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Abstract—Serverless platforms are widely adopted for deploy-
ing applications due to their autoscaling capabilities and pay-as-
you-go billing models. These platforms execute an application’s
functions inside ephemeral containers and scale the number of
containers based on incoming request rates. To meet service
level objectives (SLOs), they often over-provision resources by
maintaining warm containers or rapidly spawning new ones
during traffic bursts. However, this strategy frequently leads
to inefficient resource utilization, especially during periods of
low activity. Prior research addresses this issue through in-
telligent scheduling, lightweight virtualization, and container-
sharing mechanisms. More recent work aims to improve resource
utilization by remodeling the execution of a function within a
container to better separate compute and I/0O stages. Despite these
improvements, existing approaches often introduce delays during
execution and induce memory pressure under traffic bursts.

In this paper, we present Styx, a novel workflow engine that
enhances resource utilization by intelligently decoupling compute
and I/0 stages. Styx employs a fetch latency predictor that
uses real-time system metrics from both the serverless node
and the remote storage server to accurately estimate prefetch
operations, ensuring input data is available exactly when needed.
Furthermore, it offloads the output data upload operation from a
container to a host-side data service, thereby efficiently managing
provisioned memory. Our approach improves the overall memory
allocation by 32.6% when running all the serverless workflows
simultaneously when compared to Dataflower + Truffle. Addition-
ally, this method improves the tail latency and the mean latency
of a workflow by an average of 26.3% and 21%, respectively.

Index Terms—Serverless computing, Resource management,
Workflow orchestration, Function modeling, Container state
modeling

I. INTRODUCTION

Serverless computing is a popular cloud computing
paradigm that shifts the responsibility of deployment, au-
toscaling, load balancing, and fault tolerance from developers
to cloud platforms [1]-[6]. Popular cloud platforms, such as
Amazon Lambda [7], Microsoft Azure Functions [8], Google
Cloud Functions [9], and IBM Cloud Functions [10], offer
serverless computing services. It is well-suited for applications
that require high scalability and are event-driven, such as IoT,
data analytics, machine learning, and web applications [11]-
[15]. Furthermore, serverless platforms provide pay-as-you-go
billing models that charge a user only for the function execu-
tion duration. These advantages make the serverless paradigm
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cost-effective, especially when the application’s demand is
variable or unpredictable.

In a typical serverless platform, users submit their applica-
tions as a set of functions along with their invocation patterns.
Upon receiving a function request, the platform’s workflow
engine spawns a container, sends a signal to the container for
execution, and receives the response from the container. Since
containers are ephemeral and stateless in nature, functions
use a remote storage system for data exchanges. To ensure
elasticity and meet the service level objectives (SLOs) of
functions, typical platforms often over-provision resources —
by maintaining warm containers or rapidly spawning new ones
during traffic bursts. A recent Microsoft study has shown that
nearly 50% of serverless functions exhibit significant variation
in inter-arrival times [16]. As a result, containers that are
spawned during traffic bursts will remain idle in the system,
resulting in inefficient resource utilization. Therefore, the
problem of resource underutilization in a serverless platform
has become a critical concern.

To address the resource underutilization issue, prior work
has proposed intelligent resource scheduling mechanisms that
aim to allocate the desired number of containers to a function
to meet their SLOs [17]-[21]. Furthermore, prior work also
focused on designing lightweight virtualization mechanisms
and inter-function container sharing mechanisms to avoid the
necessity of maintaining idle containers in the system [22]-
[25]. These aforementioned mechanisms have matured signif-
icantly over time, and the room for improvement over these
works is minimal. The recent work on serverless platforms
now focuses on remodeling functions’ execution within a
container to improve the overall system’s resource utilization.

Serverless functions usually follow a five-stage lifecycle
during execution: initialization, data extraction, data transfor-
mation, data storage, and termination. In our experiments with
a standard input size, we observe that the extract and storage
stages consume at least 18.11% of the workflow’s execution
time. This expense is primarily due to the necessity of re-
trieving input files and storing output data in a remote storage
system. These stages primarily utilize network resources and
minimal memory bandwidth, as they perform I/O operations.
During these stages, the provisioned memory for the container
is primarily underutilized. To resolve this memory underuti-
lization, prior work has proposed the following mechanisms:
prefetching and asynchronous data upload [2], [26], [27].

In prefetching [26], we offload the data extraction stage to
a dedicated service, and the function resumes its execution
after the data is available, thereby minimizing the duration for
which a container needs to be alive. However, we observe that
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the prefetched data is accessed by a container after a delay in
our experiments, which leads to an increase in the waiting time
for a request. Conversely, in the asynchronous data upload
mechanism [2], [27], we offload the data storage stage to
a separate thread running in a container, thereby enabling
multiplexing of requests within the container. However, when
the rate of data processing exceeds the upload rate, the asyn-
chronous data upload mechanism suffers from higher response
latency. To resolve this issue, Dataflower [27] proposed a
pressure-aware function scaling mechanism that increases the
number of containers. While this approach aims to improve
performance, it can lead to a higher memory pressure in the
system.

In this paper, we propose Styx, a novel workflow engine
that addresses the aforementioned limitations by enabling
smart decoupling of the compute and I/O stages based on
predicted data availability. To ensure that prefetched data is
available precisely when needed, Styx employs a fetch latency
predictor that leverages real-time system metrics from both
the serverless node and the remote storage server to estimate
the data fetch latency accurately. To further improve memory
utilization, especially when data processing speeds exceed
upload threads’ throughput, Styx offloads the data storage
stage to a separate host-side service. This service continues
to upload output data even after the container has terminated,
thereby reducing idle containers’ occupancy in the system.

To summarize, our contributions are as follows:

1) We conduct an in-depth analysis of resource utilization
in a serverless platform to identify the stages where
resources remain underutilized.

2) Styx uses a file fetch latency predictor to ensure that
the data is available precisely when needed, thereby
reducing request waiting time.

3) Styx smartly offloads the data storage stage from a
container to a host-side service, thereby minimizing
memory wastage.

4) When executing all workflows concurrently, Styx im-
proves the memory allocation of the system by 32.6%
and reduces the tail latency and the mean latency of
workflows by 26.3% and 21% on average, respectively.

We organize the rest of the paper as follows. We provide
the relevant background on serverless platforms and object
storage systems in Section II. Subsequently, we perform a
comprehensive analysis of the resource utilization of a state-
of-the-art serverless platform that utilizes prefetching and the
asynchronous data upload mechanism in Section III. Following
this, we discuss the design of Styx in Section IV. Section V
evaluates the resource utilization and latency of a workflow
running on Styx compared to state-of-the-art solutions. We
discuss the related work in Section VI, followed by the
scope of future work in Section VII, and finally conclude in
Section VIII.

