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Abstract

The lack of an interface that allows users to express their intent, to
trade off latency versus cost, continues to be a hurdle in the adoption
of serverless computing for latency-critical and cost-constrained ap-
plications. Existing systems shy away from providing a user-intent
knob mainly because they make resource allocation decisions as
soon as a function is registered, when inputs to the function are
mostly unavailable. We find that function performance and re-
source utilization can vary greatly (up to 6X in latency and 4.78x
in utilization) across inputs. Thus, to enable intent-based serverless
computing, our key insight is to delay making resource allocation
decisions until after function inputs are available so that resources
can be allocated independently for each input and resource type.
We introduce ALAP, a resource management framework for server-
less systems that makes decisions As Late As Possible to right-size
each invocation and meet user-intent efficiently. ALAP uses an on-
line learning agent to predict the required amount of resources to
meet an invocation’s constraints and schedules these right-sized
containers in a cold-start-aware manner. For a range of functions
and inputs, ALAP adapts to user intents: it reduces latency and cost
by up to 17.5% (3% on avg.) and 13X (3.7X on avg.), respectively, and
latency and cost SLO violations by 1.3-2.3x and 1.6-2.2X, respec-
tively, while nearly eliminating CPU and memory waste compared
to four state-of-the-art systems.
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1 Introduction

Serverless computing or Function as a Service (FaaS) manages
nearly all system administration tasks, including resource man-
agement, simplifying cloud usage for programmers [7, 13, 19, 34,
35, 39]. Users simply upload their code while the providers man-
age resources and autoscaling on behalf of the users. However,
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commercial platforms, including AWS Lambda [7] and Google
Cloud Functions [19], require users to specify a memory limit
for each function, forcing them to reverse-engineer the implica-
tions of their specification on latency and cost. Most prior work
in serverless computing attempts to optimize either function la-
tency [2-4, 17, 25, 32, 41, 55, 58, 69, 70, 78, 82, 85, 88, 92, 97, 111]
or costs [12, 26, 67, 83, 102], while some allow users to specify de-
sired latency constraints [14, 16, 52, 112]. However, none provide
an interface for users to express their intent to trade off latency versus
cost, as their rigid resource allocation policies cannot adapt to differ-
ent user intents. We find that the user intent dictates the optimal
resource allocation for a function (Section 2, Figure 1). Thus, provid-
ing users with an intent-based interface is imperative for enabling
a unified serverless system that works for a range of applications,
from latency-critical to cost-constrained functions.

Existing systems shy away from providing a user-intent knob
mainly because they make resource allocation decisions as soon
as a function is registered, when inputs to the function are mostly
unavailable. However, we observe in our characterization study
(Section 2, Figure 3) that performance and resource utilization vary
greatly across inputs for a function (e.g., 4.78x difference in the
number of cores used between two unique video inputs). Thus, it is
not feasible to determine how a user-specified intent can be met
until function invocation time when the inputs are available.

Our work. To enable intent-based serverless computing, we argue
that serverless systems should make resource allocation decisions as
late as possible to account for the needs of each function invocation.

We characterize serverless functions (Section 2) from several
benchmark suites [21, 45, 96] commonly used in research [3, 4,
30, 52, 54, 67, 69, 109]. As Azure [84] and Meta [80] report exe-
cuting both short-lived (100ms-10s, 70% of functions) and long-
running functions (>10s, 20-40% of functions), we study and opti-
mize for both types. These functions include scientific applications,
image/video processing, ML training and inference, and web ser-
vices. We find that function semantics and input properties, beyond
just size, greatly affect function execution time and resource utiliza-
tion. Our observations lead to the following design principles for
building an intent-based serverless system that meets user’s intents
while improving resource efficiency for the providers: (a) delay allo-
cation decisions until inputs are available, (b) account for function
semantics, and (c) make independent allocations per resource type
(cores and memory). Section 2 details our measurement study.

Based on these design principles, we introduce ALAP, a serverless
computing platform that makes resource allocation decisions As
Late As Possible to account for the needs of each function invoca-
tion. ALAP introduces an interface that enables users to communi-
cate their intent (e.g., minimize cost or latency, or meet a specific
cost or latency target). To account for inputs, ALAP’s Allocator
uses readily-available metadata of the function inputs as features
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Figure 1: The user intent dictates the optimal number of cores
to allocate. See § 2.
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Figure 2: Contrary to the assumption of previous works,
many common serverless functions do not exhibit linear
relationships between size and execution time. See § 2.
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to an online learning agent that predicts the required resource con-
figuration (cores and memory) to satisfy the user’s intent. Since
delayed decision-making may increase cold starts as invocations
to the same function may need differently-sized containers, we
build ALAP’s Scheduler to complement per-invocation resource
allocations. If the desired size is unavailable, ALAP’s scheduler uses
a larger warm container and pre-launches the right-sized one in
the background for future use.
We summarize our contributions as follows:

e Our measurement study, using a wide range of short- and
long-running serverless functions, with varying thread-level
parallelism and input types, shows that the user intent and
function inputs dictate the optimal resource allocation.

e We introduce ALAP, the first serverless system that makes
both input-aware and independent resource allocation de-
cisions per resource type to greatly reduce resource waste
while meeting diverse user intents.

e We implement ALAP atop OpenWhisk and show that with
minimal overheads, ALAP can reduce latency by up to 17.5x
(3% avg), cost by 13% (3.7x avg), or latency and cost service-
level objective (SLO) violations by 1.3-2.3x and 1.6-2.2X, re-
spectively, with minimal resource waste compared to several
state-of-the-art systems, including Parrotfish [67], Aquatope
[112], Cypress [14], and Bilal et al. [16].

2 Characterization & Design Principles

We study how different user intents influence the optimal resource
allocation and the shortcomings of allocation policies used by ex-
isting serverless systems. We study 11 functions (Table 4, § 8),
both short-lived and long-running (> 10s) [80, 84], including scien-
tific applications, image/video processing, ML training/inference,
and web services, commonly seen in literature and benchmark
suites [14, 16, 21, 41, 45, 52, 67]. We use hundreds of unique inputs
from open source datasets [24, 33, 36, 61, 64, 72]. We observe the
functions on Apache OpenWhisk [29] with core allocations 1-28
(§ 8 describes our experimental setup). Our observations lead to four
design principles for building a serverless system that adapts to the
user’s needs while improving the provider’s resource utilization.
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Figure 3: Resources used by two sets of inputs to VidProc.
Both sets contain inputs of the same size, but different unique
inputs. Properties other than size impact utilization (e.g.,
video resolution). See § 2.
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Figure 4: Core allocated versus used for two functions given
the same inputs. Function semantics affect resource utiliza-
tion. See § 2.

1. Support various user intents. Users have different needs, from
meeting strict cost or latency SLOs to requiring best-effort alloca-
tions that minimize cost or latency. However, existing serverless
systems do not expose a flexible interface to allow users to com-
municate their intent; instead, they internally optimize for either
cost [12, 26, 67, 83] or latency [14, 38, 52, 102, 112]. Figure 1 shows
that the intent dictates the required resource configuration (results
for four functions with fixed inputs). As no single resource configu-
ration minimizes cost/latency or meets SLOs, serverless systems need
an interface where users can express their intent and provide "hints"
to the platform as to what allocation best suits the function.

