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Abstract
Developing stateful cloud applications, such as low-latencyworkflows andmicroservices with strict consistency requirements,
remains arduous for programmers. The Stateful Functions-as-a-Service (SFaaS) paradigm aims to serve these use cases.
However, existing approaches provide weak transactional guarantees or perform expensive external state accesses requiring
inefficient transactional protocols that increase execution latency. In this paper, we present Styx, a novel dataflow-based
SFaaS runtime that executes serializable transactions consisting of stateful functions that form arbitrary call-graphs with
exactly-once guarantees. Styx extends a deterministic transactional protocol by contributing: i) a function acknowledgment
scheme to determine transaction boundaries required in SFaaS workloads, ii) a function-execution caching mechanism, and
iii) an early-commit reply mechanism that substantially reduces transaction execution latency. In addition, Styx’s elasticity
supports state migration for load balancing using scale-up and scale-down operations when workloads introduce uneven
overhead among workers. Experiments with the YCSB, TPC-C, and Deathstar benchmarks show that Styx outperforms state-
of-the-art approaches by achieving at least one order of magnitude higher throughput while exhibiting near-linear scalability
and low latency. Moreover, state migration experiments with YCSB and TPC-C show that Styx’s approach to state migration
outperforms the baseline, a stop and restart migration approach tailored to Styx, by adapting swiftly to workload changes
while maintaining low latency.

Keywords State migration · Elasticity · Serializable Transactions · FaaS

1 Introduction

Despite the commercial availability ofFunctions-as-a-Service
(FaaS), the model remains ill-suited for low-latency state-
ful applications with strict consistency requirements (e.g.,
payment processing and reservation systems). This limita-
tion arises because current FaaS platforms are stateless and
rely on external fault-tolerant storage systems for state man-
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agement. Moreover, while workflow frameworks such as
AWSStep Functions andAzure Logic Apps support function
orchestration, they lack primitives for transactional execu-
tion. As a result, distributed applications, commonly imple-
mented as microservices, suffer from consistency anomalies
when transactionmanagement is delegated to developers [10,
38].

Recent work argues that FaaS platforms must natively
support stateful functions under the Stateful Functions-as-
a-Service (SFaaS) paradigm [29, 33, 34, 57, 58, 64]. We
further argue that an SFaaS runtime must (i) provide end-to-
end serializable transactions across multiple functions, (ii)
achieve low-latency and high-throughput execution, and (iii)
expose a high-level programming model that abstracts away
low-level concurrency control. To the best of our knowledge,
no existing system satisfies all three requirements.

State-of-the-art transactional SFaaS systems with seri-
alizable guarantees, including Boki [33], Beldi [64], and
T-Statefun [29], support transactional workflows but incur
high commit latency and low throughput. Their inefficiency
stems from separating state storage from function execution

0123456789().: V,-vol 123

http://crossmark.crossref.org/dialog/?doi=10.1007/s00778-026-00971-x&domain=pdf
http://orcid.org/0000-0002-2104-565X


   31 Page 2 of 24 K. Psarakis et al.

Fig. 1 Styx outperforms state-of-the-art transactional SFaaS systems
by at least one order of magnitude in transactional workloads (Sec-
tion 9). Bars show median values; whiskers show 99th-percentile
latency. Latency is measured at 2000 TPS; throughput corresponds to
sub-second latency

and relying on locking and Two-Phase Commit (2PC) to
coordinate cross-function transactions.

This paper proposes Styx, a dataflow-based runtime for
SFaaS that provides exactly-once processing and end-to-end
serializable transactions across arbitrary function orches-
trations, even in the presence of failures and retries. Styx
leverages deterministic transaction execution to avoid 2PC,
enabling early commit replies before transaction snapshots
are durably persisted.

Our design is motivated by two observations. First, mod-
ern streaming dataflow systems such as Apache Flink [7, 8,
55] provide exactly-once guarantees through transparent fail-
ure handling, but cannot execute general cloud applications
or transactional SFaaS workflows. Second, deterministic
database protocols [44, 61] avoid costly coordination but do
not support complex function orchestrations or arbitrary call
graphs. Styx bridges this gap by integrating deterministic
transactions into a dataflow execution model.

Styx relates to recent proposals such as DBOS [56],
Hydro [11], and serverless storage-management systems
(SSMSs) [43]. In contrast, Styx adopts a streaming dataflow
execution model and guarantees serializability across func-
tions. As shown in Figure 1, Styx achieves one order of
magnitude lower median latency, up to two orders of mag-
nitude lower tail latency, and one order of magnitude higher
throughput than existing serializable SFaaS systems.

Styx was introduced and evaluated in the original version
of this paper [50]. While its internals are already transparent
to developers—requiring no transactional or fault-tolerance
code—operational concerns such as resource management
remain visible. This work addresses that gap by adding
elastic state migration, a prerequisite for a fully serverless
SFaaS runtime. Styx migrates fine-grained state at key-
set granularity, either on demand for active transactions or
asynchronously for inactive keys.Unlike prior VM-based
migration techniques [12, 30], our approach preserves trans-

actional guarantees while tightly coupling state movement
with function execution.
Contributions:

– We design Styx, a dataflow-based SFaaS runtime that
integrates deterministic transactions with streaming exe-
cution (Section 2).

– We present a high-level SFaaS programming model
that abstracts away transaction management and fail-
ure handlingwhile guaranteeing exactly-once processing
and serializability across arbitrary function calls (Sec-
tions 3–6).

– We extend deterministic database techniques to support
complex function orchestrations, contributing a novel
acknowledgment scheme and execution-caching mech-
anism (Sections 5.3, 6.3).

– We enable early commit replies through determinis-
tic execution, allowing transactions to complete before
durable snapshot persistence (Section 6.4).

– We show that Styx outperforms state-of-the-art transac-
tional SFaaS systems by at least one order of magnitude
in throughput while achieving lower latency and near-
linear scalability (Section 9).

– We introduce an elastic state-migration mechanism that
enables near-zero-downtime scaling while preserving
transactional guarantees (Sections 8, 9.5).

Styx is available at: https://github.com/delftdata/styx

2 Motivation

In this section, we analyze the specifics of streaming dataflow
system design and argue that they can be extended to encap-
sulate the primitives required to consistently and efficiently
execute workflows of stateful functions. Our work is based
on a key observation: the architecture of high-performance
cloud services closely resembles a parallel dataflow graph,
in which state is partitioned and co-located with the appli-
cation logic [49]. As argued in [49], the evolution from
monolithic applications to microservices and Function-as-
a-Service (FaaS) architectures has shifted responsibility for
transaction management, fault tolerance, and state consis-
tency from the database to the application layer. Inmonolithic
systems, developers focused primarily on business logic,
while a transactional database provided atomicity, isola-
tion, and recovery. In contrast, modern cloud applications
decompose functionality into loosely coupled services that
communicate via asynchronousmessaging andmaintain par-
titioned state. Although this architectural style improves
modularity and scalability, it requires developers tomanually
address idempotency, message retries, workflow orchestra-
tion, and cross-service consistency, often through ad hoc
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mechanisms such as Sagas or two-phase commit, which
either weaken guarantees or degrade performance.

The key insight of [49] is that these distributed ser-
vice architectures already implicitly implement a streaming
dataflow graph: services correspond to operators, communi-
cation channels correspond to streams, and state is naturally
partitioned and co-located with compute. Modern stream
processing systems provide exactly-once processing, consis-
tent snapshot-based fault tolerance, data-parallel scale-out,
and high-throughput execution. However, they are tradi-
tionally designed to support analytics workloads and lack
transactional semantics across arbitrary workflows of state-
ful functions. By combining the execution model of stateful
streaming dataflows with deterministic transactional pro-
tocols, it becomes possible to execute complex, nested
workflows with serializable guarantees, without relying on
blocking coordination or compensating actions. Determin-
ism aligns naturally with dataflow replay and checkpointing,
enabling failure recovery without rollbacks and allowing
low-latency commit decisions.

Therefore, streaming dataflow systems provide a princi-
pled systems substrate for transactional cloud applications:
they unify messaging, state management, orchestration, and
fault tolerance within a single runtime, restoring database-
like guarantees while preserving the scalability and modu-
larity of cloud-native architectures.

Additionally, as we detail in Section 2.2, there is a synergy
between deterministic transactions and dataflow systems.
Such a combination can provide state consistency and ease
of programming, as monolithic solutions did in the past,
while improving scalability and reducing developer involve-
ment. Finally, we show how deterministic transactions can
be extended for SFaaS, where transaction boundaries are
unknown, unlike online transaction processing (OLTP).

2.1 Dataflows for Stateful Functions

Stateful dataflows are the execution model implemented
by virtually all modern stream processors [8, 46, 48]. In
addition to being a strong fit for parallel, data-intensive
computations, stateful dataflows are the primary abstraction
supporting workflowmanagers such as Apache Airflow [28],
AWS Step Functions [63], and Azure’s Durable Functions
[6]. In the following, we present the primary motivation
behind using stateful dataflows to build a suitable run-
time for orchestrating general-purpose cloud applications.
Exactly-once Processing Message-delivery guarantees are
fundamentally hard to deal with in the general case, with the
root of the problem being the well-known Byzantine Gener-
als problem [39]. However, in the closed world of dataflow
systems, exactly-once processing is possible [7, 8, 55]. In
fact, the APIs of popular streaming dataflow systems, such
as Apache Flink, require no error-management code (e.g.,

message retries or duplicate elimination using idempotency
IDs). Co-Location of State and Function The primary rea-
son streaming dataflowsystems can sustainmillions of events
per second [8, 25] is that their state is partitioned across
operators that operate on local state. While the structure of
current Cloud offerings favors the disaggregation of stor-
age and computation, we argue that co-locating state and
computation is the primary means of achieving high perfor-
mance and can also be adopted by modern SFaaS runtimes,
rather than relying on external databases for state storage.
Coarse-Grained Fault Tolerance To ensure atomicity at the
level of workflow execution, existing SFaaS systems perform
fine-grained fault tolerance [33, 64]; each function execu-
tion is logged and persisted in a shared log before the next
function is called. This requires a round-trip to the logging
mechanism for each function call, which adds significant
latency to function execution. Instead of logging each func-
tion execution, streaming dataflow systems [7, 9, 54] employ
a coarse-grained fault tolerance mechanism based on asyn-
chronous snapshots, thereby reducing this overhead.

