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Abstract
Modern cloud applications increasingly rely on adaptive control

modules, such as dynamic resource tuning or system reconfigura-

tion, to meet strict quality-of-service (QoS) objectives. However,

when multiple independently developed adaptation modules are

colocated on a shared infrastructure, their uncoordinated behavior

causes interference leading to QoS violations. Existing approaches

require centralized control or inter-module communication, violat-

ing modularity and limiting adoption in multi-tenant environments.

We presentWASL, a modular runtime coordination technique,

that enables colocated adaptive workloads to operate harmoniously

without information sharing or control coupling. WASL estimates

the deviation between expected and observed behavior using only

local feedback and dynamically adjusts each module’s adaptation

rate to reduce interference. It acts as a lightweight plug-in with

constant-time overhead and can be integrated into diverse adapta-

tion strategies without requiring any changes to control logic.

We implement WASL across five latency-sensitive applications

from the TailBench suite, incorporating three adaptation paradigms.

Across single- and multi-application scenarios, WASL reduces tail

latency by up to 84% compared to uncoordinated adaptation and

achieves performance comparable to centralized coordination ap-

proaches, while preserving modularity, avoiding information leak-

age, and aligning with resource isolation policies. WASL provides

a general and practical solution for runtime coordination in adap-

tive cloud systems, enabling scalable deployment of independently

managed services without compromising QoS.

CCS Concepts
• General and reference→ Performance; Estimation; • Com-
puter systems organization→ Cloud computing; • Comput-
ing methodologies→ Modeling and simulation.

Keywords
Clouds;Multi-Tenancy; Performance Interference; Cross-Layer Adap-

tation; Control Theory; Runtime Coordination

∗
This work was done while the author was at the University of Chicago.

†
ACM Corresponding Author.

This work is licensed under a Creative Commons Attribution 4.0 International License.

ICPE ’26, Florence, Italy
© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2325-4/2026/05

https://doi.org/10.1145/3777884.3797009

ACM Reference Format:
Ahsan Pervaiz, Anwesha Das, Vedant Kodagi, Muhammad Husni San-

triaji, and Henry Hoffmann. 2026. WASL: Harmonizing Uncoordinated

Adaptive Modules in Multi-Tenant Cloud Systems. In Proceedings of the
17th ACM/SPEC International Conference on Performance Engineering (ICPE
’26), May 04–08, 2026, Florence, Italy. ACM, New York, NY, USA, 13 pages.

https://doi.org/10.1145/3777884.3797009

1 Introduction
Modern cloud applications increasingly rely on adaptive control

mechanisms to meet strict QoS goals, especially for latency-sensitive
(LS) applications [6, 46]. Such adaptation modules dynamically

tune internal parameters—at the application- or system-level—to

ensure low latency in response to dynamic workload changes [13,

15, 40]. However, when these adaptation modules are colocated on

a shared cloud infrastructure, their uncoordinated behavior leads

to performance degradation due to destructive interference [8]. This
problem is especially acute in multi-tenant environments where

independent stakeholders deploy applications with limited visibility

into the behavior of other applications [6, 16, 42].

Limitations of prior adaptation methods: Existing solutions

mitigate this interference using either (1) centralized, monolithic

control frameworks [3, 13, 45] or (2) decentralized coordination

mechanisms that share control variables across adaptation mod-

ules [14, 20, 39]. While effective in single-stakeholder settings, these

methods introduce tight coupling between adaptation modules, un-

dermining core properties of multi-tenant cloud systems, namely,

modularity and isolation [24, 25]. Furthermore, practical challenges

such as unknown workload compositions, dynamic scheduling, and

proprietary adaptation mechanisms make such approaches brittle

and difficult to deploy. Even small changes to one module may

require coordinated updates across others, creating maintenance

overhead and reducing flexibility. These issues make cross-module

coordination impractical at scale in modern cloud deployments.

Key Insight: A major source of interference between colocated

adaptive modules is not just resource contention, but the mismatch
in the rate at which each module adapts to its environment. When

multiple modules adjust their parameters rapidly and indepen-

dently, they create a turbulent operating condition where no single

module can accurately attribute cause and effect to its own actions.

This results in oscillatory behavior and repeated QoS violations

amidst applications, even if each module performs well in isolation.

https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3777884.3797009
https://doi.org/10.1145/3777884.3797009
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Figure 1: Comparison of coordination strategies: (a) uncoordinated, (b) centralized control, (c) decentralized information
exchange, and (d) WASL ’s modular coordination, reduces oscillatory nature preserving deployability in multi-tenant clouds.

Our approach: WASL
1
addresses this challenge by introducing

a lightweight runtime coordination technique that regulates the rate
of adaptation preventing aggressive adjustments. Adaptive modules

usually adjust based on an expected (i.e., a target or desired value)
and measured (i.e., an observation in current runtime environment)

behaviour. Instead of requiring modules to communicate or share

control state, WASL monitors local feedback signals—such as tail

latency—and quantifies the deviation between expected and mea-

sured behaviour. If this deviation exceeds a configurable threshold,

WASL adjusts the adaptation rate via the detour metric, allowing

the module to adjust more conservatively. This dynamic throttling

ensures that each module has enough time to assess the effects of its

own actions, thereby, reducing adaptive multi-tenant interference,

and enabling more stable system-wide behavior. WASL is designed

as an independent module requiring no coordination logic that can

be invoked by an adaptive module at runtime via an API call.

We use three distinct adaptation modules based on control-

theory and reinforcement-learning (RL) proposed by priorworks [19,

33, 50] with five TailBench applications [26]. We make each ap-

plication adaptive by using one of the three considered adapta-

tion modules. We then colocate these adaptive applications with a

system-level adaptive resource manager that allocates resources to

these applications. We conduct experiments to examine the impact

of interference caused by resource conflicts, and WASL’s ability

to overcome such interference. WASL imposes a negligible, con-

stant𝑂 (1) performance and memory overhead. We compare WASL

to both naive uncoordinated and centralized adaptation methods.

While our centralized coordination method is not an oracle, it rep-

resents the best practical baseline.