2. Delay allocation decisions until inputs are available. Com-
mercial platforms [7, 13, 19] and recent works [16, 38, 52, 67, 69, 102,
110, 112] make input-agnostic allocation decisions. Cypress [14]
uses the input’s size to predict execution time. However, it assumes
(a) the relationship between input size and function execution time
is linear, and (b) properties beyond size do not affect function per-
formance and resource utilization. However, we observe that for
simple, common serverless functions, like video and image process-
ing, there is no clear linear relationship between input size and
execution time (Figure 2). Instead, input properties beyond just size
greatly affect resource utilization for several functions. For example,
Figure 3 shows that input videos of the same size (e.g., 5.6MB) differ
by 4.78x in the number of cores used by a video processing func-
tion (converts an RGB video to grayscale [21, 45]). Videos in set-1
exhibit a seemingly unpredictable relationship between input size
and cores used, while set-2 exhibits constant utilization regardless
of the video size. We found that all videos in set-2 had the same
resolution (1280 X 720), whereas resolution varied for set-1 videos,
causing the wide variation in utilization. As properties beyond size
(e.g., bit rate, resolution) affect performance and resource utiliza-
tion, allocations that ignore inputs are sub-optimal. Instead, resource
managers should delay allocation decisions until inputs are available
to be holistically input-aware.
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3. Account for function semantics. Serverless systems host func-
tions with varying semantics, including differences in thread-level
parallelism and arbitrary internal state/branching. Thus, input-
aware allocations alone are insufficient, as identical inputs can
demand vastly different resources across functions. For example,
while both ImgProc and ResNet50 ingest the same images, ImgProc
(single-threaded) uses only one core, whereas ResNet50 (multi-
threaded) can use tens of cores to reduce execution time (Figure 4).
Accounting for function semantics is imperative to make informed
allocation decisions. However, learning the impact of a function’s se-
mantics on performance and cost is challenging without expensive
profiling or statistical formal methods [100]. We need lightweight
techniques to account for the relationship between function semantics
and resource allocations that meet user intents.

4. Make independent allocations per resource type. Commer-
cial systems [7, 19], open-source frameworks [29, 62], and several
previous works [14, 38, 52, 67, 67, 69, 71, 88, 102, 110] couple re-
source types, as they assume serverless functions are both memory-
and compute-intensive. We find this degrades resource utilization,
like previous works [16, 112]. Figure 3 shows that VidProc can use
19 cores (set-1, 5.6 MB), but the function uses at most 0.8 GB of its
memory. Systems that couple resource types would allocate > 10GB
memory [7] with 19 cores, resulting in > 92% memory underutiliza-
tion. Instead, in addition to being input-aware, serverless systems
should make independent allocations per resource type.

3 Existing Approaches

We exhaustively review the limitations of the interfaces and re-
source management policies of previous systems. In Table 1, we

detail the differences across the most closely related work to ALAP.
No previous serverless system incorporates the four key design

principles detailed in § 2. To the best of our knowledge, we are

the first to build a serverless framework that makes both input-
aware and decoupled resource allocation decisions to greatly reduce

resource waste and meet diverse user intents.

Existing user interfaces. Commercial providers (AWS A [7], Google
Functions [19]), open-source (OpenWhisk [29] and OpenFaaS$ [62]),

and several proposed systems (Cypress [14], Golgi [52], Kraken [15],

OFC [69], EcoLife [38]) require users to specify memory limits for

their functions. This forces users to reverse engineer the impli-
cations of their choices on performance and cost. Some systems

allow users to specify a latency SLO (Aquatope [112], Golgi [52],

Cypress [14], EcoFaaS [88], StepConf [102], GSight [110]), while

others do not allow users to provide SLO (OFC [69], Parrotfish [67],
EcoLife [38]). However, none expose a flexible interface for users

to trade off latency versus cost in different forms. Bilal et al. [16]

discuss potential interfaces for users to express their intent, but

this work is an analysis of existing commercial platforms [13], not

a prototyped serverless system. To the best of our knowledge, ALAP

is the first serverless system to expose and support a flexible interface

that allows users to express different intents: a cost or latency SLO, or
minimize cost or latency.

Existing resource management approaches. To meet diverse

user intents without wasting resources, ALAP makes input-aware,
decoupled resource allocation decisions. Parrotfish [67] and AWS

Lambda’s Power Tuning [12] are offline profiling tools that select

a memory limit for serverless functions. However, these works
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Study Intents Input | Decoupled
Supported Aware | Resources
OFC [69] Min. Latency X X
Bilal et al. [16] Min. Latency or Cost X v
Aquatope [112] Latency SLO X v
Golgi [52] Latency SLO X X
Cypress [14] Latency SLO X X
Parrotfish [67] Min. Cost X X
EcoFaaS$ [88] Latency SLO v X
StepConf [102] Latency SLO X X
FaaSConf [99] Latency SLO X X
Freyr [106] Latency SLO X X
ChunkFunc [74] Latency SLO X X
EcolLife [38] Min. Latency X X
GSight [110] Latency SLO X X
ALAP (our work) | Min. Latency or Cost, v v
Latency or Cost SLO

Table 1: Summary of the interface and allocation policies of
previous serverless systems. See § 3.

assume coupled resource types and pessimistically over-allocate
resources with their input-agnostic allocations, leading to resource
underutilization (Figures 8, 9). We show these inefficiencies in our
comparison against Parrotfish (§ 9). EcoLife [38] adjusts container
placement across heterogeneous hardware to reduce carbon emis-
sions. GSight [110] makes scheduling decisions to reduce partial in-
terference between serverless functions. StepConf [102] allocates a
function’s memory limit to improve SLO compliance. FaaSConf [99]
deploys heavy-weight reinforcement machine learning agents per
application to improve SLO compliance. Freyr [106] uses reinforce-
ment learning to harvest idle resources. OFC [69] leverages spare
memory across functions to dynamically scale in-memory caches,
reducing external data retrieval time. However, all these systems
end up wasting resources and degrade function performance as
they make input-agnostic, coupled resource allocation decisions.
Cypress [14], Golgi [52], and Kraken [15] pack multiple invoca-
tions into the same container. However, since these systems assume
coupled resources, they degrade utilization under sparse arrival
patterns. Moreover, Golgi and Kraken are input-agnostic. Cypress,
along with ChunkFunc [74], assumes that input properties beyond
size do not affect performance or resource utilization. We compare
against Cypress in (§ 9) to show the inefficiencies of bin-packing
and not being holistically input-aware (§ 2). EcoFaa$ [88] reduces
the energy footprint of serverless platforms with CPU frequency
scaling, however, it couples resource types. Finally, Aquatope [112]
and Bilal et al. [16] use Bayesian optimization to make decoupled
allocation decisions. However, we show ALAP achieves superior
SLO compliance and resource utilization than these systems with
its lightweight modeling and input-aware decisions in § 9.

Other serverless optimizations. Several systems optimize other
aspects of serverless computing: reducing cold-start overheads [2—4,
17,25, 32, 47, 53, 55, 58, 59, 70, 78, 81, 82, 85, 91, 92, 97, 101, 103, 104,
111], efficient function-to-function communication [1, 3, 46, 48, 53,
56, 57, 63, 65, 73, 79, 89, 90, 95, 101, 102], and state management [5,
37, 42, 44, 49, 51, 63, 66, 69, 75, 77, 107, 108]. These optimizations
are orthogonal to and compatible with ALAP.
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API
register_fxn

Parameters

fxnName, fxn, intent

<minCost, minLat, 1atSLO, costSLO>
register_fxn | fxnName, fxn, cpuLimit, memLimit
invoke_fxn fxnName, input(s)

Table 2: ALAP’s declarative, intent-based API. See § 4.1.
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Figure 5: ALAP’s workflow. See § 4.

4 ALAP Design

We leverage our design principles (§ 2) to build ALAP, a serverless
system that dynamically allocates resources per function invocation
As Late As Possible to meet diverse user-intents while improving
resource efficiency for cloud providers.