2.2 Determinism &Transactions

Given a set of database partitions and a set of transac-
tions, a deterministic database [2, 60] will end up in the
same final state despite node failures and possible concur-
rency issues. Traditional database systems offer serializable
guarantees, allowing multiple transactions to execute con-
currently, ensuring that the database state will be equivalent
to the state of one serial transaction execution. Deterministic
databases guarantee not only serializability but also that a
given set of transactions will have exactly the same effect on
the database state, even after re-execution. This guarantee has
important implications [2] that have not yet been leveragedby
SFaaS systems. Deterministic Transactions on Dataflows
Unlike 2PC, which requires rollbacks in case of failures,
deterministic database protocols [44, 61] are "forward-only":
once the locking order [61] or read/write set [44] of a batch of
transactions has been determined, the transactions are going
to be executed and reflected on the database state, without
the need to rollback changes. This notion is in line with how
dataflow systems operate: events flow through the dataflow
graph, from sources to sinks, without stalls for coordina-
tion. This match between deterministic databases and the
dataflow execution model is the primary motivation behind
Styx’s design choice to implement a deterministic transaction
protocol on top of a dataflow system.

2.3 Challenges

Despite their success and widespread applicability, dataflow
systems require multiple modifications before they can be
used for transactional, stateful functions. In the following,
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we list challenges and open problems tackled in this work.
Programming Models Dataflow systems at the moment
are only programmable through functional programming-
style dataflow APIs: a given cloud application has to be
rewritten by programmers tomatch the event-driven dataflow
paradigm. Although it is possible to rewrite many appli-
cations in this paradigm, it takes a considerable amount
of programmer training and effort. We argue that dataflow
systems would benefit from object-oriented or actor-like
programming abstractions in order to be adopted for gen-
eral cloud applications, such as microservices. Support for
Transactions In the context of streaming dataflow systems,
transactions typically refer to processing a set of input ele-
ments and their state updates with ACID guarantees [65].
Despite progress, critical challenges remain, such as the per-
formance overhead of multi-partition transactions and the
need to block data flows for locking and message reordering.
In this work, we argue that, when implementing transactions
in a streaming dataflow system, we need to "keep the data
moving" [59] by avoiding disruptions to the natural flow
of data while tightly integrating transaction processing into
the system’s state management and fault tolerance protocols.
Deterministic OLTP and SFaaS OLTP databases that use
deterministic protocols like Calvin [44, 61] either require
each transaction’s read/write set a priori or are extended to
discover the read-write sets of a transaction by first execut-
ing it. Additionally, in both scenarios, deterministic protocols
assume that a transaction is executed as a single-threaded
function that can perform remote reads and writes from
other partitions. In the case of SFaaS, arbitrary function
calls enable programmers to leverage both the separation-
of-concerns principle, widely applied in microservice archi-
tectures [38], and code modularity. Although deterministic
database systems have been proven to perform exceptionally
well [2], designing and implementing a deterministic transac-
tional protocol for arbitraryworkflows of stateful functions is
non-trivial. Specifically, arbitrary function calls create com-
plex call-graphs that need to be tracked in order to establish
a transaction’s boundaries before committing.Dataflows for
Arbitrary-Workflow Execution The prime use case for
dataflow systems nowadays is streaming analytics. However,
general-purpose cloud applications have different workload
requirements. Functions calling other functions and receiv-
ing responses introduce cycles in the dataflow graph. Such
cycles can cause deadlocks and must be handled [40].
In this work, we address these challenges and propose a
dataflow system tailored to stateful functions, with built-in
support for deterministic transactions and a high-level pro-
gramming model.

Fig. 2 Deathstar’s[24] Hotel/Flight reservation in Styx. From lines
9-14, the reserve_hotel and reserve_ f light functions are invoked
asynchronously. Finally, in lines 16-17, the reservation information is
stored. In Styx, the transactional and fault tolerance logic are handled
internally

3 ProgrammingModel

Theprogrammingmodel of Styx is based onPython and com-
prises operators that encapsulate partitioned mutable state
and functions that operate on that. An example of the pro-
gramming model of Styx is depicted in Figure 2.

3.1 ProgrammingModel Notions

Stateful Entities Similar to objects in object-oriented pro-
gramming, entities in Styx are responsible for maintain-
ing and mutating their own state. Moreover, when a given
entity needs to update another entity’s state, it can do so via a
function call. Each entity bears a unique, immutable key that
is application-dependent and contains no information about
its physical location. The dataflow runtime engine (Section 4)
uses that key to route function calls to the right operator that
accommodates that specific entity.

Functions functions can mutate the state of an entity.
By convention, the context is the first parameter of each
function call. Functions are allowed to call other func-
tions directly, and Styx supports both synchronous and
asynchronous function calls. For instance, in lines 9-11 of
Figure 2, the instantiated reservation entity will call asyn-
chronously the function ’reserve_hotel’ of an entity
with key ’hotel_id’ attached to the Hotel operator.

Similarly, one could issue a synchronous call that blocks
until the result becomes available. However, such blocking
behavior would be detrimental to performance in a dis-
tributed, event-driven setting. Instead, using the Styx API,
developers can explicitly structure an asynchronous work-
flow using custom continuations. Figure 3 illustrates this pat-
tern for the task of adding an item to an order. The entry-point
function, add_item_async_1, asynchronously invokes

123



State Migration in Styx: Towards Serverless Transactional Functions Page 5 of 24    31 

Fig. 3 Shopping cart example in Styx with async continuations that
can be abstracted with Stateflow [51]

get_item_price on the Stock operator to retrieve the
item’s price. Rather than returning a value directly, this
call supplies the order_id as a callback key. Once the
price is retrieved, get_item_price issues a second asyn-
chronous call that invokes add_item_async_2 on the
Order operator using the callback key. This second function
resumes the logical continuation of the original operation by
updating the order state with the retrieved price and quantity.
Together, these two functions manually encode a split-phase
asynchronous workflow that emulates a synchronous func-
tion call. While this approach is fully asynchronous and
avoids blocking, it requires developers to manage control
flow, callbacks, and intermediate state explicitly, which can
be challenging to write and reason about. This pattern is used
in our implementation of the TPC-C experiment (Section 9),
but it highlights the usability challenges of low-level asyn-
chronous programming.

This motivates the second option: expressing the same
logic using the higher-level Stateflow [51] API, which is sup-
ported byStyx. Stateflowallows developers towrite code that
appears synchronous, as shown in lines 23–26 of Figure 3,
while the system transparently compiles it into an equivalent
asynchronous execution. In thatway, Statefloweliminates the
need for manually defined continuations without sacrificing
performance or scalability.
Operators Each entity directly maps to a dataflow opera-
tor (also called a vertex) in the dataflow graph.When an event
enters the dataflow graph, it reaches the operator that holds
the function code of the given entity and its state. In short, a
dataflow operator can execute all functions of a given entity
and store its state. Since operators can be partitioned across
multiple cluster nodes, each partition stores a set of stateful
entities indexed by their unique key. When an entity’s func-

tion is invoked (via an incoming event), the entity’s state is
retrieved from the local operator state. Then, the function is
executed with the arguments from the incoming event that
triggered the call.
State &NamespacingAsmentioned before, each entity has
access only to its own state. In Styx, the state is namespaced
with respect to the entity it belongs to. For instance, a given
key "hotel53" within the operator Hotel is represented
as: entities://Hotel/hotel53. This way, a refer-
ence to a given key of a state object is unique and can be
determined at runtime when operators are partitioned across
workers. Programmers can store or retrieve state through
the context object by invoking context.put() or
get() (e.g., in Line 17 of Figure 2). Styx’s context is
similar to the context object used in other systems such as
Flink Statefun, AWSLambda, andAzure Durable Functions.
Transactions A transaction in Styx corresponds to the exe-
cution of an entire stateful function call-graph, initiated
by a client request and executed as a single atomic unit
with serializable isolation and exactly-once semantics. From
the programmer’s perspective, the transaction boundary is
defined by the function call that specifies the transactional
workflow. Internally, however, Styx performs concurrency
control and conflict detection at a finer granularity: individ-
ual state read and write operations on keys. To this end, Styx
tracks all state accesses performed during the execution of
a function call-graph and constructs a Read/Write (RW) set
for each transaction. Conflicts are defined at the key level:
two concurrent transactions conflict if one transaction reads
or writes a key that the other transaction has written. Each
function call-graph is assigned a unique transaction identifier
(TID), and conflicting transactions are serialized according to
their assigned order. Moreover, Styx’s programming model
allows transaction aborts by raising an uncaught exception.
In the example of Figure 2, if a hotel entity does not have
enough availability when calling the ’reserve_hotel’ func-
tion, the ’make_reservation’ transaction should be aborted,
alongside potential state mutations that the ’reserve_flight’
has made to a flight entity. In that case, the programmer has
to raise an exception as follows:

1 # Check if there are enough rooms available in the hotel
2 if available_rooms <= 0:
3 raise NotEnoughSpace(f'No rooms in hotel: {context.key}')

The exception is caught by Styx, which automatically trig-
gers the transaction’s abort/rollback sequence and sends the
user-defined exception message as a reply.
Exactly-once Function Calling Styx offers exactly-once
processing guarantees: it reflects the state changes of a func-
tion call execution exactly-once. Thus, programmers need
not “pollute” their application logic with consistency checks,
state rollbacks, timeouts, retries, and idempotency [36, 38].
We detail this capability in Section 7.
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Fig. 4 Stateful-function execution in Styx. Each worker uses one
coroutine to sequence incoming transactions and another to execute
them. In this example, the make_reservation transaction invokes
reserve_hotel (local state access) and reserve_flight (a
remote call to another partition, located via the partitioner)

4 Styx’s Architecture

In this section, we describe the components (Figure 4) and
the main design decisions of Styx.

4.1 Components

Coordinator The coordinator manages and monitors Styx’s
workers and the cluster runtime state (transactional meta-
data, dataflow state, partition locations, etc.). It also performs
scheduling andhealthmonitoring. Styxmonitors the cluster’s
health using a heartbeat mechanism and initiates the fault-
tolerance mechanism (Section 7) once a worker fails.
Worker As depicted in Figure 4, the worker is the primary
component of Styx, processing transactions, receiving or
sending remote function calls, and managing state.