II. BACKGROUND
A. Serverless Computing

The serverless computing paradigm primarily aims to pro-
vide autoscaling and a pay-as-you-go billing model. Unlike the

microservice-based paradigm, a serverless platform represents
an application as a series of functions in the form of a
directed acyclic graph, referred to as a serverless workflow.
Upon receiving a request, the platform executes these functions
in a sandbox. The platform scales the number of containers
assigned for executing a function based on the arrival rate of
requests, thereby providing autoscaling. Moreover, the plat-
form implements a pay-as-you-go billing model by charging
a user only for the functions she has executed.

Dummy Workflow
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Fig. 1: A high-level overview of a traditional serverless
platform executing a dummy workflow.

A serverless platform primarily consists of three compo-
nents: a gateway, a coordinator, and a set of worker nodes (see
Figure 1). First, the gateway receives the request to execute an
application from a client (see (D). Subsequently, it routes the
request to a coordinator after authentication and also ensures
that a client does not exceed the specified rate limit (see @).
The coordinator employs a resource scheduling mechanism to
identify a suitable worker node for executing the serverless
workflow functions. Subsequently, the coordinator signals the
workflow engine of a worker node to execute the function
(see ®). The workflow engine then provisions a container
with a predefined memory limit and initiates the function’s
execution (see @). Upon completion, the response is sent
to the workflow engine that either initiates the succeeding
function on the same node or signals the coordinator to start it
on a different worker node. In case a function needs to transfer
data, it loads the output data to a remote data store (RDS), and
the succeeding functions extract the data from the RDS (see
(3 and ©® of Figure 1).

1) Model of a Function’s Execution: From the perspective
of a workflow engine, the operations performed within a
container after its creation are divided into five stages: initial-
ization (I), data extraction (E), data transformation (T'), data
storing (S), and termination (R) (see Figure 2). The I stage
involves receiving a signal from the workflow engine, and
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initializing variables or objects. In the F stage, the container
extracts inputs or intermediate data required by the application,
which it processes in the T stage. After processing, the
container stores the output or intermediate data on a remote
storage server during the S stage. Finally, in the R stage, the
container terminates the function and sends the response back
to the workflow engine.

RDS

Fig. 2: A granular view of a function’s execution within a
container.

B. Container’s Resource Utilization

A serverless platform runs functions inside containers along
with enforcing predefined memory limits on containers to
prevent excessive resource consumption. Prior work and our
experiments indicate that a function instance primarily utilizes
CPU and memory resources during the I, 7" and R stages [27].
In contrast, the instance relies mainly on network resources
while consuming minimal memory (up to 50 MB) when
interacting with an RDS during the E and S stages [27].
This imbalance highlights the significant underutilization of
container resources. To improve resource utilization, prior
work proposed cache mechanisms to store intermediate results
generated by a function, thereby avoiding costly RDS accesses.
Howeyver, there are functions that still need to make RDS
accesses for data requiring long-term storage requirements. In
the case of these functions, prior work has introduced two key
optimizations to improve resource utilization: prefetcher and
asynchronous data uploads. Let us elaborate.

Container 1 *

RDS

Prefetcher

Fig. 3: A granular view of a function’s execution with a
prefetcher.

1) Prefetcher: In this mechanism, we offload the F stage
from a container to a prefetcher (see Figure 3). When a
function request arrives, the coordinator selects a worker
node, and simultaneously signals its workflow engine and a
prefetcher. The workflow engine provisions a container to
execute the function. In parallel, the prefetcher parses the
HTTP request body to determine required input files, retrieves
them, and stores them in a buffer.

After the completion of input data fetching, the work-
flow engine sends a signal to the container to start function
execution. During execution, the function accesses the pre-
fetched data directly from the buffer. As a result, the resource

utilization of the system improves by reducing the duration
for which the container resources are utilized.
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Fig. 4: A granular view of a function’s execution with the
asynchronous data upload mechanism.

2) Asynchronous Data Uploads: In this mechanism, we
offload the S stage to a separate thread running within the
same container (see Figure 4). When a function request
arrives, the workflow engine schedules it on a container. Inside
the container, the execution thread carries out the function’s
execution. Once execution is complete, it signals the storage
thread to store the output data in either the RDS or the
cache, and starts executing the next function request. This
mechanism enables the container to handle two operations
concurrently — execution and storage — thereby enhancing
the overall throughput and improving the overall resource
utilization.

3) Model of a Container’s State: During the execution of a
function by a platform with the aforementioned optimizations,
a container concurrently performs two tasks — execution (£ X)
and storage (5). This design leads to three possible states
of a container: EX active, S active and EX+S active. The
EX active state signifies that only the execution thread is
running, while the S active state indicates that only the storage
thread is running. The EX+S active state represents a scenario
where both the execution and storage threads are running
concurrently. The EX active and EX+S active states utilize
the provisioned memory resources. Whereas, the S active state
primarily utilizes the network resources and a small portion of
memory resources (up to SO MB). The S active state means that
the function running inside the container has finished its com-
putation and generated its final outputs. Despite this in default
implementations, the container continues to retain memory
allocated to the function runtime, libraries, and intermediate
data until the function’s execution terminates. As a result,
memory remains unnecessarily occupied, leading to inefficient
resource utilization, as these resources could otherwise be
reclaimed and used to run additional containers.

C. Object Storage System

Since function containers are ephemeral in nature, server-
less platforms use external object storage systems, such as
MinlO [29], Ceph [30], Amazon S3 [31], Azure Blob Stor-
age [32] and Google Cloud Storage [33] to manage the data
that needs long-term requirements. These storage systems
mainly support two operations: put (upload) and get (down-
load). In this paper, we use the open-source object storage
system MinlO due to its compatibility with Amazon S3,
seamless integration with Kubernetes, and widespread use in
prior work [34]-[38].
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TABLE I: The workflows used in this paper are adopted from real-world serverless applications [11]-[15], [28]. Note: we
allocate containers of memory limit 256 MB to the face_detector, ml_normalize and ml_merge functions, while others have a

memory limit of 128 MB.

