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“If you think you have a limit, as soon as you touch this limit, something happens, then
you suddenly can go a little bit further. With your mind power, your determination, your
instinct and your experience as well, you can fly very high.”
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Obol: From Imperative Code to Distributed Workflows

by Stavros Alexandros Dimakos

Serverless computing has transformed how distributed applications are built, en-
abling developers to deploy event-driven, scalable services without managing in-
frastructure. Early work on extending this paradigm to stateful applications through
Stateful Function-as-a-Service (SFaaS) has shown that co-locating state with com-
pute, effectively eliminating the “shipping data to code” problem, yields signifi-
cant gains in throughput and latency. Systems such as Styx demonstrate that SFaaS
can deliver serializable, exactly-once transactional guarantees across arbitrary func-
tion call-graphs at high performance. However, these performance benefits come
at a cost: developers must decompose naturally sequential workflows into chains
of asynchronous callbacks, manually managing continuations, context serialization,
and distributed control flow, pulling attention away from business logic and toward
distributed coordination.

In this thesis, we present Obol, a compiler-driven approach that raises the level of
abstraction for SFaaS programming. Obol allows developers to express distributed
stateful workflows as ordinary sequential, object-oriented code, and automatically
compiles it to the asynchronous message-passing form required by the underly-
ing runtime. We show that a multi-stage compiler pipeline can translate standard
object-oriented constructs into correct distributed dataflow programs without sac-
rificing the transactional guarantees of the target runtime. We evaluate Obol on
the YCSB and TPC-C benchmarks and demonstrate that the compiled code tracks
hand-written operator latency to within a few percent up to saturation and satu-
rates only modestly earlier. The residual gap is not compilation overhead, which a
control workload isolates at essentially zero, but the cost of Obol’s structured reply
routing relative to hand-tuned callback wiring, a cost that the available concurrency
constructs and optimizations significantly decrease.
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Chapter 1

Introduction

Consider one of the simplest operations an e-commerce store can perform: a user
buys an item. In code, it reads exactly as a programmer would naturally write it, a
balance check, a stock update, and a few assignments:

def buy_item(self, amount: int, item: Item) -> bool:
total_price = amount * item.get_price()
if self.balance < total_price:
raise NotEnoughBalance("Not enough balance.")

item.update_stock(-amount)
self.balance -= total_price
self .myitems.append (item)
return True

LISTING 1: Python implementation of a buy_item transaction

Run this on a single machine, and it works. But a single machine only takes you
so far: as load grows, the User and Item entities have to be spread across separate
workers, and the moment they are, the code above stops working. The two now
communicate over the network instead of shared memory, so each cross-entity call
becomes a message, the local stack frame is destroyed at every suspension point,
and the method must be decomposed by hand into a chain of callbacks, each car-
rying its own serialized context dictionary, return-address record, and explicit state-
persistence call [9]. This is the stack-ripping problem [14], resurrected at a new layer
of the stack.

Existing approaches to this gap create certain trade-offs. Workflow orchestra-
tors such as AWS Step Functions [3] and Apache Airflow [1] push coordination into
a separate declarative artifact that lives outside the application, breaking the local-
ity that object-oriented code provides. Durable execution systems such as Azure
Durable Functions [5] and Temporal [44] keep coordination in the application’s lan-
guage but achieve durability through deterministic replay: the runtime journals an
execution’s effects and reconstructs failed runs by re-executing the code against that
history. For replay to be sound the code must be deterministic, so it cannot read the
clock, generate random numbers, use native concurrency, or perform I/O outside
SDK-provided wrappers. In both cases, the developer pays for durability either by
leaving the language or by writing in a restricted dialect of it.

Recent stateful Function-as-a-Service (SFaaS) runtimes such as Styx [32] repre-
sent a closer approximation. Styx co-locates state with compute, provides serial-
izable transactions across arbitrary function call-graphs, and achieves exactly-once
semantics through asynchronous barrier snapshotting [7]. Durability comes from
the runtime rather than from replay, and the language remains unrestricted. How-
ever, the developer-facing API remains low-level: cross-entity interactions are still
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expressed as explicit asynchronous message dispatches, and the eight-line method
above (Listing 1) must still be authored by hand as separate event-driven callbacks.

The most direct attempt to raise this level of abstraction is Stateful Entities [51],
which first showed that imperative object-oriented Python can be compiled into a
stateful dataflow by splitting each method at its remote-call boundaries. It estab-
lishes the feasibility of the source-to-dataflow approach we build on, but coordi-
nates cross-entity calls through a centralized execution graph and inherits only the
message-level guarantees of the target dataflow engine, leaving serializable cross-
entity transactions, recursion, and concurrent dispatch out of reach.

We present Obol, a compiler that closes the remaining gap. Obol takes type-
annotated sequential Python and produces an equivalent program of asynchronous
Styx operator functions connected by explicit message-passing. The transforma-
tion threads live variables through a backward dataflow analysis, reifies loops as
tail-recursive step functions, reconstructs the distributed call stack as a serializable
record, and supports fan-out of independent calls into persistent synchronization
barriers, all without weakening the underlying runtime’s transactional guarantees.
The developer writes the eight-line transaction; the compiler produces the distributed
counterpart.

The contributions of this work are as follows:

¢ A high-level programming model for distributed stateful applications. We
define a class-based, imperative programming model for distributed stateful
workflows, realized on an SFaaS runtime. Entities are expressed as anno-
tated Python classes, with state managed implicitly and cross-entity interac-
tions written as standard method calls. The model supports common Python
control flow constructs, including loops, nested conditionals, and recursion.

¢ A CPS-based compiler for imperative Python control flow. We present a
multi-stage pipeline that translates high-level entity methods into Styx-compatible
operator chains, handling arbitrarily nested control flow and asynchronous
fan-out, with a live-variable analysis used to minimize the context serialized
across asynchronous boundaries.

* An evaluation on standard transactional workloads. We evaluate Obol on
YCSB [10] and TPC-C [46] against hand-written Styx operator code, show-
ing that the compiled code stays close to hand-written Styx, saturating only
marginally earlier, when the available concurrency constructs are used.

Obol is evidence for a broader claim: the stack-ripping problem in distributed
systems is not a fundamental constraint of the programming model, but a conse-
quence of working at the wrong level of abstraction.

The full implementation of Obol is available in the Styx repository at: https://
github.com/delftdata/styx/tree/main/obol.


https://github.com/delftdata/styx/tree/main/obol
https://github.com/delftdata/styx/tree/main/obol

Chapter 2

Background

2.1 Function-as-a-Service

FaaS represents the departure from traditional on-premise infrastructure toward
serverless computing. By abstracting the underlying hardware and middleware,
FaaS$ allows developers to deploy modular code without the operational burden of
server management. In this ecosystem, the cloud provider dynamically manages the
allocation of resources, enabling developers to focus exclusively on application logic
rather than backend maintenance [23].

The primary advantage of Faa$ is its improvement of operational efficiency and
cost management. Because functions are inherently event-driven, there is no cost
associated with idle server time between executions: resources are provisioned only
when triggered by a specific event, such as an API call or a database update, and
are immediately decommissioned once the task is complete. This pay-per-execution
model eliminates the financial waste of maintaining over-provisioned hardware.
Faa$ also provides inherent scalability, as the cloud provider automatically manages
the underlying compute power to meet fluctuating demand, allowing developers to
focus entirely on code quality rather than capacity planning. Popular FaaS solutions
include AWS Lambda, Azure Functions, and Google Cloud Functions [13].

2.2 Stack Ripping

In traditional synchronous programming, the compiler automatically manages the
execution state of a function using the call stack. Each stack frame tracks the instruc-
tion pointer, local variables, and return addresses, providing a linear and predictable
execution trace. However, this model becomes untenable in event-driven architec-
tures. Because asynchronous functions must return control to the event loop while
waiting for external events, the local stack frame is destroyed, forcing the program-
mer to manually capture and preserve state in the heap. This process, known as stack
ripping, requires fragmenting single logical tasks into multiple continuation objects
or callbacks. Early research identified this as a critical issue because it obscures the
natural control flow, making it significantly more difficult for developers to reason
about, debug, and maintain complex applications [14, 47, 26].

To address these challenges, research projects such as Tame [25] demonstrated
that a compiler could automate state management by leveraging coroutines. Unlike
standard functions that adhere to a strict last-in-first-out execution order, coroutines
act as generalized control structures that allow execution to be suspended and later
resumed at specific yield points. By transforming seemingly sequential code into a
stackless coroutine state machine, the compiler can automatically lift local variables
from the ephemeral stack into a persistent heap-allocated object. This evolution
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eventually culminated in the widespread adoption of the async/await paradigm,
which hides the underlying stack ripping from the developer by maintaining the
illusion of a continuous call stack while execution is multiplexed by an event loop.

However, the rise of serverless and stateful FaaS runtimes has brought the prob-
lem of stack ripping full circle, though at a different layer of the stack. In these
serverless environments, a single logical workflow is executed across multiple phys-
ical machines, meaning execution state cannot simply reside in the local memory
of a single process. Because a traditional call stack cannot exist between differ-
ent servers, state must be explicitly captured, serialized into a portable format, and
moved across the network to a new execution context. Recent research, such as the
Beldi [49] system, highlights that this necessitates distributed fault tolerance where
every operation must be atomically logged alongside its current step number to en-
sure exactly-once semantics. In this context, the developer is once again forced to
adopt event-driven abstractions to manage state across distributed boundaries, as
the lack of a unified distributed coroutine mechanism recreates the original stack-
ripping dilemma on a macro scale [19].

2.3 Stateful Serverless and Durable Execution

To address certain limitations of stateless FaaS, the Stateful Function-as-a-Service
(SFaaS) paradigm co-locates state with compute. Rather than externalizing persis-
tent state to a remote database, an SFaaS runtime manages state directly alongside
the functions that operate on it, routing each invocation to the worker that owns the
relevant data. Existing systems fall into three broad design families.

Log-based SFaaS Beldi[49], Boki [22], and Halfmoon [34] provide exactly-once se-
mantics by journaling every invocation and state operation on a durable log. Beldi
runs on unmodified commercial FaaS platforms; Boki is a purpose-built runtime that
exposes a shared-log API to functions; and Halfmoon shows that, rather than sym-
metrically logging both reads and writes, it suffices to log only one side asymmet-
rically while still preserving exactly-once semantics. In all three, developers write
business logic against a wrapper library that issues journaled read, write, invoke,
and transaction calls.

Durable execution Another family lets developers write orchestrator functions in
a general-purpose language. The runtime journals the orchestrator’s decisions to a
persistent event history and, on failure or rescheduling, replays the code from the
start, skipping completed calls by returning their recorded results from the history.
Azure Durable Functions [5] and Temporal [44] are the canonical examples. Replay
correctness requires the orchestrator to be deterministic: no direct clock reads, no
random number generation, no native concurrency, and no side-effectful I/O out-
side SDK-provided wrappers.