The worker consists of two primary coroutines. The first
coroutine ingests messages for its assigned partitions from
a durable queue and sequences them. The second coroutine
receives a sequence of transactions and initiates transaction
processing. By using the coroutine execution model, Styx
improves efficiency, since the primary source of latency is
waiting for network or state-access calls. Coroutines enable
single-threaded concurrent execution, switching between
coroutines when one is suspended during a network call,
allowing others to make progress. Once the network call is
completed, the suspended coroutine resumes processing.

Partitioning Stateful Entities AcrossWorkers Styx makes
use of the entities’ key to distribute those entities and their
state across several workers. By default, each worker is
assigned a set of keys using hash partitioning.
Input/Output Queue For fault tolerance, Styx assumes a
persistent input queue from which it receives requests from
external systems (e.g., from a REST gateway API). Styx
requires that the input queue be able to deterministically
replay messages at a specified offset upon failure. As we
detail in Section 7, the replayable input queue is necessary
for Styx to produce the same sequence of transactions after
the recovery is complete and to enable early commit-replies
(6.4). In the same way, Styx sends the result of a given trans-
action to an output queue from which an external system
(e.g., the same REST gateway API) can receive it. Currently,
Styx leverages Apache Kafka [37].
Durable Snapshot Store Alongside the replayable queue,
durable storage is necessary for storing the workers’ snap-
shots. Currently, Styx uses Minio, an open-source S3-
compatible service, to store the incremental snapshots as
binary files.

4.2 Transaction Execution Pipeline

Styx employs an epoch-based transactional protocol that con-
currently executes a batch of transactions in each epoch. A
transaction may include multiple functions that, during run-
time, formacall-graphof function invocations. Each function
may mutate its entity’s state, and the effects of function
invocations are committed to the system state in a trans-
actional manner. In Figure 4, once make_reservation
enters the system, it is persisted and replicated by the input
queue. Then, aworker ingests the call into its local sequencer,
which assigns a Transaction ID (TID) and processes all
encapsulated function calls as a single transaction. In the
make_reservation case, the transaction consists of two
functions:reserve_hotel andreserve_flight. For
this example, let us assume that reserve_hotel is
a local function call and reserve_flight runs on a
remoteworker.reserve_hotelwill execute locally asyn-
chronously using coroutines and apply state changes. In
contrast, reserve_flight will execute asynchronously
on a remote worker, applying changes to the remote state.

5 Sequencing & Function Execution

The deterministic execution of functions with serializable
guarantees requires a sequencing step that assigns a trans-
action ID (TID), which, in combination with the read/write
(RW) sets, can be used for conflict resolution (Section 6).
The challenge we tackle in this section is determining the
boundaries of transactions (i.e., when a transaction’s execu-
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Fig. 5 The transaction execution pipeline in Styx is divided into 4
parts. First, each external request (Ri ) is sequenced as a transaction and
is assigned a unique id. Afterward, the transactions execute their appli-
cation logic, accessing local keys and performing remote function calls.
While a transaction executes, Styx tracks its accessed keys ([R/W ]i )
and incrementally constructs its call-graph. Subsequently, Styx commits

the transactions that do not participate in unresolved conflicts without
having to perform locking. For example, we observe that workers W1
and W2 are capable to commit C1 = C2 = {

T1
}
while T1 interacts with

the same keys as T2; although it has the lowest id. In the final part, we
commit all the transactions by resolving the conflicts with a lock-based
mechanism (C2 = {

T2, T3
}
), C3 = {

T3
}

Fig. 6 Example of TID assignment in Styxwith three sequencers. Their
identifiers {1, 2, 3} lead to the following sequences: S1 = {1, 4, ..., k},
S2 = {2, 5, ..., m}, S3 = {3, 6, ..., n} following the formula expressed
in Equation 1

tion begins and ends), which arises from the execution of
arbitrary function call-graphs (Section 5.3).

5.1 Transaction Sequencing

In this section, we discuss the sequencing mechanism ( 1 )
of Styx. Deterministic databases ensure the serializable exe-
cution of transactions by forming a global sequence. In
Calvin [61], the authors propose a partitioned sequencer that
retrieves the global sequence by communicating across all
partitions, performing a deterministic round-robin.
Eliminating Sequencer Synchronization Instead of the
original sequencer of Calvin that sends O(n2) messages for
the deterministic round-robin, Styx adopts a method sim-
ilar to the one followed by Mencius [45], allowing Styx
to acquire a global sequence without any communication
between the sequencers (O(1)). This is achieved by having

each sequencer assign unique transaction identifiers (TIDs)
as follows:

T I Dsid,lc = sid + (lc ∗ n_seq) (1)

where sid ∈ N1 is the sequencer id assigned by theStyx coor-
dinator in the registration phase, lc ∈ N0 is a local counter
of each sequencer specifying howmany TIDs it has assigned
thus far, and n_seq ∈ N1 is the total number of sequencers in
the Styx cluster. In the example of Figure 5, the sequencers
of the three workers will sequence R1, R2 and R3 to T1, T3
and T2 respectively. Figure 6 illustrates how those TIDs are
generated in parallel. Note that, conceptually, Styx imple-
ments a partitioned sequencer where the global sequence
S = {S1 ∪ S2 ∪ · · · ∪ Sn} is the union of all partitioned
sequences.
Mitigating Sequence Imbalance In case a single sequencer
S1 receives more traffic than the other sequencers, its local
counter (lc1) will increase more than the local counter of
the rest of the sequencers. As a result, in the next epoch,
sequencer S1 would produce larger TIDs than the rest of
the sequencers. This means that new transactions arriving
at a less busy sequencer will receive higher execution pri-
ority: transactions with higher TID receive lower priority
in our transactional protocol. In the event of high con-
tention in the workload, this would increase latency for
the busy (S1) worker node. To avoid this, at the end of
each epoch, the coordinator computes the maximum lc
(max(lc1, lc2, . . . , lcn)) and communicates it to all work-
ers so that they can adjust their local counters and rebalance
sequences in each epoch. Balancingworkers’ transaction pri-
orities reduces 99th-percentile latency.
Replication and Logging There is no need to replicate and
log the sequence within Styx since the input is logged and
replicated within the replayable queue. In case of failure,
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Fig. 7 Asynchronous function call chains. A root function may invoke
other functions during execution. Its acknowledgment (3/3) is progres-
sively split into ack-shares, with each callee receiving a portion. In this
example, the root function calls three functions and divides its ack-share
equally among them; subsequent calls split their shares similarly. The
ack-shares of all terminal (blue) calls sum to exactly 3/3, allowing the
root function to detect completion

after transaction replay, the sequencerswill produce the exact
same sequence (Section 7.2).

5.2 Call-Graph Discovery

After sequencing, Styx needs to execute the sequenced trans-
actions and determine their call-graphs and RW sets ( 2 ).
To this end, the function execution runtime ingests a given
sequence of transactions to process in a given epoch. The
number of transactions per epoch is either specified by a
time interval (by default, 1 millisecond) or by a configurable
maximum number of transactions (by default, 1000). We
have chosen an epoch-based approach since processing the
incoming transactions in batches increases throughput.

Styx’s runtime executes all the sequenced transactions on
a snapshot of the data to discover the read/write sets. Trans-
actions that span multiple workers will implicitly change the
read/write sets of the remoteworkers via function calls. There
is an additional issue related to discovering the RW set of a
transaction: before the functions execute, the call-graph of
the transaction is unknown. This is problematic because the
protocol requires that all transactions be completed before
proceeding to the next phase. To tackle this problem, Styx
proposes a function acknowledgment scheme explained in
more detail in Section 5.3.

After this phase, all stateful functions comprising transac-
tions will have completed execution, and the RW sets will be
known. In Figure 5, transactions T1, T2, and T3 will execute
and create the following RW sets: W orker1 → {k1 : T1},
W orker2 → {k2 : T1, T2 and k8 : T2, T3} and W orker3 →
{k3 : T3}.

5.3 Function Execution Acknowledgment

In the SFaaS paradigm, the call-graph formed by a trans-
action is unknown; functions could be coded by different
developer teams and can form complex call-graphs. This
uncertainty complicates determining when a transaction has

completed processing, which is essential because phase 3
can only start after all transactions have finished process-
ing. To that end, each asynchronous function call of a given
transaction is assigned an ack_share. A given function
knows how many shares to create by counting the number
of asynchronous function calls during its runtime. The caller
function then sends the respective acknowledgment shares
to the downstream functions. For instance, in Figure 7, the
transaction entry-point (root of the tree) calls three remote
functions, splitting the ack_share into three parts (3 x 1/3).
The left-most function invokes only one other function and
passes to it its complete ack_share (1/3). The middle func-
tion does not call any functions, so it returns the share to
the root function when it completes execution, and the right-
most function calls two other functions, splitting its share
(1/3) to 2 x 1/6. After all the function calls are complete,
the root function should have collected all the shares. When
the sum of the received shares adds to 1, the root/entry-point
function can safely deduce that the execution of the complete
transaction is complete. This design is devised for two rea-
sons: i) if every participating function just sent an ack upon
completion, the root would unable to calculate the expected
acks ensuring that the entire execution has finished, and ii)
with fractions we avoid the well-known challenge related to
adding floating point numbers.

The ack_shares are agnostic to the application code,
even in the case of branching. For example:

1 def function_a():
2 val = call_async1()
3 if val > 10:
4 call_async2()

In this example, the amount of ack_shares is deter-
mined by the val. However, the number of shares is computed
at runtime once function_a completes; whether the con-
dition is met or not, it does not affect the process. The more
call_async calls happen, the more slices of the share
function_a will create, and the outcome will remain the
same. The root function still waits until all slices of terminal
calls sum to 1.

A solution close to the ack_share is one of the dis-
tributed futures [62]. However, it would not work in the
SFaaS context, as it either requires information about the
entire call-graph to operate asynchronously or requires creat-
ing a chain of futures, therebymaking it synchronous. Hence,
it would introduce high latency for our use case.

6 Committing Transactions

After completing an epoch’s call-graph discovery, Styx needs
to determine which transactions will commit and which will
abort based on the transactions’ Read/Write (RW) sets and
TIDs. To this end, this section presents two different commit
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phases: i) an optimistic lock-free phase that commits only the
non-conflicting transactions, and i i) a lock-based phase that
only commits the transactions that were not able to commit
in the first phase. The lock-based commit phase commits all
conflicting transactions by acquiring locks in a TID-ordered
sequence. To accelerate the second phase, we have devised
a caching scheme that reuses the previously discovered call-
graph to avoid re-executing long function chains whenever
possible (Section 6.3).