Workflow Description Functions Structure Input Size
compress reads a file from MinlO, compresses the file, F1 : compress 4.1 MB
and uploads it back to MinlO. @
retail uploads a product’s catalog information into | £} load_catalog, 49MB
CouchDB, and then uploads the product’s pic- | F» : load_pictures
tures into MinlIO.
iot filters the anomalies, computes the aggregate | F) : anomaly_filter, 7.8 MB
metrics of the filtered data, and detects trends | F» : data_analyzer, e
in the filtered data parallely, and finally uploads | F3 : trend_detector, e e
analytics data to MinlO. Fy : upload_data e
healthcare processes a patient’s consent form to determine | F} : parse_consent, 4.1MB
how their health record has to be handled. F> : data_encrypter, r@
If consent is granted, the anonymized record | F3 : data_masker
is uploaded to MinlO; otherwise, the data is
encrypted before uploading to MinlO.
detector retrieves a video file from MinlO, extracts its Fy : wvideo_decoder, 100 KB
frames, performs face detection on each frame, F> : face_detector
and uploads frames with faces back to MinlO.
Note: the face detection model is already in-
cluded in the function image, and the function
fetches only the video from an RDS during the
execution.
ml retrieves a dataset from MinlO and partitions F1 @ ml_split, F> 5MB
it into smaller shards for parallel processing, | mi_normalize, F3 e
applies min—max feature normalization to each | mi_merge
shard independently, and finally merges all a e
normalized shards into a single preprocessed @
dataset before uploading it back to MinlO.
TABLE II: System configuration
& 7.64 | 19.61 | 3.91 | 13.52 | 15.61 | 8.04
Hardware settings A
Processor Intel Xeon 6226R CPU, 2.90 GHz &
CPUs 1 Socket, 16 cores | DRAM [ 256 GB _‘._é'z’ {1 4.06 | 0.73 | 5.34 | 3.28 | 0.95 | 5.36
Software settings ° <
Linux kernel v5.15.0-56 Redis version v7.4.1 o ,\oﬁ@ 5 y
MinIO version | R2025-01-20T14-49-07Z | Docker version | v24.02 8 & B 63 SRl 1958 B
5 JZEEMCINGY 2214 (LN 27.14 | 12.75
In MinlO, the put operation involves the following steps: o
(D authenticates a request, @ extracts metadata from the QS’}\;\ {525 | 11.86 | 7.75 | 12.5 | 25.96 | 20.6
request header, Q) splits data into blocks of 1 MB each, @ . N . . : Y
. . R X NS
applies the Reed-Solomon erasure coding scheme to encode Q@(’% &@\ © v\\@& @5»0 <
the data block, (5) writes data blocks to the selected drives, ©) <,°@ & &
A

executes the fdatasync function, (7) creates a metadata file for
the object containing checksums, entity tag, and content type,
and (® sends the object’s metadata along with the status code
as a response. In contrast, the get operation follows these
steps: (D authenticates the request, Q) retrieves the object’s
metadata, Q) retrieves and reassembles the object’s data shards,
@ verifies the reassembled object’s integrity, and 3 sends the
data along with the response code.

III. CHARACTERIZATION OF A SERVERLESS PLATFORM

In this section, we evaluate the resource utilization of a
serverless platform and the breakup of workflows’ execution
latency when serving real-world serverless applications.

A. Evaluation Methodology

We evaluate the resource utilization of a state-of-the-art
serverless platform equipped with a prefetcher (Truffle [26])

Fig. 5: The percentage contribution of the init, extract, trans-
form, store, and return (termination) stages to the execution
latency of workflows listed in Table I.

and the asynchronous upload mechanism (Dataflower [27]),
on a single server node. This approach aligns with our goal of
designing an efficient workflow engine that improves resource
utilization of a node, and enabling its replication across
multiple nodes in a cluster. To ensure diverse evaluation,
we use a range of serverless workflows adapted from real-
world applications [11]-[15], [28], as listed in Table 1. These
workflows have diverse kinds of branching, parallelism and
fan-out patterns. They also have varying lengths. The system
configuration is detailed in Table II. For characterization, we
randomly pick input files of sizes ranging between 1 K B and
10 M B. This is because 70% of serverless functions process
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Fig. 6: The resource utilization of the platform when containers are in the EX active, S active, and EX+S active states during
the execution of workflows listed in Table I normalized to the overall resource utilization of the platform across all container

states.

data less than 10 MB [39]. In our setup, we deploy MinlO [29]
as an RDS (similar to [36]-[38]) on a dedicated node isolated
from application workloads (similar to [40], [41]), while Redis
serves as a local data cache (similar to [2], [27]). Note that
we evaluate each of these workflows with random input files
of varying sizes in Section V.

We assume that the inter-arrival times of workflow requests
follow a Poisson distribution [4]. To maintain a balanced load
on the framework running on our system, we identify the
maximum arrival rate for a workflow. In line with prior work,
we execute each workflow with increasing request arrival rates
and monitor the response latency [4], [42], [43]. As the arrival
rate increases, the system eventually reaches a point where the
requests starts dropping, indicating that the system’s capacity
has been reached. We identify this point in the latency—load
curve as the maximum arrival rate that the system can sustain
for that workflow.

B. Metrics for Resource Utilization

During workflow execution, a serverless platform dynam-
ically provisions containers based on the incoming request
rate, with each container reserving a predefined memory quota
on the node. To systematically assess host-level resource
utilization, we track the number of active containers serving
requests and the corresponding memory reserved by the host
over time. To quantify resource utilization, we define two
key metrics: container allocation and memory allocation. To
compute these metrics, we first generate time-series curves
that capture their respective values throughout the workflow’s
execution. Subsequently, we derive the allocation values by
computing the area under these curves, thereby providing a
comprehensive measure of resource utilization.

C. Function Level Breakdown

From the perspective of the workflow engine, we divided the
function execution into 5 stages: init (/), extract (F), transform
(T), store (S), and termination (R) (refer to Section II-Al).
We first study the contribution of these stages post-container

creation to the overall execution latency of a serverless work-
flow. For this study, we execute a workflow once and collect
the execution time of the aforementioned stages.

To measure the execution time of the aforementioned stages
within a workflow, we instrumented the functions’ code. Since
we have access to workflows’ source code, we first identified
the stages within each function and inserted timestamp mark-
ers at their entry and exit points. Each function records the
stage name, function name, and corresponding start and end
timestamps, which are appended to the function’s response
object. As the workflow progresses, subsequent functions
propagate and extend this information. When the sink function
completes, the final response object contains a complete time-
line of all stages across the workflow, which we analyze offline
to compute per-stage execution times of a workflow. Note: This
instrumentation in the function code is used only for profiling
purposes and is not required for the normal operation of Styx.