Contributions: Our work makes the following contributions:

(1) We show how colocated adaptive modules interfere with

one another, degrading QoS despite being independently

effective. This motivates the need for dynamic runtime coor-

dination in multi-tenant clouds.

1 WASL in Urdumeans union of friends denoting harmony amongst different colocated

cloud applications when they execute together

(2) We proposeWASL, a modular coordination technique that

dynamically regulates adaptation rates using only local feed-

back, with no shared control logic, information exchange, or

code refactoring, improving QoS.

(3) We evaluate our runtime system with WASL across five

latency-sensitive applications using three adaptation meth-

ods. WASL reduces tail latency by up to 84% over naive

uncoordinated method, while matching the performance of

centralized control, but without sacrificing modularity or

deployability as in centralized coordination schemes.

(4) We open-source our runtime library at https://github.com/

adaptsyslearn/AdaptationWithWASL to enable further stud-

ies on multi-module scalable adaptive coordination.

2 Background
We discuss the problem of multi-tenant interference (§ 2.1), fol-
lowed by latency-sensitive applications and existing multi-module

adaptation methods (§ 2.2) to motivate the need for WASL.

2.1 Interference and QoS violations
Modern cloud systems colocate LS applications to maximize re-

source utilization. These applications often operate under strict QoS

constraints, such as tail latency requirements, and rely on adaptive

mechanisms to tune application [1, 23, 42] or system [2, 37, 41]

parameters in response to changing workloads or environmen-

tal conditions. For example, consider an application that adapts by

adjusting thread count to its workload, running on a system that ad-

justs CPU frequency to utilization. If such independently developed

adaptive modules are colocated (i.e., both adaptive applications and

adaptive system managers), they may interfere with each other’s

control loops. This happens because each module adapts based

on local feedback, unaware that its actions may influence or be

influenced by the adaptation of others. Using the example above,

if the application uses more threads to speedup at the same time

the system allocates a higher frequency, both the application and

https://github.com/adaptsyslearn/AdaptationWithWASL
https://github.com/adaptsyslearn/AdaptationWithWASL
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Table 1: Qualitative Features of Cross-Layer Multi-Module Adaptation

Studies Decentralized? Core Technique No Sharing? Content Shared Set-up Overhead Performance Overhead
SimCA [45] × Simplex Optimization,

Control Theory

× Sensor data, Speed Redo/Update

Controller Synthesis

O(n), n→number of

controllers

SOSA [9] × ML, Control Theory × Control decisions, Sen-

sor data

Re-write Supervisor

(i.e., global controller)

O(n), n→number of low-

level controllers

DDPC [43] × Control Theory × Allocated power, Num-

ber of requests/sec

Redo Controller Gener-

ation

O(n), n→number of app-

level controllers

Yukta [39] ✓ Robust Control Theory × System/Appl. parame-

ters, Meta-data

Re-write Multi-layer

Controller

O(n), n→number of

controllers

CoADAPT [10] ✓ Constraint Optimiza-

tion

× Constraints, Control de-

cisions, Shared variables

Re-write adaptation

planning strategy

𝑂 (𝑛)/𝑂 (𝑛2 ) latency,
n→message/graph size

coAdapt [20] ✓ Control Theory × Appl. Configurations,

Control decision

Re-write Runtime

Controller

O(n), n→number of

controllers

WASL ✓ Rate Adaptation ✓ N/A WASL (API) Call O(1) memory and time

system will see lower than expected latency. Consequently, both

the application and system will immediately pull back (threads and

clockspeed, respectively) for which both will experience lower than

expected performance. This destructive interference often leads to

instability, performance oscillations, and violation of QoS goals [9].

This interference is especially pronounced in multi-tenant envi-

ronments, where different stakeholders deploy and manage applica-

tions and system resource managers independently. In such settings,

cloud providers cannot assume knowledge of colocated adaptive

applications (which workloads will be colocated at a specific time

is not known ahead) or access their internal adaptation and con-

trol logic (data access privacy policies are in place for vendors and

stakeholders [35]). Existing coordination mechanisms, such as cen-

tralized controllers or shared feedback signals [21, 39, 45], violate

modularity and isolation principles, making them impractical for

real-world deployment. As a result, even individually well-behaved

adaptation modules can degrade system-wide performance when

deployed together without any coordination [20].

2.2 LS Applications and Adaptation Modules
Data centers are moving from batch jobs to LS applications [6].

Also, LS workloads often have higher priority over best-effort ap-

plications, if any [34, 37, 55]. LS applications operate under strict

tail latency constraints while optimizing secondary objectives like

throughput, accuracy, or energy efficiency [37, 41, 43], e.g., web ser-

vices, machine learning (ML) inference, and transactional databases.

To manage these tradeoffs in dynamic runtime environments, both

application and system developers incorporate adaptation mod-

ules that tune internal or system-level parameters at runtime, e.g.,

thread counts, DVFS states, or model precision levels [23, 43]. Re-

cent research has proposed increasingly sophisticated adaptation

strategies using control-theoretic techniques [14, 31, 39], ML-based

methods (including RL) [8, 9, 47], and combinations of both [21, 33].

These methods adjust application or system behavior based on

real-time feedback. As adaptation has become more popular for

enabling systems to meet constraints, some studies integrate both

application- and system-level adaptation to satisfy latency require-

ments while optimizing other goals [9, 20, 38].

However, these approaches break modularity and isolation by

either relying on centralized controllers or decentralized coordi-

nation, where application(s) and system share information about

what can be adapted either with a single adaptive module that

jointly optimizes all adaptation [9], or via some priority or hierar-

chy amongst multiple adaptive modules [10, 39]. Fig. 1 shows these

differences: colocating uncoordinated adaptation modules leads to

unstable performance and poor tail latency (a), while both central-

ized (b) and decentralized coordinated adaptation (c) create brittle

deployment dependencies; even a minor update to one module may

require reciprocal changes to others. Additionally, in multi-tenant

clouds, stakeholders are often unwilling or unable to share internal

logic or performance data, due to (resource/tenant) isolation and

other policy constraints (data, privacy etc.) [5, 6, 15]. Workload

compositions are dynamic and colocation is unpredictable, making

prior coordination methods difficult to apply in practice.