6.1 Lock-free Commit Phase

In case of conflict (i.e., a transaction t writes a key that another
transaction t ′ also reads or writes on), similarly to [44], only
the transaction with the lowest transaction ID will succeed
to commit ( 3 ). Uncommitted transactions are placed in a
queue for execution in the next phase 4 (while retaining
their previously assigned IDs).

In addition, workers (W ) send their local conflicts to every
other worker via the coordinator (2 ∗ |W | messages). This
ensures that everyworkermaintains a global viewof all abort-
ed/rescheduled transactions and can, locally, decide which
transactions can be committed. Finally, note that transactions
can also abort not because of conflicts but because of appli-
cation logic (e.g., by throwing an exception). In that case,
Styx removes the corresponding entries from the read/write
sets to reduce potential conflicts further.

In this phase, all transactions that are not part of a conflict
apply their writes to the state, commit, and respond to clients.
In the example shown in Figure 5, only T1 can commit in W1

and W2 due to conflicts in the RW sets of W2 regarding T2
and T3; more specifically, at keys k2 and k8.

6.2 Lock-based Commit Phase

In the previous phase, 3 , only transactions without con-
flicts can be committed. We now explain how Styx deals
with transactions that have not been committed in a given
epoch due to conflicts ( 4 ). First, Styx acquires locks in a
given sequence ordered by transaction ID. Then it reruns all
transactions concurrently, since all read/write sets are known,
and commits them. However, if a transaction’s read/write set
changes in this phase, Styx aborts the transaction and recom-
putes its read/write set in the next epoch. Now, in Figure 5,
W2 can sequentially acquire locks for T2 and T3, leading to
their commits in W2 and W3.

6.3 Call-Graph Caching

As depicted in Figure 5, the lock-based commit phase 4 is
used to execute any transactions that did not commit during
the lock-free commit phase 3 . By the time the lock-based
commit phase begins, the database state may have changed

since the lock-free commit. As a result, function invocations
must be re-executed to reflect the data updates.

On the left part of Figure 8, we depict such a function
invocation. At time t0, F1 is invoked, which in turn invokes
two function chains: F1 → F2 → F4 → F6 and F1 →
F3 → F5. Once the two function chains finish their execution
(on time t4 and t3 respectively), they can acknowledge their
termination to the root call F1.
Potential for Caching During our early experiments, we
noticed cases where F1 is invoked and the parameters with
which it calls F2 (and in turn the invocations across the
F1 → ... → F6 call chain) do not change. The same
applied to the RW sets of those function invocations; they
remained unchanged. Since Styx tracks those call parame-
ters as well as the functions’ RW sets, it can cache input
parameters during the lock-free commit phase and reuse them
during the lock-based commit, avoiding long sequential re-
executions along the call chains. This case is depicted on the
right side of Figure 8: the function-call chain need not be
invoked sequentially from F1 to F6, leading to high latency.
Instead, the individual workers can re-invoke those function
calls locally and concurrently. As a result, all functions can
execute in parallel and save on latency and network over-
head (t4 − t1 in Figure 8). Furthermore, caching does not
require user input, is transparent to the API, and is inde-
pendent of the synchronous or asynchronous specification.
Nonetheless, synchronous calls can be automatically trans-
formed into asynchronous ones under certain conditions [5,
51].
Conditions for Parallel Function Re-invocation Intu-
itively, if the parameters with which, e.g., F2 is called, and
the RW set of F2 remains the same, we can safely assume
that function F2 can be invoked concurrently without having
to be invoked sequentially by F1. If those functions are suc-
cessfully completed and they acknowledge their completion
to the root function F1, then the transaction can be commit-
ted. To the contrary, if the RW set of any of the functions
F1 − F6 changes, or the parameters of any of the functions
along the call chains change, the transaction must be fully
re-executed. In that case, Styx will need to reschedule the
transaction for the next epoch.

6.4 Early Commit Replies via Determinism

Implementing Styx as a fully deterministic dataflow system
offers several advantages, including the ability to communi-
cate transaction commits to external systems (e.g., clients)
before state snapshots are persisted to durable storage. A tra-
ditional transactional system can respond to the client only
when i) the requested transaction has been committed to a
persistent, durable state or i i) the write-ahead log is flushed
and replicated. In Styx’s case, this would occur when an
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Fig. 8 If no function caching is performed (left), the transaction
execution will execute a deep call-graph; the messages will be sent
sequentially and be equal to the number of function calls (5) in addi-
tion to the acks (2). Styx’s function caching optimization (right) will
lead to a concurrent function execution in the lock-based commit phase,
between t0 and t1, and send only five acks asynchronously

asynchronous snapshot completes (i.e., is persisted to durable
storage such as S3), resulting in high latency.

Since Styx implements a deterministic transactional pro-
tocol executing an agreed-upon sequence of transactions
among the workers, after a failure, the system would run the
same transactions with exactly the same effects. This deter-
minism enables Styx to give early commit replies: the client
can receive the reply even before a persistent snapshot is
stored. The assumption here is that the input queue, which
persists client requests, will provide Styx’s sequencers with
the requests in the same order after replay, a guarantee typi-
cally provided bymost modernmessage brokers. Performing
state mutations and message passing before persistence has
also been explored in DARQ’s speculative execution [42].

7 Fault Tolerance

Styx implements a coarse-grained fault tolerance mecha-
nism. Instead of logging each function execution, it adopts
a variant of existing checkpointing mechanisms used in
streaming dataflow systems [7, 9, 55]. Styx asynchronously
snapshots state and stores it in a replicated fault-tolerant blob
store (e.g., Minio / S3), enabling low-latency function exe-
cution. We describe Styx’s fault tolerance mechanism below.

7.1 Incremental Snapshots & Recovery

The snapshottingmechanism of Styx resembles the approach
of many streaming systems [4, 7, 25, 32], that extend the
seminal Chandy-Lamport snapshots [9]. Modern stream pro-
cessing systems checkpoint their state by receiving snapshot
barriers at regular time intervals (epochs) decided by the
coordinator. In contrast, Styx leverages an important obser-
vation: workers do not need to wait for a barrier to enter the
system to take a snapshot, since the natural barrier in a trans-

Algorithm 1: Snapshotting Mechanism
Result: Compacted Snapshot stored in durable storage
Input : δ: Delta changes, Oinput : Input offset, Ooutput : Output

offset, Ecount : Epoch count, SE Qcount : Sequence count
Output: S: Compacted snapshot

1 if snapshotInterval then
2 state ← δ � Prepare data and metadata for

snapshot
3 metadata ← {Oinput , Ooutput , Ecount , SE Qcount }
4 Sδ ← serialize(state, metadata)
5 store Sδ

6 inform coordinator
7 end
8 if compactionInterval then
9 S ← ∅

10 foreach Sδ do
11 S ← compact(S,Sδ) � Compact delta

snapshots
12 end
13 end

Algorithm 2: Recovery Mechanism
Result: Recovered state from durable storage, possible duplicate

messages
Input : S: Latest compacted snapshot,

Sδ : Incremental (delta) snapshots,
Olast

output : Offset of last output,
Output: R: Set of possible duplicate messages, states :

Snapshotted state, Os
input : Snapshotted input offset,

Os
output : Snapshotted output offset, Es

count : Snapshotted
epoch count, SE Qs

count : Snapshotted sequencer count

1 if Sδ 
= ∅ then
2 S ← compact(S,Sδ) � Compact delta

snapshots, if any
3 end
4 states , Os

input , Os
output , Es

count , SE Qs
count ← deserialize S ′

� Extract persisted state

5 R ← {m | Os
output ≤ m ≤ Olast

output} � Possible

duplicates (Section 7.4)

actional epoch-based system like Styx occurs at the end of a
transaction epoch.
SnapshottingTo this end, instead of taking snapshots period-
ically by propagating markers across the system’s operators,
Styx aligns snapshots with the completion of transaction
epochs to take a consistent cut of the system’s distributed
state, including the state of the latest committed transactions,
the offsets of the message broker, and the sequencer coun-
ters (lc). The minimal information included in the snapshot
is O(N + c), where N is the number of updates affecting the
delta map, and c is the fixed number of integers stored for
the Kafka offsets and the sequencer variables.

When the snapshot interval triggers, Styx copies the cur-
rent state changes to a parallel thread and asynchronously
persists incremental snapshots, allowing Styx to continue
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Fig. 9 Incremental snapshots with Delta Maps in Styx

processing incoming transactions while the snapshot oper-
ation runs in the background. The snapshotting process is
described in Algorithm 1.
Recovery In case of a system failure, Styx i) rolls back to the
epoch of the latest completed snapshot, i i) loads the snap-
shotted state, i i i) rolls back the replayable source’s topic
partitions (that are aligned with the Styx operator partitions)
to the offsets at the time of the snapshot, iv) loads the
sequencer counters, and finally, v) verifies that the cluster
is healthy before executing a new epoch. The recovery pro-
cess is described in Algorithm 2.
Incremental Snapshots & Compaction Each snapshot
stores a collection of state changes in the form of delta maps.
A delta map is a hash table that tracks changes to a worker’s
state within a given snapshot interval. When a snapshot is
taken, only the delta map containing the state changes of the
current interval is snapshotted. To avoid tracking changes
across delta maps, Styx periodically performs compactions
where the deltas are merged in the background, as shown in
Figure 9. The cost of compacting is equivalent to the cost of
merging two hashmaps with the same key-spaces (O(N )).
The total cost will be O(M∗N ), with M denoting the number
of deltamaps to be compacted.

7.2 Sequencer Recovery

To guarantee determinism, upon recovery, Styx’s sequencer
must generate sequences identical to thosegeneratedbetween
the latest snapshot and the failure. The recovery protocol of
the sequencer operates as follows: First, during the snapshot,
we store the local counter of each sequencer partition (lc),
its ID (sid), and the epoch counter. Additionally, at the start
of each epoch, Styx logs the number of transactions in that
epoch, denoted as the epoch size. Logging epoch sizes is nec-
essary due to Styx’s varying epoch sizes and the sequencer
rebalancing scheme (Section 5.1). After failure, the recov-
ered sequencer partitions are initializedwith the snapshot’s lc
and sid.Afterward, each partition retrieves from its log all the
sizes of all epochs executed since the last snapshot. Finally,
after recovery, the sequencermatches the epoch sizes to those

recorded in the log, yielding the same global sequence as
before failure.