Dataflow-based SFaaS A third family co-locates state with computation on top of
a streaming-dataflow runtime. Apache Flink Stateful Functions [45] exposes ad-
dressable stateful functions over Flink and inherits exactly-once processing from
asynchronous barrier snapshotting [7], an adaptation of the Chandy-Lamport global-
snapshot protocol [8] for acyclic streaming dataflow graphs. Cloudburst [40] also
belongs to this family in spirit, co-locating Python functions with caches over Anna,
a key-value store, but its compute-tier fault tolerance is whole-DAG re-execution
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rather than barrier snapshotting. Styx [32] belongs to this family and is the runtime
we target: it combines asynchronous barrier snapshotting with a deterministic trans-
actional protocol, giving arbitrary function call-graphs serializable, exactly-once se-
mantics without two-phase commit. We target Styx because it offers state-of-the-art
SFaaS performance while providing exactly the transactional guarantees Obol re-
quires.

2.3.1 The Low-Level Operator API

Styx provides a Python APIbased on two abstractions: the Operator and the StatefulFunction.
An Operator represents a partitioned stateful entity, similar to a database table or ac-
tor class. Its key space is distributed across workers. Functions are registered using
@operator.register and act as entry points.

Each function receives a ctx object of type StatefulFunction, which provides ac-
cess to state and communication:

* ctx.get () returns the value at the current key, or None.

* ctx.put(value) updates the value at the current key.

* ctx.key returns the current key.

® ctx.batch_insert(dict) inserts multiple key-value pairs.

® ctx.call_remote_async(operator_name, function_name, key, params) invokes
a function on another operator.

The call_remote_async primitive enables cross-entity transactions. All calls are
tracked as part of the same transaction, which completes only after all invoked func-
tions finish. Since it does not return a value, operations that require results must
be split into two functions. The remote function returns results by calling a second
function on the original operator. This pattern reflects the stack-ripping problem
(Section 2.2), where sequential logic is split into callbacks. The high-level model
presented next (Chapter 3) automates this process.

24 Programming Languages

Continuation-Passing Style. Instandard direct-style programming, a function com-
putes a value and returns it to its caller implicitly via the call stack. Continuation-
Passing Style (CPS) makes this control flow explicit: instead of returning a value,
every function receives an additional argument, the continuation, representing the
remainder of the computation, and invokes it with the result upon completion. First
used as a compiler intermediate representation by Steele [41] and later systematized
by Appel [2] and revisited by Kennedy [24], CPS has the useful property of flatten-
ing nested expressions into a strict sequence of named intermediate steps, making
every control transfer syntactically visible. Plotkin’s correctness results [30], namely
Indifference, Simulation, and Translation, establish that the CPS transform faithfully
encodes source-level evaluation and that CPS-transformed terms are themselves in-
sensitive to evaluation order. In our distributed setting, this evaluation-order in-
sensitivity enables the scheduling freedom the runtime requires. This makes CPS
the natural tool for compiling async/await: the compiler automates the transforma-
tion that a developer would otherwise perform manually when splitting a function
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at each suspension point. The technique underlies async/await in F# [43], asyn-
chronous C# [4], JavaScript, Python (PEP 492) [36], and C++20 coroutines; it is also
the standard tool for stackless web continuations [29]. Obol applies the same mech-
anism, where its target is not a thread-local event loop but a distributed runtime
where continuations travel as network messages.

A-Normal Form. A direct-style counterpart of CPS is A-Normal Form (ANF), intro-
duced by Flanagan, Sabry, Duba, and Felleisen [15]. In ANF, every non-trivial sub-
expression is hoisted into a 1et-bound temporary so that evaluation order is syntac-
tically explicit: f(g(x), h(y)) becomes let t1 = g(x) in let t2 = h(y) in f(t1,
t2). Flanagan et al. showed that ANF and CPS are closely related via semantics-
preserving translations up to administrative reductions, and that many CPS-level
optimizations can be expressed as corresponding ANF transformations.

Defunctionalization. A continuation in CPS is naturally represented as a closure,
a function paired with the local variables it captures from its lexical environment.
While closures are convenient within a single process, they are typically non-portable,
since standard implementations rely on in-memory function pointers and heap ad-
dresses that cannot be serialized across a network or written to persistent storage.
Defunctionalization, introduced by Reynolds [35] and later formalized by Danvy and
Nielsen [12] and extended to polymorphic settings by Pottier and Gauthier [31], is
a whole-program transformation that eliminates higher-order functions by replac-
ing each distinct closure with a unique first-order data tag and lifting its captured
variables into an explicit record. A single global apply function then dispatches on
the tag to recover the original behaviour. The result is a program that passes only
plain, inspectable data structures in place of opaque function values, which is a pre-
requisite for continuations that must survive serialization to persistent storage or
transmission across a network.



Chapter 3

The Obol Programming Model

Object-oriented programming endures as the dominant paradigm for application
code because it mirrors how domain experts describe their problems: stateful en-
tities with identities, encapsulated behaviour, and interactions written as ordinary
method calls. Programmers reach for it precisely because the code reads as the busi-
ness logic it encodes. This alignment breaks down once those entities are distributed,
and the developer is forced back into callbacks, manual continuations, and explicit
message dispatch. Obol’s design goal is to restore the alignment: a developer should
write a distributed stateful workflow as ordinary sequential, object-oriented Python,
and the compiler should produce a distributed program with the same semantics.
The surface remains familiar (classes, methods, fields, calls) while the compiler han-
dles the routing, state persistence, and continuation synthesis that would otherwise
need to be written by hand. The abstraction must do this without weakening the
transactional guarantees of the underlying runtime: every property a developer re-
lies on when writing against the low-level Styx API must continue to hold when
writing against Obol.

This section describes the resulting programming model. We first introduce what
the developer writes (Section 3.1), then the coordination work the model handles
implicitly (Section 3.2), followed by the control flow and concurrency constructs that
span both (Section 3.3). A short discussion of the semantics Obol preserves closes
the section.

3.1 Writing Obol Programs

We illustrate the model through a small e-commerce application used as a running
example throughout the rest of the paper. The application has two central entities: an
Itemrepresenting a product with a name, price, and stock level, and a User represent-
ing a customer with a balance and a list of purchased items. The main transaction is
buy_item, in which a User retrieves an Item’s price, checks affordability, decrements
stock, and records the purchase.

In Obol, this reads as:
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Q@entity
class User:
def __init__(self, name: str, balance: int):
self .name = name
self.balance = balance
self .myitems: list[Item] = []

def __key__(self) -> str:
return self.name

def buy_item(self, amount: int, item: Item) -> bool:
total_price = amount * item.get_price()
if self.balance < total_price:
raise NotEnoughBalance("Not enough balance.")
item.update_stock(-amount)
self.balance -= total_price
self .myitems.append (item)
return True

LISTING 2: The User entity and its buy_item method as written in
Obol.

Four constructs make up the surface.

Entities. A distributed stateful object is a Python class annotated with eentity. Its
instance attributes form the entity’s persistent state, declared in __init__ just as in
ordinary Python. There is no separate schema language and no state-store API to
learn.

Keys. Every entity defines a __key__ method returning its routing key. The runtime
uses this key to partition instances across workers and route messages. Composite
keys are expressed as tuples: a Review entity jointly identified by a user and an item
returns (self.user_name, self.item_name) from __key__. The type checker verifies
that any key passed in matches the tuple’s component types.

Methods. Methods are plain Python functions over self and parameters. They are
written to execute sequentially from start to finish. The developer never writes async
def, never awaits a remote call, and never serializes a context dictionary by hand.

Calls. A call from one entity to another, such as item.get_price() in buy_item, is
written identically to a local method call. The developer does not name a target
operator, construct a message, or register a callback. From their viewpoint, the call
returns a value and execution proceeds with that value in scope.

When a developer needs to obtain a reference to a remote entity by key rather
than receiving one as a parameter, the model provides the get_entity_by_key helper,
which serves as a compile-time hint carrying the target entity type and key. The
compiler replaces each occurrence with the appropriate runtime key reference.

3.2 The Programming Surface

The four surface constructs are deliberately sparse. Everything else, the coordination
work that makes a distributed program correct, is handled implicitly.
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State persistence. The developer never calls a save() or commit () method. Mod-
ifications to an entity’s instance attributes are persisted by the runtime before each
remote dispatch, so any worker that subsequently observes the entity sees its latest
state.

Routing. Every cross-entity call is routed to the worker that owns the callee’s key,
transparently to the caller. Whether the callee resides on the same worker or a remote
one has no syntactic effect.

Continuation management. The developer writes no context dictionaries, names
no callback functions, and manages no distributed call stack. The compiler parti-
tions each method at its remote call sites and synthesizes the chain of step functions
that carries live variables across each asynchronous boundary. The mechanism is
described in Chapter 4.

Type-driven dispatch. No annotation marks a call as remote. The compiler infers
it from the type of the receiver: a call on a value whose type resolves to an Gentity
class compiles to an asynchronous dispatch; everything else compiles to an ordinary
local call. The programmer writes one kind of call, and the type system decides
which it is.

3.3 Control Flow and Concurrency

To express realistic workflows, the model must go beyond straight-line sequences of
calls: it supports branching, loops, and recursion, as well as independent calls that
need not block on one another.

Standard control flow. Entity methods may use Python’s ordinary control flow:
if /else, while and for loops, recursion, and break/continue. Remote calls may
appear at any point within these constructs, including inside loop bodies, across
branches of a conditional, or along a recursive call chain. The developer writes the
loop or the recursion as they would in a single-process program; the compiler is
responsible for preserving its semantics across the asynchronous boundaries intro-
duced by each remote call. Chapter 4 describes how this is done, and Chapter 6 lists
the Python constructs that fall outside the supported subset.

Concurrent dispatch. Strictly sequential composition forfeits a key advantage of a
distributed runtime: independent remote calls can travel in parallel. Obol exposes
two constructs for this. The first is a fire-and-forget dispatch, which issues a remote
call without registering a continuation and lets the caller proceed immediately; the
call’s return value is suppressed and cannot be observed by the caller. The second is
a fan-out/fan-in primitive that issues a group of independent remote calls concur-
rently and binds their results once all have completed, with total latency bounded by
the slowest of the round-trips rather than their sum. The semantics mirror Python’s
asyncio.gather, but the underlying synchronization barrier is persistent and sur-
vives worker failure. Chapter 4 describes how both constructs are compiled.
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Asynchrony at the call site, not the definition. This is a deliberate design choice.
Every cross-entity call in Obol is asynchronous at the runtime level, but the pro-
gramming model expresses this distinction at the call site rather than at the method
definition. A bare call compiles to an asynchronous dispatch whose continuation
awaits the reply, recovering await-style sequential composition without requiring
every method to be annotated async. A send_async call compiles to a dispatch with
no continuation. The result is a single uniform method signature, with the concur-
rency mode decided where the call is made.