These limitations motivate the design of WASL as in Fig. 1d,

a coordination approach that is agnostic to the internal logic of

adaptation modules, requires no inter-module communication, and

respects module boundaries. By focusing on regulating the rate
of adaptation rather than the policy, WASL enables harmonious
execution in dynamic, colocated environments without violating

resource isolation or requiring any shared state.

3 Related Work
WASL relates to prior efforts in three broad areas: (1) coordination

strategies for adaptive modules, (2) cloud-centric adaptation meth-

ods, and (3) system-level techniques for interference mitigation. We

contrast them with WASL’s modular, communication-free design.

Coordination Strategies for Adaptation: Several systems

coordinate adaptation using centralized or decentralized control

mechanisms. Centralized schemes rely on individual components to

allow some central manager or monolithic module to control their

adaptive components across system layers, as shown in Fig. 1(b) [9,

31, 43, 45, 51]. These methods can be optimal in single-stakeholder

environments [31]. However, their centralized nature makes coordi-

nation difficult when adaptive modules are developed or deployed

independently by different stakeholders. In other words, the opera-

tional reuse of these strategies involve updates to individual local

components and/or the central control logic [44, 48].

Decentralized approaches aim to reduce this coupling by relying

on shared signals, such as performance metrics or local adaptation

information, as shown in Fig. 1(c) [10, 11, 14, 39, 50]. While these
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methods provide better modularity and isolation than a fully cen-

tralized approach, they still require inter-module communication

or agreement on shared semantics, which is impractical in multi-

tenant or multi-stakeholder systems. Besides, they can incur high

set-up and/or performance overhead [10].

Tab. 1 lists some prior works that coordinate multiple adaptive

modules in a centralized or decentralized manner involving infor-

mation exchange comprising control decisions, sensor data, feed-

back signal, and application configurations (col.#5). Many studies

build on principles of control theory, ML or optimization heuristics.

Centralized methods perform near optimally but require global

control [31, 45], while decentralized methods are more modular

but require interactions that can break isolation. Our approach

requires an adaptation module to only invoke WASL without major

re-writes to the control logic. WASL differs from prior work by

avoiding shared state or control entirely: it coordinates colocated

modules indirectly, through local rate regulation based on behavior

observed locally within each adaptation module, as in Fig. 1(d).

Cloud-centric Adaptation: Many studies [3, 5, 6, 8, 18, 22, 28,

37, 41] focus on reducing QoS violations in shared multi-tenant

clouds. Techniques include QoS-aware resource scheduling, throt-

tling and sparsification techniques to adjust parameters, workload

classification with respect to heterogeneity and interference, us-

ing inter-service dynamics for vertical scaling, policy adaptation

with performance learning, and kernel instrumentation. The core

principles to adapt are at times adopted by application-level adapta-

tion. However, most of these system-level solutions do not consider

application-level adaptation, and thus does not require cross-layer

multi-module coordination. These are complementary to our work.

System-level Adaptation: A separate body of work addresses

interference in colocated applications using system-level schedul-

ing, prediction, or isolation techniques. Cilantro [3], USHER [47],

FIRM [41], Optum [29], and Imbres [30] focus on global scheduling

or resource partitioning to manage performance under varying load.

Others rely on profiling, QoS prediction, or ML to guide decisions

about workload placement or configuration [5, 6, 8, 22, 28, 33, 37].

TopFull [36], Rajomon [52], and ScalaTap [7] employ decentralized

rate-limiting involving communication amongst tenants, without

considering individual application-level adaptation.

All of these techniques are complementary to WASL. While they

aim to optimize global behavior at the infrastructure level, WASL

operates alongside an adaptive module, requiring no support from

the operating system (OS), scheduler, or other colocated services.

WASL enables runtime coordination without shared control logic,

model access, or communication between modules. This makes

WASL uniquely suited to modern cloud environments where mod-
ularity, deployability, and tenant isolation are critical.

4 Approach
We first identify the qualitative features suitable for colocating

multiple adaptive modules (§ 4.1), then demonstrate interference

caused by cross-layer multi-module adaptation (§ 4.2), followed by

a description of our overall runtime approach using WASL (§ 4.3).

4.1 Qualities for Colocated Adaptation
The following features if enabled for colocated multi-module adap-

tation can aid harmonious execution of multi-tenant applications:

(1) No information sharing: There should be no or minimal

information exchange amongst the adaptive modules as per

any existing isolation and data privacy policies [6, 22, 24].

(2) No apriori requirements: The core principle of multi-

module adaptation should not rely on any additionalmodel(s),

or external control variables [31, 41]. Model-based adapta-

tion can create dependencies outside an application, and may

cease to be efficient with a change in colocated applications.

(3) Application-agnostic: The coordinationmethod should not

heavily rely on the intrinsics of application-level adaptation

(e.g., utility of a learning method), so that it operates irre-

spective of what colocated applications are running [3, 41].

(4) Low overhead: With dynamically fluctuating workload con-

ditions, the runtime overhead of the method should remain

low leading to coordination efficiency [10, 39].

(5) Flexible invocation: Independent runtime invocation of

the method over enmeshing the implementation intricately

with an adaptation logic provides flexible reuse similar to

API calls or tools proposed by past runtime systems [27, 32].

Features 1, 2 and 3 enable the ability to seamlessly integrate such
a multi-module adaptive method to existing adaptation modules

without making significant changes to the overall implementation.

This makes an approach general-purpose in nature. Features 4 and 5

imply that the method’s ability to meet QoS goals outweighs its per-
formance overhead, making the cost-benefit trade-off worthwhile,

encouraging the method’s adoption in practice. We design our run-

time library with the above factors in mind, achieving performance

comparable to prior works, as indicated in Tab. 1.

Figure 2: Colocated Adaptation

4.2 Motivational Example of Interference
To demonstrate destructive interference caused by multiple adapta-

tion modules, we use Xapian, an indexing search engine application

from TailBench [26], as a representative example. Our overall find-

ings hold for other applications too (not shown due to space limits).