7.3 Exactly-Once Processing

Initially, the durable input queue,which serves as a replayable
source, enables Styx to replay requests after failures. By
rolling back the queue partitions (aligned with Styx’s opera-
tor partitions) to their respective offsets recorded in the latest
snapshot, Styx can reprocess only transactions whose state
changes are not yet reflected in the snapshot. Transactions
committed and early-commit replies stored in the egress can
be deduplicated (Section 7.4).

Styx executes each transaction to completion within a sin-
gle epoch. A given transaction can execute a large call-graph
of functions that can affect the state. If a failure occurs, the
transaction’s state effects are restored to the latest snapshot,
and the entire transaction is re-executed. As a result, no spe-
cial attention is required to ensure that remote function calls
are executed exactly-once, except for resetting all TCP chan-
nels between Styx’s workers after recovery.

Lemma 1 The state mutations of committed transactions in
Styx are reflected exactly-once, even upon failure.

Proof Let St denote the state of the system at time t .
Qt = {r1, . . . , rn} denotes the durable input queue at time
t that holds all requests ri to be processed. We assume
that the input queue operates as FIFO and requests ri are
deterministic. Each ri will be sequenced as a transaction
Ti = {updl , f uncm} by a deterministic sequencer, where
updl are the state updates and f uncm are the function calls
of the transaction. We assume that updl occurs atomically
and that f uncm is also reflected once, given the use of a reli-
able communication protocol. Given the same initial state S
and input from Q, it always produces the same state transi-
tion S → S′,which means S′

t+1 = mutation(St , Qt ). The
execution of a transaction Ti is deterministic.

At any time t , the state of the system St reflects all trans-
actions in Qt that have been fully executed and committed.
Accordingly, the state St ignores partially executed or in-
progress transactions in Qt . We denote the latest durable
snapshot taken up to time t , as Snapshot(St , i, n) where n
corresponds to the offsets of the first request ri , and last
request rn of the input queue to be processed up to time
t . Upon failure, a subset of Qt , Qsuccess

t = {r1, . . . , rk}
will contain successfully committed transactions and a sub-
set Q f ail

t = {rk+1, . . . , rn} will contain aborted transactions
such that Qt = Qsuccess

t + Q f ail
t . To recover from a fail-

ure, Qt is rolled back to St from Snapshot(St , i, n) as we
persist the offsets of our input queue. Transactions in Qt are
replayed in the original order from offset i to offset n of our
input queue. This is ensured by the FIFO queue and the deter-
ministic sequencer. After processing the input transactions,
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Fig. 10 External system call critical points and Styx

Qsuccess
t includes requests already reflected in Snapshot(St ),

and Q f ail
t includes pending requests. Since Snapshot(St )

reflects Qsuccess
t and Qt = Qsuccess

t + Q f ail
t , the replay and

processing ensure: S′′
t+1 = mutation(St , Q f ail

t ) = S′
t+1.

Thus, the effects of all transactions will be reflected in the
state exactly-once, even after failure. �


7.4 Exactly-Once Output

A common challenge in fault tolerance for streaming sys-
tems is achieving exactly-once output [19, 22] in the presence
of failures, which is difficult to achieve for low-latency use
cases. For example, in Apache Flink’s [8] exactly-once out-
put configuration, clients can only retrieve responses after
they have been persisted in a snapshot or a transactional sink.
This arrangement is sufficient for streaming analytics but not
for low-latency transactional workloads, as discussed previ-
ously in Subsection 6.4.

To solve that, during recovery, Styx: i) reads the last offset
of the egress topic, i i) compares it with the output offset
persisted in the snapshot, determining for which transactions
the clients have already received replies, i i i) retrieves the
TIDs attached in those replies, and iv) does not send a reply
again to the egress topic for those transactions. Note that this
deduplication strategy is based on the assumption that TIDs
are assigned deterministically.

7.5 Addressing Non-Deterministic Functions

As discussed in Section 7.1, Styx’s recovery mechanism is
based on deterministic replay. To this end, Styx requires that
the functions authored by developers are also deterministic:
replaying the same function multiple times with the same
inputs and database state should yield the same results. How-
ever, one can achieve determinism even in the presence of
non-deterministic logic inside functions, such as randomness
(e.g., random numbers/sampling) or calls to external systems
(e.g., calling an external database orAPI). Styx can follow the

approach of existing systems (e.g., Temporal, Clonos [55]).
In the following, we explain how this can be achieved.
Randomness To retain determinism in the case of random-
ness, Styx can use an external fault tolerant write-ahead log
(WAL) to log the random number along with the TID. Thus,
in the case of failure and replay, Styx can use the logged
random number, essentially making the function call deter-
ministic during replay.
Calls to External Systems As illustrated in Figure 10, an
interaction with an external system needs to consider three
critical points tomaintain determinism. Styx assumes that the
external system supports idempotency, meaning that if a call
is made twice with the same idempotency key, the effects on
the external system’s state and its return value will remain
the same. In 1 , Styx must log the idempotency key and
the TID to theWAL before calling the external system. If the
external system produces a response ( 2 ), Styx can store it in
the WAL and retrieve it from there in case of replay. Finally,
when Styx completes a snapshot ( 3 ), it can also clear the
WAL for garbage collection, as the prior entries are no longer
needed.

Finally, Styx could mask those operations behind an API
that exposes the following functionality, such as system
_x.random for generating random numbers and system
_x.call_external for making external system calls.

8 State Migration

Implementing transactions on top of dataflows adds addi-
tional challenges to state migration support in Styx. Methods
that strictly target SPEs for statemigration [16, 27, 31] do not
apply to our use case since they do not support transactional
semantics. On the other hand, state migration methods for
transactional databases [3, 18, 53] are tightly coupled to the
traditionalOLTPdatabase architecture and cannot be directly
applied to a dataflow engine such as Styx. Therefore, Styx
requires a new, tailor-made approach to maintain its trans-
actional and exactly-once execution guarantees, while also
adapting to its snapshotting mechanism.

The most straightforward approach to migrating state in
any system is the Stop-and-Restart (S&R) method, in which
the system halts processing of incoming requests, reassigns
the data, and then restarts processing. More sophisticated
approaches adopt some of the following mechanisms to
migrate state: i) maintain state replicas across workers to
minimize the amount of data in need of migration [3, 16,
31], i i) on-demand migration that only sends the data once
a worker requires it and [18, 27], i i i) async migration to
transfer data during idle time to progress a migration asyn-
chronously [3, 18].

In Styx, we implement two state migration approaches:
a baseline S&R version tailored to Styx, in line with
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approaches that pause and restart execution (e.g., Flink
Rescaling), and an approach denoted as Online Migration
(OM), which combines elements of migration approaches
(i i) and (i i i), in line with [16, 27, 31]. In this section, we
first present an overview of state migration in Styx, specify
the migration stages (triggering, handling, and resumption
of processing), and describe the changes we made to Styx
to support these stages. We then elaborate on the S&R and
OM methods and discuss how we maintain fault tolerance,
determinism, end-to-end exactly-once semantics, and seri-
alizability during state migration. In this work, we aim to
extend Styx by introducing elasticity, the first step toward
making Styx serverless.

8.1 State Migration Overview

To support transactional state migration, we extend Styx’s
base core runtime. This section outlines the architectural
modifications required to enable this capability.

We assume that migration is initiated by an external client
or Styx’s coordinator based on metrics such as load imbal-
ance or resource utilization. The migration-triggering policy,
including autoscaling heuristics and monitoring, is consid-
ered orthogonal and left for future work. To enable correct
and efficient state movement, Styx introduces the following
system-level changes:
Partition-level State and Metadata To make state move-
ment more flexible, operator state and Kafka offsets are
tracked at a finer granularity; specifically, on a per-partition
basis. Previously, state, movement, and offsets were main-
tained per operator, which prevented distinguishing among
multiple partitions of the same operator on a single worker.
The finer-grained tracking enables selective state migration
without relying on hashing to determine a key’s partition or
requiring complete operator-level checkpoints.
Shadow Partitions Styx’s internal reconfiguration is not
guaranteed to be aligned with the partitions of messages
coming from the input queue (Kafka). To address this poten-
tial misalignment, Styx temporarily uses shadow partitions
to forward any out-of-place transactions to the correct parti-
tions, which are responsible for the relevant keys after recon-
figuration. In that way, Styx ensures correctness without
requiring global input suspension. This issue is particularly
evident during downscaling, when partitions are removed.
For instance, when a client initiates a downscale migration
by triggering reconfiguration (repartition), other clients may
continue sending transactions to Styx under the previous
partitioning scheme. In this case, transactions must access
partitions that no longer exist. Keeping old partitions as
shadowpartitions,which only forward transaction requests to
the correct partitions without any state mutation responsibili-
ties, is essential for Styx to preserve exactly-once processing
guarantees.

Global Offset Restoration A rerouting mechanism is
required not only during downscaling involving shadow par-
titions but also as part of the general migration solution. Its
role is twofold: i) detect incoming transactions from the input
queue that are routed to an outdated partition due to client
partitioningmisalignment, and i i) reroute them to the correct
partition. Following our previous example, a transactionmay
be routed to an outdated partition until all clients of Styx have
updated their routing tables to align with the new partitioning
scheme. To maintain exactly-once processing and output, it
is essential to restore the input/output queue offsets, as they
may be updated in at most two places (the previous and new
partitioning). This ensures that no records are skipped or
reprocessed during migration in case of failure.
Blocking ActionsMinimization To ensure low latency even
in the presence of large data transfers during migration, we
had to make the two following adjustments to Styx i) add
compression to large messages and, i i) stream asynchronous
snapshots. First, Styx enforces compression using the Zstan-
dard algorithm [13] for messages larger than a configurable
threshold (by default 4KB). Second, regarding the snapshot
mechanism in Styx, Styx now spawns a background thread
that receives state deltas in a streaming fashion to prevent
blocking when a delta becomes large (i.e., under heavy load,
the subset of keys involved is significantly large). In the pre-
vious version, Styx accumulated the entire delta and then sent
it to the background thread, resulting in significant latency
spikes that are now resolved.
Composite Key Partitioning In its current version, Styx
also supports composite key partitioning to enhance data
locality.Keys can be grouped by logical attributes (e.g.,ware-
house_id in TPC-C, which is a prefix in all table primary
keys except the item key), allowing transactions to access
co-located partitions. During migration, Styx utilizes this
structure to co-locate groups of related keys with the same
worker. This optimization reduces cross-worker communi-
cation and improves transaction commit latency.
These design extensions enable Styx to support both syn-
chronous (stop-and-restart) and asynchronous (online)migra-
tion strategies without compromising transactional or fault
tolerance guarantees, while maintaining low latency during
reconfiguration.

