement with a larger number of transactions.
From here on, we consider the greedy gap-filling scheduler as
the scheduling function for our problem.

III. SYSTEM MODEL AND OBJECTIVES

Table I summarizes the notation used throughout this paper.
The symbols are grouped by the context in which they are
introduced: single-shot sequencing and continuous sequencing.

A. Assumptions

We make three important assumptions: (i) the read and write
sets of transactions are available; (ii) the transaction execution
times are available; and (iii) the system is congested (otherwise
there is no need to produce an optimized schedule).

The first assumption is very easy to satisfy. In the pes-
simistic execution model, the touched object set is known in
advance [28, 29]. Each transaction has to explicitly declare
its read and write sets. However, even in models where there
is no requirement to declare this set, there are static analysis
tools that can accurately determine this set [30, 31].



TABLE I: Summary of notation.

Symbol Description

Single-shot sequencing

deRT Execution deadline
m € NT Number of workers
Tou = {tz1,...,txn} All transactions

tx; = (0s,ti, gi) Transaction

O; = (R;, Wy) Object accesses

R, CT Read set

W; CT Write set

t; € RT Execution time

gi €RT Gas price

Loy = [tan, ..., tzn] Transaction ordering

0 : (Lau,d,m) — I, Scheduling function

M., : tx; — Either(None, (s;,w;))  Schedule

s; €RT Start time

w; € Nt U {0} Assigned worker
Tschea € Tau Scheduled transactions
PecRt Validator profit

Continuous sequencing

d; € R* Execution deadline at block i
m; € NT Number of workers at block i
ine Incoming transactions at block %
6 e Nt Max deferral rounds
Ti. All transactions considered at block ¢
tsoned < Lian Scheduled transactions at block %
J; €RT Max slack time at block i
Cr eR* Latest finish time of worker w at block %
di,,, €RT Extended deadline at block i
Oten; = R; UW;  Touched objects of tx;
ol € RT Latest scheduled time for object £ at block %
Sk C Tiyonoa Transactions touching object k at block 7

Fair ordering

Total order over transactions
Transaction dependency graph

wai'r = [thh R 7txn,]
Gfai'r - (TallqE)

The second assumption is much more difficult to ensure.

It is impossible to precisely know the execution path of a
transaction and thus its execution time. Even if the transaction
is pre-executed, its execution time might depend on its position
in the block. Despite this, there has been significant work done
on trying to predict the execution time both through historical

analysis and simulation, which showed good accuracy [32].

In the experiments we introduce this inaccuracy in predictions
and evaluate its impact on the performance of sequencing.
The third assumption is also crucial, as the model aims to
maximize the system’s utilization of resources. If the incoming
transactions cause no congestion, then there is no point in
adding another transaction processing step, as any order of
transactions would trivially lead to maximum utilization.

B. Single-shot scheduling

Input. Let the execution deadline d € R* be the maximum
amount of time a worker can be active for a given block. We
consider a system that relies on m € N1 workers to execute
transactions in parallel. We are given a scheduling function o

that takes as input an ordered list Loy = [txy,txs, ..., ta,]
of n transactions and schedules all or part of them on the m
workers over a time period d, producing a schedule 1I,_,,.

A set of all transactions T,y = {tx1,--- ,tx,} consists of
transactions tx; represented as a tuple (O;,t;,g;). The tuple
O; = (R;, W;) of object ids that tx; accesses consists of a set
R; of object ids that it reads from and a set WW; of object ids
that it writes to. Variable t; € RT is the execution time of tx;,
and g; € Rt is the gas price of a unit of execution time paid
by the transaction.

A scheduling function o (Lou,d,m) — I, is
set in advance and represents a scheduler. It takes L, d
and m as input and produces a schedule Il , : tx; —
Either(None, (s;,w;)). The tuple (s;,w;) corresponds to the
start time s; and the worker id w; on which the transaction
has been scheduled. Transactions that are mapped to None
are deferred to the following block.

Constraints. Any schedule 117, ,, produced by o must be
subject to several constraints. First, a scheduled transaction tx;
must be scheduled at a positive time (s; > 0) and adhere to
the deadline (s; 4+ t; < d). It also must be assigned to a valid
worker id w; € {0,1,--- ,m — 1}. Finally, the execution must
be conflict-free: if tz; is scheduled on the same worker as tx;
(w; = w;) or if the transactions conflict i.e., (W; N (R; U
W;)) # 0) vV (W; N (R; UW;)) # () then their executions
must not overlap (s; +1t; < s; V s; +1; < s5).

Objective. Our goal is to find an ordering L,;; of transac-
tions Ty, such that for a given 0 we maximize P:

Z ti- gi

(0i,t:,9:)€Tschea

P =

where T.peq 18 the set of scheduled transactions:

Tschea = {tx; € Ty | g, (tz;) # None}

C. Continuous execution

The above mentioned formulation handles sequencing of
transactions one block at a time. But as opposed to consensus,
which operates in discrete intervals, transaction execution
is a continuous process. There is no need to wait for all
the transactions of a previous block to be executed before
executing non-conflicting transactions from the next block.
To allow for transaction execution continuity, we extend our
problem formulation in several ways.

We label parameters based on the block number for which
we generate the sequence: 15, ., d;, m; are the set of transac-
tions, execution deadline and the number of workers at block
1. T;,,,. denotes the set of new transactions that just came in
during the new round. The full set of transactions that will
be scheduled in round i is denoted 7;,,,. We also define 6,
which determines the maximum number of rounds for which
a transaction can be deferred before it is canceled.

We cancel transactions that have been deferred for too many

rounds, and add the rest to the transaction set of the block:
Tiy = Ty, U {tz; [ 111, (ta;) = None A tz; & T(;—p),,. }

all



We extend the deadline by the difference between the time
the earliest worker is free and the deadline at the previous
block: let §; be the maximum slack time at the end of round
1

0; = max (d

wel0,1,.m;—1]

inew = Ci')
where C}” is the latest execution end time for worker w at
round i:

" = max{s; +t; | U, (tz;) = (sj,w), tz; € Ti,,..}
We define the extended deadline to be:

d =d; + min(éi_l, di—l)

Tnew

We limit the maximum additional execution time per round
by the execution time of the previous round, to disallow
propagation of multiple rounds.