We add adaptation modules to both the application and host system

using control theoretic techniques from prior work [33]. Xapian’s

adaptation module adjusts control variables like hyperthreading and
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core utilization to meet a QoS goal, i.e., 95
th

%-ile tail latency, while

minimizing cost in terms of the number of cores used. System-level

adaptation adjusts the core and uncore frequency with a QoS goal

that ensures the application meets its QoS goal and optimization
objective while minimizing power consumption. Our system-level

QoS goal ensures that the hosted application(s) meet their QoS goal,

similar to prior studies [6, 16]. When an application- or system-level

adaptive module runs in isolation, they meet their respective QoS

goals as per the provable guarantees of control theory.

Fig. 2 shows core utilization (A), i.e., number of CPU cores used,

power consumption (B), and request latency (C) over some time-

steps for different input queries of Xapian across three scenarios

namely, a) only system-level adaptation is active, b) only application-

level adaptation is active, and c) multiple cross-layer adaptation is

active (i.e., Multi-Module). The latency variation shown in Fig. 2 is

with respect to the QoS goal, i.e., our latency constraint.
Unlike application-only or system-only adaptation, multiple colo-

cated adaptation causes interference resulting in increased con-

straint violations, e.g., [1750 - 2000] time-steps in Fig. 2. During

time window 1○, the measured latency meets the latency constraint.

This enables the adaptive modules to reduce resource usage to mini-

mize costs. Time window 2○ has QoS goal violation as the measured

latency exceeds the constraint when both adaptation modules try

to adapt simultaneously. To cope with this violation, the adaptive

modules increase their resource usage that decreases latency, as

seen in time window 3○. However, resource conflict caused interfer-

ence leads to goal violation again as the measured latency exceeds

the latency constraint in time window 4○. This oscillatory nature
repeats itself as modules try to adapt with changing workloads. We

find a 35% increase in measured tail latency for the multi-module
scenario compared to scenarios that use a single adaptation module.

Observation 1: Performance degradation can be higher withmultiple
colocated adaptation modules over a single-level or single adaptation
module leading to increased QoS goal violations.

We find that by reducing the CPU core usage (i.e., A in Fig. 2)

to
1

2
(from 8 to 4) instead of

1

4
(8→2) of the previous value, with

similar adjustments in other control variables, QoS goal violations

could be prevented during window 2○. Thus, our key intuition for

coordinating adaptation is to minimize the deviation between mea-
sured and expected behaviour. This reduces the oscillatory nature

leading to better performance in subsequent windows.

Observation 2: The deviation between measured and expected ap-
plication behaviour can be reduced by identifying a suitable rate of
change by which necessary control variables should be adapted. Appro-
priate adjustments in adaptive modules can lead to stable system-wide
performance lowering QoS goal violations.

Obs. 2 implies that even if an expected behaviour is met in the

near future, drastic changes in control variables can lead to oscil-

latory nature over time. In presence of multi-module adaptation,

certain control variables have to be adjustedmoderately to meet QoS

goals leading to long-term stable performance. In practice, when

multiple tenants adapt simultaneously, aggressive changes even in

a single tenant can lead to a more chaotic operating environment.

Slowing down adjustments, even if can take longer time to stabilize,
is key in reducing oscillatory behaviour for extended periods of time.

The rate of change by itself is application-agnostic, independent

of the specifics of an adaptation method. This gives rise to two

questions: a) what kind of control variables should be dynamically

adjusted by an adaptation module?, and b) at what rate should
those variables change? Most principled adaptation methods use

control variables that govern the rate of change in application be-

haviour, such as weights assigned to cost functions, call graphs, or

reward functions [38, 41, 46, 51]. Some studies [23, 33] adjust this

rate by updating the pole variable that decides how fast a system

should react to changes in operating conditions. Other adaptive

methods [50] adjust the Kalman gain variable that influences the

rate. Thus, adjusting these (often scalar) control variables related to
the rate of change can help adapt application behaviour in a way
that reduces its overall deviation from expected behaviour. Every
adaptation method can adjust its relevant control variable(s) as per

its identified rate of change value.

We define the detour metric to indicate this rate of change. To
determine detour, we need adaptation methods to measure runtime

application behaviour, e.g., latency. Most adaptation methods based

on feedback control or RL-based reward functions [33, 50] measure

runtime behaviour as feedback, or for executing specific applica-

tion configuration parameters. Thus, the measured behaviour is

generally stored in adaptation modules that can be leveraged for

multi-module coordination, requiring no extra communication, ex-

ternal to an application. Reducing the magnitude of detour, i.e.,
lowering the deviation between measured and expected behaviour,

can lead to relatively better performance.

Observation 3: Individual adaptation methods often have control
variables that govern the rate of change in application behaviour.
Besides, they have information about the measured and expected
runtime behaviour. These together can help regulate deviation in ap-
plication behaviour, eliminating the need for any external interaction.

Obs. 3 enables tenant isolation preserving data privacy by not

sharing data with other modules, suitable for multi-tenant clouds.

Based on these observations, we design our runtime library using

WASL that leverages the detour metric to coordinate adaptation.

WASL can be used by any adaptation module that dynamically

decides the extent of adjustments needed to stabilize performance

in face of changing operating environment.

4.3 System Overview
Fig. 3 shows our overall framework. Our runtime system consists of

colocated application(s) and systemwith their respective adaptation

modules. The individual adaptation modules have the necessary

control variables besides historically measured runtime behaviour,

e.g., latency. WASL is a software technique to determine the detour
metric that can be independently invoked from any adaptive mod-

ule. An adaptive module uses the detour metric to adjust its control

variable(s). Thus, applications do not require external interactions

with one other or any central controller. WASL’s presence in all
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Figure 3: High-level Runtime System Overview for Multi-Module Adaptation

Figure 4: Variable and Parameter Updates Figure 5: Detour-based Multi-Module Adaptation

running applications and system helps mitigate interference with-

out any explicit coordination amongst multiple adaptation modules.

Our prototyped WASL-based runtime system including different
adaptation methods can be used as a complete library to adapt in
multi-module adaptation settings. This can facilitate further studies
on cross-layer adaptation for various workloads and QoS goals.