Preservation of runtime semantics. The abstraction imposes no additional dis-
tributed coordination cost. Each cross-entity call in the source compiles to exactly
one asynchronous dispatch in the output; no additional round-trips, state reads,
or coordination messages are introduced by the translation. State partitioning re-
mains entity-local, and the generated step functions execute directly within the Styx
dataflow engine, inheriting its serializable, exactly-once transactional guarantees
without modification. The abstraction removes the burden of expressing these prop-
erties manually; it does not weaken them.
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Chapter 4

Architecture

The compiler is organized as a multi-stage transformation pipeline, shown in Fig-
ure 4.1. It takes type-annotated Python source code and produces an equivalent
program made up of stateful operator functions connected through explicit asyn-
chronous message passing.

The core of the pipeline is the function splitting pass, which partitions each method
at its remote-call boundaries into a chain of operator functions. This pass has two
prerequisites: a flat statement list with at most one remote call per statement, and
statically resolved receiver types to determine each continuation’s target operator.
The stages that precede it exist to establish both, so we present the pipeline in ex-
ecution order. We first describe the syntactic preparation passes that flatten each
method into a linear statement list (Section 4.1). We then cover the type resolu-
tion pass that identifies which call sites target remote entities (Section 4.2) and the
reply-to stack that routes return values across asynchronous message boundaries
(Section 4.3). With both prerequisites in place, we present function splitting itself
(Section 4.4) and its extension to loops, branches (Section 4.5) and recursion (Sec-
tion 4.6). Finally, we describe the constructs Obol provides for concurrent dispatch
(Section 4.7), which let independent remote calls overlap rather than execute strictly
in sequence.

The transformation is based on continuation-passing style (CPS) and defunction-
alization. Instead of returning values through the call stack, each function passes its
result forward to explicitly named step functions. Any local variables that would
normally be captured in a closure are stored in a serializable context record. The
generated step functions act as defunctionalized continuations.

All stages operate on a shared intermediate representation based on the Python
concrete syntax tree, produced by LibCST [21]. This representation is processed
through a series of visitors and transformers. The pipeline assumes that the input
program is type correct. Because Python’s type system is optional, the compiler
requires explicit type annotations wherever stateful objects are used, and it rejects
programs that cannot be fully resolved through static analysis.

4.1 Flattening and Comprehension Expansion

The function splitter can only locate split points (remote call boundaries) if every
remote call appears as a standalone, top-level assignment statement within a linear
block. Three preparatory passes establish this invariant before function splitting
takes place.

The first is a comprehension expansion pass, which rewrites list, set, and dictio-
nary comprehensions that contain entity method calls into equivalent explicit loops.
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Generator expressions that contain entity method calls are instead rejected at com-
pile time, since eagerly materializing a lazy generator would change its observable
behaviour and break semantic equivalence.

As an example, consider the inventory_value method, which sums the prices of
a user’s items using a list comprehension:

def inventory_value(self) -> int:
total_value = sum([item.get_price() for item in self.myitems])
return total_value

Because item.get_price() is a remote call, the comprehension cannot survive into
function splitting. The pass rewrites it into an explicit for loop that accumulates
results into a temporary variable, which is then passed to sum:

def inventory_value(self) -> int:
_comp_result_1 = []
for item in self.myitems:
_comp_result_1.append(item.get_price())
total_value = sum(_comp_result_1)
return total_value

The pass processes comprehensions outermost-first, iterating until none remain in
the block. This handles nested cases such as [£f(x) for x in [g(y) for y in items]].
Set and dictionary comprehensions are treated analogously, with the accumulator
initialised as set () or {} respectively. The correctness of this expansion follows
directly from Python’s definition of comprehensions as syntactic sugar for explicit
loops; the pass is essentially a desugaring step.

The generated for loop deliberately leaks its iteration variable into the enclosing
scope, unlike a Python 3 comprehension, so that the splitter’s live-variable capture
can see and restore it across asynchronous steps.

We describe the linearization pass before the short-circuit guarding pass, since
the latter exists to support the former. The linearization pass handles remote calls
that appear as subexpressions within larger expressions, hoisting each one into a
temporary assignment so that every remote call appears as a standalone statement.
This can be considered a partial conversion to A-Normal Form.

total_price = amount * item.get_price()

is rewritten into two statements:

attr_1 = item.get_price()
total_price = amount * attr_1

This applies recursively to chained and nested calls. Beyond simple expression con-
texts, the linearizer must also handle remote calls that appear inside loop conditions.
A loop-unaware extraction would hoist the remote call into an assignment before the
loop header, evaluating it only once rather than on each iteration. To preserve the
correct semantics, the linearizer instead rewrites the condition into the loop body;,
transforming the loop into an unconditional while True with an explicit break. For
example:

def drain_stock(self, item: Item) -> int:
total = 0
while 0 < (item.get_stock() - 1):
item.update_stock(-1)
total += 1
return total
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is rewritten by hoisting the condition into the loop body:

def drain_stock(self, item: Item) -> int:
total = 0O
while True:
attr_2 = item.get_stock()
if not (0 < attr_2 - 1):
break
item.update_stock(-1)
total += 1
return total

The remote call now appears as an assignment at the top of the loop body, so it is
linearized on every iteration rather than evaluated once before the loop.

The linearization pass introduces a subtle semantic issue. Python’s and and or
operators short-circuit: the right-hand operand is only evaluated if the left-hand
operand does not determine the result. A naive linearizer would hoist a remote call
out of such a conditional context, causing it to execute unconditionally and poten-
tially raising an error that the short-circuit was intended to prevent. Consider:

def is_in_stock(self, item: Optional[Item]) -> bool:
return item is not None and item.get_stock() > 0

This case is handled by the second pass, short-circuit guarding, which preserves short-
circuit semantics by introducing a temporary variable for the guarding condition
and placing the remote call inside a conditional block:

def is_in_stock(self, item: Optional[Item]) -> bool:
_sc_1 = item is not None
if _sc_1:
attr_1 = item.get_stock()
_sc_1 = attr_1 > 0
return _sc_1

The remote call is now only reached when the guarding condition holds. The pass
handles both and and or chains, applies recursively to nested boolean expressions,
and runs before the linearizer so that the resulting if-guarded calls are themselves
handled correctly by the subsequent pass.

4.2 Type Resolution

Type resolution serves one essential purpose: identifying which call sites target state-
ful remote entities without requiring any explicit annotation or compile hint from the
developer beyond the type signatures. In the input programming model, classes
decorated with centity represent distributed stateful objects managed by the run-
time. Consider the buy_item method (Listing 2): the call item.get_price() is syntac-
tically indistinguishable from any ordinary method call, but because item is typed
as Item (an entity class) the compiler must transform it into an asynchronous remote
invocation. The compiler uses the mypy metadata to resolve the type of the receiver
at each call site and determine whether it belongs to a known entity class. Call sites
that cannot be resolved due to missing annotations are rejected at this stage, enforc-
ing the invariant that the full message-passing structure of the output program is
determined statically.
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4.3 The Reply-To Stack

Before describing function splitting, we look at how return values are routed back
through a chain of asynchronous calls. In synchronous execution this is handled
implicitly by the call stack: when function A calls B which calls C, the stack records
where each callee must return to and the runtime unwinds it automatically. In a
distributed setting no such shared stack exists, so the compiler must construct an
explicit substitute that plays the same role across asynchronous message boundaries.

Every compiled function receives a reply_to parameter, which is a stack of dis-
tributed return address records. Each record is a dictionary containing four fields:
op_name and fun identifying the operator and function to invoke when the current
computation completes, id carrying the key of the entity instance to invoke it on,
and context holding a unique id that keys into the callee’s persistent function con-
text store, where the saved local variables for that frame are held. This is defunction-
alization in the sense of [35]: each continuation that would naturally be represented
as a closure is replaced by a serializable first-order data record, and the generated
step functions collectively act as the global apply function that dispatches on it.

Two generated helper functions manage this stack. push_continuation is called
before a remote dispatch: it serializes the current local variables into the opera-
tor’s persistent context store under a new id, appends the return address record to
reply_to, and returns the updated stack. send_reply is called at the end of a function
to return a value: it pops the top record from reply_to and fires an asynchronous
remote call back to the address encoded in that record, passing the remaining stack
along so the reply can propagate further up the call chain. If reply_to is empty the
function is a top-level entry point and simply returns the result directly.

Together, the two helpers let a chain of compiled step functions maintain a dis-
tributed continuation stack with no centralized coordinator.

4.4 Function Splitting

With the preparatory passes in place, we reach the core of the pipeline: the function
splitting pass. It partitions a method body at its remote-call boundaries into a chain
of step functions, each executing synchronously up to a single remote call before
suspending. At every boundary, the pass captures the variables live at that point
and makes them available to the continuation that resumes once the remote call
returns.

The Splitting Algorithm

For acyclic code — methods whose control flow graph contains no loops or branches
— the splitting algorithm is straightforward. The pass scans the linearized state-
ment list sequentially. When it encounters a method call on an instance whose type
resolves to a known entity class, it recognizes this as a remote call and performs a
split: the statements before the remote call remain in the current function, the remote
callis replaced by an asynchronous invocation preceded by a push_continuation call,
and all subsequent statements are moved into a new step function. Since no state-
ment is ever revisited, the function can simply be cut at each remote call site, and
a function with n remote calls produces exactly n + 1 functions in total. Loops and
conditional branches require additional treatment and are discussed in Section 4.5.
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Context Capturing

Because the runtime executes each step function as an independent invocation, pos-
sibly on a different worker, local variables do not persist across steps. The com-
piler therefore runs a backward may-analysis over each entity method’s control-
flow graph (CFG) to determine, at every split point, the minimal set of variables
that must be preserved across the asynchronous boundary. A variable is live if some
future path may read it before overwriting it: reading a name adds it to the live set,
a definition removes it, and the set at a join is the union of the incoming sets. Names
are resolved to local scope, so imports, attribute accesses, and globally bound iden-
tifiers are excluded. Each statement then records the variables live on entry and exit,
and at every remote call the splitter intersects the live-out (live on exit) set with the
variables actually defined so far along the current path, since a variable may be live
across both branches of a conditional yet assigned in only one, to decide what to cap-
ture. For loops it also distinguishes the live set at the loop header, used when a con-
tinuation re-enters the loop, from the set at the loop exit, used when execution falls
through. The analysis itself is provided by the LibCST-dfa package [38], a LibCST-
based data-flow analysis framework that implements the monotone-framework ap-
proach of FlowSpec [39].