To ensure that transactions can not be scheduled before the
executor is fully done with transactions from a previous block
we introduce a constraint: if a transaction ¢x; from block ¢ is
scheduled at Iy, (tz;) = (s;,w;) , then

W
Ci2h)

8j > 6i—1— (dic1 — G}

Finally, we have to make sure that transactions do not access
objects before all the transactions that read from or write to
the overlapping objects of the previous block have finished:
let Otep, = R; U W; for a given ta; € T;, then o ' is the
latest time at which a transaction touching object k has been
scheduled in round 7 — 1:

i—1
o~ = max (s; +1;
b= max (5 + )
with S¥ the set of transactions that touch the object k in round
i
Szk = {txj € Tisched ‘ k€ OtCh]‘}

Then a transaction can only be scheduled after the latest time
that an object has been freed in the previous round, so if
a transaction tz; from block ¢ is scheduled at Iz, (tz;) =
(sj,w;) , then:

1—1
55201 — (di—1 — keﬂgﬁj (o} )

This approach globally aligns the start times for the new
block with the worker that is free the earliest in the previous
schedule, while shifting other executors by how late their
execution is compared to the earliest executor.

The main benefit of this approach is that it enables the
continuity of execution without major changes to the problem
structure. The model remains the same, barring the required
addition of new hard-coded transactions that represent objects
and workers not being free at the start of the round. This
allows us to handle sequencing of each block as an indepen-
dent combinatorial problem and additionally enables varying
system parameters, such as d, m or o, dynamically based on
the demand.

D. Fair ordering

Applying the sequencing step requires completely reorder-
ing transactions. A strictly opposite approach would be to
instead focus on maintaining an order of transactions closely
aligned with the order in which they have been submitted to
the mempool, called fair ordering [23, 24]. We extend our
model to include this constraint in order to measure its impact
on the performance.

We make two changes to the model. First, Ty;; is replaced
by Lyqir = [tx1,tze, -+ ,tz,] which corresponds to the
total order over transactions produced by fair ordering. Ad-
ditionally, the scheduling function must respect the causal
order established by this order within L ,;,, meaning that for
every two conflicting transactions tx;,tr; where ¢ < j: if
the transaction positioned later in the order is scheduled, i.e.,
II(tx;) = (sj,w;), then the earlier transaction must also be
scheduled before it, i.e., II(tx;) = (s;,w;) and s; +¢; < s;..

The scheduling algorithm must also be adapted to satisfy
the fair ordering constraint. To preserve a simple and greedy
design, we assume that the transactions passed to the scheduler
are first totally ordered in a way that respects the causal order
derived from L,;;. As a result, the set of candidate schedules
available to the scheduler is restricted. Specifically, this set
consists of all possible traversals of the dependency graph
G fqir constructed from Lfq;,.

More specifically, the scheduling algorithm is modified in
the following ways. First, if a transaction is deferred, all
conflicting transactions that are ordered after the deferred
one are also deferred. Second, each transaction can only be
scheduled after all conflicting transactions that were ordered
before it.

The pseudocode with the highlighted changes is shown in
Algorithm 2. Note that the inner workings of the find_earliest
function have to be changed to return a time greater than the
end time of any previously scheduled conflicting transaction.

IV. GENETIC ALGORITHM FOR ORDERING

If we were to leave out a concrete scheduling function,
instead reformulating the goal as determining the scheduling
function that leads to an optimal result, the problem would
lend itself perfectly to being solved by a constraint solver
in the form of a scheduling problem. We opted against
this approach as it would be too inefficient, as also found
by Chahoki et al. [33], and would diminish the benefit of
sequencing by introducing a new bottleneck.

Instead, we focus on transaction ordering under a deter-
ministic scheduling algorithm. This approach allows for the
possibility of imperfect information. Sequencing only has
access to the execution time estimates. In practice, these values
will differ from the predicted ones, and the actual schedule will
differ from the predicted one [32].

The most straightforward way of sequencing is to use a
heuristic to order transactions. Since the proposed problem
has major similarities to a multidimensional extension of
the knapsack problem [34], the most natural heuristic is to
order the transactions according to their gas price. We also



Algorithm 2: Order-fair greedy scheduler
input : L., d,m
output : Assignment A, where Aftx] = (t,w;q) or
None
1 Def + ()
2 A+ 0
3 for txin L, do
4 earliest_start < latest_conflict_ends(tx, A)
5
6
7
8

if does_conflict_with_any(tx, Def) then
Altx] < None
Def + Def U {tx}
continue

9 WrkFreeAt < ()

10 for win0,1,--- ., m—1 do

1 L WrkFreeAt|w] < find_earliest(A, w, tx)

12 wrk < choose_worker(WrkFreeAt)

13 if wrk == None then

14 | Alta] < None

15 else

16 Altz] + (WrkFreeAtlwrk], wrk)
17 Def < Def U{tx}

18 return A

considered other heuristics: (i) random order; (ii) given order
of transactions, which corresponds to the order in which the
transactions appear in the historic data, when applicable; and
(iii) lowest execution time.

A. Genetic ordering

With a determined scheduling function, the problem lends
itself well to being solved through the application of a genetic
algorithm. Each candidate solution is encoded as a permu-
tation of the available transactions, where the position of a
transaction corresponds to the order in which the scheduler
processes them. The application of the scheduling function
and the calculation of profit correspond to the fitness function.
The high level idea is to start from a population of random
sequences and then continuously optimize the population by
generating new sequences through crossover and mutation,
retaining only the fittest half. This approach is illustrated in
Figure 4.

Since in practice the gas price heuristic was found to
produce high quality solutions, we initialize our algorithm
from a heuristic baseline, rather than from a random sequence.
Thus, the goal is to locally refine the initial solution rather than
searching for a global optimum.

The pseudocode is shown in Algorithm 3. The techniques
used include: seeding, elitism, order crossover (OX) and
insertion mutation, which have been shown to be effective for
scheduling problems [35].

Seeding. An initial solution is added to the starting popula-
tion. This solution is made heuristically by ordering transac-
tions based on their gas price [36].

Sequencing
N Block gf Random initial : Heuristic Final >
transactions sequences . sequence sequence

Choose

A best

. —_
—— Population
Leave n
best Add
Best sequences Mutated children
Crossover Mutate
Children

Fig. 4: High level overview of the genetic algorithm for
sequencing the transactions.

