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Abstract

In this paper, we focus on an often-overlooked component
of serverless application cold starts: monetary costs and
Function Initialization. Traditionally considered the user’s
responsibility, Function Initialization is billable and accounts
for more than 50% of the monetary cost associated with cold
starts in real-world machine-learning applications.

We introduce A-TRIM, a system that optimizes Python
serverless applications by eliminating redundant code while
maintaining correctness. To maximize cost savings, A-TRIM
leverages the typical serverless pricing model to prioritize
modules that significantly impact latency and memory us-
age. A-TRIM features an automated pipeline comprising a
static analyzer, a profiler specialized for the serverless pric-
ing model, and a debloater. The optimized application can
be directly deployed on serverless platforms, leading to sub-
stantial reductions in both latency and cost for cold starts.
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Figure 1. A typical breakdown of cold and warm starts for a
PyTorch ResNet invocation and the average execution time
of each phase. Function Initialization is responsible for up to
29% of total latency and 45% of the total bill in a cold start.

1 Introduction

Serverless computing is an increasingly popular paradigm
that allows clients to run their applications on cloud providers
without worrying about the prosaic but complex tasks of pro-
visioning, scaling, and maintaining VMs or containers [26].
Under the serverless abstraction, users provide a function to
the cloud provider, which handles everything else automati-
cally. The user is then billed per-MB of provisioned memory,
per-millisecond! of request processing time; they only pay
for what they use. Idle time is free.

The lifecycle of a serverless function, depicted in Figure 1,
consists of three phases: instance/runtime setup time, Func-
tion Initialization, and Function Execution. User logic is pri-
marily contained within the Function Execution stage.

In this work, we call attention to, quantify, and address the
fact that, among these stages, Function Initialization plays
an outsized role in the overhead of serverless computing.
Even though this stage is not executed for every request, its
costs can be substantial, both in latency and resources, the
latter of which manifests as higher monetary costs to users.

One way that Function Initialization adds overhead is dur-
ing so-called cold starts, where the cloud platform is forced to
initialize—in the critical path—a new serverless instance in
response to an incoming request and insufficient existing ca-
pacity. This contrasts warm starts, where the cloud provider
can reuse a previously initialized VM/container. As many
others have also noted [23, 30, 45], these cold starts can be
common for some applications, and their latency penalty
can be substantial, accounting for up to an 80% increase
in latency compared to warm function execution. Within

!AWS Lambda pricing granularity. GCP rounds up to the nearest 100 ms,
and Azure rounds up to the nearest 1s.
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cold starts, Function Initialization is of particular concern
given trends toward more/heftier libraries (e.g., ML, scientific
computing, and image/video processing) [35] and scale-out
architectures that lead to very bursty work- loads [21].

In addition to latency, Function Initialization also differs
from other cold-start components in that cloud providers typ-
ically bill users for the time, as shown in Figure 12. There are
good reasons for this pricing strategy: not billing for initial-
ization could result in perverse incentives, e.g., users break-
ing up expensive computations into a sequence of n functions
where each does % of the computation, and stores/loads par-
tial results—the billable work would be a no-op. The result,
however, is that for the ResNet application of Figure 1, ini-
tialization can be responsible for up to 45% of the total bill.

Finally, the overheads of Function Initialization can persist
even after the instance has been warmed, as large libraries
and data structures instantiated during initialization will
continue to occupy memory even if they are never used,
consuming resources that again manifest as high monetary
costs for every user request.

Prior work has looked at parts of this problem, especially
through the lens of optimizing cold start latency, e.g., through
OS improvements [6, 11, 20], better function scheduling [13,
32, 44, 45, 55], checkpoint/restore techniques [20, 46], and
others. Unfortunately, a fixation on just one part of the prob-
lem, like cold start latency, can lead to tradeoffs on the other
aspects (e.g., the resource costs of checkpoint/restore tech-
niques that are detailed in Section 8.6). The few approaches
that target both latency and monetary cost are largely man-
ual (e.g., developing lightweight libraries [47] or relatively
simple methods to refactor the application [30, 48, 50]).

This paper presents A-TRIM, a system that optimizes Python
serverless applications by profiling and eliminating unnec-
essary initialization operations. A-TRIM’s optimizations min-
imize the latency of cold starts and the monetary cost of
both cold and warm executions. A-TRIM operates entirely
as a pre-processing step at the application level—its output
is an optimized serverless application with a shorter Func-
tion Initialization phase and less memory footprint. It is,
thus, immediately deployable and remains compatible with
system-level efforts toward cold start optimization.

Under the hood, A-TriM leverages a well-known technique
from the programming languages and software engineering
fields, Delta Debugging (DD) [53]. DD takes a divide-and-
conquer approach to finding the largest subset of the code
base that it can remove while producing correct results. In
each iteration, DD splits the program into multiple subsec-
tions and examines each subsection to determine whether
it is necessary for correct execution, repeating the process
until it reaches a minimal configuration.

2As we discuss in Section 2.1, some functions’ initialization is complimen-
tary, but this is not true in general.
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Unfortunately, applying DD to every line of code in the
serverless function and its dependencies is impractical. A
contribution of A-TRIM is, thus, to leverage typical server-
less pricing models (via an estimate of marginal monetary
cost) to enable efficient targeting of DD-based debloating.
A-TRIM’s system architecture features an automated pipeline
encompassing a static analyzer, serverless cost profiler, and
DD-based debloater. Our key contributions are as follows:

e We analyze the latency and cost breakdown and find the
initialization phase to be a significant overhead in many
serverless Python applications.

o We demonstrate—empirically—the substantial redundancy
in those initialization phases with A-TRim.

o As part of A-TRIM, we introduce the first practical ad-
vanced Python debloater using a workflow specialized
for serverless platforms and their unique pricing models.

o We evaluate A-TRIM on real serverless applications and
reduce monetary costs by an average of ~20% (cutting
many applications’ costs by >50%) while also improving
E2E latency by up to 2x and memory usage by up to 42%.

2 Background and Motivation

In traditional cloud computing models, users are responsible
for a wide range of system administration tasks not directly
related to their application logic, e.g., provisioning a batch of
VM, specifying their resource profiles, deploying dependen-
cies, scaling the instance up and down with the workload,
and monitoring the application as it runs, among others.

Serverless computing is an alternative that promises to
free users from all the above concerns. Instead, users sim-
ply supply the cloud provider with a function containing
their application’s logic (commonly known as the serverless
function or lambda). The provider handles the rest.

This abstraction offers many benefits, including: (1) users
are relieved from the need to manage servers, (2) resources
are automatically scaled based on demand, and (3) users are
billed for only the resources they use and no more. This
paradigm has proven popular, with all large cloud providers
offering a range of options for serverless execution (e.g., AWS
Lambda, GCP Cloud Run functions, and Azure Functions).

The workflow for developing such applications is straight-
forward. Users write a function in their preferred program-
ming language, package the function code and any necessary
libraries into a suitable format (e.g., a container image or
ZIP file), and then upload it to the serverless platform. The
serverless platform manages provisioning and execution.

2.1 The Anatomy and Pricing of Lambda Execution

Lambdas are executed on-demand, invoked by a predefined
set of triggers such as incoming HTTP requests, event trig-
gers (e.g., a file upload or monitoring alert), and scheduled
timers. Serverless platforms ensure automatic scaling by dy-
namically launching new instances to handle invocations
and shutting them down when they are no longer needed.
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Cold/warm starts. As a result of dynamic scaling, when an
incoming request is received after a period of inactivity or
as part of a burst that exceeds the capacity of the currently
deployed instances, the invocation incurs what is known as
a cold start. In a cold start, the cloud provider must initial-
ize a new VM, including loading the runtime environment,
loading dependencies, initializing the application code, and
establishing connections (e.g., to databases). Partly because
of its advantage in cold-start latency (on top of their ease
of use and popularity), interpreted languages like Python
remain the most popular choices for serverless runtimes [18].