8.2 Stop & Restart

Stop-and-Restart (S&R) is the most straightforward migra-
tion strategy that we could implement on top of Styx. It
suspends execution, performs state migration, and resumes
computation with updated routing. Styx implements an opti-
mal variant of S&R tailored to its transactional runtime.
In Algorithm 3, we detail S&R where, at first, for each
worker (wi ) and all the partitions assigned to them (Pwi )
Styx rehashes all the keys of that partition based on the new
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Fig. 11 Alignment of epoch phases with online state migration. In phase 2 transactions determine their call-graphs, and therefore, the associated
keys need to be migrated immediately. By contrast, in 3 and 4 , keys can be migrated asynchronously without interfering with the transactional
protocol

Algorithm 3: Stop and Restart
Input : Pw : Current partitions assigned to a worker, Hnew

wi
: New hash function

per partition, K : Keys, wid : Worker id, Oin : Input offset, Oout :
Output offset, Ecount : Epoch count, SE Qcount : Sequence count

Output: G: new Dataflow Graph

1 foreach wi ∈ workers do
2 Pnew ← ∅ � Snapshotted partitions
3 foreach Pwi ∈ Pw do
4 foreach (key, value) ∈ Pwi do
5 newp ← Hnew

wi
(key)

6 Pnew
newp ← Pnew

newp ∪ (key, value)

7 end
8 end
9 Store Pnew to persistent storage

10 metanew ← {Oin , Oout , Ecount , SE Qcount }
11 Send metanew to Coordinator
12 end
13 G ← NewDataflowGraph()
14 foreach wi ∈ workers do
15 subGwi ← AssignSubgraph(G, wi )

16 Receive metanew from Coordinator
17 Oin , Oout , Ecount , SE Qcount ← metanew
18 end
19 foreach wi ∈ workers do
20 foreach Pnew

i ∈ Pnew do
21 Pi ← Pnew

i � Restore partitions

22 end
23 end

partitioning using its hash function (Hnew
wi

) and adds them
alongside their values to the new partitions (Pnew). Once a
worker completes the hashing step, it stores the newpartitions
as a snapshot in persistent storage. Then, each worker sends
their metadata (input/output offsets, sequencer count, and
epoch count) to the coordinator, concluding the ‘Stop’ step.
To ‘Restart’ Styx based on the new partitioning, each worker
is assigned its new partitions from the graph and receives the
updated metadata from the coordinator. Finally, the worker
loads the new partitions from the previously rehashed snap-
shot stored in persistent storage.

Although simple, robust, and independent of the transac-
tional protocol, S&R incurs downtime due to rehashing, data
storage, and data loading. This process violates availability,
making S&R more suitable for planned migration settings
rather than Styx’s serverless requirements.

8.3 Online Migration

To support online, near-zero-downtimemigration, Styx intro-
duces an online method adapted to its transactional model.

Fig. 12 State distribution before and after migration request, which
removes worker4. After migration, we observe a transaction T1 ={
k1, k5

}
. T1 interacts with keys k1 and k5, meaning that while k1 is

already in-place, k5 needs to bemigrated on-demand asmigration phase
1 suggests in Figure 11. The rest of the keys, assuming that there is no
other transaction interactingwith them, can bemigrated asynchronously
in the migration phase 2

In contrast to S&R, the online method performsmigration on
demand and asynchronously, allowing the system to remain
available throughout. Styx uses its transactional epoch proto-
col to integratemigration steps into regular processing cycles.
As shown in Figure 11, keys accessed during Phase 2 are
migrated synchronously and on-demand to ensure consis-
tency. Other keys are migrated asynchronously in phases 3
and 4 during idle times, utilizing batching mechanisms.
Note that, if the transaction’s read-write set changes dur-
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Algorithm 4: Online Migration
Input : Pw : Current partitions assigned to a worker, Hnew

i : New hash function
per partition, K : Keys, wid : Worker id, Oin : Input offset, Oout :
Output offset, Ecount : Epoch count, SE Qcount : Sequence count

Output: G: new Dataflow Graph
1 foreach wi ∈ workers do
2 foreach Pi ∈ Pw do
3 foreach key ∈ Pi do
4 newp ← Hnew

i (key)

5 Pnew
newp ← Pnew

newp ∪ (key)

6 end
7 end
8 metacur ← {Oin , Oout , Ecount , SE Qcount , Pnew

i }
9 Send metacur to Coordinator

10 end
11 G ← NewDataflowGraph()
12 foreach wi ∈ workers do
13 Receive metanew from Coordinator
14 Oin , Oout , Ecount , SE Qcount , Pnew

i ← metanew

15 subGwi ← AssignSubgraph(G, wi )

16 end

ing 3 , the transaction will abort and be rescheduled for
the next epoch, as described in 6.2. Thus, keys that are
part of such a transaction’s read-write set will be processed
either asynchronously or by next epoch’s on-demand migra-
tion phases.This asynchronous migration is essential for the
migration to complete (i.e., a key might not be accessed at
a reasonable time from any transaction), which is necessary
for the fault tolerancemechanism to be reactivated (snapshots
are switched offmid-migration as per the SotA approaches to
maintain consistent snapshots). While epoch phases are used
to initiate async/sync migration actions, async key migra-
tion is not constrained by the epoch-ending barrier. When a
batch of keys is selected for async migration, the change is
atomically registered in the worker. If an on-demand migra-
tion request arrives for keys that are already in-flight, the
source worker notifies the requester that the keys are already
scheduled for delivery, ensuring consistency.However, async
migration batch sizes are typically tuned to complete before
the next on-demand requests phase. Styx avoids blocking
the async migration at the epoch boundary because synchro-
nizing these processes would increase epoch duration and
reduce throughput.

In Algorithm 4, we detail the Online Migration method.
More precisely, for all partitions currently assigned to a
worker (Pwi ), Styx first rehashes every key contained in
the partition based on the new partitioning scheme using
its hash function (Hnew

i ). Differentiating from Stop-and-
Restart (S&R), Styx does not directly move or copy the
key-value pairs. Instead, it creates a routing table (Pnew)
that indicates the destination partition (Pnew

new_p), for every
key. Once a worker finishes this hashing and routing table
creation step, it packages this routing information alongside
its critical metadata, including the current input and output
offsets (Oin , Oout ), sequencer count (SE Qcount ), and epoch
count (Ecount ), and sends this entire package (metacur ) to

the coordinator. The coordinator then constructs the new
dataflow graph (G). Finally, the worker receives the finalized
new metadata (metanew) and routing tables from the coordi-
nator, loads them, and proceeds to perform the actual state
migration concurrently with the transactional protocol using
the on-demand ( 1 ) and asynchronous ( 2 ) mechanisms, as
illustrated in Figures 11 and 12.

Figure 12 illustrates a down-scaling action with reparti-
tioning, moving from 4 to 3 workers, to demonstrate how
the on-demand and asynchronous state migration processes
are executed. Figure 12 includes two critical points: i) how
the state is distributed before and immediately after the
migration request, which removes worker4, and i i) how
transactions can directly request keys; this action directly
triggers their migration (on-demand). For example, a trans-
action, T1 = {

k1, k5
}
, which starts executing in the new

configuration, interacts with keys k1 and k5. Since k1 is
already located in its post-rehash destination, it is in-place.
However, k5 is found in its old location and needs to be
migrated on-demand before T1 can complete, corresponding
to the migration phase 1 suggested in Figure 11. The rest
of the keys originating from the old partitions, assuming no
other active transaction accesses them, are migrated asyn-
chronously in the background, corresponding to migration
phase 2 .

8.4 Maintaining Guarantees DuringMigration

Both state migration approaches need to preserve Styx’s cor-
rectness guarantees, namely: i) exactly-once processing, i i)
determinism, i i i) serializable transactional guarantees and,
iv) exactly-once output. For the S&R method, maintain-
ing correctness is straightforward since it stops execution,
shuffles the data, and restarts. It does not affect any of the
already-in-place mechanisms of Styx detailed in Section 7.
Thus, in this subsection, we will primarily explain how the
OnlineMigrationmethod’s operation satisfies Styx’s correct-
ness guarantees.

Styx maintains deterministic execution and serializability
guarantees throughout OnlineMigration.When a transaction
requires access to a key located in another worker (trigger-
ing On-Demand Migration), the worker blocks execution
until that key is received. This procedure is safe because
Styx’s single-process coroutine approach ensures that no
other transaction on the same worker can simultaneously
request the same key. Transactions can operate only on
fully available, up-to-date keys, and migrations are aligned
with epochs to ensure consistency. Additionally, the asyn-
chronous phase of Online Migration is performed only after
the call-graph of all transactions within the epoch has been
discovered. At that point, all the requested key transfers of
the on-demand migration phase are guaranteed to have been
completed.Moreover, fault tolerance remains unaffected; if a
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failure occurs, Styx will recover from the latest snapshot and
restart the migration without compromising correctness. For
the same reason, exactly-once processing and output remain
unaffected by the migration mechanism.

Finally, the only critical point to be addressed in both
the S&R and Online migration methods is out-of-partition
events due to client-server partitioningmisalignment. In Sec-
tion 8.1, we explained the two new mechanisms of Styx that
address this issue, namely Shadow Partitions and global off-
set restoration. Shadow partitions are used temporarily to
reroute out-of-partition transactions from Kafka, ensuring
that the correct worker and partition process the incoming
transaction. To fully address this issue, the Kafka offset
progress that may be affected by two different workers is
restored by the coordinator before it is stored in a snap-
shot. This coordination ensures exactly-once processing in
the case of failure during state migration.

9 Evaluation

We evaluate Styx by answering the following questions:

– Section (9.2) How does Styx compare to State-of-the-Art
serializable transactional SFaaS systems?

– Section (9.2) How does Styx perform under skewed
workload?

– Section (9.3) How well does Styx scale?
– Section (9.4) Does the snapshotting mechanism affect
performance?

– Section (9.5)Howwell do different statemigrationmech-
anisms work in Styx?