Algorithm 3: Basis of genetic sequencing

input :budget, pop_size, Ty, 0,d, m,
output: L,y

1 L;pn;t < highest_gas_price_order(Ty;;) ; // seeding
2 Pt + random_sequences(T g, pop_size) U {Linit }
3 Peval — eval(Pinita g, d7 m)
4 budget + budget — (pop_size + 1)
5 while budget > 0 do
6 Pyigs + generate_Kids(Pyyqr, pop_size) ; // OX
7 Ppigs + mutate(Py;gs) ; // insertion
8 for kid € Pyiqs do
9 Poyai < Peyay U {eval(kid, o,d, m)}
10 L budget < budget — 1
11 P.yq1 < order_by_profit(Pe.,q:)
12 P.yqr < limit_population(Pe.,q;, pop_size);
// elitism

13 return P,.,[0]

OX. To generate a child from two parent solution se-
quences, a slice is taken from one sequence (random location
and random length) and is inserted into another sequence
at the same spot. Then the resulting sequence is scanned,
and if a transaction appears twice, its second appearance is
removed [37].

Insertion mutation. To mutate a sequence, a random trans-
action is removed and inserted into a different position [38].

Elitism. A (M) survival strategy is employed. This means
that each iteration parents (u) and children (\) are combined
and among them a new population is formed by choosing the
sequences with the highest fitness [39].

Seeding and elitism help to ensure faster convergence. To
slightly offset this, we found it beneficial to set the mutation
probability to a high value above 60 percent. The result is that
the genetic algorithm acts similarly to a local search procedure,
with a higher degree of exploration within the earlier iterations.
Initially, an explicit local search procedure was also tested.



It provided little benefit to the solution quality compared to
extending the budget for the genetic algorithm, while requiring
a lot of sequence evaluations.

B. Adding fair ordering to the genetic algorithm

When adapting the genetic algorithm to maintain a fair order
established by the consensus layer, we have to ensure that the
transaction encoding represents a valid total order that respects
the causal relations specified by L 4.

We apply the following changes. First, we change the initial
seed L;n;; to correspond to the sequence achieved through
traversal of G4 by prioritizing transactions with a higher
gas price. Then, we generate the rest of the initial parents
Pinit by traversing G ¢4 uniformly at random. We modify
the crossover operation so that it iterates over the parents and
selects the first transaction whose dependencies are satisfied.
The process continues until a valid total order consistent with
G tqir is generated. We also modify the mutation operator
as follows. First, for a randomly selected transaction, deter-
mine its maximal neighborhood of non-conflicting transactions
within the current total order by identifying the closest conflict-
ing transactions before and after it. Then, relocate the selected
transaction to a uniformly at random chosen position within
this neighborhood.

V. PERFORMANCE EVALUATION

In the performance evaluation, we do not report the runtime
of the algorithms, instead focusing on their performance. The
genetic algorithm is an anytime algorithm, so result quality
depends on the allotted time. We do not estimate the possible
real-world execution time. Instead, we report it in terms of it-
erations of the estimated sequencer. The runtime of the genetic
sequencer is proportional to the number of total evaluations of
the estimated sequencer. The number of evaluations is equal
to the number of kids per epoch multiplied by the number
of epochs. Additionally, the evaluations of children within a
single epoch can be done in parallel. To measure the impact of
the allotted execution time on performance, we do two runs of
the genetic sequencer with the population of 100: for 10 and
50 epochs, corresponding to 1000 and 5000 iterations of the
heuristic sequencer, respectively. This allows us to quantify
the benefit of additional computation time.

We focus on two scenarios with different solution quality
metrics: sustained congestion and a single spike in congestion.
In the sustained congestion scenario, we have congestion for
the whole duration of sequencing and measure solution quality
as the sum of gas prices paid by the scheduled transactions. In
the single spike scenario we have congestion for a period of ten
blocks and determine the solution quality by how quickly the
sequencers managed to clear congestion. We define congestion
clearance as the index of the first block after the spike period
that contains no deferred transactions.

A. Dataset and parameters

The performance of the proposed sequencing approach is
highly dependent on the structure and parameters of the

transactions to be scheduled. To obtain measurements that are
more representative of the expected real-world performance,
we base our datasets on two widely used blockchain systems
that support smart contracts: Sui and Ethereum. We took trans-
actions that were executed within a single day on both chains
and streamed them to different sequencers. For Ethereum,
we took the transactions from block 23359822 up to block
23369821, and for Sui we used transactions from epoch 840.
Both represent recent active network conditions and span a
sufficient transaction volume to capture realistic congestion
dynamics.

In order to do sequencing, we need to extract or generate
the following parameters for the transactions:

» Touched objects (O;) - set of objects/accounts touched
by the transactions.

« Execution time (¢;) - amount of computation the transac-
tion takes.

e Gas price (g;) - price that the party submitting the
transaction is paying per execution unit of the transaction.

Other parameters that are independent of transaction data
are:

o Transactions per block (|7},.|) - the number of transac-
tions submitted for one block.

o Maximum execution time (d) - the maximum execution
time that a single worker can work for per one block.

o Maximum number of deferrals (6) - the maximum num-
ber of blocks for which a transaction can be deferred
before it gets canceled.

o Number of executors (m) - the number of executors that
can execute the transactions in parallel.

These parameters control how congested the blockchain
is. We varied them across experiments to simulate different
possible scenarios.

Additionally, all the transactions were initially ordered ac-
cording to their original positions within the blockchains to bet-
ter capture temporal fluctuations in gas price trends, demand,
and potential conflicts between contemporaneous transactions
that may access overlapping sets of objects. To construct
a continuous sequence of blocks, we partition the ordered
transaction sequence into consecutive groups according to a
predefined block size.

We map platform-specific parameters to the general model
as summarized in Table II. The execution time was derived
from transaction effects for Sui and transaction receipt for
Ethereum. The gas price was taken from the transaction
data for Sui and from the receipt for Ethereum. Touched
objects were determined from changed and unchanged objects
specified in transaction effects for Sui and were not collected
for Ethereum due to them not being explicitly listed in the
available data and requiring high-overhead trace analysis of
transactions.

We note that Ethereum uses a base fee system to determine
the minimum gas price. Therefore, to better compare transac-
tions across different time periods, we normalize the reported
gas used value by this base fee. To do this, we divide the gas



TABLE II: Derivation of model parameters from real-world
data.