4.1 ALAP’s Intent-Based Interface

The interface of existing serverless systems is inflexible, forcing
developers to specify either (1) a memory limit [7, 19, 29, 62] or
(2) a latency SLO [14, 79, 88, 102, 112]. While (1) forces developers
to reverse-engineer resource limits for their latency/cost needs,
(2) continues to burden developers by forcing them to determine
appropriate latency SLOs. Alternatively, platforms intrinsically op-
timize for latency [16, 38, 69] or cost [16, 67] without giving users
control over their latency or cost requirements. ALAP is the first flex-
ible intent-based serverless computing platform. Table 2 outlines
ALAP’s intent-based interface. Developers register functions via
register_fxn, specifying the function name, serialized function,
and optimization intent (row 1): minimize cost or latency, or meet
a cost or latency SLO. Offering the intent to minimize latency/cost
relieves developers from determining appropriate SLO values, how-
ever, ALAP also supports meeting SLOs, both latency and cost. Cost
SLOs allow users to maximize performance (e.g., latency) within
specified budget constraints without reverse engineering latency
SLOs. Additionally, developers wanting direct resource control can
specify cores and/or memory allocations for their function (row
2). Finally, users can execute functions via invoke_fxn (row 3),
providing the function name and input(s) directly in the payload.

4.2 ALAP’s Intent-Based Architecture

Figure 5 describes ALAP’s workflow. ALAP’s Frontend receives in-
vocations specifying the function, input(s), and optionally, a user
intent. ALAP defaults to minimizing cost if no intent is specified. @)
The Resource Allocator receives invocations from ALAP’s Frontend.
9 To make input-aware allocation decisions, the Allocator extracts
readily-available metadata (e.g., image resolution) specific to the
input type in the payload (§ 5.2) and feeds this metadata as features
to its function-specific online agents (implicitly accounting for func-
tion semantics, § 5.1) to predict the required resource allocation
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for the invocation’s intent. @) The Scheduler uses this prediction
to finalize the invocation’s allocation. It prioritizes dispatching the
invocation to a warm container of the exact or larger size than that
specified by the prediction to avoid cold starts (§ 6). @ On each
worker, ALAP deploys a lightweight daemon to collect performance
and resource utilization metrics per invocation. When an invoca-
tion completes, the daemon sends this data to e ALAP’s Allocator
to update its model and learn the evolving relationship between
allocated resources and function cost/performance (§ 5.2).
Scalability of ALAP. We host ALAP’s Allocator and Scheduler on
the same server to enable efficient communication between them
(ALAP’s Scheduler consults with the online agents managed by the
Allocator). Previous serverless systems scale their logical sched-
uler with physical replicas, each managing a sub-cluster of work-
ers [17, 80, 84, 86]. To minimize data movement (e.g., container
images), a hierarchy of load balancers routes invocations of the
same function to the same sub-cluster, exploiting caching and lo-
cality. ALAP achieves scalability in a similar manner. We deploy
a physical replica of the Allocator over each physical scheduler,
ensuring each Allocator replica hosts online learning agents for
only the functions executed in its sub-cluster. This ensures ALAP’s
Allocator is not a single point of contention.

ALAP’s Scope. In this work, we target single-function applications,
commonly used in recent works [3, 14, 16, 21, 41, 52, 67, 80, 105]
and a high use case on commercial platforms (60% of applica-
tions on AWS Lambda contain only one function [23]). Previous
works [48, 56, 102, 112] optimizing multi-function workflows are
complementary to ALAP. Importantly, our proposed design princi-
ples generalize to workflows. Intermediate functions receive inputs
derived from preceding functions, which can be used to guide
resource allocation decisions. Asynchronous, non-blocking work-
flows [11] are naturally tolerant of ALAP’s minimal per-invocation
overheads (see § 9.6). Synchronous workflows require further opti-
mization, however, our initial study opens opportunities to optimize
more complex, workflow-based applications in future work.

5 Delayed Decisions for Intent-Based Allocation

ALAP’s Resource Allocator delays allocation decisions until function
inputs are available. It uses online learning to predict the resource
configuration (core count, memory) that will meet the user intent.
Why use online machine learning? § 2 highlights the complexity
of making accurate resource allocations. Input properties beyond
just size (e.g., video resolution) affect resource utilization and per-
formance. Hence, to make tight resource allocations that minimize
resource waste, serverless systems need a mechanism that accounts
for the relationship between function inputs, resources allocated,
and function performance (e.g., latency, cost). To add to the com-
plexity, this relationship needs to be understood per function, since
functions with identical inputs can greatly differ in performance
and utilization due to differences in function semantics. While we
could devise a heuristic-based algorithm, this heuristic still needs
to model the relationship between function inputs, resource alloca-
tions, and performance in some capacity, whether it be analytically
or via ML. Moreover, the heuristic would require extensive manual
tuning to be robust and generalize to all functions and edge cases.
Instead, we choose to use lightweight ML algorithms to learn this
relationship and predict the required resource configuration per
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Figure 6: Design exploration of ALAP’s online resource alloca-
tion predictor. A model per function provides the best SLO
compliance and utilization. See § 5.1.

invocation in a data-driven manner. We further design ALAP’s Re-
source Allocator to use online ML for five reasons. (1) Online ML
enables our agent to observe and adapt to the dynamically chang-
ing runtime environments. (2) Online ML removes the overhead of
extensive offline training. (3) Representative function inputs may
not be available offline to train accurate models. (4) Models trained
offline are susceptible to data drifts if the distribution of inputs,
functions, or SLO requirements changes over time. (5) Training ML
models offline may not generalize to new, previously unseen func-
tions and inputs. We devise and compare against a heuristic-based
algorithm that uses lightweight profiling per function in § 9.

5.1 Accounting for Function Semantics

Previous works use machine learning to make resource allocation
decisions by building a model per function [14, 67, 88, 99, 112].
Ideally, we could build a single model that makes resource allocation
decisions across all functions. However, it is unclear how to provide
function semantics as features to the model to enable it to learn
the differences between functions. In this section, we explore the
efficacy of building such a model and compare it with building a
model per function.

One model across functions. Learning one model across func-
tions requires extracting meaningful features to distinguish be-
tween functions. For feasibility, we use simple function-level fea-
tures: lines of code, function calls, libraries used, and external API
calls. To generate same-length feature vectors for a model, we need
to standardize features across functions, which is challenging since
the input type dictates the number of features (Table 3). We evalu-
ate (1) one-hot encoding, which concatenates function vectors and
zeroes out irrelevant parts, and (2) per input-type models, eliminat-
ing the need for standardization. We also considered embeddings,
which encode variable-sized vectors into a common-dimensional
latent space. However, embeddings require learning a custom ML
transformation engine per function [68], defeating the purpose.

A single model (one-hot encoding) lowers SLO violations but
wastes resources (Figure 6): it cannot learn each function’s require-
ments, allocating 9-13 cores to all functions. A model per input
type reduces waste, but increases violations: ResNet50’s violations
grow, as the multi-threaded function consistently receives 1-2 cores.
Because ImgProc completes faster, the common agent between the
two functions first learns from the single-threaded ImgProc invoca-
tions. If ResNet50 dominated initial learning, violations would drop,
but ImgProc would waste resources with unnecessarily larger allo-
cations (> 2 cores). As neither approach optimizes SLO attainment
and resource utilization, we explore per-function models.

One model per function. A model per function eliminates the
challenges of creating a model across functions. Each function’s
model can ingest its own feature vector size dictated by input type.

835

SoCC ’25, November 19-21, 2025, Online, USA

Input Type Extracted Metadata

video wxh, duration, bit-rate, frame-rate, size
image wxh, # channels, DP], size

audio # channels, duration, sample/bit-rate
matrix # rows, # cols, density

string string length

json size, # objects

csv size, # rows, # cols

text file size

Table 3: Metadata extracted per input type. § 5.2.

Moreover, function-level features are the same across invocations
and provide no meaningful information to the model, obviating the
need to model function semantics. Instead, per-function models
customize to functions with differing semantics (e.g., ImgProc vs.
ResNet50) by inherently capturing semantics through observation,
reducing SLO violations without resource waste (Figure 6). Ulti-
mately, like prior work [14, 67, 88, 112], we design ALAP to build a
model per function.