Once a serverless instance is initialized, the instance re-
mains active for a keep-alive period that is reset on a new
request to the instance in question. In AWS Lambda, the
keep-alive period is up to ~45-60 min, but potentially much
less depending on the size of the instance and resource avail-
ability [31]; in GCP, the period is <15 min. If another request
arrives during this period and the instance is not already
processing a request, it can execute the new request without
repeating initialization, resulting in a warm start.

Pricing. Most serverless platforms employ a pricing model
based on both the memory usage of the application and the
duration for which the serverless function runs. Allocation
of other resources like CPU and network bandwidth depends
on the cloud provider and specific pricing plan. AWS, for in-
stance, allocates both resources proportionately to the mem-
ory footprint, with additional vCPUs assigned at designated
memory allocation breakpoints. Azure allocates a fixed CPU
and memory (100 ACU and 1.5 GB) budget per function in-
stance, with additional configuration options for premium
hosting plans, while GCP allows independent configuration
of CPU/memory in their v2 APL

For a given invocation, the pricing is thus primarily de-
termined by the footprint and duration of the function. For
example, AWS Lambda charges users as follows:

C = Configured Memory X Billed Duration X Unit Price (1)

In AWS Lambda, billing is computed in 1 ms increments [10],
and memory configurations range from 128 MB to 10 GB.
Configuring the memory too large is a waste of resources
and money. Configuring it too small would result in memory
swapping, which can degrade server performance. The billed
duration would significantly increase in this case, hurting
both latency and cost. As a result, the optimal configuration
should be above the application’s peak memory footprint.
As shown in Figure 1, the billed duration of cold starts
generally includes both Function Initialization and Function
Execution®. In short, everything involved with executing the
container image uploaded by the user is billed. In contrast,
the cloud platform is responsible for the preparation process,

3The exception is functions on AWS Lambda that use zipped code on man-
aged runtimes and initialize in <10s [49]. Initialization is not charged for
these functions, but AWS imposes size restrictions on the zipped code that
are impractical for the types of applications we consider here.
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Time (s)
Application External modules Size (MB) Import Exec E2E
From FaaSLight [30]
huggingface torch, transformers 799.38 5.52  0.86 10.12
image-resize boto3, wand. image 102.05 042 095 1.88
lightgbm lightgbm, numpy 120.22 0.57 0.04 1.14
Ixml requests, 1xml 58.01 024 039 1.12
scikit sklearn 177.01 0.30 0.01 1.93
skimage skimage 155.37 1.87 0.10 2.76
tensorflow tensorflow, numpy 586.13 453  0.04 5.33
wine numpy, pandas, sklearn, boto3 271.01 1.96 0.29 2.81
From RainbowCake [51]
dna-visualization squiggle 57.01 0.18 0.02 0.72
ffmpeg ffmpeg 297.00 0.06  2.50 3.07
igraph igraph 40.00 0.09 0.01 0.59
markdown markdown 32.21 0.04 0.03 0.54
resnet numpy, torch, PIL 742.56 6.30  5.30 11.71
textblob textblob 104.00 042 038 1.28
New Applications
chdb-olap chdb 293.64 .01 0.08 1.77
epub-pdf reportlab, pptx, docx, boto3 143.68 0.62 143 2.54
jsym sympy 83.01 056 031 1.36
pandas numpy, pandas 114.27 0.67 0.01 1.19
qiskit-nature qiskit_nature 281.15 196 049 3.05
shapely-numpy numpy, shapely 58.42 0.20 0.01 0.71
spacy spacy, boto3 202.00 2.06 0.02 2.60

Table 1. Benchmarked applications

including setting up the physical server and downloading the
application image from a storage server. Time spent in this
stage is reflected in the E2E latency but will not appear on the
bill. As such, serverless platforms are strongly incentivized
to optimize this phase but are much less motivated to help
users reduce Function Initialization costs.

2.2 Function Initialization in the Wild

To investigate the overheads of Function Initialization, we
study real serverless applications. We conduct our experi-
ments on AWS Lambda using a Python 3.10 runtime.

2.2.1 Benchmarked Applications

We collect a comprehensive set of serverless applications
by constructing a union of applications used in other work,
namely FaaSLight [30] and RainbowCake [51]. To augment
this set of applications, for some of the 20 largest and most
popular packages in PyPI [34] (excluding nightly versions),
we select a representative, real-world, and open-source server-
less application found via GitHub search and add it to the
union as well. Finally, we remove any repetitive applications
that implement similar tasks. We prioritize applications that
are the most recent and have clear instructions to run. For
example, a machine learning image classification application
that uses PyTorch appears in all three of our sources, and we
keep the RainbowCake version.

Our final serverless application set consists of 21 real-
world applications from FaaSLight (8), RainbowCake (7),
and PyPI (6). The FaaSLight and RainbowCake benchmarks
contain 15 and 10 Python applications, respectively.



ASPLOS 25, March 30-April 3, 2025, Rotterdam, Netherlands Xuting Liu, Spyros Pavlatos, Yuhao Liu, and Vincent Liu

— 15.0
10 65.3% B Exec Time
» 0 Import Time 12.5
2
= 8
=
g 100 _
< 6 &
g 75 §
o
E 4 5.0
a
2.5
53.9% 73.29% 30.8%
0 < N v 0.0
mv“\agc@“ w?&w‘?s % qfﬁ‘? ceS‘* ﬁ““ s \"‘“ 6"«0 “6 e °‘Y§ 500" 9%“" o
OO o o
A 6‘ o
a® e

Figure 2. Billed duration (left bar) and monetary cost (right bar) of cold starts for each serverless application. The billed
duration, priced for 100K invocations, is further divided into Function Initialization (Import) and Function Execution (Exec)
time. The label on the bar is the percentage of import time out of the total billed duration.
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12: until n < |A|

L , 2.2.3 The Overheads of Function Initialization
13: return 1-minimal P

The results of our measurement study are shown in Figure 2.
Across all applications, we find that Function Initialization
time accounts for a disproportionate fraction of cold start

2.2.2 Metrics latency. Especially when considered as a fraction of billed

We invoke the above collection of serverless applications duration, initialization time is often greater than the actual
and collect their latency and monetary cost. We focus on function execution time, with the worst offenders (i.e., spacy
cold starts, which include all phases of execution. and tensorflow) spending >90% of their billed duration on
Latency. End-to-end cold start latency (E2E) is the duration initialization tasks. The median share for initialization tasks
between the issue of a user request and the response from is 53.75%, but the proportion is generally higher for larger
AWS Lambda. E2E latency can be further broken down into applications (e.g., resnet and huggingface, which spend
the four phases in Figure 1 [30], but pay particular attention 62% and 65% of their billed duration on imports, respectively).
to the two phases under the control of users: Function Initial- We note that the actual impact of Function Initialization
ization and Function Execution. We collect Function Initial- on monetary cost is much higher than the contribution to
ization (Import) latency by instrumenting the benchmarked latency reported here since (as we will see in Section 8.1)
applications with recorded timestamps before and after the the initialization tasks also lead to additional memory allo-
Lambda initialization code block. AWS directly reports the cations that must be carried through the life of the function.
Function Execution latency. We report Import, Execution, Thus, when a serverless application—typically consisting
and E2E latency of each application in Table 1. of a single, focused task [50]—imports a large library with

modules that will never be used in the execution phase (e.g.,
importing the forward pass of a neural network model but
getting a more general definition of the model), the impact
on monetary costs is outsized.