Parameter Sui Dataset Ethereum Dataset

Transaction Effects
Transaction Data
Shared Objects

Execution Time
Gas Price
Touched Objects

Transaction Receipt
Transaction Receipt
N/A (Account-based)

price by the base fee for a given block made during different
time periods.

Since the results heavily depend on the data used, we want
to first demonstrate the structure of the data and examine the
distribution of values, as well as show their correlation with
each other. Figure 5 demonstrates the distribution of values for
the Sui dataset, and Figure 6 shows the distribution of values
for the ETH dataset. From the datasets, we can see that the
only two significantly correlated parameters are the number of
touched objects and the execution time of transactions (r =
0.45), while neither execution time nor number of touched
objects is significantly correlated with gas price.

As we mentioned before, we did not use actual data on
which accounts were touched by which Ethereum transaction,
but we resampled Sui’s dataset. To construct the Ethereum-
based dataset, we projected Sui’s data on object conflicts over
Ethereum’s execution and gas price records. Specifically, we
picked a random point in the Sui dataset and appended this
information to the Ethereum stream one transaction at a time,
preserving the order in which both datasets were scheduled
on the blockchain. This approach introduces a key limitation:
it removes the correlation between the number of touched
objects and the execution time. For this reason, we consider
Ethereum’s dataset to be synthetic and refer to it as "Ethereum-
based".

As shown in Figure 7, we measured to what degree trans-
actions overlap depending on the order in which they were
submitted. The average Jaccard similarity follows a power-
law decay as a function of transaction distance, with a sharp
initial drop and a heavy tail. This confirms the significance
of temporal locality and also shows the presence of several
frequently touched global objects.

The prevalence of temporal locality implies that a realistic
dataset must consist of locally dependent transactions. It can-
not be represented by independent sampling which would lead
to a much lower degree of transaction conflicts. Furthermore,
the heavy tail indicates the existence of heavily congested
shared objects and reaffirms the need for congestion control.

B. Sequencing baselines

We evaluated five different sequencers that rely on heuristics.
All of them, except for the one labeled as "Sui", additionally
use the gap-filling modification. The sequencers are as follows:

1) Sui - sequencer that orders transactions by descending
gas price and does not use gap-filling.

2) Gas Price (GP) - sequencer that orders transactions by
descending gas price and does use gap-filling.

3) Lowest Execution Time (LET) - sequencer that orders
transactions by ascending execution time.

4) Given - sequencer that orders transactions according
to the order in which they have been executed on the
blockchain.

5) Random - sequencer that shuffles the order of transac-
tions.

We evaluated our genetic sequencer with two sets of param-
eters to demonstrate the impact of search depth on solution
efficiency.

1) Genetic 100/50 (GE50) - genetic sequencer with popu-
lation of 100 that runs for 50 epochs.

2) Genetic 100/10 (GE10) - genetic sequencer with popu-
lation of 100 that runs for 10 epochs.

C. Sustained congestion

For all the following tests, we set the number of executors to
4 and the maximum number of deferrals to 5. The number of
transactions was set to 150 and the execution deadline was set
to provide around 50-60% inclusion rate for the GP sequencer
at 62500 units. The simulation was run for 200 blocks and the
results show the cumulative total gas price normalized against
the worst-performing (lowest) sequencer at each block. The
data is shown from block 20 onward to remove the initial
fluctuations and only demonstrate the long-term average result.
The results for the Sui data are shown in Figure 8. All of
the heuristic approaches except for the GP one show similar
performance. The GP sequencer shows a 20% improvement
over median of non-GP heuristics and the genetic sequencers
exhibit an additional 20% improvement. The GE50 shows a
slight improvement (around 5%) over GE10, indicating that, at
a population of 100, increasing the number of epochs beyond
10 yields limited gains in efficiency.

For the Ethereum-based dataset, all of the parameters were
the same, except for execution time, which was set to 1250000
to provide the same 50-60% inclusion rate. The results for
the Ethereum dataset shown in Figure 9, display smaller
improvements compared to the Sui dataset. GE10 had only
a slight improvement over GP, while GE50 had the same
proportional improvement, as it did for Sui. We believe that the
main reason for this is the difference in gas price distribution.
The gas prices for Sui have low variance as can be seen in
Figure 5, while Ethereum’s gas prices are much more varied
as seen in Figure 6. This means that most of the profit is
received by scheduling high-paying transactions. Since the first
epochs of the genetic algorithm focus on global search with
random initialization of transaction ordering, the algorithm is
much less likely to find better sequences. This is because
sequencing a high-paying transaction late will have a more
severe negative impact on profit. This is also suggested by Sui
sequencer having a much better performance in the Ethereum-
based dataset than it did in the Sui dataset, since it prioritizes
gas price. Due to elitism, the later epochs focus much more
on local search, as the transaction set gets filled with similar
transactions.
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D. Spike in transactions

To determine how well the proposed genetic sequencing
algorithm works in the scenarios where congestion is not
sustained, but happens in sporadic bursts, we conducted an
experiment where initially each block contains a low amount
of transactions, then a high number of transactions for some

time after which it goes back to the initial flow of transactions.

We kept the number of executors at 4 and the execution
deadline at 62500 units for Sui dataset. The maximum number
of deferrals was set to 200, so that no transactions would
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get canceled. The results showing the absolute number of
deferred transactions for each block for Sui are shown in
Figure 10. Here we see greater variation in the results of
heuristic schedulers. The lack of gap filling prevented the Sui
sequencer from recovering from the congestion. The Given
and GP sequencers achieved similar results, recovering by
block 130. LET and Random sequencers recovered around
block 90 with LET sequencer showing a more rapid reduction
of congestion, but then decreasing more slowly. Both of the
genetic sequencers cleared congestion the fastest, with GES0
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Fig. 7: Average Jaccard similarity (computed over object sets)
of transactions based on the distance between them when
ordered by execution timestamp. Sample of 50000 random
transactions from the full dataset.

doing it by block 60 and GE10 by block 70.