5.2 ALAP’s Online Learning Model Formulation

We build a lightweight online model per function to predict the
number of cores and amount of memory to allocate each invoca-
tion that satisfies the user intent. ALAP builds separate agents per
resource type to make independent decisions. We present the for-
mulation that the online learning agents for both resource types
use, followed by details specific to core and memory predictions.
Inputs and outputs of online agent. ALAP’s agents ingest an
invocation’s input and user intent. If the intent is to minimize
latency or cost, ALAP sets a low SLO value (§ 5.3). The output is a
predicted core count and memory amount that will meet the intent
without wasting resources.

Using readily-available input metadata as features. To enable
ALAP’s agent to make input-aware allocations, we construct input-
specific feature vectors consisting of readily-available metadata
commonly used to describe input types. Using readily available
metadata ensures fast and resource-efficient vector construction
(§ 9.6). Moreover, we do not analyze the contents of the input as this
is invasive and expensive to obtain. Table 3 lists the metadata ALAP
extracts for common input types seen in commercial serverless
applications [10] and research [3, 4, 14, 16, 45, 52, 67, 69, 96, 105].
This metadata helps the agent learn input features affecting per-
formance, cost, and resource utilization. ALAP infers the input type
from the file extension if not specified. If ALAP has not seen the in-
put type (e.g., XML), developers can specify the input’s descriptive
features during function registration; otherwise, ALAP defaults to
input size as the feature. ALAP concatenates the input’s metadata
to construct its feature vector for model prediction. We assume
ALAP can access input metadata since inputs are embedded in an
invocation’s payload.

To support featurization of inputs stored in external datastores
(e.g., S3), ALAP can leverage the datastore’s existing API to retrieve
already processed input metadata. For example, S3’s HeadObject
API [9] exposes object size via the Content-Length field. We propose
extending the metadata object to include a few more lightweight
metadata for common input types (Table 3), adding only a few
bytes per object. This extension allows ALAP to retrieve necessary
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features directly from S3 without fetching the full object, elimi-
nating network overhead. ALAP’s improvements in performance
and utilization (§ 9) justify the minor changes to existing datastore
APIs. However, even without the extension, ALAP can still exploit
existing metadata to make input-size-aware, decoupled resource
allocation decisions.

Online learning algorithm. We formulate the resource alloca-
tion prediction as a classification problem to match the incremen-
tal allocation offerings of commercial serverless systems [8, 20].
While we could use regression, continuous allocations inflate the
number of unique container sizes for ALAP to provision, render-
ing it impractical. Underpredictions are more detrimental than
overpredictions—an insufficient number of cores allocated may
lead to SLO violations, while insufficient memory allocations trig-
gers out-of-memory (OOM) invocation termination. To differentiate
between the severity of different allocations, we use a cost-sensitive
multi-class classification (CSMCC) algorithm to make resource allo-
cation decisions, described next.

Let C, = {c1,c2,...,cn, } denote the discrete set of allocation
classes for a given resource type r € {CPU, Memory}, where N,
is the number of supported configurations for that resource. For
example, each CPU class corresponds to a core count (e.g., class ¢4 =
4 cores), and each memory class represents a fixed 64 MB increment
(e.g., class c; = 128 MB). Given a feature vector x representing the
metadata vector of an invocation’s input, our goal is to select the
class ¢, € C, that minimizes the expected cost of allocating the
resources associated with the class!. To do so, we train a small
linear regressor f.(x) for each class ¢ € C, to estimate the cost
of allocating the resources associated with the class to the invoca-
tion. We select the class with the lowest cost as the invocation’s
allocation:

¢y = arg zrelicnfc(x).
r

This approach facilitates easy cost differentiation between alloca-
tions with lightweight, fast predictions (§ 9.6).

ALAP bootstraps its online agent by first observing invocations
with intentionally oversized allocations, helping it learn the rela-
tionship between inputs and resource needs. A confidence threshold
(§ 9.5) determines how many invocations to observe before switch-
ing to predictive allocations. ALAP updates its agent online using a
cost function based on observed performance (latency or cost) and
resource utilization, detailed per resource type next.

Online updates to the core count prediction agent. After a
retired invocation, we update our agent using the invocation’s ob-
served performance and resource consumption. We rank the classes
(core count) to inform the agent of suitable allocations for the invo-
cation’s input and intent. We first determine the best class (§ 5.3)
and assign the class a cost of one. Then, the costs of the remaining
classes grow linearly based on their distance from the class deemed
best. We penalize underpredictions further compared to overpre-
dictions using an asymmetric scaling factor a > 1. Formally, for a

The "cost" associated with a class is different than the price paid by a user of the
serverless platform. We assign costs to each class after invocations retire using a cost
function. This cost function is synonymous with a reward function used in traditional
reinforcement learning.
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Algorithm 1: ALAP’s logic for updating its online agent
with the best core allocation.

1 Function determineBestCoreAlloc():

2 if latency SLO then

3 if SLO is met then

4 ‘ bestCoreAlloc = maxCoresUsed - L%J
5 else if p9oUtil > 90% then

6 ‘ bestCoreAlloc = maxCoresUsed + [%"
7 else

8 ‘ bestCoreAlloc = maxCoresUsed

9 else if cost SLO then

if SLO is met and p50Util > 90% then

1 ‘ bestCoreAlloc = maxCoresUsed + |_
else if SLO is not met and p50Util > 90% then

‘ bestCoreAlloc = maxCoresUsed + [(:)(ec[g‘()S%SLO“

10

SLO—execCost J
a-SLO

12

13

else

‘ bestCoreAlloc = maxCoresUsed - [exec%"+ﬂo-‘

-slo

14

15

given class c and the best class c¢*, the cost is defined as:

1, ifc=c*
assignCost(c) = {1+ a-(c* —¢), ifc<c* (underprediction)
1+ (c—c"), ifc > c¢* (overprediction).

The best-ranked class guides the agent between exploiting its cur-
rent allocation (i.e., the core count the invocation received is the
best class) or exploring new ones. In § 5.3, we describe how we
assign the lowest cost to adapt to user intent.
Online updates to the memory prediction agent. Unlike core
allocations, fluctuating memory does not affect latency since tra-
ditionally, serverless lacks swap space [7, 13, 19, 29]. We simply
allocate enough memory to prevent invocations from being termi-
nated by the Linux OOM daemon. This allocation is a fixed user cost.
Therefore, our algorithm to update the online agent is much simpler
than core predictions: we rank the best class as the one correspond-
ing to the observed memory utilization, without exploring limits
based on execution time or cost. Similar to core count predictions,
we penalize underpredictions more heavily than overpredictions.
We reduce the risk of OOM exceptions with two safeguards. (1)
We set the confidence threshold for memory predictions to 2x the
core threshold. This allows the model to learn from a diverse range
of inputs, as the execution of both smaller and larger inputs com-
pletes within the threshold. (2) We ensure the predicted memory
amount exceeds the maximum memory used by the function pre-
viously plus the input’s size; if not, we default to this value with
some additional memory for slack. This is rarely invoked, however,
with these safeguards, we greatly reduce invocations killed due to
OOM exceptions: previous works produce 3-8% [69, 112], whereas
ALAP only has 0.47% OOM errors (§ 9.5).

5.3 Aligning with Various User Intents

We next describe how we determine the best class (core alloca-
tion) for a retired invocation. While latency is a monotonically
decreasing function of the number of cores allocated, a function’s
execution cost is not, since it depends on both latency and resource
usage. Thus, the optimal allocation varies with user intent (§ 2).
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We therefore construct separate algorithms for latency and cost
constraints, both described in Algorithm 1.