At each split point, the live variables are packaged into a serializable dictionary
and stored in the operator’s persistent function context under a unique identifier,
and the corresponding return address is appended to the reply stack. The continu-
ation step function receives this identifier as a parameter and restores the variables
at the start of its body before proceeding. Once restored, the entry is removed from
the context store as part of the same transactional step, so a completed frame leaves
no residue and the store does not accumulate stale context across a transaction’s
lifetime. As a local optimization, when a continuation is invoked on the same oper-
ator without crossing a network boundary, the context dictionary is passed directly
rather than written to and read back from the persistent store.

Example: buy_item

With all these steps in place, we can trace the full compilation of buy_item. The
source method (Listing 3) issues two remote calls in sequence: item.get_price() to
retrieve the unit price and item.update_stock() to decrement inventory. After the
linearization pass, the expression amount * item.get_price() is split into a separate
assignment, so the function body presents two top-level remote call statements. The
splitting pass therefore produces three step functions (Listing 4).

def buy_item(self, amount: int, item: Item) -> bool:
total_price = amount * item.get_price()

if self.balance < total_price:
raise NotEnoughBalance("Not enough balance.")
item.update_stock(-amount)

self .balance -= total_price

self .myitems.append(item)
return True

LISTING 3: Original buy_item
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Quser_operator.register
async def buy_item(ctx: StatefulFunction, amount: int, item: str, reply_to: list =
< None) -> bool:
reply_to = push_continuation(
ctx, reply_to, 'user', 'buy_item_step_2', ctx.key,
{'amount': amount, 'item': item}
)
ctx.call_remote_async(
operator_name='item', function_name='get_price',
key=item, params=(reply_to,)

Quser_operator.register
async def buy_item_step_Q(ctX: StatefulFunction, func_context, attr_1=None, reply_to:
< list = Nomne):

__state__ = ctx.get() or {}

params = resolve_context(ctx, func_context)

(amount, item) = (params.get('amount'), params.get('item'))

total_price = amount * attr_1
if __state__['balance'] < total_price:
raise NotEnoughBalance("Not enough balance.")

# ... push_continuation to serialize live context ...
ctx.put(__state__) # update entity state
# ... dispatch to update_stock ...

Quser_operator.register
async def buy_item_step_3(ctx: StatefulFunction, func_context,
— placeholder_return=None, reply_to: list = None) :

# ... restore context ...

__state__['balance'] -= total_price
__state__['myitems'] .append(item)
ctx.put(__state__)

return send_reply(ctx, reply_to, True)

LISTING 4: Compiled output of buy_item

Figure 4.2 traces the runtime execution. buy_item pushes a return address record
for buy_item_step_2 onto reply_to, packages amount and item into the context pay-
load, and fires the remote get_price call. The item operator responds to buy_item_step_2
with attr_1 bound to the returned price and func_context holding the unique identi-
fier under which amount and item were stored. It restores those variables, computes
total_price, and checks the balance guard. Before dispatching the second remote
call it pushes a return address for buy_item_step_3. Here the live-variable analysis
reduces the context payload: amount and attr_1 are no longer live past this point and
are not serialized, so only item and total_price are carried forward.

Note that entity type annotations are updated in the output: the parameter item:
Item becomes item: str, because in the distributed setting an entity reference is rep-
resented by its key, whose type is determined from the __key__ method of the entity
class.

4.5 Compiling Loops and Branches

Acyclic code with remote calls maps cleanly onto CPS chains, because the splitting
pass can process the statement list top-to-bottom and cut at each remote call site
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without ever revisiting a statement. Control flow structures break this property: a
loop body is executed an unknown number of times, and a conditional produces
divergent successor statements whose live variables and continuation chains must
be tracked independently. The compiler generalises the splitting algorithm to han-
dle these cases by emitting one registered step function per control-flow join point,
using the runtime’s message dispatch as the sole mechanism for transferring control
between them.

Conditional Branches

A conditional whose branches contain no remote calls is left in place: the splitting
pass treats the entire if statement as a single straight-line unit and its successor
statements remain in the same compiled function. When at least one branch contains
a remote call, the post-if statements must be emitted as a continuation reachable
from that branch. The pass therefore splits off the statements following the if into
a new step function per branch that contains a remote call, allowing each branch to
carry only the variables that are live along its own execution path into its respective
context dictionary. Branches that contain no remote call are terminated inline with
a send_reply or a direct dispatch to the appropriate successor, without pushing any
continuation.

To illustrate, consider conditional_restock, a method that restocks an item by
one unit only if a reference to the item is provided, and returns early otherwise:

def conditional_restock(self, item: Optional[Item] = None) -> str:
if item is None:
return "No item provided"
item.update_stock(1)
return "Restock complete"

LISTING 5: Original conditional_restock

The if-branch contains no remote call and terminates the method immediately, while
the else-path issues a remote call to update_stock before reaching the final return.
The compiler identifies that the post-if continuation is only reachable from the branch
that performs a remote call. The early-return branch is therefore terminated inline
with a send_reply, while the remote-call branch pushes a continuation for the re-
maining statement and dispatches to the item operator. This produces two step
functions shown in Listing 6.
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Quser_operator.register
async def conditional_restock(ctx: StatefulFunction, item: Optional[str] = None,
— reply_to: list = None) -> str:
if item is None:
# Branch with no remote call: reply immediately and terminate
return send_reply(ctx, reply_to, "No item provided")

# Branch with a remote call: push continuation and dispatch
reply_to = push_continuation(ctx, reply_to, 'user',
'conditional_restock_step_2',
ctx.key, {})
ctx.call_remote_async(operator_name='item',
function_name='update_stock',
key=item, params=(1, reply_to))

Quser_operator.register
async def conditional_restock_step_2(ctx: StatefulFunction,
func_context,
placeholder_return=None,
reply_to: list = Nomne):
# Shared post-if continuation: reached only via the remote-call branch
return send_reply(ctx, reply_to, "Restock complete")

LISTING 6: Compiled output of conditional_restock

In this case, because neither branch defines any local variables that are live at the
continuation, the context payload passed to push_continuation is empty. In general,
any variable assigned before or within one branch and read after the if would ap-
pear in the live-variable set and be serialized.

While Loops

A loop whose body contains a remote call cannot be unrolled statically. The compiler
instead reifies the loop as a recursive step function: a registered function that, when
invoked, evaluates the loop condition and either dispatches to itself (to execute an-
other iteration) or falls through to a separate post-loop step. Each iteration of the
source-level loop corresponds to one asynchronous invocation of the loop-header
step, and the loop condition is re-evaluated on each entry.

This transformation is an instance of the standard equivalence between iteration
and tail recursion [42]: the loop-header step is a tail-recursive function whose back-
edge is a tail call to itself and whose exit edge is a call to the post-loop continuation.
Under CPS, this is the natural representation of loop control flow, as there is no
primitive loop construct in the continuation-passing intermediate form and iteration
is expressed entirely through tail calls [2]. The transformation preserves the loop’s
semantics provided the loop-carried state (the variables live at the loop header) is
threaded through each invocation.

The structure produced for a loop is standardized. Given a loop in function £, the
compiler decomposes it into three kinds of step function. A loop-header step checks
the condition; if it holds, the step executes the body up to the first remote call or,
if the body contains no remote call, dispatches back to itself directly; if it does not
hold, the step dispatches to the post-loop step. A post-loop step contains the state-
ments that follow the loop in the source. Finally, one or more body-continuation steps
hold the code between successive remote calls inside the body and each terminate by
dispatching back to the loop-header step to begin the next iteration. The set of vari-

7 £“"

ables live at the loop header (the loop’s “carried state”) is packaged into the context
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dictionary at every dispatch into the header, so that accumulators and loop-scoped
bindings are restored across iterations.

The drain_stock (see Section 4.1) method illustrates the pattern. Recall that after
linearization the loop condition becomes: while True: attr_2 = item.get_stock()
; if not (0 < attr_2 - 1): break; ..., with the remote call hoisted to the top of
the body so that it is reached at the start of every iteration. The loop-header step
therefore begins with a push_continuation that registers the next step as the reply
address for get_stock, then dispatches the call:

Quser_operator.register
async def drain_stock_step_2(ctx, func_context, placeholder_return=None,
< reply_to=None):
params = resolve_context(ctx, func_context)
(item, total) = (params.get('item'), params.get('total'))
reply_to = push_continuation(ctx, reply_to, 'user',
'drain_stock_step_4', ctx.key,
{'item': item, 'total': totall})
ctx.call_remote_async(operator_name = 'item', function_name = 'get_stock', key =
< item, params = (reply_to,))

The returned stock value is received by drain_stock_step_4, which evaluates the
hoisted condition. If the condition does not hold, it dispatches to the post-loop step
drain_stock_step_3; otherwise it issues the body’s remote update_stock call with
drain_stock_step_5 as its continuation. The latter increments the accumulator and
dispatches back to drain_stock_step_2, closing the loop. The accumulator total is
live at the loop header and is therefore included in the context dictionary at each
dispatch that targets it.

For Loops

For loops over collections are handled analogously, with one additional mechanism:
because the loop-header step re-enters fresh on every iteration, the compiler cannot
rely on Python’s implicit iterator object to track position. It instead introduces an
explicit integer loop-index variable, initialises it to zero before the loop, and incre-
ments it in the body. The loop-header step compares the index against the length of
the iterable to decide whether to continue, and assigns the current element by sub-
scripting the iterable on each iteration. The index and the iterable are both included
in the loop’s live set and are therefore carried through the context dictionary at every
dispatch back to the header.

Nesting introduces no new concepts: inner loops use distinct indices and in-
ner loop-header steps are emitted alongside outer ones. A body-continuation that
follows a remote call inside the inner loop dispatches to the inner header; a body-
continuation that follows the inner loop as a whole dispatches to the outer header.
The live set grows with each level of nesting, as variables from all enclosing loops
must be preserved.

Break and Continue

With the new generated functions we can also create mappings for break and continue,
because each loop already exposes exactly the two dispatch targets these statements
need: the post-loop step and the loop-header step. The compiler rewrites break as
an unconditional dispatch to the enclosing loop’s post-loop step, and continue as
an unconditional dispatch to the enclosing loop’s header step. In both cases the



20 Chapter 4. Architecture

current live-variable set is packaged into the context dictionary of the target step ex-
actly as it would be for any other cross-step dispatch, so that any variables the target
subsequently reads are correctly restored. Both statements also terminate the cur-
rent compiled step, so statements written after them in the source are unreachable
and are not emitted into the current function; they will only appear in the compiled
output if they are reachable along some other control-flow path, in which case the
splitting pass emits them as part of the appropriate successor step.

For nested loops the dispatch target is determined by the lexically enclosing loop,
matching Python’s semantics. The compiler tracks the loop context during the split-
ting pass and resolves each break/continue against the innermost enclosing loop’s
header and post-loop step identifiers.

Scaling to Complex Control Flow

The algorithm applies recursively to arbitrarily nested combinations of these con-
structs, with the live set at each join point computed as the union along every incom-
ing path. The number of generated step functions therefore grows with control-flow
complexity rather than simply with the remote-call count, but the output always
mirrors the structure of the source.