For the Ethereum-based dataset the parameters were the
same, with the only difference of execution deadline being,
once again, set to 1250000 units. The results are shown in
Figure 11. For the Ethereum-based dataset the congestion was
less severe and generally cleared much sooner than in the
case of Sui. Besides that, the trend of how quickly sequencers
manage to resolve congestion mirrors the Sui results with the
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Fig. 8: Total normalized validator profit under sustained con-
gestion of 100 transactions per block for 200 blocks starting
at block 20 for Sui dataset.

exception of Random sequencer performing on par with Given
and GP sequencers. This is likely because gas prices do not
play a role in this scenario.

E. Fair ordering

To determine the impact of fair ordering on performance,
we conducted the sustained-congestion experiment under the
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Fig. 10: Total absolute number of transactions deferred under
a spike of transactions from block 20 to block 29. With blocks
0-19 having 30 transactions, blocks 20 to 29 having 100
transactions and blocks 30 to 199 having 30 transactions for
Sui dataset.

fair ordering constraints. The results for the Sui dataset can be
seen in Figure 12 and for the Ethereum-based one in Figure 13.
For both cases the fair variants of GP and GE10 produce the
same results, suggesting that the fair ordering constraint does
not leave sufficient room for reordering causally independent
transactions, rendering the genetic algorithm ineffective. Ad-
ditionally, this experiment highlights that under the sustained
congestion, the addition of a fair ordering constraint reduces
the profit by 50-60%. We attribute this cost to the high rate
of transaction interdependence in the dataset, as can be seen
in Figure 7.
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Fig. 11: Total absolute number of transactions deferred under
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0-19 having 30 transactions, blocks 20 to 29 having 100
transactions and blocks 30 to 199 having 30 transactions for
Ethereum dataset.

2.2
2.0
1.8
1.6
1.4

1.2

1.0

Cumulative Gas Usage (Normalized)

25 50 75 100 125 150 175 200
Block Index

—— Gas Price Fair Genetic 100/50 —— Genetic Fair 100/10

Fig. 12: Total normalized validator profit under sustained
congestion of 100 transactions per block for 200 blocks
starting at block 20 for Sui dataset. Sequencers include two
sequencers with fair ordering constraints and the GES50, the
most efficient non-fair sequencer.

F. Robustness to execution time estimation errors

The most unrealistic assumption that our model hinges
on is assuming a perfect prediction of execution time. To
check how well the sequencing performs under less accurate
prediction of execution time, we repeated the experiments with
perturbed transaction execution times. We used the transaction
execution times from the data as the predicted execution times
for sequencing and when transactions were actually scheduled,
we replaced the execution times with their perturbed versions.
To generate the perturbed versions of execution times, we
applied a multiplicative scaling factor drawn from a log-
normal distribution. For each execution time we sampled a
normal distribution X ~ A(p, 02) and computed eX as a
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Fig. 13: Total normalized validator profit under sustained
congestion of 100 transactions per block for 200 blocks
starting at block 20 for Ethereum dataset. Sequencers include
two sequencers with fair ordering constraints, Gas Price Fair
and Genetic Fair 100/10, and GE50, the most efficient non-fair
sequencer.

scaling factor. We set ¢ = 0.347 and p = 0 to get a 2-sigma
range of around [0.5,2]. We multiplied the original execution
time by the resulting multiplier. This range was chosen to
reflect realistic prediction errors observed in prior work on
execution time estimation for blockchain transactions by de
Lima Cabral et al. [32] as it provides an average absolute
error percentage of around 28%.

Both the sustained congestion and the spike in congestion
scenarios were tested with the addition of perturbation for both
datasets. The sustained congestion for Sui seen in Figure 14
and congestion spike for Sui and Ethereum seen in Figures 16
and 17 showed no statistically significant difference in speed of
congestion clearance compared to the non-perturbed case. The
sustained congestion for Ethereum seen in Figure 15 shows
that the genetic sequencers performed worse compared to their
performance in the analogous experiment without perturba-
tions, with only GE50 showing a very slight improvement over
GP.

G. Throughput, latency and full summary

Maximizing throughput and minimizing latency have not
been the objectives of this work. Instead of targeting through-
put, we decided to focus on maximizing validator revenue.
This more closely aligns with the way transactions are cur-
rently ordered on most blockchains.

As we do not make any assumptions about the hardware on
which sequencing and execution will be run or about the inner
workings of the blockchain, we define both throughput and
latency as normalized by the time d representing maximum
execution time on a single worker. It is equal to 62500 units
of execution for the Sui dataset and 1250000 units for the
Ethereum-based dataset. Throughput is the average number of
transactions executed within this time.

13

135

1.30

1.25

1.20

115

1.10

1.05

1.00

Cumulative Gas Usage (Normalized)

25 50 75 100 125

Block Index

150 175 200

— Sui —— Lowest Execution Time —— Genetic 100/10
Gas Price. —— Random Genetic 100/50
— Given

Fig. 14: Total normalized validator profit under sustained
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starting at block 20 for Sui dataset with perturbed transaction
execution times
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Fig. 15: Total normalized validator profit under sustained con-
gestion of 100 transactions per block for 200 blocks starting
at block 20 for Ethereum dataset with perturbed transaction
execution times

We measure latency as the time it takes from transaction
sequencing until it has been executed in the units of d.
Since our experiments simulated only the sequencing and
execution steps, we assume no additional significant overhead
at dissemination and consensus steps and we do not account
for the existing latency that they introduce. Additionally, since
the simulation has no mechanisms to dynamically vary the
time dedicated to sequencing, we assume that in each case
sequencing takes time until a worker becomes available.

Latency values below 1 indicate early execution due to
worker availability. Values between 1 and 2 indicate normal
execution, and values above 2 indicate that the transaction
has been deferred. Canceled transactions are unaccounted for,
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Fig. 17: Total absolute number of transactions deferred under
a spike of transactions from block 20 to block 29. With blocks
0-19 having 30 transactions, blocks 20 to 29 having 100
transactions and blocks 30 to 199 having 30 transactions for
Ethereum dataset with perturbed transaction execution times.

meaning that the reported latency does not capture the full
cost of congestion for affected users.