Adapting to latency constraints. We first describe our algorithm
with a user-specified latency SLO (lines 2-6, Algorithm 1). If the SLO
is met, we inform the agent to explore lowering the core allocation
size to reduce the cost of meeting the SLO (lines 3-4). When the
SLO is not met, we inform the agent to increase the allocation size,
only if the invocation had high utilization (> 90%), indicating that
it likely requires more cores to meet SLOs (lines 5-6). Otherwise,
we attribute the violation to factors beyond ALAP’s scope (e.g., envi-
ronment noise, unrealistic SLO) and inform the agent to lower the
allocation to the maximum number of cores the invocation used
(lines 7-8). The slack (difference between execution time and SLO)
determines how much we update the allocated number of cores
(lines 3-6). We explored two techniques for how to use slack. (1)
Absolute: for every a% the latency is below the SLO, decrease the
core count by one (line 4); for every % above, increase by one (line
6), and (2) Proportional: increase or decrease the cores by the ratio
of an invocation’s SLO to execution time. Figure 7a shows SLO
violations under both methods. We tune « to 15% and f to 5% (§ 9.5
presents a sensitivity analysis). Absolute reduces SLO violations
with slightly more aggressive adjustments, enabling the agent to
quickly learn by observing the efficacy of different allocations in
meeting SLOs. Though its p95 CPU waste is one core higher, it is a
modest tradeoff for better SLO adherence.

ALAP also uses this algorithm when the intent is to minimize
latency. To find the amount of resources needed to attain the min-
imum latency, we set the latency SLO to a small, unobtainable
value (0.001), prompting ALAP to continue exploring larger core
allocations until additional resources are wasted.

Adapting to cost constraints. We follow a similar algorithm as
latency to adapt to cost constraints (lines 9-15). If a cost SLO is met,
we increase the core count to reduce invocation latency further if
the slack is large enough and utilization is high for a prolonged
period of its duration: p50 core util > 90% (lines 10-11). However,
correcting cost SLO violations is more nuanced than latency, as
cost is linearly proportional to both latency and allocation [7, 19].
We can either increase the core count to reduce latency or decrease
the core count at the expense of latency. If utilization is high for a
prolonged period, we increase the core allocation in an attempt to
reduce the latency considerably with more resources (lines 12-13).
Otherwise, we lower the core count from the maximum number
of cores used (lines 14-15). If the intent is to minimize cost, we
set the cost SLO to an unobtainable low value (0.001) to trigger
ALAP to respond to "cost violations" and converge to an allocation
that minimizes cost without wasting resources. As a safeguard, if
increasing the core count deviates further from the SLO, we inform
the agent to explore lowering core allocations, as larger allocations
outweigh the cost savings from reducing latency.

Scalability and robustness. ALAP’s model formulation is light-
weight (evaluated in § 9.6) and independent of the cluster size,
ensuring it can scale to millions of workers. Through observation,
ALAP promptly discerns the thread-level parallelism of functions
and restricts allocation sizes to mitigate resource waste. Moreover,
we gracefully adjust allocations to not "overreact" to SLO violations
(§ 9.2) that may be caused by external factors (e.g., noise from multi-
tenancy). Finally, similar to commercial providers [7, 19], we cap
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Figure 7: Design exploration of ALAP’s (a) cost function and
(b) scheduler algorithm. ALAP incurs fewer SLO violations
using the absolute cost function in its Resource Allocator
and a hashing-based scheme in its Scheduler. See § 5.3 & 6.

allocation sizes to curb malicious users from hogging resources.
These design decisions ensure ALAP’s agents are robust to one-off
SLO violations due to noise [112] and malicious functions.

6 Delayed Container Provisioning

We design a new scheduler to complement ALAP’s Resource Allo-
cator for three reasons. (1) Delayed, input-aware allocations per
invocation may increase cold starts due to varying container sizes
required to meet user intents. Existing schedulers pre-warm con-
tainers of fixed size to reduce cold starts, but do not account for
the distribution of incoming inputs, as they assume allocations
are static per function [1, 14, 52, 112]. This exacerbates resource
waste, as invocations to the same function with smaller inputs get
scheduled on larger containers. While ALAP’s Allocator is compat-
ible with previous pre-warming techniques, we find our simple,
delayed provisioning technique greatly reduces resource waste
per container. (2) Previous serverless schedulers optimize how to
schedule or pack invocations to containers [14, 52, 86, 93], how
many containers to create [14, 52], and when to create/destroy
them [14, 112]. Other than Hermod [41], previous schedulers do
not optimize container-to-server placement, as they do not consider
the load and exact resource usage per invocation when choosing
the server to place a container on. We empirically show Hermod’s
limitations with realistic functions in a few paragraphs. Finally,
Kubernetes-based schedulers [27, 28, 62, 96] consider utilization
but do not vertically scale (i.e., add more resources to containers)
on a per-invocation basis like ALAP. (3) OpenWhisk’s scheduler
is memory-centric: it only considers the memory availability of a
server, not CPU resources, when making placement and load bal-
ancing decisions. This scheduling policy falls short when making
independent allocation decisions per resource type; we observe
memory-centric schedulers lead to severe CPU oversubscription
(§ 9.1.1). We describe ALAP’s scheduling algorithm next.

ALAP’s scheduling algorithm. The Scheduler (1) prioritizes rout-
ing an invocation to a warm container of the exact size predicted
by ALAP’s online learning agent, (2) routes an invocation to a warm
container larger but closest to the size predicted, and in the worst
case (3) creates a new cold container of the exact size if no warm
containers are suitable. If the Scheduler routes to a larger con-
tainer, it also pre-launches a container of the requested size in the
background to accelerate future invocations. This simple delayed
provisioning feature greatly reduces underutilized resources for
future invocations (§ 9.4). ALAP’s Scheduler tracks the CPU and
memory load per server to make intelligent load-balancing deci-
sions: when routing an invocation to a container (whether it is cold
or warm), the Scheduler ensures the server has enough available
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resources. To avoid severe interference across functions sharing a
server, we limit the overall utilization of each server to be between
70-80%, following commercial providers [18, 40, 94, 109].

Upon a cold start, the Scheduler must choose a server to create
the new container on. We empirically evaluate two policies. (1)
Hashing: similar to OpenWhisk, our implementation attempts to
reduce cache contention and improve locality by assigning each
function a "home server" via a hashing algorithm [29, 105]. If the
home server has capacity, we create a new container on it. If not,
we select the next available server. If no server has capacity, we ran-
domly pick a server. This policy spreads invocations across servers.
(2) Packing: we implement Hermod’s policy [41], which packs in-
vocations one server at time until the server reaches capacity.

At high loads, Hermod’s packing algorithm violates more latency
SLOs (Figure 7b). Several functions (e.g., MLTrain, VidProc) retrieve
inputs from an external database, requiring network bandwidth,
which Hermod overlooks in its study [41]. Packing invocations
until the server reaches peak CPU capacity (70-80%) makes network
bandwidth the bottleneck of the server, thereby inflating latency.
Hence, ALAP uses the hashing-based algorithm in its final design.
Provisioning idle containers in the background. Creating right-
sized containers in the background introduces more idle warm
containers to provision. Several systems [14, 52] use bin-packing
solutions to decrease the number of containers provisioned to im-
prove resource utilization. We argue that the container number
is the wrong resource utilization metric, as containers are simply
an abstraction over the actual hardware resources. We find our
approach introduces no overhead to the system: while idle, con-
tainers do not consume cores and only consume small amounts
of memory, as previous works heavily optimize container image
sizes [17, 25, 55, 86, 92, 97, 111]. Moreover, ALAP’s scheduler only
provisions background containers if a server has enough unallo-
cated memory available; it does not harm/evict currently running
containers. Thus, by launching idle containers, the Scheduler does
not increase the current load of a server. In ALAP, we use the default
OpenWhisk keep-alive policy for these idle containers, but our
scheduler is compatible with more advanced approaches [84].