Monetary cost. As discussed in Section 2.1, AWS Lambda
charges each invocation based on both billed duration and
configured memory. Although it is possible to configure
128 MB to 10 GB memory for any serverless application on
AWS Lambda, for thg best cost-effectiveness, thé memory 3 Related Work and Approach
should be set proportional to the memory footprint [9]. As
a lower bound, we report the measured maximum memory
footprint of the application for a single request—in practice, The majority of work in optimizing serverless functions
there will be some additional headroom. We set memory to focuses on cold start latencies.

3.1 Related Work in Serverless Optimization
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One approach is to optimize the serverless infrastructure
itself, e.g., through many of the techniques cited in Section 1
such as OS improvements [6, 11, 20], optimized function
scheduling [13, 32, 44, 45, 55], checkpoint/restore [20, 46],
caching [14, 15, 23, 51], provisioned concurrency [2], pre-
warming [38, 45] and memory/resource sharing [28, 29, 42].
Of these, checkpoint/restore (C/R) is of particular note as it
directly accelerates the Function Initialization phase. Check-
pointing involves saving the runtime state of a serverless
function after initialization, including memory, execution
context, intermediate computations, or even a snapshot of
the whole VM. During a cold start, the serverless platform
can restore from the checkpoint instead of starting from
scratch. Unfortunately, as we will see in Section 8.6, they
come with a cost, and that cost is being exacerbated by
the same trends that motivate this work: trends toward
more/heftier libraries and scale-out architectures—aggregate
checkpoint sizes grow in both cases.

More generally, the drawback of framework-level opti-
mizations is that they require privileged access to the under-
lying serverless infrastructure. This means that users cannot
use them to speed up their applications unless the optimiza-
tions are adopted by the serverless vendors.

Application-level optimizations do not require privileged
access to the infrastructure, but existing solutions all rely
exclusively on static analysis and/or human intervention,
which limits their scope and efficacy. For instance, LibProf [47],
while helpful in providing advice, requires a human to design
and implement the optimizations. Function fusion [43, 48] is
automatic and reduces cold start frequency, but at the cost
of the performance of the cold starts that do execute. Finally,
static analysis techniques like FaaSLight [30] can be auto-
mated but requires extensive manual annotation to achieve
good performance [1]. FaaSLight additionally retrieves the
original code as a safeguard, yielding additional overheads.

More generally, cold-start latency is only one of the over-
heads of Function Initialization, and the others—the mone-
tary costs of cold and warm starts—are arguably the more im-
portant metrics for many users. In fact, a fixation on latency
can make the other axes worse. For example, C/R comes
at the cost of resource overheads for storing and restoring
state, the cost of which (as we show in Section 8.6) often
overwhelms the cost of actually running the function.

3.2 A Path Forward: Delta Debugging (DD)

Our work, A-TRIM, borrows from a technique called Delta
Debugging (DD). DD is a general approach to program mini-
mization that has been used for tasks from isolating faulty/in-
secure code to tracking down configuration issues. Initially,
DD was used as a tool to minimize crashing programming
inputs [52, 53], but in recent years has been adapted to per-
form program debloating [25]. For the debloating problem,
DD takes as input:
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e a program P that can be decomposed into a list, A, of
components, e.g., statements, functions, tokens, etc.

e an oracle O that returns T if the program fulfills a desired
property and F otherwise.

and tries to find a minimal program with respect to the num-
ber of components such that the oracle returns T. Note, how-
ever, that finding the minimum number of components is NP-
complete [53] and impractical for any reasonably sized prob-
lem. Instead, DD targets a different property: 1-minimality.
Essentially, a program P* is called 1-minimal if it satisfies the
oracle, and removing any single component from P* leads
the oracle to return F. These local minima are sufficient for
most practical cases.

The DD algorithm. The general DD algorithm, as intro-
duced in [25], is shown in Algorithm 1. The algorithm uses
a divide-and-conquer approach that begins by setting the
solution candidate, A, to the entire program, and the number
of partitions, n, to 2.

In each iteration of the algorithm, we split the current
solution candidate A into n partitions, {as, ..., a,}. For each
partition a;, we query the oracle to check if it returns T,
i.e., partition a; satisfies the target property. If it does, we
eliminate the remainder of the program from consideration
and repeat the process with a solution candidate of A « g;
and a partition granularity of n « 2.

If, on the other hand, none of the partitions pass the oracle
test, we also test each of their complements, i.e., for partition
a;, we test A \ a;. If a complement passes the oracle test, we
again narrow down our solution candidate, but here we set
the new granularity ton < n — 1.

Finally, if neither the partitions nor their complements
pass the oracle test, the algorithm doubles the granularity
n « 2n and repeats the process. The algorithm terminates if
the maximum granularity is exceeded, i.e., n > |A|, then we
return the current solution A as the minimal program P*.

4 Design Overview

A-TRIM reduces the overheads of Function Initialization in
serverless functions. While our prototype implementation
targets Python, we note that our techniques can be applied
in a very similar way to other interpreted languages like
Javascript? (see Section 6.1) and can be extended to compiled
languages as demonstrated by prior applications of DD [25,
53], albeit at the cost of compilation overheads during the
debloating process. In any case, A-TRIM’s approach is to—
through pure application pre-processing—remove code from
applications’ dependency chains that are not needed for the
application to run.

At the core of our approach is the DD technique described
above; however, we emphasize that a naive application of
DD is impractical. In fact, to the best of our knowledge, DD

4~70% of all serverless applications are written in Python or Javascript [17].
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and other, more advanced debloating techniques have never
been applied to interpreted languages like Python, despite
its immense popularity [19].

There are several reasons why debloating Python is a chal-
lenging task. First, Python allows for dynamic imports, as
modules can be loaded at runtime. As a result, a static ap-
proach would need to be over-conservative so that it does
not remove any module that might be imported during the
actual program execution. Second, as discussed in Section 2,
today’s applications depend on large third-party libraries
that are intractable to fully debloat, even with powerful al-
gorithms like DD; it is precisely these large libraries that are
most important to trim down.

System design. To tackle the above challenges, we propose
A-TRIM. A-TRIM utilizes a pipeline consisting of a static an-
alyzer (Section 5.1), a profiler (Section 5.2), and a debloater
(Section 5.3) to remove redundant code from serverless ap-
plications. The architecture of A-TRim is shown in Figure 3.
A-TRIM accepts as input:

1. A Lambda-compatible Python program and associated
deployment image.

2. Anoracle specification, i.e., a set of inputs to the Python
program for which the debloated program needs to
give the same output as the original.

The input program is passed through the static analyzer,
which identifies the external modules that the application
imports. A-TRIM then uses a billing cost-based model to pro-
file these modules and restricts the debloating process to the
modules that would affect the application the most when the
application is deployed on the serverless platform. Finally,
A-TRIM debloats this set of imported modules using DD and
produces optimized code for these modules as output.

Benefits. By stripping away excess, A-TRIM helps reduce
memory usage, execution time, and as a result, monetary
costs in a way that is both backward compatible and com-
plementary to other cold start optimizations; its output can
be deployed to AWS Lambda directly with no modification
to the application or underlying infrastructure.

Further, although A-TRiM is aggressive in its removal of
functions, classes, and module imports, the oracle specifica-
tion provides strong guarantees against potential inputs.

5 A-TRiM Workflow

In this section, we detail the components of A-TRIM and their
responsibilities in optimizing an application.