In Figure 5, we show the distribution of overall execution
latency across different stages, with an average breakdown as
follows: 12.13% for I, 3.07% for E, 29.86% for I", 40.29% for
S, and 14.65% for R. The E stage exhibits the lowest con-
tribution due to our prefetching mechanism, which retrieves
input data from an RDS before workflow execution and caches
it for a function’s access. After the E stage, we have the
I and R stages that primarily handle function initialization,
termination, and communication between a container and a
workflow engine. The T stage contributes less than the .S stage
because smaller input sizes were provided to workflows.

We observe that the amount of time a workflow’s request
spends in the S stage is in the range of 12.75% to 64.16%.
In the S stage, a workflow’s function might store data into a
local data cache or a remote storage system. We observe that
functions at the sink of a workflow significantly contribute
to the S stage due to remote storage accesses. The primary
reason for this is the fdatasync operation of MinlO, which
accounts for up to 40% of the upload cost. This operation
flushes file data to disk, thereby ensuring data durability
and consistency across object upload operations. In the retail
workflow, this contribution is the highest (= 64.16%) because
it involves uploading images to MinlO, whose size is 4.9 MB.
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1) A workflow’s request spends about 12.75% to
64.16% in the store stage for the workflows listed
in Table I. This is because the functions at the sink
perform remote storage accesses.

2) The storage stage’s contribution is higher due to the
fdatasync operation.

D. System Level Breakdown

From the perspective of resource usage, we divided a
container into 3 states: EX active, S active and EX+S active
(discussed in Section II-B3). In this section, we examine the
resource utilization of containers across these states. For this
analysis, we execute a workflow at 80% of its maximum arrival
rate while tracking the number of containers over time along
with their respective states and memory allocations (similar to
[4], [42], [43D).

In Figure 6a, we observe that 32.97%, 53.05% and 13.98%
of the overall container allocation across all container states
is utilized by containers in the EX active state, the S active
state and the EX+S active state, respectively. On the other
hand, we observe that 31.85%, 54.48% and 13.67% of the
overall memory allocation across all container states is utilized
by containers in the EX active state, the S active state and
the EX+S active state, respectively (see Figure 6b). For the
retail workflow, we observe that the majority of resources are
allocated for containers in the S active state due to the work-
load’s characteristics. During the S active state, a container is
performing only the upload operation that primarily requires
network resources and a small portion of memory resources
(up to 50MB). Therefore, we conclude that 54.48% of the
overall memory allocated by a platform is utilized inefficiently.

For the workflows outlined in Table I, 54.48% of the
memory allocated by a platform is utilized by containers in
the S active state, thereby leading to inefficient utilization
of memory resources.
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Fig. 7: The prefetch latency and the time spent in the I stage
by the source functions of workflows listed in Table I that read
input data from a remote storage.

E. Scope of Overlapping Prefetching and Initialization

When a function’s request is received, the workflow engine
instructs the prefetcher to retrieve the required input files (the

E stage), which takes p seconds. Once prefetching is complete,
the request is sent to a container that starts accessing the
data after completing the I stage, which takes 7 seconds.
In this section, we analyze the relationship between ¢ and
p to evaluate the potential performance improvements from
overlapping these operations.

In Figure 7, we show that a function request spends ap-
proximately 102.85 msec in the prefetcher, while the container
waits around 35.62msec to access the prefetched file. In
video_decoder, p is smaller than ¢ due to the small 100 KB file
size, while p exceeds 7 in anomaly_filter as it involves down-
loading a larger 7.8 MB file. By overlapping the initialization
stage and data prefetching, we can reduce the waiting time
of a request. However, if p is greater than ¢, the container
will remain idle, thereby wasting resources. To optimize
resource utilization, we need an intelligent mechanism that
can determine the correct values of p and 7. Subsequently, we
can trigger the function request after p — ¢ seconds.

Overlapping the initialization stage and prefetching mini-
mizes request waiting time. However, an intelligent mecha-
nism is needed to trigger execution at the optimal moment,
preventing the container from being idle while waiting for
data.
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Fig. 8: A high-level overview of Styx.

IV. DESIGN

In this section, we discuss the design of Styx, a novel
intra-node workflow engine that aims to reduce the memory
allocation on a node and the waiting time of requests.

A. Design Principles

In Section III, we observe that the majority of resources
are allocated to containers in the S active state, leading to
inefficient utilization of memory. This occurs because the data
upload thread retains a container while storing data on an RDS,
even after the execution has been completed. We also observe
a noticeable delay between the prefetching of data and its
access, which increases the waiting time for a request. These
insights lead to the following design decisions when handling
a function that performs remote data accesses:
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1) The I and E stages of a function should be synchronized
to ensure that data becomes available precisely when
needed — neither too early nor too late.

2) Once the T stage completes, the S stage can be offloaded
to a dedicated data service running on the host that
multiplexes the S stage of multiple requests, enhancing
overall resource utilization.

3) The function generates a soft acknowledgment after the
T stage, signaling that the container is ready to handle
new requests. Meanwhile, the data service generates a
hard acknowledgment upon completion of the S stage,
signaling that the request is completed.

B. Styx Components

Figure 8 illustrates the high-level architecture of Styx, which
consists of three core components: the Styx prefetcher, the
Styx workflow engine and the Styx data service. The Styx
prefetcher first predicts the fetch latency of an object and
sends this estimate to the Styx workflow engine. It then
fetches the object into an in-memory data store from which
the function later reads. Based on the estimated time it will
take to fetch the object, the Styx workflow engine makes
sure the object is ready exactly when the function needs it,
allowing the initialization (/) and extract (F) stages to finish
at the same time. After the transform (7°) stage completes,
the container signals the Styx data service to initiate the
storage (S) stage if an RDS is involved. Simultaneously, it
sends a soft acknowledgment to the Styx workflow engine to
trigger the execution of the next request, allowing containers
to focus solely on computation. Upon completion of the S
stage, the Styx data service sends a hard acknowledgment to
the workflow engine, marking the completion of the request’s
execution. The workflow engine subsequently triggers down-
stream dependents in the workflow only upon receiving this
hard acknowledgment. In the following sections, we discuss
the working of Styx in detail.

C. Function Registration

When a user registers an application on a serverless plat-
form, they first decompose it into individual functions. Sub-
sequently, they create a workflow definition file that rep-
resents the data flow between these functions. Each entry
in the definition file typically includes the following at-
tributes: func_name, type, input_data, and output_data.
The func_name attribute denotes the name of the func-
tion. The type attribute specifies whether the function is a
conditional branch or a normal function. The input_data
and output_data attributes define the data consumed and the
data produced by the function, respectively. We extend these
attributes to enable the prefetching of input data, and coincide
the end times of the I and F stages.