9.1 Setup

Systems Under Test In the evaluation, we include SFaaS
systems that provide serializable transactional guarantees.
Those are:
Beldi [64]/Boki [33] Both systems use a variant of two-
phase commit and Nightcore [34] as their function runtime
and store their data in DynamoDB. Additionally, Boki is
deployed with the latest improvements of Halfmoon [52].
T-Statefun [29] T-Statefunmaintains the state and the coordi-
nation of the two-phase commit protocol within an Apache
Flink cluster and ships the relevant state to remote state-
less functions for execution. For fault tolerance, it relies on a
RocksDBstate backend that performs incremental snapshots.
Styx Styx is implemented in Python 3.13, contains the opti-
mizations mentioned in Section 8.1 and uses coroutines to
enable asynchronous concurrent execution. Apache Kafka is
used as an ingress/egress, and Minio/S3 as a remote persis-
tent store for Styx’s incremental snapshots. Finally, Styx is a

standalone containerized system that works on top of Docker
and Kubernetes for ease of deployment.
Workloads/Benchmarks Table 1 summarizes the three
workloads used in the experiments.
YSCB-T [17]Weuse a variant ofYCSB-T [17], inwhich each
transaction consists of two reads and twowrites. The concrete
scenario is as follows: First, we create 10.000 bank accounts
(keys) and perform transactions in which a debtor attempts
to transfer credit to a creditor. This transfer is subject to a
check of the debtor’s creditworthiness to ensure the payment
can be fulfilled. If not, a rollback is required. The selection
of a relatively small number of keys is deliberate: we want to
assess the system’s ability to sustain transactions under high
contention. In addition, for the experiment depicted in Fig-
ure 14 (skewed distribution), we select the debtor key based
on a uniform distribution and the creditor based on a Zipfian
distribution, where we can vary the level of contention by
modifying the Zipfian coefficient.
Deathstar [24] We employ Deathstar [24], as adapted to
SFaaS workloads by the authors of Beldi [64]. It consists
of two workloads: i) the Movie workload implements a
movie-review service inwhich userswrite reviews ofmovies.
i i) the Travel workload implements a travel reservation ser-
vice where users search for hotels and flights, sort them
by price/distance/rate, find recommendations, and transac-
tionally reserve hotel rooms and flights. Both Deathstar
workloads followauniformdistribution.Note that T-Statefun
could not be used in these experiments because it does not
support range queries.
TPC-C [41] The prime transactional benchmark target-
ing OLTP systems is TPC-C [41]. In our evaluation, we
employ the NewOrder and Payment transactions, and we
had to rewrite them into the SFaaS paradigm, splitting the
NewOrder transaction into 20-50 function calls (one call for
each item in the NewOrder transaction) and the Payment
transaction into 8 function calls. TPC-C scales in size/parti-
tions by increasing the number of warehouses represented
in the benchmark. While a single warehouse results in a
skewed workload (all transactions are directed to the same
warehouse), increasing the number of warehouses reduces
contention, thereby allowing higher throughput and lower
latency. Note that the TPC-C experiments do not include
Beldi, Boki, or T-Statefun because they are not supported.
State Migration Experiments The workloads used in our
state migration experiments follow the SotA transactional
approaches [3, 18], which are the YCSB [14] and TPC-C
benchmarks. We use two YCSB datasets: a smaller dataset
with 1million records (1GB) for small-state experiments and
a larger onewith 10million records (10GB).Each record con-
sists of a primary key and 10 columns containing 100-byte
randomly generated strings. We follow the workload con-
figuration from [18], which includes two transaction types:
15% of operations perform a single-record update, while the
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Table 1 Workload
characteristics.

Scenario #keys Function Calls Transactions %

YCSB-T 10k 2 100%

Deathstar Movie 2k 9-10 0%

Deathstar Travel 2k 3 0.5%

TPC-C 1m-100m 8 / 20-50 100%

remaining 85% perform a single-record read. It is important
to note that YCSB differs from the YCSB-T variant men-
tioned above. InYCSB-T, keys and values are single integers,
which lead to small state sizes and limits the evaluation of
state migration scenarios. For TPC-C, we reuse the setup
described in Section 9.1 and generate two datasets, a small
one (10 warehouses, 1GB) and a larger one (100warehouses,
10GB). All tables in both benchmarks are partitioned into 16
parts.
Resources For Beldi/Boki, T-Statefun, and Styx, we allo-
cated a total of 112 CPUs, each with 2 GB of RAM,
matching the configuration presented in the original Boki
paper [33]. Additionally, across all evaluation scenarios,
the data fit within memory on all systems. Unless stated
otherwise, Styx and T-Statefun are configured to perform
incremental snapshots every 10 seconds. All external sys-
tems, i.e.,DynamoDB(Beldi, Boki),Minio, andKafka (Styx,
T-Statefun), are configured with three replicas for fault tol-
erance.
External Systems Boki and Beldi use a fully managed AWS
DynamoDB instance, which does not specify the number
of resources it consumes and is in addition to the 112 CPUs
assigned to Boki and Beldi. Similarly, the resources assigned
to Minio/S3 (Styx and T-Statefun) are not accounted for.
Metrics Our goal is to observe systems’ behavior, measured
by their latency while varying the input throughput.
Input/Output throughput represents the number of transac-
tions submitted per second to the system under test. As input
throughput increases during an experiment, we expect the
latency of individual transactions to rise until aborts begin
to occur due to contention or high load. In the migration
experiments, we also display the output throughput, which is
the number of transaction responses Styx produces per sec-
ond. During migration, we expect i) the input throughput to
remain stable, since we do not pause the clients, and i i) the
output throughput to decrease.
Latency represents the time interval between submitting a
transaction and the reported time when the transaction is
committed/aborted. In Styx and T-Statefun, the latency timer
starts when a transaction is submitted in the input queue
(Kafka) and stops when the system reports the transaction as
committed/aborted in the output queue. Similarly, in Beldi
andBoki, latency is the time betweenwhen the input gateway
receives a transaction and when the gateway reports that the

transaction has been committed/aborted. In all latency exper-
iments, we report the median latency (50p) and tail latency
(99p).
Migration Interval An important migration-only metric is
the migration interval, or how long the migration process
takes. To demonstrate this, we plot the start and end migra-
tion timestamps across all state migration experiments.

9.2 Latency vs. Throughput

We first study the latency-throughput tradeoff of all systems.
We keep the number of resources allocated to the systems
constant (112CPUs)while progressively increasing the input
throughput. We measure the transaction latency. As depicted
in Figure 13, Styx outperforms its baseline systems by at
least an order of magnitude. Specifically, in YCSB-T Figure
(13a), Styx achieves a performance improvement of ~20x in
terms of throughput against T-Statefun, which ranks second.
In addition, Styx outperforms Boki by ~30x in Deathstar’s
travel reservation workload Figure (13b) and by ~35x in
Deathstar’s movie review Figure 13c) workload. Finally, in
the TPC-C benchmark Figure (13d), which requires a large
number of function calls per transaction (20-50), we observe
that Styx’s performance improves as we increase the input
throughput for different numbers of warehouses, reaching
up to 3K TPS with sub-second 99th percentile latency (100
warehouses).
Aborts & Throughput Beldi and Boki follow a no-wait-die
concurrency control approach, which leads to a significant
amount of aborts as the throughput increases. Styx and T-
Statefun do not use such a transaction abort mechanism.
Instead, they execute all transactions to completion. This
difference in transaction handling under high load makes
latency comparisons across systems difficult. For this rea-
son, in Figure 14, we plot the results of Styx and T-Statefun
and present the performance of Beldi and Boki in a separate
table (Figure 2), alongside their abort rates.

We observe the following: i) at the highest level of con-
tention (Zip f ian at 0.999) Styx achieves at least 2000
TPS, outperforming the rest by ~5-10x in terms of effective
throughput, i i) both Beldi and Boki (that run at their maxi-
mum sustainable throughput) abort more transactions as the
level of contention increases (~40-70%), which significantly
impacts their effectiveness as shown in Table 2, and i i i) Styx
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Fig. 13 Evaluation in different scenarios. T-Statefun does not support range queries required by the Deathstar workloads. TPC-C is only supported
by Styx

Fig. 14 Latency evaluation for varying levels of contention (0.0 - 0.999)
with YCSB-T (skewed). We ran Styx with two input-throughput vari-
ations to clearly demonstrate its behavior under contention. Note that
Styx and T-Statefun execute all transactions to completion (abort%=0)

shows an increase in latency only in high levels of contention
(Zip f ian > 0.99) while executing at ~4x higher throughput
than the rest.
Optimizations’ Impact We evaluate the impact of individ-
ual optimizations on the transactional execution path of Styx
by rerunning TPC-Cwith 100 warehouses under four config-
urations: all optimizations enabled, without composite keys
(NO_CK), without compression (NO_COMP), and without

the fallback cache (NO_FC). Figure 15 reports p50 and p99
latencies across input throughput.

Overall, the optimizations have little impact on median
latency, indicating that steady-state transactional perfor-
mance is primarily dominated by the core transactional
protocol. The fallback cache is the main exception, reducing
p50 latency by approximately 15-25% beyond 3,000 TPS,
p99 latency by 5-25% in all throughputs, and significantly
stabilizing latency near saturation. Disabling composite keys
primarily affects p99 latency under high load, whereas com-
pression has a negligible impact in this OLTP-heavy setting
because messages remain relatively small.
Takeaway These results show that Styx’s performance gains
are not driven by auxiliary engineering optimizations, but
stem from a transactional core that remains efficient and
robust, with optimizations mainly improving tail behavior
and system stability under high load.
RuntimeBreakdown InTable 3,we showwhere the systems
under test spend their processing time. We use YCSB-T for
this purpose since it is the only benchmark supported by all
the systems (Section 9.1). We measured the median latency
while all systems were operating at 100 TPS for 60 seconds,

Table 2 Evaluation of Boki and Beldi for varying levels of contention with YCSB-T. We report the abort ratio and the committed transaction rate,
and omit latency because the systems do not execute all transactions to completion. Both run at their maximum sustainable throughput.