Program Inputs. Serverless applications consist of two
parts: (a) initialization code and () a designated function
handler. Initialization code consists of library loading and
environment setup. For instance, in Python applications, this
may include imports, definitions of helper functions, estab-
lishing connections with databases or other services, etc. All
of these execute once per function instance as part of the
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import boto3

session = boto3.Session(
aws_access_key_id , aws_secret_access_key

)

def handler_name(event, context):

= O 0V XNV A W N

1
1 return some_value

Figure 4. Example of a serverless application that establishes
a boto3 session to manage and interact with AWS services.

cold start process. The handler, on the other hand, is the en-
try point that takes a request and processes it; the serverless
platform calls into this handler as new requests arrive.

A minimal example that utilizes AWS SDK for Python is
given in Figure 4. The entry point to the application is the
handler function, which takes as arguments an event and a
context. An event is a JSON formatted object that contains
data for the lambda function to process, while the context
object provides information about the invocation, function,
and runtime environment [8]. Code outside of the handler
counts as the Function Initialization phase, which in this
case includes an import and boto3 session setup.

A-TRIM expects two user inputs. The first is an application
in the above format, i.e., a Python program with a lambda
handler. The second is the oracle specification, i.e., JSON file
containing the input test cases that A-Trim will use to ensure
correctness. Each test must contain an event and a context.

5.1 Static Analyzer

The first step in A-TRIM is to obtain information about the
input program and potential candidates for debloating.

Specifically, A-TRIM executes a single pass over the Ab-
stract Syntax Tree (AST) of the program to identify all im-
ported modules and then employs the state-of-the-art Python
static analyzer PyCG [41] to obtain the call graph of the in-
put program. The call graph gives information about the
attributes of the modules that are definitely accessed by the
application. These attributes can safely be excluded from the
DD process, which speeds up the debloating phase. The final
list of modules is then passed to the debloater.

5.2 Profiler

While, in principle, a debloater could examine all of the mod-
ules imported by the application (minus those that are defi-
nitely accessed), modern serverless applications—particularly
those that might benefit from A-TriMm—are large enough to
render such an approach intractable. Instead, A-TrR1M lever-
ages a cost-guided profiling step that helps the debloating
process to prioritize modules with the most potential impact.

Top-K ranking of the marginal monetary cost. While pre-
dicting the potential execution time and memory footprint
savings of module removal is difficult in general (equivalent
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to solving the halting problem), we find marginal monetary
cost to be sufficient to identify a set of potential candidates
for the debloater. We define the marginal monetary cost as:

@

where t and m are the marginal import time and the memory
footprint of modules and all their submodules, respectively,
and where T and M are their sums over all imported modules.

All four values (t, m, T, and M) are measured by patch-
ing Python’s import machinery. In particular, we modify
Python’s module loader by inserting time and memory mea-
surements before each module execution. The ¢t and m of a
module are equal to the difference in T and M before and
after the execution of that particular module.

While an imperfect solution, we find that the above heuris-
tic avoids most pathological application structures. For ex-
ample, a strawman that only considers execution time might
pick a module that is slow but does not require memory (usu-
ally a result of an un-trimmable loop in the initialization).

Marginal Monetary Cost =TM — (T — t)(M — m)

5.3 Debloater

A-TRIM implements a general debloater for Python applica-
tions that uses DD as the underlying program minimization
algorithm. The top-K modules from the profiler are fed into
the debloater. The debloater uses the output of PyCG to mark
the necessary attributes and proceeds to debloat each mod-
ule with the rest of the module’s attributes. The eventual
output of the debloater is a set of optimized modules.

In each iteration of DD, the debloater modifies the module
and tests the output of the modified program given each
test case of the oracle specification as input. In most cases,
just ensuring the matching of standard output is sufficient;
however, extensions to other observable effects found in
serverless applications is straightforward.

In particular, the stateless nature of serverless applications
means that local side effects (e.g., file system changes) can
be ignored. Rather, serverless state and side effects are com-
prised of external calls to remote services and other server-
less functions—validating these types of functions involves
intercepting such operations and checking for equivalence.

5.4 Deployment With Fallbacks

Finally, the optimized program is packaged into a container
image that is deployed to the serverless platform. A-Trim, like
similar program analysis techniques, relies on the oracle as a
high-level specification and assumes that users will provide
a strong enough set of test cases to ensure correctness. Even
s0, A-TRIM provides a fallback mechanism that can correctly
handle cases where A-TRIM removes a necessary attribute.
Specifically, if an input ever accesses a deleted attribute, it
will trigger an AttributeError. A-TrRim wraps the debloated
function to catch these errors and, when detected, invoke
the original function as an independent serverless instance.
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The return value of the wrapper is the response from the
original function and a notification about the failing input.

During normal operation, the overhead of this wrapper
is negligible. The tradeoff is that the overheads of actually
triggering the fallback can be high (see Section 8.7). That
said, the fallback mechanism is a safety net that should be
executed very rarely and, when it is triggered, should alert
the user to re-run A-TrRIM with an updated oracle set.

Note that re-execution of a non-idempotent function may
cause inconsistencies and side effects. However, these types
of re-executions already exist even without A-TRIM, so non-
idempotent applications should already be handling these
cases (e.g., using a framework like Beldi [54]).

More broadly, we note that there are well-known tech-
niques to assist users in creating oracle sets for these types
of tools. For example, one common and relatively robust
approach is running a fuzzer against the optimized program.
If the fuzzer finds a failing input, then the user can add the
input to the oracle set and rerun A-TRIM.

6 The Debloating Process
6.1 Tailoring DD for Serverless Python Applications

A critical design decision in A-TRIM is to identify the appropri-
ate debloating granularity not only based on Python’s seman-
tics but also based on the potential speed-up of the loading
time when the application is deployed on AWS Lambda.

At ahigh level, everything in Python is treated as an object.
As such, modules are also Python objects that wrap around a
dictionary that maps names to other objects. This dictionary
defines the namespace of the module, i.e., the attributes of
the module that we can access after we import it.

When a Python module is imported, all the statements in
the module execute in program order. Python’s import ma-
chinery constructs the namespace of the module on the basis
of each statement. For example, the statement import module
creates a module object for module and adds it to the names-
pace. Similarly, the definition of functions and classes creates
the corresponding function and class objects.

Attributes are, thus, the building blocks of a module, and
we see an opportunity to run DD with this granularity in-
stead of at the granularity of statements. Compared to state-
ment granularity, attribute granularity is coarser with re-
spect to function and class definitions, the same for import
statements, but more fine-grained for from module import
attr statements, since attr can be a list of attributes.

To minimize the overheads of Function Initialization, we
use DD with attribute granularity to debloat imported mod-
ules. By doing so, we not only eliminate function and class
definitions and the costly import statements but also remove
unused module attributes from from import statements,
thus reducing the memory footprint of the created mod-
ule objects. With statement granularity, we cannot remove
specific attributes, as it removes all or none of them.
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import torch

2.01)
y = torch.tensor([3.0, 4.0])
z view(torch.add(x, y), 2, 1)

1

2

3 x = torch.tensor([1.0,

4

8

6 model torch.nn.Linear(2, 1)
7

8

9

0

model.weights = torch.tensor([[1.0], [2.0]])
model .bias torch.tensor([3.0])

print(model(z))
Figure 5. Sample application that uses a simplified torch.

Generalizability. It is worth discussing the generalizability
of the above techniques to other interpreted languages like
Javascript (JS), though a full exploration of the design is out
of scope. JS offers a similar import model as Python; one
can import specific exports from another module, similar
to the from import statement of Python. Thus, DD can
be adjusted in a straightforward way to JS modules. An
additional complexity of JS is the wider range of module
namespaces, which include URLs. To handle this, one can
resolve namespaces statically and then proceed to DD.