7 Implementation

We implement ALAP on Apache OpenWhisk (OW) [29].

ALAP’s Resource Allocator. ALAP’s Allocator is a Python shim
layer (2052 LoC) atop OW. Developers register and invoke func-
tions through ALAP’s API via gRPC. The Allocator forwards re-
quests to OW. ALAP’s agent uses Vowpal Wabbit’s lightweight, ef-
ficient (§ 9.6) cost-sensitive multi-class classification algorithm [50].
We write simple C++ functions to obtain input metadata (Table 4)
within ps. For initial invocations (10 for predicting core count, 20
for memory § 9.5), we default allocations while the agent learns.
For scalability, we maintain a pool of 40 threads (a configurable
knob) to extract metadata and predict resource configurations.
Decoupled resource allocations. OW couples resource types. We
decouple resources in OW to enable independent allocations per
resource type. We introduce a new resource limit class, CPULimit (),
that can be set for each invocation and update the OW API to
include this limit in the API call header.

ALAP’s Scheduler. We implement ALAP’s Scheduler in OW (794
LoC Scala). The Scheduler maintains per-worker maps that track
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Functions | # Threads # Inputs Input Sizes Latency
Encrypt single string (36) 2-24KB 93-847 ms
SentAnal single json (23) 63KB-5MB 0.08-3 sec
ImgProc single image (64) | 184KB-4.5MB | 0.5-3 sec
ResNet50 multiple image (64) | 184KB-4.5MB 2-5 sec
MobileNet single image (64) | 184KB-4.5MB | 2-13sec
VidProc multiple video (28) 2.2-6.1MB 2-20 sec
Linpack multiple matrix (22) | 5.3MB-1.7GB 6-74 sec
Speech2Txt single audio (32) 48KB-12MB 10-42 sec
Compress single text file (28) 64MB-2GB 10-85 sec
Matmult multiple matrix (25) | 5.3MB-1.7GB | 20-89 sec
MLTrain multiple csv (17) 10-100MB 0.5-4 min

Table 4: Functions used in ALAP’s evaluation. See § 8.

warm containers and their sizes. The map has at most two entries
per invocation if a container of the predicted size is not found. The
Scheduler’s delayed container provisioning policy and OW’s keep-
alive policy reduce the need to maintain new containers over time.
Hence, this map is at most a few MBs, ensuring its scalability. ALAP’s
Daemon. ALAP’s per-worker daemon (326 LoC of C code) collects
container-level utilization metrics every 25 ms using Linux cgroups
and aggregates this data per invocation to send it (via gRPC) along
with the invocation’s performance metrics (exec time, cold start
latency) to ALAP’s Allocator to update its agent online.

8 Evaluation Methodology

Testbed. We deploy ALAP on 17 servers in Chameleon Cloud [43]
connected via a NetXtreme-E 10Gb/25Gb RDMA Ethernet Con-
troller. Each server has two Intel Xeon Gold 6240R CPUs (96 cores)
at 2.40 GHz, 192GB memory, and runs Ubuntu LTS 20.0.4. One server
hosts OpenWhisk’s API gateway, Controller, CouchDB, and ALAP’s
central components (allocator, scheduler, and metadata store). The
other servers host an OpenWhisk Invoker and ALAP’s daemon.
Functions. Serverless production traces [40, 80, 84] conceal the
details about actual functions executed. Thus, we use representative
functions (Table 4) from several serverless benchmark suites [21,
45, 96] commonly used in recent works [3, 4, 14, 16, 30, 38, 52, 54,
67, 69, 88, 109]. Our functions include scientific apps, image/video
processing, ML training/inference, and web services, with varying
semantics (single- vs. multi-threaded) and inputs with multiple
descriptive features (e.g., size, resolution, bit-rate). Azure [84] and
Meta [80] report that 70% of functions are short-lived, running for
100ms-10s. We show ALAP’s efficacy in optimizing these functions’
cost and resource utilization (e.g., Encrypt, SentAnal, ImgProc)
without harming latency. For longer-running functions (> 10s) that
dominate resource usage (25% of functions in Azure, 20 — 40% of
functions in Meta), we optimize these functions across latency, cost,
and utilization to maximize the gains of the serverless platform.
Workload. We follow the methodology of previous works [14,
41, 52, 87, 88] to create our workload. We use Azure’s production
serverless traces [84] to mimic real-world invocation patterns while
executing functions from Table 4. The traces capture the bursty
behavior of serverless workloads. We analyze the trace and find that
74.65% of invocations are made to the same 11 functions. As the trace
only provides timestamps of arriving invocations without detailing
the function, we randomly assign 11 of the functions in Table 4 to
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Figure 8: Across different SLO intents, ALAP consistently reduces (1) cost SLO violations (left column) and (2) latency SLO
violations (right column) across loads while minimizing resource waste (rows 2 and 3). See § 9.1.1.

the corresponding invocations from the trace (we show that ALAP
scales as the number of functions it has to manage grows in § 9.7).
We set every function’s SLO to 1.4X its median observed execution
time and cost in isolation; we demonstrate ALAP’s efficacy across
looser SLOs in § 9.5. Because we do not have thousands of servers
to support the full trace, we scale the trace down: we randomly
choose a 4-hour window and select timestamps to match our target
requests per second (RPS) while maintaining the burstiness of the
trace. Like commercial providers [18, 22, 31, 60, 76, 94, 109], we
generate low, medium, and high load to reflect cluster utilization
of 25%, 50%, and 75%, respectively. As our functions execute for 30
seconds and utilize 7 cores on average, our 1536 core cluster can
support 1536/7/30 = 7.3 requests per second (RPS) at peak load
before SLO violations surge. We generate high load by scaling the
trace to six RPS (SLO violations grow > 50% at RPS > 7, but ALAP
still outperforms baselines). This RPS is not a limitation of ALAP
but our cluster size: we demonstrate ALAP scales to 940 RPS in § 9.7.
Cost model. A serverless invocation’s cost is yx GB x latency
(s), where y is set by the serverless provider [7, 13, 19]. This model
assumes tight coupling of resources (i.e., the cost of cores is included
in y). With ALAP’s independent allocations, we need to associate
a separate cost multiplier for each resource type. Analyzing AWS
EC2 offerings [6], we find doubling memory or both memory and
cores increases y by 2X, but the effect of doubling cores alone is
unclear. For simplicity, we set each resource type’s cost multiplier
to y/2 in our evaluation, however, even with greater emphasis on
cores or memory, our cost improvements still surpass baselines.
Baselines. We compare ALAP to seven baselines. Our static base-
lines provide Medium (12 cores, 3GB) or Large (20 cores, 5GB) alloca-
tions per function, representing how users request static allocations
on commercial platforms [7, 19].

Parrotfish [67] is a state-of-the-art developer tool that profiles
functions offline with representative inputs to recommend a function-
level memory limit. We provide Parrotfish three inputs (small,
medium, large) per function and use its recommendation for all
invocations to the function.

Bilal et al. [16] and Aquatope [112] both build Bayesian Op-
timization neural networks per function to make function-level,
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decoupled allocations that are input agnostic. Unlike Aquatope,
Bilal et al. adjust allocations to minimize cost or latency.

Cypress [14] is a state-of-the-art system that represents the works
that bin-pack multiple invocations into a single container in an
attempt to reduce container provisioning [14, 15, 52]. Cypress builds
regressors per function to predict an invocation’s latency given its
input size (ignoring other input properties) and assigns a batch size
per invocation accordingly. It then packs similarly-sized batches
into one container to minimize container provisioning. We compare
against Cypress specifically since it uses an input’s size to predict
latency; we show that not being holistically input-aware leads
to poor allocation decisions that either inflate latency or waste
resources.