Algorithm 1 Overall Runtime Coordination

Require: QoS Goals (goals), Optimization Objectives (Opt.)

Ensure: Tail Latency, Stability
1: procedure Runtime Coordination(goals, Opt.)
2: for each Application do
3: [Measurements, Configs]← Profile Appl. (Available Resources)

4: ProcData← Activation (Measurements, Configs, goals, Opt.)

5: Local Adaptation← Adaptive Module (ProcData, CVar)

6: Adaptation Module Activation of Application(s) and System

7: WASL Invocation from all colocated Adaptation Modules

8: for each Adaptation Window do
9: detour←WASL (History, measured, expected, 𝛾 ) ⊲ Algo. 2

10: CVarnew ← CVar · detour ⊲ Control Variable Update

11: Parameter Update(s)← Adaptive Module (ProcData, CVarnew)

12: Runtime environment change

13: Compute Tail latency, Stability

14: return Tail Latency, Stability

Algo. 1 shows our overall approach. Available system resources

are extracted and applications are profiled for necessary measure-

ments. A few such measured parameters are shown in Tab. 2. A

set of distinct configurations are created for running an applica-

tion based on the available resources, e.g., CPU core and uncore

frequency, number of cores to be used etc. as shown in Tab. 3.

The collected raw data is processed for further aggregations as

needed, e.g. computing average energy usage over a window and

so on. The activation layer organizes the processed parameters,

necessary control variables, specific QoS goals and optimization

objectives to enable adaptation. This enables local adaptation at the

system- or application-level. During system operation, adaptation

modules of all running application(s) and system are activated.

To enable cross-layer multi-module adaptation, every adaptation

module invokes WASL to obtain its detour value.

Table 2: Measurements

Parameter Description

Latency Application Latency

Energy Energy Usage

Core CPU Core Usage

Table 3: Configurations

# CoreFreq. UncoreFreq. #Cores

1 12 1200 8

2 16 2800 6

3 24 2000 2

Respective control variables of adaptive modules are updated by

a factor of their detour values (#10). An adaptive module then uses

the updated control variable to adjust system- or application-level

parameter(s), as shown in Fig. 4. For e.g., an RL-based adaptation

method [17] can update the reward variable based on its detour
that then adjusts the IPC (instructions per cycle) parameter. The
translation of control variable to parameter update is intrinsic to an
adaptive module (i.e., 2○ in Fig. 4). We do not discuss details about

the underlying technique of any adaptive module as that is not our

core contribution. Those are adopted from prior studies [33, 50].

We analyze tail latency and stability to assess our multi-module

adaptation approach. Fig. 5 further illustrates our modular design

with interaction between WASL and an adaptive module.

Algo. 2 shows our detour estimation method called WASL, using

measured and expected runtime behaviour in terms of latency. Ex-
pected refers to some known target or desired value, e.g., latency
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when the parameters were last updated, while measured is a cur-
rent observation. We obtain a reference latency representative of a

nominal configuration (ref
latency

) based on latency values available

in the adaptation module from prior adaptation steps, i.e., history
values. Instead of using raw latency values, we compute ratios of

measured and expected latency with respect to the ref
latency

. These

scaled values suggest the slowdown factor. We find deviation be-

tween the scaled latency values for statistical estimation. If the

estimated deviation (estimated
dev

) exceeds a threshold (𝛾 ), a new

rate, i.e., detour, is computed using the ratio of 𝛾 and estimated
dev

,

else the previous rate is retained. Thus, detour always ranges be-

tween 0 and 1. Detour-based updated control variable is then used

by an adaptation module for parameter adjustments that triggers

a runtime environment change. With every threshold violation

implying a change in the operating condition, detour is derived. For
any adaptation window, detour varies across individual adaptation
modules that helps mitigate multi-tenant interference.

Algorithm 2WASL Multi-Module Coordination Method

Require: History, measured, expected, 𝛾 (Threshold)

Ensure: detour ⊲ Determined rate

1: procedure WASL(History, measured, expected, 𝛾 )

2: ref
latency

← Obtain Reference Latency (History)

3: measured
𝑠𝑐𝑎𝑙𝑒 ← measured / ref

latency

4: expected
𝑠𝑐𝑎𝑙𝑒 ← expected / ref

latency

5: deviation← (measured
𝑠𝑐𝑎𝑙𝑒

- expected
𝑠𝑐𝑎𝑙𝑒

) ⊲ Scaled deviation

6: estimated
dev
← Statistical Estimator (deviation, History)

7: if (estimated
dev

> 𝛾 ) then
8: detour← 𝛾

𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑
dev

⊲ Rate of Change

9: else detour← Previously computed rate (i.e., no updates)

10: return detour

Choice of 𝛾 : The threshold depends on the performance dynam-

ics of the runtime variable, irrespective of other colocated modules.

In our experiments, 𝛾 ranges between 0.05 and 0.08. In general,

a suitable 𝛾 can be empirically chosen based on the performance

variation observed for a specific application without taking into ac-

count the shared runtime environment. The magnitude of measured

and expected observations can help experimentally determine 𝛾 .

For WASL, it is necessary that individual adaptation modules are

robust to noise in the absence of other adaptation modules. This

is usually the case in practice [31, 50] as most adaptation methods

use control theory or other optimization heuristics that are noise

robust. In a multi-module adaptive setting, besides thresholding, 𝛾

helps to filter out noise, if any, due to colocated adaptation modules.

Reference Latency: Reference latency represents latency from

a past runtime environment with different application configura-

tion(s). The intuition is to use reference of a known highly perfor-

mant configuration. If such latency data of an optimal configura-
tion or a stable runtime environment is available to an adaptive

module, that value can be directly used in Algo. 2, else, we can

estimate reflatency with a Kalman filter using directly available his-
torical latency values, as in prior work [2, 23, 50]. Eq. 1 shows

standard Kalman filter based estimation using two previously avail-

able latency values, i.e., latency
prev1

and latency
prev2

, where K is the
Kalman gain variable, and 𝜇 is the mean. In a continuous running

environment, at any time-step, the estimated mean (𝜇cur) is based

on the prior mean (𝜇prev1) and the ratio of prior latency values

(y
cur

). This estimated latency can be used as ref
latency

for detour
estimation. Eq. 1 takes constant time O(1) for an adaptation step.