6.2 Running Example

To illustrate our implementation of DD for Python programs,
we will consider a simplified version of the torch module:

|

where torch. tensor is a tensor class and torch.add and
torch.view are two tensor operations. torch.nn.Linear
is a Neural Network layer from the torch.nn submodule.
Finally, torch.nn.MSELoss and torch.optim. SGD are utili-
ties for optimizing Neural Networks.

We import the torch module in the simple application
shown in Figure 5. This application does not make use of
torch.nn.MSELoss and torch.optim.SGD. Assuming that
none of the other four attributes depend on them, DD will
remove the redundant attributes from the torch module
through the process shown in Figure 6.

After DD correctly identifies the redundancy of the two
attributes and removes them from the library, the result-
ing module initialization code is shown in Figure 7. The
debloated library now consists of:

A = { torch.add, }

torch.nn.Linear
The debloated library omits the attribute torch.nn.MSELoss
and skips the import of torch.optim entirely.

torch.add,
torch.nn.MSELoss,

torch. tensor,

torch.view,
torch.nn.Linear,

torch.optim.SGD

torch. tensor,
torch.view,

6.3 Profiling-driven Debloater

Implementing the above, the results of the static analysis and
profiling phases are fed into an attribute-level DD process.
All the magic attributes of the module (e.g. __file__) [22]
are excluded from DD. In each iteration of the algorithm,
the original __init__.py file is retrieved and then mod-
ified based on the attributes that DD currently tests. The
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1 tensor add view Linear SGD MSELoss

2 tensor add view Linear SGD MSELoss X
3 tensor add view Linear SGD MSELoss X
4 tensor add view Linear SGD MSELoss X
5 tensor add view Linear SGD  MSELoss X
6 tensor add view Linear SGD MSELoss X
7 tensor add view Linear SGD MSELoss X
8 tensor add view Linear SGD MSELoss X
9 tensor add view Linear

10 tensor add view Linear X
11 tensor add view Linear X
12 tensor add view Linear X
13 tensor add view Linear X
14 tensor add view Linear X
15 tensor add view Linear X
16 tensor add view Linear X

Figure 6. Visual walkthrough of the DD algorithm applied
to the simplified torch library. Attributes with blue back-
ground are the ones under test in the current iteration. Note
that in step 10, we halve the granularity twice since all sets
for n = 2 have been tested in previous iterations.

modification is achieved with a single traversal of the AST.
The modified __init__.py file is then copied back to the
site-packages directory.

For each of the modules in the top-K of marginal monetary
cost, the debloating process consists of the following steps:

1. The module is loaded in order to access its attributes.

2. The __init__.py file of the module is backed up so
that it can be retrieved in every iteration of DD.

3. A set of potentially redundant attributes is constructed
containing all the attributes of the module, except
those that are contained in the output of PyCG and
the magic attributes of the module.

4. Run the DD algorithm for the module. Note that only
the set of potentially redundant attributes defined in
Step 3 are considered; all other code is untouched.

7 Implementation

The A-TRIM implementation comprises roughly 1.1k LoC
of Python. The only third-party packages we use are PyCG
[41] to extract the call graph of applications and psutil to
measure the memory footprint of the imported modules. We
have tested our implementation against Python 3.10. There
are two implementation details that are important to note.

Module isolation. When a Python module is imported, it
is cached by the interpreter to optimize subsequent imports.
This caching, however, prevents us from conducting static
analysis before the profiling phase, since modules need to
be loaded to retrieve their AST. As a result, the Python inter-
preter would use the cached version of each module, leading
to inaccurate measurements of the module’s import time.
To address this, A-TRIM imports modules in isolation. Specif-
ically, a new process is spawned in both the static analysis
and the profiling phase. A new process is also spawned for
each run of DD for the top K module. By spawning a new



A-TRIM: Optimizing Function Initialization in Serverless Applications

from torch.nn import Linear, MSELoss
from torch.optim import SGD

class tensor():
def __init__(self, )8

def add(t1: tensor, t2: tensor) tensor:

def view(t: tensor, diml: int, dim2: int) tensor:

[SR-T-CNEN - N N I

(a) Original torch library.
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from torch.nn import Linear
pass

class tensor():
def __init__(self, DE

def add(t1: tensor, t2: tensor) tensor:

def view(t: tensor, diml: int, dim2: int) tensor:

S VXNV W N

(b) Debloated torch library.

Figure 7. Simplified version of torch (a) before and (b) after debloating.

process for each phase, we provide each with its own address
space, preventing modules from being cached across phases.

Deployment. A-Trim directly modifies the site-packages
directory of the underlying Python installation. To ensure
that these modifications are compatible with AWS Lambda,
we embed A-TRIM in the building phase of the container
image. We use Amazon Linux Base as the base image. A-TRM
deploys the resulting container image to AWS Lambda.

8 Evaluation

Our evaluation aims to answer these high-level questions:

¢ (Q1) End-to-end latency, memory, and cost reduc-
tion: Does debloating applications with A-TRim reduce
the cold start latency, the memory footprint, and the total
billed cost of applications in serverless platforms?

¢ (Q2) Profiling effectiveness: Does the profiling compo-
nent of A-TRiM select modules that are heavily affecting
the application’s performance?

¢ (Q3) Debloating time: How long does debloating take?
Is A-TrM viable as a pre-deployment optimizer?

¢ (Q4) Scaling: Does A-TRIM scale with K? What is the
optimal K that keeps debloating time reasonable?

¢ (Q5) Warm start performance: Does A-TRIM negatively
affect warm start performance?

¢ (Q6) Versus Checkpoint/Restore: How does A-TRIm
compare to and complement C/R mechanisms?

Experimental setup. We perform the container build on
Cloudlab’s [16] ¢6525-25g machines that have Ubuntu 22.04,
16-core AMD 7302P 3GHz CPUs, and 128GB RAM before
uploading and executing the final programs on AWS Lambda
with the x86 ISA and Python runtime.

Benchmarks and methodology. We use the applications
from Table 1 as our benchmarks. Unless otherwise noted,
we use K = 20 and rank modules using their approximate
marginal monetary cost. The oracle set for each application
consists of 1-3 test cases. When the original benchmark (e.g.,
FaaSLight or RainbowCake) includes inputs, the set is taken
from those benchmarks; otherwise, we manually generate
examples to emulate simple, typical tasks that use the target
library. Both the original and A-TRiM-optimized applications
are uploaded to AWS Lambda as Docker images.
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We then perform 100 invocations and collect metrics from
the AWS Lambda execution log. The input for each invoca-
tion comes from test cases in the oracle set. To trigger 100
cold starts, we update the function description field after
each invocation request, forcing AWS Lambda to discard the
warm function instance. For both cold and warm starts, we
query the AWS log to ensure the invocation belongs to the
desired start type and discard the data point otherwise.

8.1 (Q1) Latency, Memory and Cost Reduction

Figure 8 shows A-TRIM’s improvements to latency, memory
footprint, and monetary cost.

End-to-end latency. End-to-end latency (E2E) measures
the time between the user sending an invocation request and
receiving a response from AWS Lambda. Several applications
like lightgbm, resnet, skimage, and spacy show significant
speedup. On average, A-TRIM achieves 1.2X speed-up in E2E
latency with a maximum of 2x for resnet.

There are several applications like ffmpeg and image-
resize that do not benefit from A-TrimM. These two applica-
tions use Python libraries that wrap the tools ffmpeg and
ImageMagick and perform calls to their executables and are,
therefore, bottlenecked on the corresponding system calls
to these executables. In principle, these libraries could also
be included in DD, but deployment would be more complex.