Results of the experiments are given in Tables III and IV.
The genetic sequencer consistently achieves the highest val-
idator profit under sustained congestion. It outperforms the
GP baseline by 16% for the Sui dataset and 4% for the
Ethereum-based dataset. For the congestion spike scenario, the
genetic sequencer clears congestion significantly faster than
the baseline, reducing the post-spike recovery time from 60
to 25 blocks on the Sui dataset and from 20 to 8 blocks
on the ETH-based dataset, with results being consistent even
under perturbation. LET does achieve the highest throughput
but at a significant cost to validator profit while the genetic
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sequencer consistently improves on the baseline throughput.
The latency is broadly comparable across non-fair sequencers,
though these figures should be interpreted cautiously, as the
assumption of equal sequencing time is unrealistic. In practice
the genetic algorithm will require more computation time than
the heuristic baselines. Fair ordering imposed a profit penalty
of approximately 50% and failed to clear congestion on the
Sui dataset.

VI. RELATED WORK

To contextualize our contributions, we look at four bodies
of related work. First, we examine how transaction sequencing
is done in practice on widely used blockchains, ranging from
full validator reordering freedom to protocol level congestion
control. We then examine the research on fair ordering that
disregards congestion control for the sake of transparency and
manipulation-resistance. After that, we examine prior efforts to
model transaction sequencing as a discrete combinatorial prob-
lem. An overview comparing different sequencing approaches
is given in Table V. Finally, we briefly overview work that
focuses on optimizing transaction execution.

A. Sequencing on popular blockchains

In Bitcoin, transaction sequencing within a block did not
play a major role. The main focus of Bitcoin was initially to
maintain a consistent total order among blocks of transactions
and to ensure that, without controlling the majority of the
network’s hash rate, it would eventually become impossible
to undo previous blocks. The order of transactions within a
block was then fully determined by the miner that created it.
As Bitcoin transactions could only be of two types, Bitcoin
transfers between multiple parties and block rewards [40], the
ordering of transactions within the block made no difference.
Bitcoin uses the Unspent Transaction Output (UTXO) model,
in which each transaction consumes previously created outputs
and produces new ones. In this model, since each transaction
defines its inputs and outputs independently, the order of
transactions within the block does not play a role, only
their inclusion. In practice, Bitcoin transactions are included
and ordered according to ancestor-feerate sorting, account-
ing for dependent transactions through Child-Pays-for-Parent
(CPFP) [41].

Ethereum employed the same transaction ordering approach
as Bitcoin. However, Ethereum uses an account-based model,
as opposed to UTXO on Bitcoin. In this model transactions
read and write to shared accounts. This means that the output
of a transaction is dependent on the state induced by the previ-
ous transaction in the same block. This is further amplified by
Ethereum’s use of smart contracts [21] which can execute arbi-
trary logic. This means that different orderings of transactions
within a block may lead to different final system state. The
initial conventional strategy for sequencing transactions within
a block was to order them greedily according to their gas
price, as employed by the most popular Ethereum client, Geth,
which was used by around 76% of the network’s validators in
2017 [42, 43]. However, as Daian et al. [22] showed in their



TABLE III: Results of experiments with continued congestion. Throughput is measured as the number of transactions that
are scheduled in a block. The normalized amount of gas used represents the perceived revenue, which we aim to maximize.
Latency is measured as a multiple of the number of blocks from the start of sequencing to the end of execution.

Sequencer Throughput 7 | Norm. Gas Used 1 | Latency |
Sui

No Perturbation

Sui 70.32 + 1.18 1.41 £+ 0.03 1.27 £+ 0.02
Gas Price 86.60 £+ 1.31 1.76 £+ 0.03 1.20 £+ 0.02
Given 76.58 + 1.23 1.49 £ 0.02 1.02 £+ 0.02
Lowest Execution Time | 101.58 + 0.80 1.49 £+ 0.01 0.90 + 0.01
Random 77.29 + 1.32 1.53 £+ 0.02 2.04 £+ 0.02
Fair Highest gas price 52.95 + 0.96 1.00 £+ 0.02 2.76 £ 0.10
Genetic 100/10 95.59 £+ 1.16 1.97 £ 0.03 1.56 + 0.02
Genetic 100/50 99.89 £+ 1.12 2.04 £+ 0.03 1.45 £+ 0.02
Fair Genetic 100/10 52.96 + 0.95 1.00 £ 0.02 2.60 £ 0.11
With Perturbations

Sui 74.51 + 1.10 1.42 + 0.04 1.10 + 0.02
Gas Price 88.80 + 1.20 1.71 + 0.04 1.10 £+ 0.02
Given 81.69 + 1.13 1.50 £+ 0.03 0.93 + 0.02
Lowest Execution Time | 109.81 + 0.91 1.40 + 0.02 1.10 &+ 0.01
Random 83.53 + 1.24 1.58 £ 0.03 1.83 £+ 0.02
Fair Highest gas price 59.53 £ 0.97 1.00 £+ 0.01 2.03 £+ 0.07
Genetic 100/10 93.36 + 1.17 1.86 + 0.04 1.53 £+ 0.02
Genetic 100/50 96.69 + 1.23 1.90 + 0.04 1.54 + 0.02
Fair Genetic 100/10 59.54 + 0.97 1.00 £+ 0.01 2.03 £+ 0.07

ETH-based

No Perturbation

Sui 68.99 + 1.22 2.14 £ 0.15 1.35 £ 0.02
Gas Price 90.08 + 1.52 2.39 £ 0.16 1.17 £ 0.02
Given 90.89 + 1.90 1.47 £ 0.07 1.07 £ 0.01
Lowest Execution Time | 125.83 + 1.07 1.61 + 0.07 1.05 £+ 0.01
Random 89.02 £+ 1.66 1.61 £+ 0.07 2.17 £ 0.02
Fair Highest gas price 62.67 £ 1.57 1.00 £ 0.05 3.09 £ 0.09
Genetic 100/10 93.50 + 1.45 243 + 0.15 1.26 + 0.02
Genetic 100/50 97.47 + 1.55 2.49 + 0.16 1.23 + 0.02
Fair Genetic 100/10 62.75 + 1.57 1.00 £+ 0.05 2.99 + 0.09
With Perturbations

Sui 74.67 + 1.22 2.01 £+ 0.27 1.28 + 0.02
Gas Price 96.60 + 1.55 2.19 £+ 0.27 1.10 £+ 0.02
Given 96.66 + 1.69 1.36 + 0.18 1.08 + 0.02
Lowest Execution Time | 129.37 + 0.90 1.31 £ 0.13 1.03 + 0.01
Random 96.56 + 1.53 1.41 £ 0.16 2.03 £+ 0.02
Fair Highest gas price 68.92 £ 1.45 1.00 £ 0.16 2.79 £ 0.08
Genetic 100/10 96.95 + 1.45 2.19 £+ 0.27 1.27 £+ 0.02
Genetic 100/50 100.05 £ 1.49 2.23 + 0.27 1.28 £+ 0.02
Fair Genetic 100/10 68.95 + 1.45 1.00 + 0.16 2.78 £+ 0.07
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TABLE IV: Results of experiments with a spike in the number of transactions. Throughput is measured as the number of
transactions that are scheduled in a block. Number of blocks to recover from congestion represents the count of consecutive
blocks after congestion ends until a block is produced with no deferred transactions. Latency is measured as a multiple of the
number of blocks from the start of sequencing to the end of execution.