1) Attributes for Data Prefetching: To enable input data
prefetching for a function, Styx extends the input_data
attribute of functions in the definition file. For each entry
of input_data, we add the following attributes: source and
param. The source denotes if the data is available in an RDS
or a cache. The param holds a list of HTTP request body fields

TABLE III: The features and their respective data types
collected from the node and the remote storage system for
use by the fetch latency predictor.

Features | Data type Features Data type

cpu_util 4-byte float | #active_upload_reqs 4-byte unsigned int
net_util 4-byte float | #active_download_reqs | 4-byte unsigned int
disk_util 4-byte float | #active_MinlO_reqs 4-byte unsigned int
mem_util | 4-byte float | filesize (MB) 4-byte unsigned int

that must be parsed to extract essential information, such as
the access token, bucket name and object name. Note that
the definition file is part of the serverless platform, which is a
trusted entity; therefore, sharing the access token for the object
store is not a security violation [26].

2) Attributes for End Time Coinciding: To enable the
coinciding of the end times of the / and E stages of a
function, we extend the entry of a workflow definition file with
an additional attribute ¢nit_insts. This attribute represents
the number of instructions executed during the I stage of
the function, which is input size independent. The developer
provides this value during the function registration process.
The platform first profiles the function initialization stage to
derive its instructions-per-cycle (IPC) value. It then derives
the time taken by the I stage of a function (¢nit_time) using
Equation 1. Therefore, the platform can derive the init_time
regardless of the system configuration. The Styx workflow
engine utilizes the init_time value to decide at which point
in time a function is needed to be triggered.

init_insts

it time — |
e tme IPC x CPU frequency M

D. Function Request

In a serverless platform, users initiate function execution
by sending an HTTP request containing input parameters
and their values [44]-[46]. After authentication, the platform
assigns the request to the workflow engine of a suitable node.
The Styx workflow engine maps the request to a container for
execution. It analyzes both the request body and the workflow
definition file to identify any required input files from a remote
data store (RDS). If such files are needed, the engine signals
the Styx prefetcher via a TCP socket to initiate the fetch
process (see (D in Figure 8).

E. Function Data Extraction

The Styx prefetcher receives a request from the workflow
engine. It predicts the fetch latencies of input files and sends
them to the Styx workflow engine. Predicting the fetch latency
of an input file is a challenging task due to the influence of
numerous dynamic platform-wide factors beyond just node-
specific attributes. The node typically lacks visibility into key
variables such as the size of the object to be fetched and
system conditions at the remote storage server. As a result,
the design of an accurate and reliable fetch latency predictor
is significantly complex and nontrivial. Subsequently, the Styx
prefetcher starts fetching input files to an in-memory buffer.
Let us elaborate.
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1) Input Features of the Predictor: To obtain a com-
prehensive platform-wide view, the predictor collects re-
source statistics from both the node and the remote stor-
age server, along with the input file size in megabytes
(filesize (M B)). On the node side, it gathers the follow-
ing features: the number of active threads handling upload
and download operations to MinlO (#active_upload_reqs,
F#active_download_reqs), and system metrics including the
CPU utilization, the disk utilization, the memory usage,
and the network utilization (cpu_util, disk_util, mem_util,
net_util) (refer to Table III). On the remote storage server, it
collects the number of currently executing requests in MinlO
(#active_MinIO_reqs), and the same set of system metrics
(refer to Table III). To get these features on the node, we
modify the get_stat_object API handler of MinlO.
Before predicting the fetch latency, the Styx prefetcher invokes
the get_stat_object API to get the input file’s size and
the system state of the remote storage server. It then augments
these features with the node-specific features and sends the
complete input feature set to the predictor.

P
Styx I E I I S ]
Services init_time
. —
Container l 1 [ T J RJ

Timeline (seconds)

Fig. 9: The fine granular view of function execution in Styx.

2) Design of the Predictor: To predict the fetch time of a
file, we use an XGBoost-based analytical model trained on the
input feature set described in the previous section. XGBoost,
being a tree-based ensemble method, effectively captures
complex nonlinear relationships and adapts well to varying
data distributions — allowing it to outperform other analytical
models on our synthetic dataset (refer to Section V-Al). Once
trained, this model is used by the Styx prefetcher to predict
the fetch time (p) of a given file. The predicted value is then
forwarded to the Styx workflow engine (see ). Subsequently,
the prefetcher initiates file download operations.

3) Input File Downloader: The input file downloader is
responsible for fetching files from the RDS. Initially, it parses
the HTTP request body to obtain the list of required input
files for download. It then maps the request fields with the
workflow definition file to find the bucket name, access token,
and object names of the files. Finally, the downloader starts
actual data transfer from the remote data store (RDS) to an
in-memory buffer (see Q).

4) Remote Storage Feature Collector: The remote storage
feature collector is responsible for collecting the remote-side
features that is necessary for the fetch latency predictor. To
prevent interference with storage performance, the feature
collector operates outside of the API request’s critical path.
A dedicated background thread periodically collects remote-
side features and maintains them in an in-memory global
state, independent of incoming requests. When the predictor
queries the get_stat_object API handler of MinlO API,

the handler reads the global state and appends them to the
response, incurring only a few microseconds of overhead. As
a result, the overhead of a prediction query remains limited
to lightweight global data accesses and does not prohibitively
increase with the storage load..

F. Function Initialization and Execution

After receiving the fetch time of input files (p) from the
prefetcher, the Styx workflow engine delays function initial-
ization by p — init_time seconds, then starts executing the
function (see @ in Figure 8 and Figure 9). This ensures
that the data becomes available precisely when it is needed
by the function, thereby reducing the waiting time of a
request. After the T' stage completion, the engine receives a
soft acknowledgment from the function’s container (see ©).
Subsequently, it schedules the next request on the container.
Simultaneously, the Styx data service receives a signal from
the function to start the S stage of a function’s request through
a TCP socket (see (3 in Figure 8).

G. Function Data Storage

The Styx data service handles the upload of output data
from a container to the remote data store (RDS) (see (D) in
Figure 8). Since the output is generated inside the container,
a key challenge is enabling effective file sharing between the
container and the Styx data service running on the host. This
shared data must persist even if the container is stopped or re-
moved. Docker provides two mechanisms to support persistent
and accessible storage: volumes and bind mounts. Volumes
are managed by Docker, whereas bind mounts give direct
access to files on the host system. Given these characteristics,
Docker bind mounts are well-suited for sharing data between
the container and the host [47].