Memory footprint. Memory measures the runtime mem-
ory footprint of applications in MB. Multiple applications
benefit heavily by using A-TriM, like dna-visualization,
lightgbm, and skimage. These benefits come directly from
removing redundant attributes from the module objects cre-
ated from Python’s import mechanism. Similarly to E2E
latency, applications like ffmpeg and image-resize show
little effect. On average, A-TRIM achieves 10.3% improvement
in memory with a max of 42% for skimage.

Monetary cost. Using Equation (1) and the actual memory
footprint, applications like dna-visualization, lightgbm,
resnet, skimage, and spacy all exhibit large improvements
in cost. On average, A-TRIM reduces cost by 19.7% with a max
of 59% for skimage.

Since AWS Lambda has a minimum billing threshold for
the configured memory (128 MB), applications requiring less
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Figure 8. A-TRIM’s improvements to latency, memory footprint, and monetary cost for our benchmarked applications. The
left axis and bars show the results for the original and trimmed versions. For latency, we show a breakdown of E2E versus
Function Initialization time. The right axis and line graph show the relative improvement of A-TriMm. The dashed line helps
illustrate the speedup or improvement against the original application.

Memory (MB) Import Time (s) E2E Latency (s)
ApplicationFaaSLight A-Trim FaaSLight A-Trim Vulture FaaSLight A-TRiM
huggingface -16.06% -2.11% -21.07% -10.21% -230% -17.69% -6.65%
img-resize -3.23% -2.96% -7.77% -1.82% -1.02% -11.10% -1.47%
lightgbm -6.92% -38.44% -20.73% -54.81% -1.03% -18.66% -30.50%
Ixml -3.23% -0.21% -10.84% -41.58% -1.54% -6.63% -19.37%
scikit -1.41% -9.8% -13.53% -19.60% -3.02% -12.83% -2.11%
skimage -42.98% -42.05% -69.27% -42.41% -2.24% -42.05% -34.59%
tensorflow -3.17% -9.01% -13.36% -15.58% -1.40% -11.77% -15.50%
wine -6.09% -11.43% -17.94% -13.73% 0.22% -14.72% -8.34%

Table 2. Comparison between reported improvements of
FaasLight [30], Vulture [5] and A-TRIM.

are billed as if they are using this minimum threshold, which
hides A-TRiM’s memory benefit for small applications.

Comparison with FaaSLight and Vulture. We present a
comparison with FaaSLight [30] and Vulture [5] in Table 2.
We note that, similar to [47], we were unable to run the orig-
inal tools to the same degree. Thus, we only compare against
the reported numbers for their applications and metrics. We
omit trivial use cases where all imports are unused.
Despite FaaSLight taking advantage of extensive manual
annotations and intervention, the two systems show very
similar performance in skimage, tensorflow, and wine.
A-TRIM seems to heavily outperform FaaSLight in lightgbm
and Ixml, while FaaSLight has greater improvements in hug-
gingface and image-resize. Part of this difference may be
due to smaller trial counts in FaaSLight’s evaluation, as at
20 trials, our results still exhibited high variance. A-TRiM has
greater memory improvements in general, due to its more
fine-grained handling of from import statements. Both sys-
tems outperform the reported [30] performance of Vulture.
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8.2 (Q2) Ablation Study

Next, we conduct an ablation study to explore the effec-
tiveness of various scoring methods for the A-TrRim profiler.
Specifically, we test 4 different scoring methods to rank the
top K modules: (a) time, (b) memory, (¢) combined, and (d)
random. Time and memory methods rank modules based
on the import time and the memory footprint, respectively,
while the combined method utilizes Equation (2). Random
randomly assigns values in the range [0, 1] to each module.

The results from the ablation study are shown in Figure 9.
We show results from a representative set of three applica-
tions. We can see that the combined scoring method con-
stantly outperforms the other three methods, which show-
cases that the profiling phase, despite its approximations,
correctly identifies modules with the largest impact on cost.

8.3 (Q3) Debloating Time and Efficacy

In Table 3, we present the total debloating time of each appli-
cation, along with the most representative module’s number
of attributes before and after debloating. As mentioned in
Section 5.3, we validate the output of each DD iteration by
checking the standard output of the application. If we were
to implement a call interceptor, there would be a small addi-
tional overhead in debloating time.

Debloating time ranges from minutes for small applica-
tions to 8 hours for the largest one (huggingface). The pri-
mary culprits are the ML libraries, e.g., torch, which consists
of 3.9k files, and transformers with 1.9k files. We empha-
size, however, that debloating time is off of the critical path—
developers only apply A-TRIM once, as the last step before
deploying the application. There are also many techniques
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Figure 9. Cost, Memory and E2E improvement for different
scoring methods.

that could be used to reduce this time. At a basic level, users
can lower the number of modules to debloat (default is 20) to
speed up the process. Prior work has also demonstrated the
promise of learning techniques to choose the attribute set
that is the most probable to pass the oracle test [25]. Finally,
parallelization of DD may be possible; however, this is out of
the scope of this paper as it likely requires novel approaches
to dealing with dependencies between modules.

As for efficacy, A-TRIM achieves a sizable reduction in
attributes. For instance, A-TRIM removes 3291 out of 3300 at-
tributes from the transformers top-level module and 1306
out of 1414 attributes from torch. We also observe that the
number of removed attributes for the same module varies be-
tween different applications. Specifically, it removes 496 out
of 537 attributes from numpy for dna-visualization, while
for wine, it only removes 33. This happens because different
applications require different functionalities (and therefore
different number of attributes) from the same module.

8.4 (Q4) Scalability and Optimal Debloating Size

We conduct experiments with varying numbers for K, i.e., the
number of top modules to debloat. We again show only the
results from 3 applications since most applications showcase
the same behavior. The results are shown in Figure 10.

We observe improvements as the number of modules to
debloat grows up until K = 20 from which point onwards
there is a plateau in performance. This indicates that the
modules that contribute the most during the import process
have already been debloated and further debloating does not
incur any performance benefits.
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Debloat Example Attributes Ckpt. Size (MB)

Application Time (s) Module (Post/Pre) (Post/Pre)
chdb-olap 44 chdb 11/32 39/41
dna-visualization 2142 numpy 496/537 14/17
epub-pdf 1878 pptx 20/38 36/37
ffmpeg 87 ffmpeg 35/46 11/11
huggingface 28756  transformers 3291/3300 240/255
igraph 159 igraph 137/185 11/13
image-resize 1973 wand. image 52/91 24/25
jsym 4385 sympy 914/938 37/41
lightgbm 4635 lightgbm 32/45 22/33
Ixml 955 Ixml.html 53/84 18/20
markdown 86 markdown 16/28 9/11
pandas 7066 pandas 125/141 36/41
qiskit-nature 1278 qiskit 30/49 224/244
resnet 26113 torch 1306/1414 80/84
scikit 4142 joblib 29/50 65/68
shapely-numpy 2393 shapely 161/176 15/17
skimage 3625 skimage 16/18 40/51
spacy 4722 spacy 36/60 85/99
tensorflow 10930 tensorflow 305/355 166/185
textblob 1561 nltk 550/560 25/29
wine 8573 numpy 33/537 87/95

Table 3. Benchmarked applications and A-TrRiM’s effect on
their debloating time (K = 20), C/R checkpoint size, and the
attribute count of a representative module.
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Figure 11. Warm start E2E latency impact of A-TRIM.

Finally, memory and E2E latency seem to follow the same
growth pattern. Cost also mimics the growth of these two
factors, which is expected from Equation (1).