𝜇cur → (1 − K) · 𝜇prev1 + K · ycur,where ycur → latency
prev1

latency
prev2

ref
latency

→ 𝜇cur

(1)

Statistical Estimation: Some historical latency values may be

needed for statistical estimation. To determine a suitable estimator,

we analyze the following well known estimation methods:

1. Linear: Instantaneous rate of change via derivative [19].

estimated
dev
→ 𝐹 (deviation, deviationprev1, deviationprev2) (2)

2. EWMA (𝛼): Exponential Weighted Moving Average, where 𝛼

is the assigned weight for the historical average.

3. AR (p): Autoregressive model of order p.
4. ARMA (p, q): Autoregressive Moving Average model, where

p and q are orders of autoregressive and moving average parts.
A statistical estimator uses the current and historical values to

estimate future values. For linear estimation, we use two previ-

ously measured latency values to calculate prior deviations as per

Algo. 2, i.e., deviationprev1 and deviationprev2 in Eq. 2. The prior

deviations along with the current deviation (deviation) is used to ob-
tain estimateddev as in Eq. 2. Similarly, other estimators use suitable

history to obtain the estimated deviation.
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Figure 6: Detour Estimation (Linear, EWMA, ARMA, AR)

We show experiments with Xapian as a representative example

as per our setting in §4.2, and derive detour using the aforemen-

tioned estimators. Similar findings hold for other applications too

(not shown for brevity). Fig. 6 shows results normalized by the result

from linear estimator for both system- and application-level exe-

cutions. Overall, linear estimation has comparatively lower detour.

Detour increases when larger weights are assigned to historical

terms and parameters are updated. EWMA, AR, ARMA have larger

detour as they retain a fraction of the estimated change from prior

adaptation. The latter is usually addressed by an adaptation module,

thus need not be re-considered for multi-module coordination. As

𝛼 increases from 1 to 9 for EWMA in Fig. 6, detour increases indi-

cating that larger amount of history need not facilitate in reducing
deviation. Infact, with a dynamically changing environment, prior

history becomes obsolete gradually for future estimation. In general,

an estimator that does not rely heavily on past history is suitable

for WASL. Thus, we use the linear estimator for our experiments.

As evident, WASL operates without sharing control state or mes-

sage passing, does not rely on additional modeling or parameters
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that are not directly controllable, e.g., average threads/non-idle

core, and harnesses variables already available to adaptive modules

requiring no extra communication costs. WASL can be flexibly in-

voked in isolation without requiring module rewrites. Thus, WASL

adheres to the desired qualities for colocated adaptation as per § 4.1.
Can WASL speedup adaptation?WASL is designed to work

alongside an adaptation module that has its own pace of adjust-

ments. As per Algo. 2, detour ∈ [0,1] indicates that WASL does

not speedup adaptation beyond the maximum rate of adaptation

inherent to an adaptive module.

Even if one adaptive module becomes aggressive (i.e., speeds up)

in the absence of WASL, the other adaptive modules (with WASL)

will begin to adjust more drastically leading to goal violations. As

slowdown generally helps to meet QoS goals, WASL has not been

developed to speedup adaptation.

Can WASL handle diverse runtime variables?WASL func-

tions based on changes in the operating environment without hav-

ing a global view of what runtime variables are used by individual

adaptive modules. Besides, WASL uses the estimated deviation

irrespective of the specific variable being monitored to derive a

scalar ratio. Thus, WASL is effective even if adaptation modules use

diverse runtime variables, e.g., latency, energy, or throughput.

5 Evaluation
We first describe the specific applications and adaptation modules

used in our experiments (§ 5.1), followed by a discussion of our

experimental results using the developed runtime library (§ 5.2).

5.1 Application, System, and Adaptive Module
Application: Tab. 4 lists the studied representative LS applications
of different domains from TailBench [26] suite. TailBench [5, 22, 55]

has been effective for studies on LS workloads and performance

interference. Our application-level adaptation module uses parame-

ters like hyperthreading, and allocated CPU cores to minimize core
usage as the QoS goal, while satisfying a tail latency constraint.

WASL’s qualitative performance is similar for other LS workloads.

Table 4: Latency-Sensitive (LS) Applications

Application Domain

Xapian Online Search Engine

Moses Statistical Machine Translation (SMT) System

Masstree Scalable Key-Value Store

Silo In-memory Transactional Database

DNN OpenCV-based Handwriting Recognition

System: Our system-level adaptation uses core and uncore fre-

quency parameters to meet a QoS goal while ensuring that all colo-

cated applicationsmeet their respective QoS goals. Our system-level

QoS goal is energy usage minimization. As mentioned in Sec. 4.2, a

system-level QoS goal often subsumes application-level goal(s) for

which the system has relevant insights about the running applica-

tion(s) [6], e.g., latency constraints and measured tail latencies.

Adaptation Modules: We use the following three adaptation

methods from prior work:

1. Adaptive Control (AC) Module: A learning-based general

adaptive controller to satisfy latency constraints [33].

2. PI Module: A discrete-time Proportional-Integral (PI) con-

troller based on feedback loop, widely used for adaptation [19].

3. RL Module: A probabilistic RL design principle, using feed-

back based estimation and a slowdown factor for adjustments [50].

We consider these methods as their underlying techniques using

classical control theory, ML, optimization etc., encompass major

insights adopted by adaptation methods in general with wide and

diverse usage [33, 43]. We refer to the reader to the papers for

further details. In our experiments, an adaptation module, be it

system-level or application-level, uses one of the above methods.

Baselines: We compare our approach with two multi-module

adaptation baselines, similar to prior studies [10, 39, 41]:

(1) Uncoordinated: This is the naive case where there is no
coordination (explicit or implicit) between application- and

system-level adaptation modules.

(2) Monolithic: We adopt prior technique based on control

theory that uses a model predictive controller for multiple

QoS goals [31] as a centralized monolithic controller.

Monolithic is not an oracular baseline [3], however, our baselines

are mostly optimal. Baseline comparison suggests WASL’s ability

to reduce QoS violations that would have been higher, otherwise.