4.6 Recursion

At a low level, recursion works because of the call stack. Every time a function
is called, the runtime creates a stack frame containing the function parameters, local
variables, a return address indicating where to continue once the call completes, and
any saved intermediate state. When the recursive call returns, the frame is popped
and execution resumes from the saved return address with the saved variables re-
stored. This is precisely the structure that the reply-to stack replicates in the dis-
tributed setting: each step function serializes its live local variables into the context
dictionary, pushes a return address record onto the reply-to stack, and dispatches
outward, with the runtime unwinding the stack by invoking each saved address in
turn as results propagate back up the chain. A recursive call therefore requires no
special treatment from the compiler: it is simply a dispatch that targets the same
operator and function name as the caller, with the reply-to stack acting as the dis-
tributed call stack, growing with each recursive invocation and unwinding naturally
as each frame completes.

Consider discounted_sum, which prices a list of items recursively, applying a dis-
count to any item above a given threshold:

def discounted_sum(self, items: list[Item], threshold: int) -> int:
if not items:
return 0O
price = items[0].get_price()
rest = self.discounted_sum(items[1:], threshold)
if price > threshold:
return rest + int(price * 0.9)
return rest + price

The compiler splits this into three step functions. The entry point handles the base
case inline and otherwise calls get_price on the head of the list, pushing a contin-
uation for step_2 with items and threshold saved into the context. When the price
arrives, step_2 saves price into the context for step_3 and dispatches discounted_sum
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on the same user operator with the tail of the list, exactly as it would any other cross-
entity call. When the recursive call eventually returns, step_3 restores price and
computes the final result.

Quser_operator.register
async def discounted_sum(ctx: StatefulFunction, items: list[str], threshold: int,
< reply_to: list = None) -> int:
if not items:
return send_reply(ctx, reply_to, 0)
attr_1 = items[0]
reply_to = push_continuation(ctx, reply_to, 'user', 'discounted_sum_step_2',
< ctx.key, {'items': items, 'threshold': threshold})
ctx.call_remote_async(operator_name='item', function_name='get_price',
< key=attr_1, params=(reply_to,))

Quser_operator.register
async def discounted_sum_step_2(ctx: StatefulFunction, func_context, price=None,
< reply_to: list = None):
params = resolve_context(ctx, func_context)
(items, threshold) = (params.get('items'), params.get('threshold'))
reply_to = push_continuation(ctx, reply_to, 'user', 'discounted_sum_step_3',
— ctx.key, {'price': price, 'threshold': threshold})
ctx.call_remote_async (operator_name='user', function_name='discounted_sum',
— key=ctx.key, params=(items[1:], threshold, reply_to))

Quser_operator.register
async def discounted_sum_step_B(ctx: StatefulFunction, func_context, rest=None,
< reply_to: list = Nomne):

# Context restoration - unique per stack frame

params = resolve_context(ctx, func_context)

(price, threshold) = (params.get('price'), params.get('threshold'))

if price > threshold:

return send_reply(ctx, reply_to, rest + int(price * 0.9))
return send_reply(ctx, reply_to, rest + price)

The correctness of this pattern under failure is inherited from Styx: each recursive
invocation is an independent transactional operator call with exactly-once seman-
tics, so partial execution of any frame is rolled back on failure without corrupting
the reply-to stack accumulated by enclosing frames.

4,7 Concurrent Execution

While the aforementioned transformations allow developers to write imperative
code that safely executes in Styx’s distributed environment, strictly sequential logic
forfeits a significant performance advantage of distributed systems: the ability to
parallelize asynchronous dispatches. To bridge this gap, Obol introduces explicit
constructs for concurrent execution.

First, we allow users to issue asynchronous requests using the send_async marker,
transforming them into a fire-and-forget pattern. To adhere to Obol’s structured
request-response lifecycle, any function invoked via a send_async chain, which breaks
away from the main execution stack, suppresses its return value.

This is a deliberate restriction relative to Styx’s low-level API. Working directly
against that API, a developer can wire up an arbitrary graph of callbacks: one func-
tion dispatches several others, each of those dispatches more, and the final reply to
the original caller is emitted by whichever function happens to complete the chain,
with no requirement that a result ever flow back to the function that issued a given
call. That freedom is precisely what forces the manual continuation tracking Obol
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exists to eliminate, since the developer alone is responsible for ensuring exactly one
reply is eventually produced and routed to the right place. Obol trades it away: ev-
ery cross-entity call either returns its result to its caller or is explicitly fire-and-forget,
and the compiler guarantees a single well-defined reply path. The result is less ex-
pressive than hand-written Styx but relieves the developer of tracking continuations
by hand and enforces a structured execution flow that mirrors the imperative source.

However, this design introduces a measurable performance trade-off: compared
to a hand-written callback graph, Obol’s structured reply path may traverse interme-
diate frames on the way back. Two subsequent mechanisms mitigate this overhead
by eliminating unnecessary routing hops and by enabling concurrent dispatch of in-
dependent operations. Together, they recover most of the performance advantage
of hand-written routing, leaving only a small residual overhead that we quantify in
Chapter 5.

Fan-out and synchronization. Fire-and-forget semantics alone are insufficient when
a computation depends on the return values of multiple independent remote opera-
tions. Consider the following function:

def get_discounted_price(self, item: Item, coupon: Coupon) -> int:
price = item.get_price()
discount = coupon.get_discount()

return max(price - discount, 0)

Under the default sequential transformation, Obol awaits the result of item.get_price ()
before dispatching the call to coupon.get_discount (). Because these are cross-entity
calls distributed across different workers, each invocation incurs a network round-
trip. Consequently, the resulting total latency is the sum of their individual network
and execution delays: Titem + Tcoupon-

Because the price of the item and the discount amount are independent, there is
no need to block the second request while waiting for the first network response. By
issuing both asynchronous messages concurrently, the optimal theoretical latency is
bounded by the slower of the two round-trips:

nlaX(Thanquoupon)

To achieve this, Obol introduces the gather construct, which enables developers
to explicitly fan out independent asynchronous requests and await their collective
resolution. Using this construct, the expression is rewritten to:

def get_discounted_price(self, item: Item, coupon: Coupon) -> int:
price, discount = gather(item.get_price(), coupon.get_discount())

discounted_price = price - discount
return max(discounted_price, 0)

Obol’s gather is designed as the distributed semantic equivalent of Python’s
standard asyncio.gather. From the developer’s perspective, it behaves identically: it
accepts multiple asynchronous invocations, executes them concurrently, and returns
an ordered tuple of their results once all have completed.

In contrast to asyncio.gather which orchestrates local coroutines on a single-
threaded event loop, the distributed nature of Styx requires Obol to translate this
abstraction into a persistent, stateful synchronization barrier. Because the calling
function’s local execution frame is destroyed after dispatching the network requests,
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the runtime must reliably track the arrival of multiple independent asynchronous
responses across potentially different workers.

When the function splitter encounters a gather statement, it translates the sin-
gle logical operation into a multi-step barrier pattern. The compiled output for the
aforementioned method demonstrates this transformation:

Quser_operator.register
async def get_discounted_price(ctx: StatefulFunction, item: str, coupon: str,
< reply_to: list = None) -> int:

# 1. Initialize the synchronization barrier

_gather_id = init_gather_barrier(ctx, total=2, saved={},

< parent_reply_to=reply_to)

# 2. Dispatch both requests with unique tags

_g_reply_0 = [{'op_name': 'user', 'fun': 'get_discounted_price_step_2',
'id': ctx.key, 'context': {'_g_barrier': _gather_id, '_g_tag':
— 0}X]

ctx.call_remote_async(operator_name='item', function_name='get_price',
key=item, params=(_g_reply_0,))

_g_reply_1 = [{'op_name': 'user', 'fun': 'get_discounted_price_step_2',
'id': ctx.key, 'context': {'_g_barrier‘: _gather_id, '_g_tag':
< 1}}1]

ctx.call_remote_async(operator_name='coupon', function_name='get_discount',
key=coupon, params=(_g_reply_1,))

Quser_operator.register
async def get_discounted_price_step_2(ctx: StatefulFunction, func_context,
_gather_partial=None, reply_to: list = None):
# 3. Synchronize incoming responses
barrier_id = func_context['_g_barrier']
_g_tag = func_context['_g_tag']
(is_complete, _g_results, saved, parent_reply_to) = update_gather_barrier(
ctx, barrier_id, _g_tag, _gather_partial)

if not is_complete:
return

# 4. Resume exzecution once all responses are collected
reply_to = parent_reply_to

price, discount = _g_results

discounted_price = price - discount

return send_reply(ctx, reply_to, max(discounted_price, 0))

The compiled output for get_discounted_price illustrates the three phases through
which Obol translates a gather into a persistent synchronization barrier: initializing
the barrier state, dispatching the remote calls concurrently, and synchronizing their
responses before resuming execution.

* Barrier Initialization: The compiler calls a helper function which allocates a
unique, persistent record in the operator’s context store. This record tracks
the expected number of responses (in this case 2), a dictionary to hold arriving
results, and the variables from the lexical environment that must be preserved.

¢ Concurrent Dispatch: Instead of chaining the remote calls sequentially, the
compiler emits consecutive instructions. All calls register the same continua-
tion function but are assigned unique integer tags for the context restoration

step.

¢ Synchronization and Resumption: As each remote worker finishes its compu-
tation, it asynchronously invokes the shared continuation step. The update_gather_barrier
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function processes the incoming message, saving the partial result under its
respective tag. If the barrier remains incomplete, the function simply returns,
yielding the worker thread back to the runtime without blocking. Upon re-
ceiving the final expected response, the barrier resolves, clears its state from
the persistent context, and returns the ordered tuple of results to the continua-
tion, allowing the synchronous business logic to proceed.

If any fanned-out call raises a domain exception, the failure propagates through
the runtime’s transactional machinery just as a sequential call’s would: the entire
invocation chain, including the barrier state and any partial results already recorded,
is rolled back under Styx’s serializable transaction boundary. A gather therefore
never resolves with a partial tuple; it either yields all results or the transaction aborts.
This differs from asyncio.gather with return_exceptions=True, which Obol does
not provide.

This mechanism extends to dynamic collections, enabling unpacking of compre-
hension expressions directly into gather (e.g., gather (x[item.get_price() for item
in items])). By orchestrating these state machine transitions at compile time, Obol
grants developers the performance benefits of concurrent asynchronous dispatch
while preserving the familiar sequential programming model.