8.5 (Q5) Impact on Warm Starts

Figure 11 shows the difference in E2E latencies between
the original and A-TriM applications during normal, warm-
start invocation. The difference is less than 1 second, or 10%,



ASPLOS 25, March 30-April 3, 2025, Rotterdam, Netherlands

Xuting Liu, Spyros Pavlatos, Yuhao Liu, and Vincent Liu

B Original
. 1.61 m@m=m rtRM
u o]
o 14 em :::+)\-TRIM
E1.2
=1
c 1.0
2
=038
£06
©
204
£
0.2 g s
o | ] g

of a0t o e a0 ey o
R RN RN ST LA W
C\'\éax.\s\;a\ Y oS! \“\aqe )

A

—— Keep-alive 1 min
Keep-alive 15 min
—— Keep-alive 100 min

Applications

0%

20%

40% 60%
SnapStart Cost over Total Cost

80% 100%

Figure 13. CDF of the ratio between SnapStart cost over total
cost for functions in a simulated Azure trace [45]. Even with
a keep-alive duration much longer than common practice,
SnapStart doubles the cost of the majority of the applications.

for all applications, which is expected as the behavior of a
debloated application should stay the same as the original
one. This small variation can be attributed external factors
such as network fluctuations and AWS Lambda instance
assignment, which we observed periodically through our
extensive experimentation and are difficult to completely
eliminate without large-scale longitudinal evaluations.

8.6 (Q6) Comparison with Checkpoint/Restore

Next, we compare the performance of A-TRim against C/R
techniques, which also seek to reduce cold-start latencies.

C/R baselines. We evaluate against two strong baselines.

The first is C/R prototype based on CRIU [39], which is
the state-of-the-art C/R tool in userspace. CRIU can freeze a
running application and checkpoint it to disk so that it can
be restored later from the point at which it was frozen. In the
case of cold starts, the checkpoint should be taken right after
the initialization but before the handler. When another cold
start is triggered, CRIU can restore the state of the function
from the checkpoint. Note that CRIU requires either the
CAP_CHECKPOINT_RESTORE Linux capability, which cannot
be set in AWS Lambda. Results in this section are instead
based on a Docker container on a local machine with Ubuntu
24.04, 16-core Intel Ultra 7 155H, and 16 GB RAM.

The second baseline is AWS SnapStart [3], an optional
feature that takes an encrypted, VM-level snapshot of server-
less functions. While SnapStart is a production feature, it is
currently limited to very small function sizes, preventing us
from evaluating our baselines directly. Rather, our results
here are mainly with the aid of simulation.
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Figure 12. Comparison of initialization time between A-Trim, C/R and C/R + A-TRIM.

. .. Fallback
Application Original A-TRIM Warm  Cold
dnacvisualization Cold 0.58 0.54 098  1.69

visu Warm 0.10 0.09 0.14 0.1
. Cold 0.98 0.80 .09 2.06
lightgbm Warm 008 0.8 ‘ 014 106
“hac Cold 2.23 2,01 231 463
pacy Warm 0.08 0.08 014 231
hugeineface Cold 6.04 5.28 610  12.29

g8ing Warm 031 0.29 035 631

Table 4. E2E latencies (in s) when triggering fallback. Origi-
nal and A-TRiM are the baseline E2E latencies with no error.

In both cases, we compare the original application against
C/R, A-Tr1M, and the combination of the two.

Initialization time versus CRIU. Figure 12 compares the
initialization time of all evaluated variants. We observe sig-
nificant differences between applications, largely based on
their initialization time.

For small applications (<0.2s), A-TRIM outperforms all
other variants. In fact, C/R is much worse than the baseline
application. This is due to the fact that CRIU recreates the
process tree by forking its own process and then restores
process state by using information collected from reading
/proc during the checkpointing. This procedure incurs an
overhead, which seems to be around 0.1 seconds.

For larger applications, pure C/R begins to outperform
pure A-TRIM. An exception is lightgbm, which benefits sig-
nificantly from debloating. C/R becomes more effective as
we look at larger applications since loading memory pages
from the checkpoint image is much faster than file I/O and
command execution by the Python interpreter. In addition,
the initialization phase includes not only library imports
but also environment/model loading, an action that A-TRIM
cannot optimize. This is the case in spacy, which needs to
load a language model to perform a simple NLP task.

The two techniques are, however, complementary as A-
TRIM can be used to reduce the size of the checkpoint image.
Table 3 shows the checkpoint size produced by CRIU and
by CRIU+A-TrIM. Debloating always reduces the size of the
checkpoint and does so by an average of 11%.

Monetary costs of using SnapStart. The tradeoff of C/R-
based approaches are its large resource overheads to store
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Figure 14. Amortized invocation and SnapStart costs for simulated traces of our benchmarked applications. Simulated based
on an Azure trace [45] and AWS SnapStart pricing [4], assuming a 15-minute keep-alive time.

and restore the checkpoints. We can quantify these over-
heads using the pricing of SnapStart, which charges users
based on both the restore cost (number of cold starts) and
storage costs (quantifed in units of GB-seconds) [4].

To illustrate the magnitude of these costs, we simulate run-
ning applications in the Microsoft’s Azure Function trace [45]
with SnapStart. Figure 13 shows a CDF of the ratio between
SnapStart costs and the total cost for the applications. Even
for extremely long keep-alive times, the median application
would spend >60% of its cloud budget on paying for C/R
support, mostly on caching costs.

To estimate A-TRIM’s potential effect on these costs, we
take each of the applications in Table 1 and find the most
similar function in the entirety of the Azure trace. Similarity
is quantified as the L2 norm of memory and duration. We
then simulate the benchmarked application over 24 hours
using the associated function’s invocation traces (assuming
functions stay warm for at least 15 mins). As shown in Fig-
ure 14, A-TrRim reduces total costs by up to 42% (average of
11%) by reducing the memory footprint and checkpoint size.

8.7 Fallback Overhead

A-TRIM can fall back to the original function if necessary
attributes are incorrectly removed. When triggering the fall-
back, the overheads include setup, communication delays,
and invocation of the original function. We comprehensively
evaluate these overheads by measuring E2E latencies in ev-
ery combination of warm/cold start for the A-TrRim and the
fallback functions. Table 4 shows results for representative
applications of different sizes: small (dna-visualization),
medium (lightgbm), and large (spacy, huggingface).

The setup overhead is around 50 ms, measured by times-
tamps in the function. When the fallback function is cold,
its cold start latency dominates the fallback overhead. Cold
fallback overhead doubles the E2E latency of a cold A-TRIm
function and contributes over 90% of the latency of a warm
A-TRM function. Overall, the invocation of the original func-
tion is the main source of fallback overhead.

9 Related and Future Work in Debloating

Expanding Section 3.1, A-TRIM is also related to the exten-
sive work in debloating such applications with techniques
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like static and reachability analysis [5, 7, 37], dynamic analy-
sis [24, 37], just-in-time loading [33] or even manual investi-
gation and modification of applications [12, 47]. Like A-TRIMm,
these systems are motivated by the fact that modern software
is heavily bloated due to the use (and reuse) of libraries offer-
ing a plethora of functionalities [19, 27, 36]. A-TRIM is based
on similar techniques to conventional debloaters, but is the
first to specifically target serverless applications and their
unique structure, execution model, and optimality criteria.

Under the umbrella of debloating, DD is a prominent tech-
nique, but it has been constrained to statically typed lan-
guages like C/C++ [53] or, very recently, dynamically typed
compiled languages [40]. This technique and efforts to im-
prove it (e.g., using learning to accelerate the search for the
reduced program [25]) are complementary to A-TRIM.