From a security standpoint, Docker bind mounts grant the
container access to part of the host filesystem. To ensure
isolation, Styx assigns a unique, initially empty host directory,
cntr_dir, to each container, which is mounted exclusively
within the container at the time of creation. The bind mount
exists only within the container’s isolated mount namespace,
preventing access to other host paths or mount points be-
longing to different containers. In addition, containers run
with a non-root UID and a minimized capability set, ensuring
they cannot perform privileged filesystem operations such as
mounting, pivoting the root filesystem, or traversing beyond
the bind-mounted directory. To enforce safe file access se-
mantics within cntr_dir, the host-side data service constrains
all file I/O to the container’s assigned directory. Specifically,
it disables symlink traversal (e.g., via no-follow semantics)
and validates canonical paths to ensure that all resolved paths
remain within the cntr_dir boundary.

To facilitate data communication, the Styx workflow engine
instructs Docker to mount cnir_dir on the container during
the container creation. Upon receiving a signal from the con-
tainer, the data service reads data directly from the container’s
entr_dir and uploads it to the RDS following at-least-once
delivery semantics. Upon successfully completing the S stage,
the Styx data service sends a hard acknowledgment to the

Authorized licensed use limited to: INDIAN INSTITUTE OF TECHNOLOGY DELHI. Downloaded on February 21,2026 at 05:01:47 UTC from IEEE Xplore. Restrictions apply.

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Parallel and Distributed Systems. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TPDS.2026.3665533

JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

workflow engine marking the request as complete and allowing
the execution of workflows’ downstream functions (see in
Figure 8). In the case of a failure, the data service treats the
data as uncommitted and notifies the workflow engine of the
failure. The workflow engine then re-executes the function.
Similarly, if a node failure occurs after a soft acknowledgment,
the absence of a corresponding hard acknowledgment prevents
downstream functions from being triggered.
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Fig. 10: The overall memory allocated by a serverless platform
while executing the serverless workflows listed in Table I.
Takeaway: Styx improves the memory allocation by 43.1%.

V. EVALUATION

In this section, we discuss the effectiveness of Styx by
executing real-world serverless workflows. We evaluate its
performance by comparing the memory allocation, the mean
latency and the tail latency against two state-of-the-art server-
less platforms: Dataflower [27] and Pheromone [1], both
integrated with Truffle [26]. For a fair comparison, the memory
allocation in Styx includes the memory consumed by the Styx
data service and containers. Furthermore, we measure the
latency of a workflow in Styx up to the point at which the
workflow engine receives the hard acknowledgment from the
sink function of a workflow.

To account for the memory footprint of the Styx data service
in the memory allocation metric, we record its memory usage
as a time series throughout the workflow execution using a 10
ms sampling interval. In particular, we measure the resident
set size (RSS) of the data service process, which represents
the portion of memory resident in physical RAM (similar to
[48], [49]). At each sampling point, we add the data service’s
RSS into the total memory allocated to active containers on the
host, resulting in a unified time series that reflects platform-
level memory allocation. We then compute the area under this
combined curve to derive the final memory allocation metric.

A. Evaluation Setup

Our serverless setup has been described in Table II (see
Section III). To host the MinlO and Apache CouchDB, we
use a machine with an Intel Core i5-4590 CPU, 4 CPU cores,
a 1 TB Seagate hard disk, and 12 GB of memory. The average
ping latency between the node and the registry is 214 usec.
To evaluate our scheme, we use a set of real-world serverless
applications with diverse workflow structures described in

Table 1. For each of these workflows, we randomly pick an
input file out of 50 choices following a normal distribution
(similar to Beldi [50]). The input file size ranges between 1 KB
and 10MB because 70% of serverless function process data
less than 10 MB [39]. We use MinlO as a remote data store
and Redis as a local cache.

To simulate real-world traffic patterns, we evaluate our
system using the asynchronous invocation mode. In the asyn-
chronous mode, we generate requests with a random input size
in an open-loop fashion, with the arrival rate set to 80% of a
workflow’s maximum load. To evaluate the scalability of Styx,
we perform a colocation experiment by executing all work-
flows from Table I with random input sizes simultaneously. In
addition, we also evaluate the impact of a workflow’s input
size, inaccurate tnit_insts estimates and a bursty load on the
evaluated metrics.

TABLE IV: Comparison of the fetch latency predictor with
different models.

Model MSE (sec?) R?

XGBoost Regressor 0.1028 0.8942
LightGBM Regressor 0.1091 0.8889
Random Forest Regressor 0.1224 0.8759
Gradient Boosting Regressor 0.1366 0.8616
K-Nearest Neighbors Regressor 0.1897 0.8094
Decision Tree Regressor 0.1944 0.7997
Support Vector Regressor (SVR) 0.2187 0.7802
Ridge Regression 0.4621 0.5303
Linear Regression 0.4621 0.5303

1) Selection of a Model for the Fetch Latency Predictor: In
this section, we find an appropriate analytical model that can
accurately predict the fetch latency of a file with the features
described in Section IV-El. For this analysis, we create a
synthetic dataset by running workflows with different input
sizes. In Table IV, we show that the XGBoost-based model
has better mean squared error and R? score compared to
other regression models across five folds. Therefore, we use
the same model in Styx. Note that the input sizes used for
generating the synthetic dataset are different than those used
for evaluation.

2) Hyperparameter Setting of the Fetch Latency Predictor:
The Styx prefetcher uses an XGBoost-based analytical model
to predict the fetch latency of input files. To optimize its
performance, we apply one-at-a-time (OAT) hyperparameter
tuning, where each hyperparameter is adjusted individually
while keeping others fixed to assess its effect on model accu-
racy [4]. Using this method, we determine the optimal values
for the following hyperparameters: n_estimators = 200,
learning_rate = 0.05, max_depth = 6, eta = 0.3, and
subsample = 0.7.