Why no decentralized method(s)? We do not compare WASL with

decentralized methods [10, 11] as they involve communication due

to their reliance on shared state, as seen from col.#5 in Tab. 1, that

conflicts with our communication-free design. They also violate

deployment boundaries and have higher developmental costs (cols.

#6-7 in Tab. 1) compared to our API call-based approach. Even the
best decentralized method has no better performance than our op-
timal monolithic method involving information sharing for which
additional comparison yields no major insight. Also, independent
stakeholders often run their applications on the same shared cloud

host. Sharing control variables across such unrelated applications
can violate the tenant isolation principle making some of the de-

centralized methods unrealistic for multi-tenant clouds [20, 39].

5.2 Experimental Results
Set-up: We implement our runtime library in RUST. We conduct

experiments on a compute node from a well used cloud platform

running Ubuntu 18.04 on GNU/Linux 5.4 kernel having 192 GB

RAM, 12 physical threads, 24 hyperthreads and Intel Xeon 6126

Gold processor with TurboBoost technology enabled.

Experiments:We evaluateWASL’s performance formulti-module

cross-layer adaptation in the following two contexts:

(1) A single application with different adaptation methods

(2) Multiple applications with different adaptation methods

(3) Impact on the adaptive multi-module runtime environment
We set tail latency constraints as per the realistic needs of LS appli-

cations running in cloud environments, i.e., 95
th

percentile latency,

referred to as P95 tail latency, as in prior studies [22, 26, 37, 55]. We

analyze WASL’s performance with respect to the considered base-

lines. For all experiments, we report the normalized P95 tail latency
(in milliseconds), indicated by N-P95 tail latency in the plots.

WASL’s stability with different adaptation methods brings gener-

ality, while its ability to efficiently function in presence of multiple

diverse adaptation methods simultaneously makes it robust. Thus,

we experimentally evaluate both generality and robustness of WASL.
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Figure 7: Single Application Performance with Different Adaptation Modules (Scaled w.r.t. Monolithic)

Single Application: How does WASL perform when an applica-
tion and system use the same adaptation module? e.g., both Xapian

and the system use the RL module. Fig. 7 shows results of the stud-

ied applications in terms of N-P95 tail latency scaled in relation to

Monolithic performance. The main findings are as follows:

1. Uncoordinated approach has ≈1.3× to ≈1.8× higher tail latency
compared to Monolithic, leading to increased QoS goal violations.

WASL reduces the oscillatory nature, bringing performance closer

to Monolithic by suitably adjusting detour.
2. Generally, WASL’s performance nearly matches Monolithic

indicating that it is a close to optimal solution. WASL improves

performance significantly for certain applications like, Xapian and

Moses, by as much as 2.68× compared to Uncoordinated.
3. WASL’s performance can be slightly lower than that of Mono-

lithic for rare cases, e.g., Moses with the RL or PI module. This

is due to the stochastic nature of RL module, and the potential

non-linearities that can lead to sub-optimal performance of the PI

module. However, this is not a concern as with adequate iterations,

Monolithic still tends to be optimal.

4. As seen from the geometric mean of Fig. 7c, WASL on average

reduces tail latency by 84% compared to Uncoordinated that can

benefit significantly in colocated cloud environments.

WASL helps to adapt in right proportion that aids to meet QoS
goals thereby improving application performance, preserving cloud
isolation principle(s), which is violated in Monolithic approaches.

Multiple Applications: We experiment with multiple colocated

applications to examine WASL for two scenarios:

(1) Symmetric: Both applications and system use the same

underlying adaptation method.

(2) Asymmetric: Applications and system use different adapta-

tion methods that is more realistic in multi-tenant clouds.

It is practically infeasible to use Monolithic for multi-application

scenario as what set of applications will be colocated at any time

instance is not known ahead in dynamic clouds. Besides, colocated

applications may change during an adaptation window. Thus, we

compare WASL with Uncoordinated only, as in prior work [11, 20].

We consider colocated applications and report N-P95 tail latency
scaled to WASL’s performance, similar to past studies [6, 24, 27,

33, 50]. As our method adapts in relation to the changing operating
environment, increasing the number of colocated applications does
not make a fundamental difference to WASL’s performance.

Fig. 8 shows results for the symmetric case. Our key takeaways

are as follows:

(1) Uncoordinated degrades performance during multi-module

adaptation similar to Fig. 7. WASL improves performance by

1.36× to 3.6× by suitably adjusting detour, and as much as

∼30× for certain cases, helping reduce QoS goal violations.
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Figure 8: Multiple Application Performance with Symmetric
Adaptation (Scaled w.r.t. WASL)

(2) Performance with PI module is relatively poorer than AC

or RL module for Uncoordinated indicating PI-based adap-

tation’s subpar performance in certain settings. Learning-

based method can be used in such cases.

(3) WASL’s performance benefits can be dramatic in some cases,

e.g., over 29× for Xapian-Masstree pair with PI module. This

helps to identify environmental settings when WASL can
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be more effective over others.When to invoke WASL during

runtime coordination can be decided based on such insights.

(4) Some colocated applications can exhibit symmetry in perfor-

mance across adaptation modules, e.g., Masstree and DNN.

In other words, their performance with respect to Uncoordi-
nated is similar across diverse individual adaptation methods.

For predictable performance in cloud environments, such

characteristics can guide runtime collocation decisions.
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Figure 9: Multi-Application Performance with Asymmetric
Adaptation (Scaled w.r.t. WASL)

Fig. 9 shows results for the asymmetric case similar to produc-

tion data centers, where applications and system often use different

adaptation methods. In our experiments, the first and second appli-
cations use the AC and PI modules, respectively, while the system uses
the RL module. The results are normalized to WASL’s performance.

We have the following main findings:

(1) What applications are colocated impacts the extent of per-

formance degradation possible. Uncoordinated degrades per-
formance considerably for specific colocated scenarios, e.g.,

when Masstree colocates with Xapian or Moses. WASL im-

proves performance by as much as ≈1.3×.
(2) Asymmetric adaptation scenarios can perform better than

certain symmetric cases (e.g. using PI module only) indi-

cating the power of asymmetry. WASL’s ability to reduce

destructive interference irrespective of what adaptation mod-

ules are used is beneficial in such scenarios.