ALAP-NoML showcases a simpler profiling- (rather than ML-)
based resource allocator. It offline profiles a function with user-
provided inputs (e.g., small, medium, large inputs). For each input,
it observes the latency and resource utilization across all allocations
to determine the optimal allocation that minimizes latency without
wasting resources. For incoming inputs online, it selects the appro-
priate allocation by comparing the input size to the profiled inputs.

9 Evaluation

We evaluate ALAP’s efficacy in meeting various user intents while
minimizing resource waste. We then analyze ALAP’s Resource Allo-
cator and ALAP’s Scheduler efficacy. Finally, we empirically demon-
strate ALAP’s robustness, overheads, and scalability.

9.1 ALAP’s Efficacy in Meeting User Intents

9.1.1 SLO Compliance. We first show ALAP’s efficacy in meeting
user-specified SLOs. Figure 8 shows the percent of invocations with
cost (left column) and latency (right column) SLO violations, and
the amount of idle allocated resources.

ALAP vs. static baselines. Allocating more resources (Medium
to Large) improves latency SLO compliance (right column) at the
expense of wasted resources and cost SLO compliance (left col-
umn). However, Large still violates latency SLOs. Large runs atop
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without harming single-threaded functions. Values per function show the max. See § 9.1.2.
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Figure 10: Breakdown of ALAP’s cost and latency across func- cost SLO violations by 1.6X compared to Bilal.
tions at high load. See § 9.1.2. ALAP vs. Cypress [14]. Cypress provisions large containers to bin-
pack multiple invocations in one container. Under frequent arrival,
Cypress allocates 1-2 cores to every invocation, including multi-
OpenWhisk, whose memory-centric scheduling policy heavily over- threaded ones: Cypress assumes functions are single-threaded and
subscribes a few servers with most invocations since it only consid- makes poor allocation decisions for certain functions (e.g., VidProc,
ers the memory availability of a server, not CPU resources, when ImgProc) since it is not holistically input-aware (only input-size
making scheduling decisions. This increases CPU contention and aware). Thus, Cypress inflates latency SLO violations by 1.3X com-
degrades performance despite larger allocation sizes. pared to ALAP. Under sparse arrival, the resources of its large con-
ALAP vs. Parrotfish [67]. Parrotfish provides tighter allocations tainers remain underutilized: Cypress wastes memory, allocating
than the static baselines. However, as Parrotfish also runs atop invocations multiples of their needs. Cypress violates 2.1x the cost
OW, its tight allocations enable OW’s scheduler to greatly over- SLOs as ALAP across functions (13.2X more violations for Encrypt),
pack servers, exacerbating core contention and latency SLO vio- as invocations are either given too many or too few resources.
lations (e.g., Parrotfish violates VidProc’s SLOs 21.1X more than ALAP vs. ALAP-NoML. ALAP-NoML outperforms Aquatope in cost
ALAP). Moreover, Parrotfish unnecessarily overprovisions memory with its "relative" input-aware decisions that reduce resource waste.
to handle the worst-case input size (input-agnostic decisions) or However, with online ML, ALAP performs better in both intents (2x
obtain more cores (coupled resource types). Meanwhile, ALAP’s reduction in cost violations, 1.2X in latency), as it makes custom
input-aware and decoupled allocations, along with load-balancing allocation decisions per input. Moreover, ALAP does not incur any
decisions that account for both resource types, reduce memory overhead of offline profiling. For example, profiling VidProc offline
waste (3.8x) and SLO violations (latency by 2.3X, cost by 2x). took 117 seconds, a 500% overhead for this function alone. Hence,
ALAP vs. Bilal [16] & Aquatope [112]. Bilal's decoupled allo- we proceed with ALAP for the remainder of this evaluation.
cations reduce latency SLO violations at high load compared to P N
Parrotfish. Both Bilal and Aquatope provide nearly identical alloca- Overall, ALAP reduces latency and cost SLO violations by 1.3-2.3X
tions (both use similar Bayesian Optimization formulations), but and 1.6-2.2X, respectively, compared to the advanced baselines.
Bilal runs atop OW’s memory-centric scheduler which increases While meeting latency (cost) SLOs, ALAP also reduces the sec-
CPU contention and latency SLO violations compared to Aquatope. ondary metric of cost (latency) by 1.2-1.8x and nearly eliminates
ALAP reduces latency SLO violations by 1.4% compared to Aquatope resource waste with its input-aware, decoupled resource alloca-
at high load. Although not required to meet SLOs, several inputs tions.
can well-utilize more cores if allocated. Aquatope provides these
inputs with larger-than-needed allocations, thereby reducing the 9.1.2  Minimizing Cost or Latency. We next evaluate ALAP when
number of available cores and causing increased SLO violations for users simply ask to minimize cost or latency. Figure 9 presents the
other invocations. This exemplifies the importance of not simply total cost and latency to serve the requests made to six functions at
deploying larger containers. ALAP provides just enough resources to high load (we omit the poor-performing static baselines for brevity).
each invocation. This reduces contention, increases core availability We normalize each function’s cost and latency by its maximum
for other invocations, and improves overall SLO compliance. across the systems. We also report summary statistics of ALAP’s
ALAP’s input-aware allocations greatly reduce resource waste: at cost and latency across the entire high-load trace in Figure 10. ALAP
high load, ALAP reduces the median and p75 idle memory by 4x and adjusts its allocations to adapt to the intent. For example, it allo-
2%, respectively, and the p95 idle cores by 3x compared to Aquatope. cates the multi-threaded VidProc 4 versus 12 cores to minimize cost
Moreover, by being intent-aware, ALAP adjusts its allocations (i.e., versus latency, respectively. Cypress allocates fewer resources (1-2
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Figure 11: Timeline of ALAP’s core allocations to Matmult.
ALAP adapts its allocations in response to different inputs
(shown by large and small), user intents, and SLO violations.

See § 9.2.
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Figure 12: ALAP’s online models quickly converge and make
accurate allocations that reduce resource waste. See § 9.3.

cores) to all invocations regardless of the intent and packs invoca-
tions at high loads, inflating latency for multi-threaded functions
(e.g., MLTrain) by > 2x compared to ALAP. Aquatope is comparable
in latency to ALAP, however, ALAP reduces resource waste and cost.
Both Parrotfish and Bilal make input-agnostic allocations without
improving scheduling decisions; hence, functions under both sys-
tems severely contend for resources, disallowing either to greatly
reduce cost or latency across all functions (e.g., ImgProc’s latency is
2x greater under Parrotfish than ALAP, Linpack’s cost and latency
under Bilal is 13X and 17.5X ALAP’s).

For all functions, ALAP minimizes resource waste and reduces )
cost by up to 13X (3.7X avg) compared to the advanced baselines.
Moreover, it reduces latency for multi-threaded functions by up
to 17.5% (5.98% avg) without harming latency for single-threaded
functions compared to the baselines. |

\ J

9.2 ALAP’s Response to Different Intents, Inputs,
and SLO Violations

We next analyze ALAP’s response to diverse user-intents, function
inputs, and SLO violations. Figure 11 shows ALAP’s core allocations
made to two Matmult inputs (large and small) under cost and la-
tency constraints. ALAP learns to allocate fewer cores to smaller
inputs that cannot exploit additional resources. Further, it adjusts
its allocations to the user intent: it learns to provide Matmult fewer
cores to meet cost SLOs compared to latency SLOs. Under latency
constraints (right column), ALAP lowers the allocation for the large
input (invocation #7) to lower user cost. But after observing vio-
lations, it quickly reverts to 16 cores to meet the SLO. Under cost
constraints, ALAP slightly increases large input’s allocation at invo-
cation #3 to reduce latency while meeting the cost SLO. Despite a
few violations, it avoids changing its decisions, as most invocations
continue to meet the SLOs. ALAP is robust and adapts to varying
user intent, inputs, and SLO violations.