B. Asynchronous Invocations

In this section, we evaluate the workflows’ performance
in the asynchronous invocation mode. In Figures 10 and 11,
we show that Styx reduces the total memory allocation, the
tail latency, and the mean latency by 43.1%, 27.7%, and
24.5% compared to state-of-the-art schemes, respectively. The
improvement in the memory allocation is because we offload
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Fig. 11: The tail latency and the mean latency of serverless workflows when executed on Styx and the state-of-the-art solutions
(normalized to that of Pheromone + Truffle). Takeaway: Styx improves the tail latency and the mean latency of applications
by 27.7% and 24.5%, respectively.
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Fig. 12: The tail latency and the mean latency of serverless workflows when executed concurrently on Styx and the state-of-
the-art solutions (normalized to that of Pheromone + Truffle). Takeaway: Styx improves the tail latency and the mean latency
of applications by 26.3% and 21%, respectively.
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Fig. 13: The tail latency and the mean latency of serverless workflows when the ior workflow executed with different input
sizes on Styx and the state-of-the-art solutions (normalized to that of Pheromone + Truffle).

the data storage stage from containers to the Styx data service. the Styx storage service smartly overlaps the initialization
This reduces the container allocation by 68.46% compared to stage with the data extraction stage, thereby reducing the
state-of-the-art schemes. During this experiment, we observe waiting time of a request by 20.5%.

that the Styx data service consumes about 146.6 MB, on aver-

age. The improvement in the latency of workflows is because We observe that the memory allocation, the tail latency,

and the mean latency of Dataflower improve by 9.5%, 30.6%
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Fig. 14: The overall memory allocated by a serverless platform
while executing the iot workflow with different input sizes

and 20.7% when compared against Pheromone, respectively.
This is because Dataflower uses the asynchronous threads
mechanism that enables concurrent invocation of a function’s
execution and data storage threads. On the other hand, Phere-
mone waits for the completion of the previous function request
before starting to execute the next function request. As a result,
the container allocation reduces by 12.7% and the waiting time
of a request reduces by 22.3% in Dataflower.

Disabling fdatasync in the S Stage: In Section III, we
demonstrate that the fdatasync operation constitutes a major
contributor to the S stage latency in MinlO. To evaluate
only Styx ’s offloading architecture, we measure the work-
flows’ performance in the asynchronous invocation mode
with fdatasync disabled in MinlO, thereby eliminating storage
system—specific bottlenecks in Styx and baseline systems. Dis-
abling fdatasync weakens durability semantics; accordingly,
this configuration serves only as a diagnostic test and does not
reflect a production setting. Under this configuration, the rela-
tive contribution of the I stage to execution latency increases
(to 14.4%), while the contribution of the S stage decreases
(to 30.8%). Styx reduces the total memory allocation, the tail
latency, and the mean latency by 22.8%, 32.1%, and 35.6%
compared to state-of-the-art systems, respectively. These im-
provements stem from a 49.2% reduction in the container
allocation and a 30.2% decrease in the request’s waiting time.
The increased contribution of the I stage suggests improved
overlap between the E and I stages in Styx, which can help
reduce response latency. Additionally, offloading the S stage
to the Styx data service and handling uploads asynchronously
may reduce queueing delays associated with serialized storage
operations in the baseline, contributing to improvements in
both mean and tail latency.

C. Colocated Invocations

In this section, we run all the workflows simultaneously. To
ensure a reasonable load in the system, we execute each of
the workflows with a moderate load, i.e. 10%-15% of their
respective maximum load. In Figure 12, we show that Styx
reduces the tail latency and the mean latency by 26.3% and
21% compared to state-of-the-art schemes, respectively. The
improvement in the latency of workflows is because the Styx
reduces the waiting time of a request by 19.6%. In addition,
Styx reduces the total memory allocation by 32.6% due to

offloading of the data storage stage to Styx data service. This
offloading reduces the container allocation by 40.7%. During
this experiment, we observe that the Styx storage service
consumes about 227 MB, on an average.

D. Impact of an Input File’s Size

In this section, we study the impact of a workflow’s input
size on the memory allocation and its latency. For this study,
we select the iot workflow as a representative example since
it is the largest and spends less amount of time in the storage
stage. In Figure 14, we observe that as the input size increases
from 2MB to 32 MB, the improvement in the memory allo-
cation reduces from 27.5% to 4.9%, respectively. This trend
emerges because, for larger input sizes, the container spends
about 76% of its time in the transform stage, limiting the
potential for memory optimization. Similarly, the benefit in
latency reduction diminishes with increasing input sizes (see
Figure 13). This is largely due to the fact that, for higher
input sizes, the file fetch latency begins to dominate and
overshadows the time spent in the initialization stage of the
workflow’s source function.
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Fig. 15: The memory allocation and the latency of a serverless

platform while executing the iotr workflow with a bursty load
(normalized to that of Pheromone + Truffle).

E. Impact of a Bursty Load

Given that serverless platforms are particularly well-suited
for handling bursty workloads, we investigate how such sudden
load spikes impact memory allocation and request latency.
To analyze this, we design an experiment where a serverless
workflow experiences a rapid increase in load — from 15%
to 80% of the maximum arrival rate — executed in the asyn-
chronous invocation mode (similar to Dataflower [27]). For
this evaluation, we select the ior workflow as a representative
example (discussed in Section V-D).

As shown in Figure 15, Styx shows performance improve-
ments under this bursty load scenario. The memory allocation
improves by 17.3%, the tail latency by 9.87%, and the mean
latency by 13.74% compared to the state-of-the-art solutions.
The observed gain in memory allocation is primarily from
offloading the data storage stage from the container to a host-
side service, which reduces the container allocation by 25.6%.
Additionally, the improvements in both mean and tail latency
can be attributed to a reduction in request waiting time by
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6.8% — enabled by coinciding the end times of the function
initialization and the prefetching operation.
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Fig. 16: The memory allocation and the latency of Styx
while executing the ior workflow with different error rates in
the init_insts estimates under the underestimation scenario
(normalized to that of Dataflower + Truffle).
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Fig. 17: The memory allocation and the latency of Styx

while executing the iot workflow with different error rates
in the init_insts estimates under the overestimation scenario
(normalized to that of Dataflower + Truffle).

FE. Impact of Inaccurate init_insts Estimates

Styx relies on accurate estimates of init_insts to coincide
the end times of the F and [ stages. Since this estimate is
provided by the developer, a certain degree of inaccuracy
is possible. To study the impact of such inaccuracies, we
execute a workflow under varying error rates in the init_insts
ranging from 0% to 90%. The error rate is defined as
the relative difference between the provided and the actual
init_insts value. For this study, we select the iot workflow
as a representative example (discussed in Section V-D). We
further consider two error scenarios: underestimation, where
the provided init_insts is smaller than the actual value, and
overestimation, where it exceeds the actual value.

1) Underestimation: As show in Figure 16, the improve-
ment in the latency metrics diminish as the error rates increases
in Styx. This is because higher error rate in the init_insts
estimate prevents Styx from effectively coinciding the end
times of the F and I stages. However, we observe that
the improvement in the memory allocation is at least 15.5%

across all error rates. When the error rate reaches 50%, tail
latency and mean latency improve by 5.55% and 9.04%,
respectively, compared to 15.44% and 16.62% when no error is
present. These results indicate that while inaccurate init_insts
estimates reduce latency improvements, the improvement in
the memory allocation remains largely stable.