Sequencer Throughput 1 \ # Blocks to recover from congestion | \ Latency |
Sui
No Perturbation
Sui 32.39 + 0.57 Did not recover 3.82 £ 0.30
Gas Price 3348 £ 0.74 60 2.20 + 0.19
Given 33.49 + 0.69 57 2.38 + 0.27
Lowest Execution Time | 33.49 + 0.84 162 1.34 + 0.08
Random 33.49 4+ 0.76 66 2.52 £ 0.18
Fair Highest gas price 2795 £ 0.74 Did not recover 21.68 + 0.84
Genetic 100/10 33.50 + 0.80 32 1.40 + 0.09
Genetic 100/50 33.50 + 0.88 25 1.19 £+ 0.07
Fair Genetic 100/10 27.95 + 0.74 Did not recover 21.26 + 0.86
With Perturbations
Sui 32.63 £+ 0.65 Did not recover 3.94 + 0.27
Gas Price 33.48 + 0.76 59 2.13 £ 0.18
Given 33.49 4+ 0.70 62 2.09 £+ 0.21
Lowest Execution Time | 33.50 £+ 0.91 126 1.23 + 0.06
Random 33.50 + 0.81 88 2.32 + 0.15
Fair Highest gas price 26.64 £ 0.78 Did not recover 28.16 + 1.17
Genetic 100/10 33.50 + 0.91 28 1.29 + 0.06
Genetic 100/50 33.50 + 0.84 25 1.24 + 0.06
Fair Genetic 100/10 26.64 £+ 0.78 Did not recover 28.08 £ 1.18
ETH-based
No Perturbation
Sui 33.49 4+ 0.64 62 2.80 £+ 0.31
Gas Price 33.50 + 0.80 20 1.28 £ 0.11
Given 33.50 + 0.79 20 1.35 & 0.12
Lowest Execution Time | 33.50 £ 0.96 23 0.86 + 0.04
Random 33.50 + 0.83 21 1.35 + 0.10
Fair Highest gas price 33.50 £+ 0.84 81 3.64 £+ 0.33
Genetic 100/10 33.50 + 0.89 10 1.00 4+ 0.06
Genetic 100/50 33.50 + 0.97 8 0.98 + 0.04
Fair Genetic 100/10 33.50 + 0.84 81 3.49 + 0.33
With Perturbations
Sui 33.50 + 0.62 72 3.14 + 0.34
Gas Price 33.50 + 0.88 15 1.19 + 0.11
Given 33.50 + 0.84 15 1.27 £ 0.13
Lowest Execution Time | 33.50 + 0.97 18 0.89 + 0.03
Random 33.50 + 0.83 14 1.21 £+ 0.07
Fair Highest gas price 33.39 + 0.96 82 4.96 + 0.38
Genetic 100/10 33.50 + 0.91 9 1.01 4+ 0.05
Genetic 100/50 33.50 + 0.99 5 0.95 + 0.03
Fair Genetic 100/10 33.39 4+ 0.96 82 498 + 0.38
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work, strategic rearrangement of transactions by a validator
and the inclusion of its own transactions could produce signif-
icant additional validator profit. Such phenomenon was called
Miner Extractable Value (MEV). After this issue became
widely known, an entire system of blockspace actions, called
MEV-boosting, appeared. Transaction order within blocks was
now optimized by separate builder actors in exchange for
a share of the extracted value. MEV-boosting has rapidly
gained popularity, with around 90% of blocks being created
through MEV-boost by the end of 2022 [44]. The rapid
adoption is explained by the fact that MEV revenue aligns
closely with validator interests, increasing the median validator
block reward by approximately 250400%. [45, 46] and thus
serving as a further incentive to the builders for participation.
Nevertheless, the adoption of such a system has significantly
undermined transparency and decentralization. MEV was often
extracted by submitting transactions privately to builders or by
specifying inclusion requirements called search bundles, such
as positioning of transactions [47].

Sui is a DAG-based blockchain that differentiates between
owned and shared objects, with owned objects using UTXO-
like ordering and shared objects using account-like ordering.
Transactions touching only owned objects avoid the overhead
of total ordering, only requiring partial order established
by their owner and confirmed by validators. There is still
a requirement to agree on which transaction to accept if
there are conflicting transactions signed by the owner, which
can be done through certification or consensus. Transactions
touching shared objects still require global sequencing relative
to one another [48]. Sui’s sequencing is also responsible
for congestion control. The initial sequencing of transactions
is based exclusively on gas price. After that the estimated
execution time and information about touched objects are used
to determine which transactions to defer to a later commit. The
sequencer keeps track of the queue per object and processes
transactions one by one. Transactions that do not fit within the
execution budget of objects are deferred [25, 26].

Solana is another popular blockchain that also emphasizes
high throughput [49]. Its sequencer went through multiple
major changes over time. Initially, the sequencer had multiple
independent transaction queues on each of the threads. Within
one thread the transactions were ordered by gas price, but
independence of threads meant that there was no global
order, and transactions were sequenced non-deterministically.
A later version of the sequencer (update v1.18) first put
the transactions into a max-heap and only then distributed
them between threads. However, the Solana protocol does not
specify how sequencing must occur. This led to the emergence
of an alternative Solana validator client Jito that uses MEV-
boost [50]. This illustrates that when transaction sequencing
is not specified at the protocol level, economic incentives
can often lead validators toward opaque, profit-maximizing
sequencing techniques.
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B. Fair ordering

The lack of transaction ordering transparency and the use
of MEV-boosting have motivated research into fair transaction
ordering [51]. The main goal of fair transaction ordering is to
ensure that the transaction order aligns as closely as possible
with the real-world time at which the transactions have been
submitted. There are currently two primary approaches to
establishing a fair order: ordering linearizability and batch
order fairness. In ordering linearizability, first defined in
Pompe [24], validators submit timestamps corresponding to
when each transaction was received, and transactions are then
ordered based on the median of collected timestamps. In batch
order fairness systems, such as Themis [23], each validator
submits an ordering of transactions. The final ordering is then
achieved by combining validators’ individual orderings.