9.3 ALAP’s Online Model Converges Quickly

We show ALAP quickly converges and makes accurate allocation
decisions. Figure 12 shows ALAP’s idle resources over time for a
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Figure 13: ALAP’s Scheduler reduces (a) cold starts by using
warm, predicted-sized or larger containers (left) and (b) re-
source waste by provisioning right-sized containers in the
background (right). See § 9.4.
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Figure 14: ALAP is robust to a range of SLOs, providing the
lowest violations while minimizing resource waste. See § 9.5.

high, stable workload. ALAP defaults the first 10-20 invocations of a
function with large allocations to train its online agent during this
initial learning phase. The cost of this learning phase is the initial
spikes in idle cores/memory (10-12 invocations). After, CPU core
underutilization is rare. The few remaining spikes occur because
ALAP’s scheduler routes invocations to larger, warm containers
to mitigate cold starts. Similar reasoning applies to idle memory
spikes (> 512MB). We note that ALAP produces slightly higher
memory waste, allocating 64MB more than predicted as a safeguard
to prevent OOM exceptions. We justify this with the significant
reduction in OOM exceptions (< 0.47%, § 5.2) compared to previous
work (6-8% [69]). Moreover, ALAP consistently reduces memory
waste compared to the advanced baselines (Figures 8 and 9).

9.4 Efficacy of ALAP’s Scheduler

Figure 13 evaluates ALAP Scheduler’s efficacy by comparing (1) the
percent of invocations with cold starts between ALAP (left plot), and
(2) the resource waste reduction when using ALAP’s Scheduler with
and without background container creation (right plot). We omit
Cypress and Aquatope, as we do not implement their pre-warming
policies. ALAP dispatches invocations to perfectly sized or slightly
larger warm containers, reducing cold starts by 50-56% compared
to the baselines. Moreover, the Scheduler provisions right-sized
containers in the background, further reducing resource waste
(27% reduction in idle cores), as future invocations can utilize these
perfectly sized containers without incurring cold starts. Provision-
ing these extra containers has minimal overheads: on average, we
create at most 22 background containers per server, which con-
sume no CPU cycles when idle and only 1.8GB memory (< 0.9% of
server memory). Meanwhile, this feature reduces aggregate mem-
ory waste by > 24GB per server, further exemplifying its efficacy.
ALAP’s Scheduler is crucial in enabling delayed allocations that
efficiently meet user intents.

9.5 Sensitivity Analysis of ALAP

Varying SLOs. We use tight SLOs in our E2E evaluation. We next
evaluate ALAP’s efficacy under increasingly looser SLOs. Figure 14
shows that ALAP has fewer violations than the baselines across
SLOs. When SLOs are easy to meet (ALAP meets all and Aquatope



SoCC ’25, November 19-21, 2025, Online, USA

nearly meets all SLOs when the SLO multiplier is >2X), ALAP offers
better resource utilization: ALAP only wastes at most 6 cores in the
p90 compared to Aquatope’s 13 idle allocated cores. Thus, ALAP is
robust to tight and loose SLOs.

Confidence threshold. The confidence threshold is the number of
invocations our online model must observe as it trains before using
its predictions. We discuss latency violations and OOM exceptions
under varying thresholds. Increasing the core threshold from 5
to 10 reduces latency violations. A larger threshold (15) increases
them due to CPU contention, as multi-threaded invocations can
consume more cores than needed to meet SLOs. Although the
learning phase length depends on the complexity of the function
and inputs, a confidence threshold of 8-12 invocations sufficed for
core predictions in our observed cases. Increasing the memory
prediction threshold (> 20 invocations) drastically reduces OOM
exceptions (to 0.47%), albeit memory utilization may worsen, as
more invocations receive the default, large allocations.

Adaptive core allocation hyperparameters. ALAP adjusts its
core allocations in response to SLO compliance or violations with
a and f (both € [0%, 100%]). When SLOs are met, « dictates how
aggressively ALAP adjusts allocations to optimize for the secondary
metric. Larger « values ensure conservative adjustments to con-
tinue meeting SLOs. Meanwhile, f controls how aggressively ALAP
adjusts core allocations in response to SLO violations. Smaller f
values ensure aggressive adjustments to meet SLOs. Through a
standard grid search (5-50%, step = 5%) with three functions under
high-load traces, we find that « = 15-35% and f = 5-15% work
well across all functions.

9.6 ALAP Incurs Minimal Overheads

ALAP’s input featurization and model prediction are on the invoca-
tions’ critical path. But our design minimizes these overheads.
Execution time overheads. Overall, ALAP introduces minimal
execution time overheads. For the shortest running function (En-
crypt), ALAP’s overheads are <0.053% its latency; for the longest
running function (MLTrain), overheads are <0.00062% its latency.
These overheads break down as follows. Regardless of the function
and input type, model prediction (<57us) and ALAP’s Scheduler (0.4-
0.7 ms) contribute little to the overall overheads. Model updates
take 0.2-0.4 ms, however, updates are not on an invocation’s critical
path. Input featurization overheads are also minimal (20 — 400ys).
Resource overheads. ALAP’s ML models and input feature vectors
are extremely lightweight. The weights comprising each function’s
model are at most 1.6KB (less than one-millionth of a server’s
memory). ALAP’s input feature vectors are 40-70 bytes; the feature
vectors of the 403 function inputs used in our evaluation only
consume 20.14KB. The CPU time for input featurization and model
prediction/updates is < 400us [50, 98].

9.7 ALAP Scales with Load and Functions

Scalability with load. To demonstrate ALAP’s scalability with
load, we follow the methodology of Hermod [41] and Sparrow [71].
We use zero-work functions to make ALAP’s Allocator/Scheduler
the bottleneck, as workers never exceed 37% utilization. Then, we
compare ALAP’s throughput with OpenWhisk’s as RPS scales. This
methodology enables us to compare the scalability of ALAP’s re-
source allocation models and scheduling algorithm with a widely

842

P. Sinha, et al.

-
é@lggg e <20 ALAP SLO Viol
2% 500 ALAP no featurization S Cost mmmLat.
oo < == ALAP featurization 510
22 250 £LAF featu ®
= 0. anilla 0 —i —i —m =

0 1000 2000 3000 4000 10 50 100 500

RPS # Functions

Figure 15: ALAP scales with (a) load (RPS) and (b) the number
of functions it has to manage. See § 9.7.

used open-source serverless platform [14, 35, 87-89, 112]. Figure 15
column 1 shows ALAP’s throughput under two extreme scenarios:
with and without inputs (and hence featurization) per invocation.
In both cases, ALAP’s throughput closely matches OW (940 RPS); its
throughput is slightly lower when featurizing inputs (922 RPS). We
argue the benefits of meeting user intents while reducing resource
waste outweigh this minor throughput reduction.

Scalability with the number of functions. We show ALAP scales
with the number of functions. We register an increasing number
of functions with ALAP under our high load trace and use the same
tight SLOs set in § 9.1.1. Figure 15 column 2 shows the cost and la-
tency SLO violations as ALAP manages hundreds of functions. As the
number of functions grows, ALAP has to provision more containers
across workers. However, ALAP’s SLO violations remain the same
as the number of functions scales. Moreover, ALAP maintains peak
throughput regardless of the number of functions it has to manage
(920). Finally, ALAP’s lightweight models have little overhead as the
number of functions grows: the models consume merely 800KB for
all 500 functions, < 0.00043% the server’s memory capacity.

10 Conclusion

We introduce ALAP, an intent-based serverless computing system
that provides an interface for users to communicate their intents. To
meet user intents, ALAP delays resource allocation decisions until
function inputs are available and makes independent decisions for
each resource type. ALAP uses online learning to predict the required
amount of resources to meet user intent. Across a diverse set of
serverless functions and user-intents, ALAP outperforms several
state-of-the-art systems while improving resource efficiency.
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