0.0 0.2 0.4 0.6 0.8 0.9 0.99 0.999

Beldi Abort % 47.93 45.54 44.31 47.28 52.40 56.06 61.62 60.70

CMT TPS 104 108 111 105 95 76 76 78

Boki Abort % 48.77 48.23 49.54 51.82 61.29 68.50 74.47 70.71

CMT TPS 359 362 353 337 271 220 179 205
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Fig. 15 Ablation study of Styx optimizations. We report p50 and p99
latency for TPC-C with 100 warehouses under different optimization
configurations

Table 3 Performance breakdown of all systems. (median latency - per-
centage from the total)

System Function Execution Networking State Access

Styx 0.31ms - 2.2% 13.43ms - 95.6% 0.30ms - 2.2%

Boki 1.1ms - 3.3% 16.1ms - 49% 15.68ms - 47.7%

T-Statefun 2.76ms - 2.2% 92.12ms - 74.3% 29.11ms - 23.5%

Beldi 1.01ms - 0.7% 56.58ms - 38.4% 89.57ms - 60.9%

Fig. 16 Scalability of Styx on YCSB-T with varying percentages of
multi-partition transactions

and averaged the proportions of function execution, network-
ing, and state access across all committed transactions. The
key observations are: i) Styx’s co-location of processing and
state resulted in minimal state access latency, and i i) Styx’s
asynchronous networking enabled lower network latency.
Takeaway The performance advantages of Styx across all
experiments are enabled by the following three properties
and design choices: i) the co-location of processing and state
with efficient networking as shown in Figure 3, contrary to
the other systems that have to transfer the state to their func-
tion execution engines; i i) the asynchronous snapshots with
delta maps for fault tolerance compared to the replication of
Beldi/Boki and theLSM-tree-based incremental snapshots of
T-Statefun; i i i) the efficient transaction execution protocol
employed in Styx compared to the two-phase commit used
by Styx’s competition.

9.3 Scalability

In this experiment, we test the scalability of Styx by increas-
ing the number of Styx workers. Each worker is assigned 1

Fig. 17 Impact of Styx’s snapshotting on performance

Fig. 18 Styx’s behavior during recovery

CPU and a state of 1 million keys.Wemeasure the maximum
throughput on YCSB-T. The goal is to calculate the speedup
of operations as the input throughput and number of work-
ers scale together. In addition, we control the percentage of
multi-partition transactions in theworkload, i.e., transactions
that span across workers. In Figure 16, we observe that in all
settings, Styx retains near-linear scalability. Finally, Styx dis-
plays the expected behavior as the number of multi-partition
transactions increases.

9.4 Fault-Tolerance Evaluation

Effect of Snapshots In Figure 17, we depict the impact of the
asynchronous incremental snapshots to Styx’s performance.
In both figures, we indicate the start and end times of each
snapshot. The state includes 1 million keys, and we use a
1-second snapshot interval. Styx is deployed with four 1-
CPU workers, and the input transaction arrival rate is fixed
to 3K YCSB-T TPS. In Figure 17a, we observe that during
a snapshot operation, Styx shows virtually no performance
degradation in throughput. In Figure 17b, we observe aminor
increase in the end-to-end latency in some snapshots. The
reason for that is the concurrent snapshotting thread, which
competes with the transaction execution thread during snap-
shotting. At the same time, it must temporarily block the
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Fig. 19 Big State 10 GB Scale Up: Latency (top row) and Throughput (bottom row)

Fig. 20 Small State 1GB Scale Up: Latency (top row) and Throughput (bottom row)

transaction execution thread to copy the corresponding oper-
ator’s state delta.
Recovery Time In Figure 18, we evaluate the recovery pro-
cess of Styx with the same parameters as in Figure 17. We
reboot a Styx worker at ~13.5 seconds. It takes Styx’s coordi-
nator roughly a second to detect the failure. After the reboot,
the coordinator re-registers the worker and notifies all work-
ers to load the most recent complete snapshot, merge any
uncompacted deltas, and use the message broker offsets for
that snapshot. The recovery time is also observed in the
latency (Figure 18b) that is ~2.5 seconds (time to detect the
failure in addition to the time to complete recovery). In terms
of throughput (Figure 18a), we observe Styx working on its
maximum throughput after recovery completes to keep up
with the backlog and the input throughput.

9.5 State Migration Experiments on Styx

In this section, we evaluate the state migration mechanism of
Styx for maintaining sustainable throughput during scaling
up and downwhile repartitioning the entire state. The reparti-
tioning operation entails substantial data movement because
Styx’s partitioner is hash-based.

9.5.1 State Migration Results

We have run YCSB and TPC-C workloads at scale-up and
scale-down with both large and small state sizes.
Scale-Down In the scale-down scenario, we go from 16 Styx
1-CPU workers down to 12, in addition to repartitioning the
state to the same number of partitions. In Figure 21, we
observe that the S&R method in both YCSB and TPC-C
incurs very high latency (tens of seconds), 14 seconds of
downtime in YCSB and 43 seconds of downtime in TPC-C
whilemigrating and repartitioning 10GBof data. TheOnline
method displays a) a minor latency hike related to the rehash
operation at the beginning of the migration phase in both
workloads that does not exceed 10 seconds, and b) minimal
downtime that is close to 5 seconds in YCSB and 10 sec-
onds in TPC-C. In YCSB, both in small and large state, the
migration takes around the same timewith aminor advantage
compared to the S&R method. By contrast, on TPC-C, the
Online method takes twice as long because TPC-C contains
more keys that must be transferred, and the async migration
is configured to transfer 5,000 keys per transactional epoch.

In Figure 22 depicting the experiment with the smaller
state, we observe the same trends, but the migration impact
is much smaller.
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Scale-Up In the scale-up scenario, we go from 12 Styx
1-CPU workers up to 16, in addition to repartitioning the
state to the same number of partitions. In Figures 19 and 20
that display the big and small state scale-up experiments,
we observe similar behavior to the scale-down experiments,
which is to be expected since both migration methods are
agnostic to scale-up/down semantics. The only difference is
that migration takes longer since 16 threads perform the ini-
tial rehashing phase in the scale-down experiment versus 12
in the scale-up.
Takeaways In general, the Online migration method out-
performs the S&R method in all the critical performance
indicators such as i) downtime,where theOnlinemigration is
at least 4x faster than stop and restart and i i) the peak latency,
which does not go above 10 seconds, and once the hashes are
computed and Styx catches up to the input, the transactions
instantly drop to sub-second latencies. It is important to note
that the only metric on which the Online method falls behind
is migration time, which can be explained by the fact that the
fault-tolerance mechanism is disabled during migration and
that the rollback window in the event of failure is larger.

10 RelatedWork

Dataflow Systems Support for fault-tolerant execution in the
cloud with exactly-once guarantees [7, 20] is one of the main
drivers behind the wide adoption of modern dataflow sys-
tems. However, they lack a general and developer-friendly
programming model that supports transactions and provides
a naturalway to program function-to-function calls. Closer to
the spirit of Styx are Ciel [47] and Noria [26]. Ciel proposes
a language and runtime for distributed, fault-tolerant com-
putations that support control flow. Noria addresses the view
maintenance problem through a dataflow architecture that
quickly propagates updates to clients, targeting web-based,
read-heavy computations. However, neither provides a trans-
actional model for workflows of functions such as Styx.
State Migration Prior work has explored state migra-
tion across transactional and stream processing systems.
Squall [18] performs live state migration by locking affected
partitions via a dedicated transaction, enabling on-demand
data movement but relying on DBMS-level deadlock han-
dling and range partitioning assumptions. Clay [53] incre-
mentally migrates frequently co-accessed keys using a cost
model to balance migration overhead and transaction per-
formance. Albatross [15] targets shared-storage systems,
incrementally copying in-memory caches and active trans-
action state while relying on two-phase commit to ensure
consistency. Meces [27] enables fine-grained, on-demand
state migration in stream processing systems using markers
and guarantees exactly-once semantics, but does not consider
transactions. Rhino [16] focuses on query reconfiguration in

stream processing systems,maintaining state replicas via vir-
tual nodes, but similarly lacks transactional support.
Autoscaling Several works address dynamic reconfiguration
in SPEs. DS2 [35] is a control-based autoscaler that leverages
operator arrival and processing rates, scaling all operators
in a single step by exploiting the streaming query topol-
ogy and progressively computing the optimal per-operator
parallelism. Dhalion [21] adopts a control-based approach
using backpressure signals, such as load skew and slow
instances, to detect resource contention and trigger scaling
actions. DRS [23] applies queuing-theoretic models under
steady-state assumptions to capture the impact of provisioned
resources, providing amore structured framework for latency
estimation than approaches based on backpressure or arrival
rates. Finally, the Horizontal Pod Autoscaler (HPA) [1], the
default Kubernetes autoscaling mechanism, scales deploy-
ments horizontally based on user-defined target metrics (e.g.,
average CPU or memory utilization). Styx currently does not
support autoscaling policies; we leave this for future work.

11 FutureWork

Stateful Serverless Architecture State migration enables
dynamic reconfiguration in Styx, enabling fully autonomous
autoscaling. A key direction for future work is the design
of an autoscaling mechanism that leverages runtime metrics
to detect load imbalances and trigger resource rebalancing,
allowing Styx to adapt transparently to workload changes in
a serverless manner.
Replication for High Availability In the Styx architec-
ture, replication is only applied in the snapshot store and
the Input/Output queues to ensure fault tolerance. For high-
availability, Styx could adopt replication mechanisms from
deterministic databases. Specifically, the design of determin-
istic transaction protocols, such as Calvin [61], features state
replicas that require no explicit synchronization. First, the
sequencer replicas need to agree on the order of execution.
After that, the deterministic sequencing algorithmguarantees
that the resulting state will be the same across partition/-
worker replicas by all replicas executing state updates in the
same order.

12 Conclusion

This paper presented Styx, a distributed streaming dataflow
system that supports multi-partition transactions with seri-
alizable isolation through a high-level Python programming
model that abstracts away transaction failure handling. Styx
integrates deterministic transaction execution with exactly-
once dataflow processing, enabling end-to-end transactional
guarantees across arbitrary function orchestrations. Exper-
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Fig. 21 Big State (10GB) Scale Down: Latency (top row) and Throughput (bottom row)

Fig. 22 Small State 1GB Scale Down: Latency (top row) and Throughput (bottom row)

imental results show that Styx outperforms state-of-the-art
systems by at least one order of magnitude in throughput.
Moreover, Styx takes a step toward a serverless architecture
by introducing a high-performance state migration mecha-
nism that enables near-zero-downtime elasticity.
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is not included in the article’s Creative Commons licence and your
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ons.org/licenses/by/4.0/.
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