Fair ordering ensures fairness at the protocol level and
helps mitigate MEV-boosting. However, it generates a very
rigid transaction order, provides no mechanism for congestion
control, and does not take into account validator incentives.

C. Combinatorial optimization for sequencing

Under a deterministic scheduling algorithm, transaction
sequencing is equivalent to determining block building. If all
transactions must be executed sequentially and if we assume
that the execution time of transactions is independent of their
position in the sequence, the problem is equivalent to the
knapsack problem, meaning that it is NP-hard [34].

A concurrent and independently motivated work by
Karmegam et al. [52] takes a similar approach to our work
by modeling block construction as a mixed-integer program
with validator profit as the objective. In contrast to our work,
they focus on the scheduling layer and assume a predefined
dependency set, and implicitly enforce an ordering constraint
analogous to our fair ordering extension. They also propose
a sophisticated heuristic for transaction scheduling, which
performs the same as a simple greedy gas price heuristic. This
mirrors our own finding that the genetic algorithm provides no
improvement over the gas-price baseline when fair ordering is
enforced.

Another work that has major parallels to ours is Conthereum
by Chahoki et al. [33], though it diverges in several criti-
cal aspects. In both Conthereum and our work, transaction
sequencing is modeled in a parallel execution setting as a
job shop scheduling problem with full freedom to reorder
transactions. In their analysis they require that all transactions
be scheduled and optimize for the makespan within a single
block.

Our work further differs from both Karmegam et al. and
Chahoki et al. in two respects. First, we extend the problem to
a continuous execution setting where execution of successive
blocks can overlap. Second, in our experiments we account
for perturbations between expected and actual execution time
by applying realistic execution time perturbations.



TABLE V: Comparison of different transaction sequencing approaches. Gives an overview of the criteria used for transaction
ordering and evaluates to which extent the resulting orderings are deterministic, are resistant to manipulation, specifically
preventing validators from arbitrarily reordering transactions to their own advantage, and are aligned with validator incentives.

System Ordering Criteria Determinism Manipulation Resistance Validator Alignment

Bitcoin CPFP High Moderate High

Eth (pre-MEV) Gas price High Low Moderate

Eth (MEV-Boost) Builder bid Low Low Very High

Sui Gas price High High Moderate

Solana (<v1.18) Priority fee Low Low Low
(per-thread)

Solana (>v1.18) Priority fee (global Moderate Moderate High
heap) / Builder bid

Fair Ordering Arrival timestamps Very High Very High Low

Proposed and Conthereum Gas price + execution High High High

time + touched objects

D. Execution

Most of the works in this area focus on improving the
execution layer. Pilotfish [13] is a distributed execution en-
gine that consists of a cluster of executors where nodes use
the given transaction order and parallelize execution of con-
secutive independent transactions by dynamically assigning
them to workers. It focuses on generalizing the transaction
execution in a crash-recovery setting while minimizing the
message overhead. HTFabric and Fabric++ [53, 54], which
are extensions of Hyperledger Fabric, go further by reorder-
ing transactions during execution to increase parallelism. In
practice, their approach prioritizes independent transactions.
Although this improves throughput, it creates a bias against
more interdependent transactions.

While these works have primarily relied on explicitly de-
clared sets of touched objects, other work has parallelized
execution without requiring such declarations in advancey.
Anjana et al. [55] apply software transactional memory (STM)
to maximize parallelism at the cost of redundant computation
by speculatively executing transactions in parallel and rolling
back in case of conflicts. Block-STM [19] refines this by
updating the estimated dependency sets after each rollback,
reducing unnecessary re-executions.

VII. DISCUSSION

The performance of the sequencing step was evaluated
under existing transaction data. This means that the submitted
transactions did not account for the degree of congestion that
they might cause when specifying a gas price, as evidenced
by the lack of correlation between gas price and number
of touched objects as seen in Figures 5 and 6. With the
introduction of this step, transactions may start to account
for this and adjust their gas prices accordingly. Moreover, in
this work we considered only a static gas fee as specified by
the user submitting the transaction. Recent work has explored
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multi-dimensional and dynamic pricing mechanisms better
suited for parallel execution environments [56, 57]. Further
research into how our sequencing approach interacts with such
pricing models would be valuable.

In this work, we relied on the definition of fair ordering that
first imposes a total order on the transactions, from which
we derived a causal order. Another approach for achieving
total order is batch order fairness [23]. This approach might
lead to the creation of dependency cycles and would allow us
to choose how they are resolved. This might lead to better
performance if there are many cycles, but in practice, under
realistic assumptions where the majority of nodes try their best
to order transactions according to their real-world timestamps,
such cycles are exceedingly rare and are unlikely to lead to a
major improvement.

In this work, we propose a genetic algorithm for sequencing
transactions. This represents one approach; there are other
methods, such as GRASP or simulated annealing. The primary
objective of this work was to demonstrate the value of the
sequencing step. Our results show that even a straightforward
approach can lead to a significant improvement.

VIII. CONCLUSION

In this work, we have formalized a blockchain-independent
model for evaluating the impact of transaction ordering on
validator profit and congestion clearance speed. We then
extended this model to account for continuity of execution.
We proposed a genetic ordering algorithm that takes into
account transaction execution time estimates and object con-
flict information. Our results demonstrate that this approach
outperforms the heuristic baseline, increasing validator profit
by approximately 15%, and improves congestion control in
a high congestion scenario. We have also shown that the
performance of this approach does not degrade significantly
under realistic execution time estimation errors for the purpose



of congestion control. Performance also does not degrade
significantly in terms of profit maximization when gas prices
exhibit little variation.

We also integrated a fair ordering constraint and found that
under such an assumption, sequencing provides no benefit.
Moreover, we found that by introducing fair ordering, valida-
tors lose around 50 to 60% of their profit under sustained
congestion.
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