Distributed tail-call optimization. Obol also implements a distributed tail-call op-
timization. When a step function’s final operation is returning the result of another
remote invocation, routing the response back through the intermediate entity serves
no functional purpose. Instead, the compiler forwards the original caller’s reply-to
address directly to the final invocation, allowing it to respond to the caller without
the intermediate hop. For instance, consider a transaction involving three entities:
a User, an Order, and an Inventory. If Order.confirm() performs its state mutations
and concludes by returning the result of Inventory.reserve_stock(), a naive return
path would require the response to travel from Inventory back to Order and then
to User (User — Order — Inventory — Order — User). By forwarding the reply-to
address, Inventory responds directly to User (User — Order — Inventory — User),
eliminating one network hop per delegated call.
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FIGURE 4.2: Runtime execution of the compiled buy_item transaction
across the User and Item operators. Each forward dispatch pushes a
continuation frame onto the reply_to stack and saves the live vari-
ables into the entity’s context store; each reply pops the top frame and
resumes the corresponding step function. The stack grows as remote
calls are issued and unwinds as results propagate back to the original
caller.
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Evaluation

The primary objective of Obol is to provide a high-level, imperative programming
model for distributed workflows, one that keeps programs handling complex busi-
ness logic maintainable, readable, and scalable. A natural question is what this
abstraction costs. In this section we evaluate Obol along three axes: the semantic
equivalence of the compiled code to its source, the reduction in code complexity
it achieves, and the runtime overhead it introduces relative to hand-written, low-
level Styx operator code. We assess semantic equivalence through randomized dif-
ferential testing, and the other two using two standard database benchmarks, the
Yahoo! Cloud Serving Benchmark (YCSB) [10] and the Transaction Processing Per-
formance Council Benchmark C (TPC-C) [46]: code complexity by comparing the
Obol and hand-written Styx implementations of each, and overhead by measuring
their throughput. We find that compiled programs preserve the semantics of their
source, and that the abstraction reduces developer effort substantially while remain-
ing stable up to a saturation point close to that of hand-written code.

5.1 Correctness

Any comparison against hand-written operator code is meaningful only if the com-
piled program preserves the semantics of its source. Beyond a directed suite of hand-
written comparative tests covering known-tricky constructs, we test semantic equiv-
alence with randomized differential testing in the style of compiler fuzzing cam-
paigns [48]: a seeded generator produces random sequences of entity operations,
each sequence is executed both by the original Python classes and by the compiled
operators on a live Styx deployment, and an oracle compares the two executions
after every operation.

Methodology. Each sequence instantiates a twin world: a small population of User,
Item, and Coupon entities created identically as in-memory Python objects and as
Styx entities. The generator then draws operations from a weighted table cover-
ing 29 of our e-commerce application’s entity methods, spanning every construct
the compiler supports: straight-line transactions, loops with remote calls in their
bodies and conditions, nested loops with break and continue, recursion, compre-
hensions over remote calls, short-circuit boolean expressions, cross-entity calls, and
the concurrency constructs (gather over two and three heterogeneous entities, in-
side loops, and with dynamic fan-out over a comprehension). Argument generation
is feedback-directed: generators inspect the live local state to bias inputs toward se-
mantic boundaries—purchases of exactly the affordable amount, stock decrements
of exactly the available stock, spending caps reached mid-iteration, iterables of mis-
matched lengths—which is where the control-flow splits introduced by compilation
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are most likely to diverge. Every sequence is fully determined by its seed, so any
failure reproduces from a single integer.

Oracle. The compiled program differs observably from its source in exactly the two
ways described in Chapter 3: entity references are objects locally but routing keys
on the wire, and domain exceptions raised locally are returned as error strings by
the runtime. The oracle bridges both through normalization: entity objects and key
strings are mapped to common canonical tokens (including entity-keyed dictionar-
ies and entity-valued collections), and a local exception is required to surface as its
message string, verifying that error propagation survives arbitrarily deep compiled
call chains. After every operation the oracle additionally compares the complete ob-
servable state of every live entity, which detects divergences in effects even when
return values agree, such as a continuation restoring a stale variable or a lost update
in a loop iteration.

One subtlety makes a naive reference model unsound: Styx executes each in-
vocation chain as a serializable transaction, so a domain exception rolls back all of
the chain’s state mutations, whereas plain Python does not. The reference there-
fore snapshots the entity world before each operation and restores it when a domain
exception escapes, modelling the source program under transactional-abort semantics
which the compiler must preserve. The campaign consequently exercises not only
the translation of control flow but the inherited rollback guarantee.

Results. We executed 200 sequences of 50 operations each (10,000 operations in
total). The full campaign passes: all return values, propagated error messages, and
per-operation state snapshots agree between the source and compiled executions.

Scope. The campaign is testing the compilation, not the runtime: operations are is-
sued sequentially, so serializability under concurrent contention and exactly-once
delivery under worker failure are inherited from Styx and evaluated in its own
work [32]. Fire-and-forget operations (send_async) are excluded: the construct is
a compile-time marker whose argument must not be evaluated locally, so the ref-
erence interpreter cannot execute it faithfully, and its suppressed return value and
racing effects leave no deterministic oracle in any case.

5.2 Developer Effort

Before reporting performance, we quantify the reduction in code that motivates
Obol. The metric is a proxy for the manual continuation-management burden de-
scribed in Section 2.2: the number of functions a developer must author and name,
and the lines of code they must write, to express each transaction. It is a measure of
developer effort, not a runtime result, and we keep that distinction explicit through-
out.

We compare the Obol source a developer writes against hand-written Styx op-
erator code produced by an author of the Styx system [32] for the same workloads,
the New-Order and Payment transactions from TPC-C and the transfer transaction
from YCSB. Both programs run on the same Styx runtime, so every difference re-
ported here is attributable to the abstraction. The hand-written baseline is idiomatic
Styx, written as a competent developer would write it, it is the code we benchmark
against in the remainder of this section.
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What we exclude. We report but do not count two categories of code, because they
are common to any data model and are not where the stack-ripping burden lies.
The first is schema and identity boilerplate: in Obol this is the __init__ and __key__
methods that declare each entity’s fields and routing key; in the hand-written ver-
sion the equivalent information is carried implicitly inside the dictionary literals and
composite-key strings each operator constructs. The second is trivial insert opera-
tors in the Styx baseline, each a one-line ctx.put, which Obol subsumes into entity
construction. Excluding both isolates the code that actually expresses transaction
logic and cross-entity control flow.

Counting methodology. For each transaction we count the functions that partici-
pate in its execution and their logical lines of code, where a logical line is any non-
blank, non-comment source line. On the Obol side these are the entity methods the
transaction invokes, transitively; on the Styx side they are the registered operator
functions together with the hand-written helper functions that reassemble results
across the asynchronous reply handlers. Counts were produced by static analysis of
the source.

Results. Table 5.1 reports the comparison. For the two TPC-C transactions, the
hand-written implementation requires 22 functions where Obol requires 12, and 440
logical lines where Obol requires 246, a 1.8 x reduction on both axes. For the YCSB
transfer transaction the difference is smaller, since it involves no complex control
flow and only a single cross-entity call whose result is not consumed downstream.
Both implementations use two functions, and the gap is confined to lines of code (14
versus 9).

TABLE 5.1: Developer effort per transaction: functions (Fns) authored
and logical lines of code (LLOC), excluding schema/identity boiler-
plate and trivial insert operators. Lower is better.

Obol Hand-written Styx

Transaction Fns LLOC Fns LLOC
YCSB Transfer 2 9 2 14
TPC-C New-Order 6 149 12 272
TPC-C Payment 6 97 10 168

The function-count gap measures the stack-ripping burden directly. Every cross-
entity interaction whose result is needed downstream forces the hand-written logic
to split at the remote call: the dispatching operator cannot observe the reply, so the
continuation becomes a separate registered function and the result is routed back to
a coordinator that accumulates partial responses. The New-Order coordinator alone
is made up of four such reply handlers (get_warehouse, get_district, get_customer,
get_item_with_stock) plus two helpers that detect completion and pack the result,
none corresponding to anything in the domain logic. In Obol the same transaction is
a single method whose gather expresses the fan-out directly, and the compiler syn-
thesizes the equivalent barrier and handlers. These numbers are therefore a lower
bound on the benefit, not an average. The savings track the distributed control flow
a transaction contains: transfer (YCSB), with no result aggregation, shows a small
gap, while New-Order (TPC-C), which fans out and threads results through later
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logic, shows a large one. For the complex business logic that motivates the abstrac-
tion—nested control flow, loops over remote calls, results combined across many
entities—each additional remote call whose value is consumed adds another hand-
written continuation, widening the gap.

5.3 Experimental Setup

All experiments were conducted on a single machine with two AMD EPYC 7413
24-core processors (providing 96 logical cores in total) and 503 GB of RAM. The
full dataset fits entirely within memory across all configurations. Each Styx worker
is deployed within a separate Docker container. To ensure that performance vari-
ances reflect compilation overhead alone, the system configuration was held identi-
cal across all evaluations, using 8 workers, 10 threads per worker, and a total of 80
state partitions. Each transaction executes as a single Styx invocation chain under the
runtime’s default serializable, exactly-once configuration. Finally, each benchmark
run included a 60-second warmup period to stabilize performance metrics before
recording results.

Workload generation. We drive each system with an open-loop load generator
that submits transactions at a fixed input rate, sweeping the offered rate upward
from 100 txn/s until each system saturates; the range therefore differs across work-
loads and is given by the extent of each figure’s x-axis. While the system keeps up,
achieved throughput tracks the offered rate and latency stays flat; once the offered
rate exceeds what the system can sustain, throughput plateaus and latency grows
without bound as requests queue. We report end-to-end latency at the median (p50)
and tail (p99) against offered throughput, with latency on a logarithmic axis, and
characterize each system by two quantities. The first is its stability below saturation:
how closely its latency tracks the hand-written baseline while both keep up with the
offered load. The second is its saturation point, which we define as the offered rate
at which p50 latency first crosses 1 second (1000 ms), marking the transition from the
flat, healthy regime into the overloaded regime where requests queue and latency
grows without bound. The saturation point is therefore the maximum throughput a
system sustains at acceptable latency.

Baselines. We compare three systems on the Styx runtime:

¢ Hand-written Styx is the expert-authored, low-level operator code described
in Section 5.2. It is idiomatic Styx and represents the performance ceiling we
measure the abstraction against.

¢ Obol (gather) is our compiler’s output from the sequential entity source, with
independent cross-entity reads expressed through the gather construct (Sec-
tion 3.3) so that they fan out concurrently.