2) Overestimation: Figure 17 shows a similar trend, where
latency improvements decrease as the error rate increases, but
at a slower rate compared to underestimation. Overestimating
init_insts causes the I stage to be triggered earlier, poten-
tially leading to idle waiting until the required data becomes
available; however, this does not prevent overlap entirely. As
a result, memory allocation improvements remain consistently
above 15.6% across all error rates. At a 50% error rate, tail and
mean latency improve by 13.68% and 12.26%, respectively,
compared to 15.44% and 16.62% with no estimation error.
These results indicate that Styx is more tolerant to overestima-
tion than underestimation, as early triggering of the I stage still
allows partial overlap and preserves a fraction of the latency
benefits.

VI. RELATED WORK

In serverless platforms, users provide their applications as a
directed acyclic graph (DAG) of functions. Platforms execute
these functions inside an ephemeral and stateless container,
and use remote data stores (RDSs) for data communication
between functions. To improve resource utilization of plat-
forms, prior work has explored efficient resource scheduling,
container sharing, lightweight virtualization, and optimized
function execution models. This paper focuses on the last
category, which aims to reduce the time containers spend on
reading or writing data to an RDS - since such operations
mainly utilize network resources, leaving memory resources
underutilized. Prior work proposed the following mechanisms
to tackle this problem: efficient data communication and
asynchronous data upload mechanisms.

A. Data Communication

In conventional serverless platforms, the data required for a
function’s execution may reside on RDSs, leading to wastage
of allocated resources while fetching input data. Lamb-
data [51], HydroCache [52], and Cloudburst [53] proposed
adding a caching layer to minimize the number of remote
storage accesses. While effective, this approach requires cloud
providers to manually allocate dedicated memory resources,
which can result in inefficient resource utilization. OFC [2]
and Faa$t [5] proposed autoscaling cache mechanisms that
utilize the unused memory of function containers to store
object caches. Even though these solutions decrease the remote
accesses, but they still need to fetch the input data and store
the output data in a remote storage machine.

Truffle [26] proposed a smart prefetching mechanism that
parses the request body of a function to identify the necessary
input files for execution. Subsequently, the prefetcher engine
downloads these files into a local buffer, from which containers
retrieve them. However, the container accesses the prefetched
data after a delay, which leads to an increase in the request
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waiting time. To reduce this delay, Styx intelligently overlaps
the I and E stages of a function such that data becomes
available precisely when needed.

B. Asynchronous Data Upload

In conventional serverless platforms, containers primarily
utilize either network resources for data communication or
compute resources for data processing. But containers rarely
use both resources at peak capacity simultaneously, resulting in
underutilized compute resources. OFC [2] proposed an execu-
tion model where output data storage occurs asynchronously in
a separate thread. However, as the number of requests executed
per container increases, many requests may end up waiting to
store their data, leading to higher response latency. In addition,
functions must wait for preceding functions to complete before
execution, even if their required data is already available, caus-
ing unnecessary delays. To address delays, Dataflower [27]
and Pheromone [1] proposed a dataflow-based orchestrator that
triggers a function execution based on its data availability. To
reduce request queuing for data storage, Dataflower proposed
a function scaling mechanism that increases the number of
containers. However, scaling up containers increases memory
pressure on the system. Moreover, using a container solely
for storing results in a remote data store leads to provisioned
memory underutilization.

To address the memory pressure issue and the wastage of
memory resources, Styx offloads the store stage of a function
from a container to the Styx data service. The service uses
Docker bind mounts to read the output data of a function
from the container, and then uploads the data to the RDS.
This separation reduces the lifespan of a container.

VII. FUTURE WORK
A. Cluster Scale Deployment

In a multi-node cluster deployment, Styx retains its core
architecture, but its components are distributed across the
cluster. Each node runs a Styx workflow engine and a Styx
data service locally, while the request scheduling decisions,
data extraction, and prefetch predictions are managed by
cluster-wide services. When a function request arrives, the
coordinator first retrieves the predicted fetch latency from the
Styx prefetcher running cluster-wide. It then forwards this
estimate to the Styx workflow engine running on the selected
node. In parallel, the Styx prefetcher fetches the required
object and places it into a distributed in-memory store — such
as a Redis Cluster — that is accessible from all nodes, thereby
eliminating cross-node data-access complications.

Using the predicted latency, the node’s workflow engine
attempts to coincide the end times of the I and E stages. After
the T stage completes, the container sends a soft acknowl-
edgment to the local workflow engine to initiate execution
of the next request on the same container, and notifies the
node’s data service to perform the S stage. Once the S stage
finishes, the data service returns a hard acknowledgment to
the local workflow engine. The workflow engine then sends
the response to the coordinator to trigger the next function
in the workflow. Although this design centralizes prediction,
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data extraction, and scheduling for simplicity and consistency,
it also highlights an opportunity for future work to decentralize
these services to reduce bottlenecks and enhance scalability as
cluster sizes grow.

B. Impact of In-Network Congestion on Prediction Accuracy

When estimating the file fetch latency of a file, the Styx
prefetcher incorporates features derived from both the worker
node and the remote storage server (Section IV-E), but does
not explicitly model the state of the network fabric between
nodes. Under uncongested conditions, packets typically incur
only microsecond-scale delays at network switches; however,
in the presence of sustained congestion, switch buffering can
introduce significant queueing delays that dominate end-to-
end transfer time [54]. Prior work has proposed transport-level
and in-network mechanisms to mitigate such congestion, and
Styx is designed to operate on top of these mechanisms with-
out introducing additional traffic patterns that exacerbate in-
network contention [55]-[58]. Our design targets the common
operating regime of serverless platforms, where compute and
storage nodes experience low to moderate congestion for the
majority of executions. As a result, we do not explicitly include
network-fabric characteristics as features in the prediction
model.

VIII. CONCLUSION

This paper introduces Styx, a novel workflow engine de-
signed to enhance the resource utilization and response latency
in serverless platforms. Our approach coincides the completion
of the function initialization and data extraction stages by
using a fetch latency predictor, thereby improving the request
waiting time. Furthermore, it offloads the data storage stage of
a function from a container to the Styx data service running
on the host, thereby improving the resource utilization. Ex-
perimental evaluations demonstrate that Styx improves overall
memory allocation by 32.6% and reduces the tail latency and
the mean latency of real-world serverless workflows by an
average of 26.3% and 21% when executing all workflows
concurrently, respectively.
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