Looking forward, although developers pay the cost of
debloating once (and therefore, this cost is off the critical
path), A-Trim still suffers from substantial debloating times
for medium to large applications. We plan on accelerating
the debloating phase with various optimizations.

First, we will parallelize DD both intra-(multiple sets of
attributes of the same module in parallel) and inter-(multiple
modules in parallel) modules. The latter will require very
meticulous handling of module dependencies, mainly due
to Python’s cyclic imports. Finally, we plan to implement
a continuous debloating pipeline for both function updates
and inputs that are collected through our fallback mecha-
nism. This pipeline will make use of logs collected during the
initial debloating to drive the subsequent debloating more
efficiently in both aforementioned cases.

10 Conclusion

This paper introduced A-TR1M, a system designed to reduce
the overhead of Python-based serverless applications by op-
timizing their Function Initialization phase. This phase has
an outsized effect on not only cold start latency but also the
resource consumption and monetary costs of all executions—
cold or warm. A-TRIM leverages profiling and DD, and offers
a practical and immediately deployable solution that aligns
well with other cold start optimization efforts while con-
tributing uniquely to cost efficiency.
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A-TRIM: Optimizing Function Initialization in Serverless Applications

A Artifact Appendix
A.1 Abstract

A-TRIM is a debloater for Python applications. Given a Python
function and a set of inputs to this function, A-TRIM auto-
matically removes all redundant modules, functions, and
classes from the modules that the application imports. This
artifact contains instructions to install A-TRIM and scripts to
reproduce key results of our paper (Figures 8, 9, 10, 11, 12,
13, 14).

The source code of A-TRIM is available at https://github.com/ !

eniac/lambda-trim and scripts for all experiments are avail-
able at https://github.com/xutingl/lambda-trim-artifact.

A.2 Artifact check-list (meta-information)

e Algorithm: Cost-driven Delta Debugging for Debloat-
ing

¢ Run-time environment: Python 3.10

e Metrics: E2E latency, memory, billed duration, and im-
port time.

e Output: A-TRIM outputs optimized serverless applica-
tion.

e Experiments: Figures 8, 9, 10, 11, 12, 13, 14.

e How much disk space required (approximately)?: 200GB
if keeping Docker images for all appliccations. 50GB
if cleaning up images after each experiment.

e How much time is needed to prepare workflow (ap-
proximately)?: 2-3 hours.

e How much time is needed to complete experiments
(approximately)?: 3-4 days if experiments are run seri-
ally.

e Publicly available?: Yes.

e Code licenses (if publicly available)?: GPL-3.0

A3

A.3.1 How to access

Description

https://github.com/xutingl/lambda-trim-artifact

A.3.2 Hardware dependencies

A-TRIM is designed for serverless applications and does not
require special hardware.

A.3.3 Software dependencies

Requires Docker and AWS CLI. The complete list of depen-
dencies is provided in the repository README.

A.4 Installation

A-TRIM can be installed with

$ cd lambda-trim
$ pip install -e .
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A.5 Experiment workflow

Complete instructions and explanations of the experiment
workflow are included in the repository README. We pro-
vide an overview below.

A.5.1 Debloating (Figure 8)

Run the following to create and run baseline functions and
A-TRIM debloated functions.

$ python experiments/debloating.py --action create-baseline
$ python experiments/debloating.py --action run-baseline

$ python experiments/debloating.py --action create-debloat
$ python experiments/debloating.py --action run-debloat

A-TRIM runs in the create-debloat step. It may take 30
minutes (jsym) to 8 hours (huggingface) to debloat an appli-
cation.

Use experiments/debloat/fig8.ipynb to generate Fig-
ure 8.

A.5.2 Ranking (Figure 9)

To run the experiments for the various scoring methods
(memory, time, combined, random), run the following:

$ ./experiments/ablation/run_all.sh ranking

If you want to run a specific application appname for the
various scoring methods, you can run:

$ ./experiments/ablation/run_scoring.sh <appname>

Use experiments/ablation/plot_scoring.ipynb to gen-
erate Figure 9. This step assumes that you first run the de-
bloating experiment (Figure 8).

A.5.3 Varying K (Figure 10)

To run the experiments for varying K (number of modules
to debloat), run the following:

$ ./experiments/ablation/run_all.sh k

If you want to run a specific application appname for vary-
ing K, you can run:

$ ./experiments/ablation/run_k.sh <appname>

Use experiments/ablation/plot_varying_k.ipynb to
generate Figure 10. This step assumes that you first run the
debloating experiment (Figure 8).

A.5.4 Warm Starts (Figure 11)

Warm-start experiments use the same functions created
in the debloating experiment (Figure 8). This step can be
skipped if baseline and debloated Lambda functions have
been created in the debloating experiment (steps 1 and 3 in
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the debloating experiment). Otherwise, you need to create
them by running

$ python experiments/debloating.py --action create-baseline
$ python experiments/debloating.py --action create-debloat

Then, run warm-starts for baseline and debloated func-
tions

$ python experiments/debloating.py --action run-baseline-
warm

$ python experiments/debloating.py --action run-debloated-
warm

Use experiments/warm/fig11.ipynb to generate Figure 11.

A.5.5 Comparison with Checkpoint/Restore (Figure
12)

For our comparison with Checkpoint/Restore (CR) tech-

niques (Figure 12), we built a prototype with CRIU. The pro-

totype spawns a CRIU server, and the application connects to

the server through a gRPC call to force a self-dump/checkpoint. ’

Afterwards, we invoke the application by issuing a restore
call to the CRIU server.
We are testing four variants:
e Original application
e Original application with CR
e Debloated application
e Debloated application with CR
To speed up the building process, we provide a base Docker
image (spyrospav/criu-debloat:latest) that contains a mini-
mum CRIU build.
For a single application app, you can reproduce the com-
parison by running:

$ ./experiments/cr/run.sh app

Note that this creates a Docker container for each variant
and executes the test.
To build all the applications, run

$ ./experiments/cr/run_all.sh
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Use experiments/cr/analyze_cr.ipynb to interactively
produce the bar plots with the results for both a single ap-
plication and the whole benchmark set after running the
experiments (Figure 12).

A.5.6 Checkpoint size (Table 3 — Ckpt. Size column)

The size of the checkpoints (Table 3 — Ckpt. Size column) for
both the original and the debloated application is saved in
the directory experiments/cr/output/ after running the
CR experiment.

A.5.7 Fallback (Table 4)

Create undebloated Lambda functions to be used as fallback
functions. This step can be skipped if the baseline functions
dna-visualization, lightgbm, spacy, and huggingface
have been created in step 1 of the debloating experiment
(Figure 8). Otherwise, create them by running

$ python experiments/debloating.py --action create-baseline
--single-app dna-visualization

$ python experiments/debloating.py --action create-baseline
--single-app lightgbm

$ python experiments/debloating.py --action create-baseline
--single-app spacy

$ python experiments/debloating.py --action create-baseline
--single-app huggingface

Then, run fallback experiments with

$ ./experiments/fallback/run_fallback.sh

A.5.8 SnapStart Simulation (Figures 13 and 14)

Use experiments/snapstart/figl13_14.ipynb to run sim-
ulation experiments and produce Figures 13 and 14. The simu-
lation is based on traces from the Azure functions dataset [45],
which will be downloaded in the notebook.

A.6 Evaluation and expected results

Serverless applications are invoked by default 100 times, and
results will be stored in results directory for each exper-
iment. Due to the nature of serverless cloud services (like
user traffic, network, etc.), the exact numbers may differ from
those in the paper. We provide results to generate figures in
paper_results.


https://hub.docker.com/r/spyrospav/criu-debloat/
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