¢ Obol (no gather) is the output from the same source written without gather, so
that every cross-entity call is dispatched sequentially and each reply is awaited
before the next is issued. This isolates the cost of expressing a transaction’s
independent calls as a strictly sequential chain.
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FIGURE 5.1: YCSB transfer saturation curves: offered throughput

against end-to-end latency (log axis), p50 in solid lines, p99 in dashed

lines with hollow markers. Panel (a) high-contention (1,000 keys),

panel (b) low-contention (100,000 keys). The transfer transaction is-

sues a single remote call, so one Obol curve covers both gather and
no-gather.
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YCSB'’s transfer transaction moves a fixed amount between two accounts. In Obol it
is a single entity method that debits one account and issues one remote call to credit
the other; the hand-written baseline is the corresponding pair of operator functions.
Because the transaction issues exactly one remote call, it exposes no independent dis-
patches that could be overlapped: the gather and no-gather compilations coincide,
and the only quantity that can differ between Obol and hand-written Styx is the raw
cost of the compiled continuation machinery. Transfer therefore serves as a control.
It isolates compilation overhead from the dispatch-scheduling effects that dominate
the TPC-C comparison (Section 5.5), and establishes the floor against which those
results are read.

As we will with TPC-C, we sweep the offered load under two configurations
that vary contention through the size of the key space. With 1,000 keys the load is
concentrated, so concurrent transfers frequently contend for the same accounts, with
100,000 keys the same load is spread across a key space two orders of magnitude
larger and conflicts are rare. Figure 5.1 reports both.

Results. Inboth regimes the two p50 curves are indistinguishable across the entire
pre-saturation range. From the flat, lightly loaded region near 30 ms up through the
onset of queueing, Obol tracks hand-written Styx to within measurement noise, and
the two cross the 1s saturation threshold at effectively the same offered rate: near
3x10* txn/s under high contention (1,000 keys) and near 1.4x 10° txn/s under low
contention (100,000 keys). Tail latency behaves the same way: both systems exhibit
the noisy p99 characteristic of an open-loop generator below saturation, with no
systematic separation between them.

This is the most conservative possible test of the abstraction. Transfer offers noth-
ing to optimize: a single remote call cannot be fanned out, so Obol’s output is a
straight CPS chain with the same number of network hops as the hand-written code.
That the curves overlap up to nearly the same saturation point establishes that com-
pilation in isolation costs essentially nothing, that compiled ~ hand-written when
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FIGURE 5.2: TPC-C saturation curves for two warehouse configura-

tions: offered throughput (x-axis) against end-to-end latency on a log-

arithmic axis (y-axis), p50 in solid lines, p99 in dashed lines with hol-

low markers. Panel (a) is high-contention (10 warehouses), panel (b)
low-contention (100 warehouses).

the only variable is the generated machinery. This is what licenses the reading of the
TPC-C results in Section 5.5: the gap that opens for Obol (no gather) there cannot be
attributed to compilation overhead, since that overhead is ~0 here, and must instead
be the cost of serializing independent calls that gather is able to overlap.

5.5 TPC-C

TPC-C [46] is the standard online-transaction-processing benchmark and stresses
the parts of the programming model that matter most: cross-entity transactions with
branching, loops over line items, and result aggregation across several entities. We
implement its two main transactions, New-Order and Payment, issued in an even
mix over the standard warehouse—district-customer—item—stock schema, expressed
both as Obol entities and as equivalent hand-written operators.

We again run the sweep under two warehouse configurations that place the sys-
tem in opposite contention regimes. With 100 warehouses the key space is large and
conflicts between concurrent transactions are rare, measuring throughput under low
contention. With 10 warehouses the same load is concentrated onto a tenth of the
keys, so transactions contend heavily for the same warehouse and district records,
and the time each transaction holds those hot keys becomes the dominant factor.
Figure 5.2 reports both.

Results. Below saturation, Obol (gather) and hand-written Styx track one another
closely, with Obol (gather) holding p50 within a few percent of hand-written latency
in both settings, confirming that the compiled code introduces no instability of its
own. Obol (no gather) runs at a somewhat higher latency throughout and saturates
earlier, as expected from dispatching its independent calls sequentially rather than
concurrently. The three also differ in where they leave the flat, healthy operating
range. Under high contention (Figure 5.2a) hand-written Styx crosses 1 second at
roughly 1,900 txn/s and Obol (gather) at roughly 1,700 txn/s, about 200 txn/s earlier.
Under low contention (Figure 5.2b), where the larger key space lets both reach far
higher absolute throughput, hand-written Styx saturates near 5,500 txn/s and Obol
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(gather) near 4,700 txn/s, a gap of roughly 800 txn/s. The compiled fan-out barrier
therefore reproduces the stability of expert-written reply handlers and saturates only
modestly earlier, with the absolute gap widening at the higher throughputs that low
contention permits.

The dominant gap is between the two Obol variants. Obol (no gather) saturates
far earlier in both settings, near 750 txn/s with 10 warehouses and near 2,400 txn/s
with 100 warehouses, beyond which its latency climbs by orders of magnitude. The
penalty is the price of serializing calls that could have run concurrently, not the price
of compilation, and it dwarfs the small gap between Obol (gather) and hand-written
Styx.

Takeaway. Two findings separate cleanly. The compiled code is stable: when the
source expresses the available concurrency, Obol (gather) tracks hand-written la-
tency to within a few percent up to saturation and saturates only modestly earlier.
What determines saturation is whether independent calls overlap: gather recov-
ers nearly all of hand-written Styx’s throughput, while forgoing it collapses it. The
small residual gap between Obol (gather) and hand-written Styx — roughly 200
txn/s under high contention and 800 under low — is the price of the programming
model rather than of compilation: the hand-written version exploits reply wiring
that Obol’s structured call-and-return semantics deliberately do not express (Sec-
tion 4.7), and the tail-call and gather optimizations recover most, though not all, of
that routing freedom.
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Chapter 6

Limitations and Future Work

Obol is a research prototype that automates a non-trivial source-to-source transfor-
mation, and the current implementation accepts a restricted subset of Python. A
design goal is that any construct the compiler cannot accurately translate to the dis-
tributed setting is rejected at compile time, rather than silently compiled to code with
different behaviour. The prototype approximates this goal: most of the restrictions
described below are enforced by static checks.

6.1 Unsupported Python Constructs

Several Python language features are rejected by the compiler. Lambda expressions
and nested function or class definitions cannot appear inside entity methods, as the
CPS transformation requires every continuation to be a named, registered step func-
tion. Generator expressions containing remote calls and yield statements are not
supported. The else clause on loops, context managers (with), the walrus operator,
match/case, and user-defined decorators on entity methods are not currently sup-
ported. The async/await keywords are intentionally absent from the input model,
as asynchrony is expressed at the call site rather than the definition.

Exception handling is handled only when local to a single step. A try/except
spanning a remote call would require the compiler to split the handler into a con-
tinuation reached only on the exceptional reply path, which in turn requires the
runtime to deliver exceptions as a distinct reply variant routed back up the reply-to
stack to the frame whose try block encloses the call. More fundamentally, it conflicts
with the present transactional model: a domain exception currently aborts the entire
invocation chain, since the chain is one serializable transaction. Catching an excep-
tion mid-chain would instead require the rollback to be scoped to the failed sub-call
while the enclosing transaction proceeds - that is, nested transaction boundaries or
savepoints, which Styx does not currently expose. Supporting cross-boundary ex-
ception handling is therefore not only a code-generation extension but a runtime
one. Finally, inheritance between entity classes is not modelled; each class is treated
independently. Most of these restrictions are engineering limitations rather than
fundamental constraints of the approach, and lifting them is left to future work.

6.2 Aliasing Across Remote Calls

Obol serializes the live locals captured at each split point with pickle [33], and per-
sists entity state separately through the runtime’s ctx.put/ctx.get interface. Pickle
preserves shared structure within a single serialization: if two captured locals refer-
ence the same underlying object, that sharing is reconstructed when the continuation
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restores them, so ordinary non-entity objects cross a step boundary with their inter-
nal aliasing intact. What does not survive is an alias between a local variable and
an entity’s state. A continuation restores its locals from the captured context and re-
reads the entity’s state through an independent ctx . get, so the two are reconstructed
as distinct objects even when the source created them as aliases. A reference taken
into the state before a remote call is therefore detached after it: mutations through
the reference do not reach the persisted state, and the subsequent ctx.put would in
any case overwrite them.

def restock_and_record(self, item: Item) -> None:
items = self.myitems # local alzas into entity state
item.update_stock(1) # remote call: splits the method here
items.append (item) # intended to update self.myitems

Here items aliases self.myitems when the method begins, but the update_stock call
splits the method at this point. In the continuation, items is restored from the cap-
tured context while self.myitems comes from a new state read, so the append mutates
a detached copy and the recorded purchase is lost. The mutation must instead be
written against the state directly, as self.myitems.append(item), within the step that
performs it.

This is not merely an artifact of serializing locals and state through different chan-
nels. Because each step reads the entity’s state afresh at its own entry, a continua-
tion cannot hold a live reference into the state across a suspension point: while the
method is suspended awaiting a reply, the authoritative state is the entity’s own,
which any step observes only by re-reading it, not a snapshot captured in an ear-
lier step. The restriction this imposes is that mutable entity state must be reached
through self within each step rather than through a local alias threaded across a
remote call.

6.3 Static Analysis Requirements

The compiler relies on static type information produced by mypy to identify which
call sites target remote entities. Because Python’s type system is optional, the com-
piler requires that every entity method parameter and return value carry an explicit
type annotation, and rejects programs in which any annotation is missing or cannot
be resolved to a concrete type. This is stricter than idiomatic Python but is neces-
sary for the compiler to statically determine the full message-passing structure of
the output program. For the same reason, all entity class definitions must be visible
in a single compilation unit, and entity references constructed dynamically cannot
be resolved statically and are rejected. The get_entity_by_key helper is a compile-
time marker rather than a runtime function and may only appear in contexts where
the target entity type is statically known.

6.4 Single Runtime Target

Obol currently targets Styx exclusively. The generated code uses Styx-specific prim-
itives (ctx.get, ctx.put, ctx.call_remote_async) and registers its step functions with
Styx Operator objects. Retargeting another SFaaS runtime would require adapting
this syntax and reviewing the assumptions the prototype inherits from Styx, in par-
ticular the exactly-once transactional boundary around a single invocation chain and
the partitioned state model. This is a natural extension rather than a fundamental
restriction of the approach.
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Related Work

Obol is part of a broader set of systems designed to bridge the gap between familiar
developer abstractions and the complexities of distributed execution.

Workflow orchestrators. Building non-trivial serverless applications typically re-
quires composing multiple functions into larger workflows. For long-running, multi-
step business logic, this composition is often expressed through dedicated work-
flow orchestrators. Systems like AWS Step Functions [3] and Google Cloud Work-
flows [18] define workflows declaratively as JSON or YAML state machines executed
by a standalone, separately billed cloud service. Apache Airflow [1] provides a pro-
grammatic Python interface for task definition, but it retains the same decoupled
scheduling architecture. Similarly, gg [16] utilizes a long-running coordinator to dis-
patch work to short-lived workers, and Kappa [50] addresses the related problem of
executing long-running applications across function-timeout boundaries by check-
pointing state through a central coordinator. These systems have proved successful
for coarse-grained data pipelines, where tasks are minutes-long batch jobs and inter-
task state is naturally externalized to object storage or a data warehouse. They are
a poor fit for the workloads Obol targets. The unit of work is a task rather than a
method call, so transactional cross-entity interactions cannot be expressed within a
single task. The workflow is a separate artifact from the application code, break-
ing the locality of reasoning that object-oriented programming provides. Obol stays
inside the application: the workflow is the method body, and the compiler is respon-
sible for distributing it.

A different approach to orchestration relies on deterministic replay rather than
compilation. Azure Durable Functions [5] and Temporal [44], discussed in Sec-
tion 2.3, record every external interaction of a workflow to a persistent event history.
Upon failure, the runtime re-executes the program from the beginning and returns
the recorded result instead of repeating the interaction. For this mechanism to be
safe, the workflow code must be strictly deterministic: it cannot read the system
clock, generate random numbers, spawn native threads, or perform I/O directly.
Developers must instead route operations through runtime-provided library wrap-
pers. Obol achieves durability from the opposite direction. Synchronous Python is
compiled into a message-passing call-graph executed by the Styx runtime, inheriting
exactly-once semantics from asynchronous barrier snapshotting [7]. The restrictions
Obol imposes—such as mandatory type annotations and statically resolvable entity
references—are purely constraints on static analysis, not limitations on runtime re-

play.

Compiling stateful entities to dataflow. Obol is most directly indebted to State-
ful Entities [51], from which it inherits its central premise, that distributed state-
ful workflows can be written as ordinary object-oriented Python and compiled to
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dataflow, and its core function-splitting technique. Our contribution is not the idea
of this compilation but a redesign of how it is carried out. Where Stateful Enti-
ties is deliberately runtime-agnostic, compiling to a portable intermediate repre-
sentation that runs on several dataflow engines, Obol makes the opposite choice
and targets a single runtime, Styx, exclusively. Committing to one runtime is what
makes the redesign possible and is what distinguishes Obol along three axes. First,
guarantees: by generating code directly against Styx rather than a lowest-common-
denominator IR, Obol preserves serializable, exactly-once transactions across an en-
tire cross-entity call-graph, where the runtime-agnostic approach inherits only the
message-level processing guarantees of whichever engine it targets. Second, coordi-
nation: Stateful Entities routes cross-entity calls by traversing a centralized execution
graph anchored at the originating operator, whereas Obol threads a decentralized
reply-to stack of defunctionalized continuations through the messages themselves,
with no central point of control. Third, expressiveness: because Stateful Entities
resolves nested calls by statically merging execution graphs, it cannot represent a
self-referential call, so recursion falls outside its model, and it dispatches indepen-
dent cross-entity calls strictly sequentially; Obol supports recursion directly, since
the reply-to stack is the distributed call stack, and exposes explicit constructs for
concurrent fan-out.

Closer in technique to Obol is Unum [27], which replaces centralized orches-
tration with compiler-generated, decentralized coordination implemented via per-
function logic and shared storage. Unum and Obol share the foundational insight
that distributed continuations are best handled as a compiler problem rather than a
manual burden placed on the developer. However, they target opposite ends of the
FaaS design space. Unum coordinates stateless functions whose state resides in ex-
ternal storage, whereas Obol assumes a runtime that co-locates state with compute,
leveraging the transactional guarantees of the underlying dataflow engine.

Actor systems. The entity abstraction Obol exposes is closely related to the vir-
tual actor model of Orleans [6], where addressable stateful objects are transparently
placed and activated by the runtime. Obol differs in compiling sequential method
bodies that span multiple entities into a single transactional call-graph, rather than
treating each actor invocation as an independent message.

Choreographic programming. Choreographic programming [28, 11] lets develop-
ers describe a distributed system’s interactions as a single unified program, which
a compiler then decomposes into individual per-node programs through a process
called endpoint projection. Choral [17] embeds this idea in an object-oriented lan-
guage, expressing choreographies as generic classes parameterised over roles, while
Pirouette [20] provides a higher-order typed variant with mechanised correctness
guarantees. HasChor [37] takes a functional approach, embedding choreographies
as a library abstraction in Haskell and enabling endpoint projection through stan-
dard functional combinators.

The assumption underlying all of these systems, however, is that participants
are stateless: locations exchange values but hold no persistent state, and there is no
transactional model governing their interactions. Furthermore, choreographic pro-
gramming targets a holistic, system-wide view of communication, describing the en-
tire interaction protocol among all participants from a bird’s-eye perspective. Obol’s
scope is narrower and more local: it concerns itself not with specifying cross-service
protocols but with compiling the internal logic of individual stateful entities, each
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of which may call into its peers as part of carrying out a transaction. The resulting
structure is closer to a collection of co-operating microservices than to a centrally
choreographed ensemble.
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Chapter 8

Conclusion

Distributed stateful workflows impose a significant burden on developers: what
reads as straightforward sequential logic must be manually decomposed into chains
of asynchronous callbacks, with state captured, serialized, and routed by hand, di-
verting developer attention away from business logic. This paper presented Obol,
a compiler-driven approach that eliminates this burden by allowing developers to
express distributed workflows as ordinary sequential, object-oriented code, and au-
tomatically transforming it into the asynchronous message-passing form required
by the Styx SFaaS runtime.

The core of Obol is a multi-stage compilation pipeline grounded in continuation-
passing style and defunctionalization. Starting from type-annotated source code, the
pipeline applies a series of preparatory transformations before splitting functions at
remote call boundaries, producing chains of registered step functions connected by
an explicit distributed stack. The compiler handles a wide range of control flow con-
structs and provides explicit primitives for expressing concurrent dispatch patterns
that exploit Styx’s asynchronous architecture, alongside optimizations that eliminate
unnecessary intermediate network hops.

Crucially, this abstraction introduces little to no transactional overhead. The gen-
erated code executes directly within Styx’s dataflow engine and inherits its serial-
izable, exactly-once guarantees without modification, producing an output struc-
ture that closely mirrors what a developer would write by hand against the low-
level API. Our evaluation on YCSB and TPC-C confirms this. On a workload with
no exploitable concurrency (YCSB transfer) the compiled code is indistinguishable
from hand-written Styx, isolating compilation overhead at essentially zero; on TPC-
C, once available concurrency is expressed, compiled code matches hand-written
throughput, staying within a few percent of hand-written latency up to saturation
and saturating only modestly earlier, by roughly 200 txn/s under high contention
and 800 txn/s under low contention.

By raising the level of abstraction for SFaaS programming, Obol improves the
readability, maintainability, and scalability of distributed stateful applications, al-
lowing teams to reason about complex workflows in familiar terms while the com-
piler bears the cost of distributed coordination. Obol demonstrates that the stack-
ripping problem in distributed systems is not a fundamental constraint of the pro-
gramming model, but a consequence of working at the wrong level of abstraction. A
sufficiently structured compiler can close the gap between how developers naturally
reason about stateful interactions and how those interactions must be expressed at
the runtime level, without sacrificing the performance or correctness properties that
motivate the underlying system.
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Appendix A

Reflection

The Data Science and Artificial Intelligence Technology (DSAIT) field is concerned
not only with data-driven and intelligent systems themselves but with the infras-
tructure that makes such systems scalable, reliable, and tractable to build. A per-
sistent theme at this infrastructure layer is the tension between performance and
programmability: the distributed runtimes that deliver throughput and strong exe-
cution guarantees tend to expose low-level interfaces that are awkward to program
against directly. Much of the field’s recent trajectory can be read as an effort to
close this gap by raising the level of abstraction, from declarative query languages
layered over dataflow engines, to dataframe and high-level streaming APIs, but
also to compiler-based approaches that let developers express intent in a familiar
paradigm while the system synthesizes an efficient distributed execution plan. This
thesis is positioned within that last category: it applies established programming-
languages techniques — continuation-passing style, defunctionalization, and live-
variable dataflow analysis — to a data-systems problem, the manual decomposition
of transactional cross-entity workflows, letting developers write distributed stateful
logic as ordinary sequential code that a compiler then lowers to the message-passing
form the runtime requires.

In doing so, the work draws on two research traditions that DSAIT increasingly
brings into contact. From the data-systems side, it builds on the stateful serverless
paradigm and its principle of co-locating state with compute, inheriting the trans-
actional and exactly-once guarantees that runtimes such as Styx obtain from asyn-
chronous barrier snapshotting. From the programming-languages side, it reuses
classical results on compiling sequential control flow into explicit message-passing
form. The contribution is therefore one of synthesis rather than of a single new
primitive, and it reflects a broader convergence in the field, in which the boundary
between a database and a programming language is blurring and the application
program itself becomes something a compiler can transform — much as a query
optimizer rewrites declarative SQL — into a distributed execution plan.

Positioning the work against current industry trends is equally instructive. The
dominant approaches to distributed workflows today are external orchestration (AWS
Step Functions, Airflow) and durable execution via deterministic replay (Temporal,
Azure Durable Functions), and the latter in particular is rapidly becoming the de-
fault programming model for stateful serverless applications. This thesis deliber-
ately diverges from that direction: rather than achieving durability through replay,
which constrains developers to a deterministic dialect of their language, it compiles
unrestricted sequential code against a runtime that provides durability natively, pre-
serving serializable cross-entity transactions that the replay-based model does not
express. The work is thus best understood as an exploration of an alternative point
in a design space the field is otherwise consolidating around, and its evaluation
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adopts the empirical conventions of both the systems and the PL communities to
make that comparison rigorous.

The relevance of this line of work is likely to grow rather than diminish. The
same stateful dataflow substrate that Obol targets increasingly underpins data-intensive
and Al-driven applications: feature stores, real-time inference pipelines, and the or-
chestration of long-running, stateful agentic backends all recreate the stack-ripping
problem at the application layer. As these systems become more interactive and
more stateful, the ability to write distributed coordination logic as ordinary sequen-
tial code, without surrendering transactional correctness, addresses a need that ex-
tends well beyond our current scope.
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Appendix B

Use of Generative Al Tools

The Al tools used in this work are the following: Google Gemini, Anthropic’s Claude,
and OpenAl’s ChatGPT. Their use was strictly supportive, and I retain full intellec-
tual and creative responsibility for all ideas, arguments, code, and text in this thesis.
All Al-assisted outputs were carefully reviewed, verified for accuracy, and checked
for originality before inclusion.

These tools were used in several ways. During the research phase, they assisted
in summarizing relevant literature, identifying papers for the related work section,
and exploring possible implementations and validations of the transformations used
in the code, as well as potential optimizations. During development, they were used
to help identify bugs, generate test cases, and support code refactoring; however,
the core contributions and implementation decisions remain my own. During the
writing phase, they were used to improve the clarity of drafted text and to assist
with LaTeX formatting.

All suggestions produced by these tools were critically evaluated, tested, or ver-
ified prior to use. No sensitive or confidential information was entered into any of
these tools.
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