Besides, reducing tail latency compared to Uncoordinated, WASL

meets latency constraints for applications in absolute terms that is
an essential requirement in clouds. WASL’s performance in terms of

the mean absolute percentage error (MAPE) is below 5%.

In summary, Figs. 8 and 9 show that some applications can colocate
relatively more harmoniously than others, e.g., Moses and DNN.
WASL-like cross-layer multi-module adaptation can also provide
information to help decide which applications could be colocated
together for more stability, or what adaptation modules are more
compatible to meet QoS goals besides improving performance.

Detour generally varies for different adaptivemoduleswith chang-

ing operating environment based on the estimated deviation.

Impact on Operating Environments: There is an assumption

that operating conditions do not change frequently, and if they do,

the duration of change is sufficient enough to recover from any

performance disruptions. However, this assumption does not hold in

colocated multi-module environments. Hence, we want our runtime

system to cope with unprecedented changes. If WASL is enabled, we

conform to this assumption once again as we successfully recover

from QoS violations. Aside from improved application performance,

WASL brings overall stability to the runtime environment.

To quantify the environmental stability contributed by WASL, we
devise a metric based on standard (std.) deviation (as there is no

direct measure of stability). We obtain the tail latency related to a

highly performant application configuration (similar to ref
latency

in

Algo. 2). We then measure the std. deviation across the estimated

values of tail latency when an application is executed in the operat-

ing environment. The intuition is to measure variation between a

close to optimal environment and a changing adaptive environment.

A lower std. deviation indicates relatively better stability.

Fig. 10 shows results with a single application (i.e., one appli-

cation and system using the same adaptation method) across the

studied multi-module coordination methods. The reported std. devi-

ation is normalized relative to Monolithic. Uncoordinated has much

higher deviation leading to oscillatory behaviour in the system,

irrespective of the adaptation method used. WASL reduces std. de-

viation by 46%, 95%, and 88%, respectively, across the three adaptive

methods, leading to better stability. The ability to stabilize the run-

time environment also facilitates the usage of controller correctness

verifiers [49] that assume eventual stability in cluster environments.

Fig. 10 shows WASL’s ability to reduce disturbances caused by in-
terference in the environment considerably, enabling applications to
execute harmoniously with the system, and meet their QoS goals.

Performance Overhead: As multi-module coordination is our

core novelty, we discuss WASL’s overhead excluding the individual

adaptation methods and other implemented modules of our runtime

library. WASL requires no set-up overhead. As per Algo. 2, using

the measured and expected parameters has O(1) memory overhead.

Obtaining reference latency and computing deviation takes O(1)

time. Detour estimation can be done with O(1) complexity. Thus,

the overall performance overhead of WASL is constant in time and
memory, which can help when scaling workloads in clouds. Thus,

WASL can be incorporated in an adaptive runtime system in a cost-

effective manner. Contrary toWASL, adopting methods that involve

centralized control, or significantmessage passing across adaptation

modules incur higher set-up and/or performance overhead (Tab. 1).

Resource Efficiency: WASL strives to meet QoS goals via tail

latency without improving efficiency in terms of minimizing energy

or core usage. We observe that the energy usage using WASL is

usually same or lower than the energy usage in the naive Uncoordi-
nated case. However, there exists cases where resource usage can be

higher than Uncoordinated. In those cases, the reduction in latency

is often over 2× which is significant for LS applications, making

this trade-off worthwhile. Besides, having lower latency can lead

to lower resource usage. Some known adaptive approaches are not

more efficient by being optimal [7, 17, 40]. Thus, WASL achieves

scalability and stability with resource efficiency no worse than some
known adaptation methods, making it practically useful.

Flexible Usability: One quality that distinguishes WASL from

other cross-layer coordination methods is its flexibility in invo-

cation. WASL is provided as an API call for runtime invocation.

Such independent invocation is infeasible for methods using central

controllers [39]. Decentralized methods have dependencies with
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Figure 10: Normalized Standard Deviation with a Single Application (Scaled w.r.t. Monolithic)

other modules for decision making that makes independent invo-

cation difficult, e.g., using shared goals or conflicts that involve

multiple adaptive modules [10, 11]. Our design enables existing

adaptation modules to invoke WASL when needed during runtime

without relying on any colocated modules. This provides ease of
reuse and better programming interface for users that can benefit

multi-tenant clouds. Further enhancements to transform this invo-

cation to a generic tool using program abstraction techniques that

may not require source code, or large language models (LLMs) [12]

to automatically embed WASL in the right location of an existing

adaptation module is subject to future work.

Discussion: WASL improves performance by as much as 84%,

and at least 1.35×, at par with prior works that improve by 38%

or 0.57× [3, 39] over baselines, but without information sharing.

WASL’s performance is as high as 3.6× in some scenarios, gener-

ally close to optimal, that can benefit LS workloads. WASL is not a

microservice-specific solution [18, 36, 41], yet can be adapted for

microservices with sub-millisecond scale latency constraints [25].

WASL brings stability to the runtime environment by using com-

patible rates of change, enabling applications to meet their con-

straints harmoniously without any explicit coordination between

adaptation modules. For effective functioning of WASL, adaptive

modules must be robust to the system and have measurable pa-

rameters related to the runtime environment. To the best of our

knowledge, most principled adaptation methods possess the above

qualities [9, 20], making WASL generally applicable.

As a use case, Micro-Armed Bandit (MAB) agent [17] is an RL-

based adaptive module used for prefetching (data/instruction) in

processors. When multiple MAB agents compete together, it can

lead to memory contention due to aggressive adjustments. As each

MAB agent is unaware of other’s actions, uncoordinated adaptation

causes interference resulting in suboptimal system-level perfor-

mance, as shown in [4]. WASL can help coordinate multi-module

adaptation in such scenarios without any communication to a cen-

tral controller like 𝜇MAMA [4].

When is WASL not effective? WASL is not effective under two

scenarios: a) the core technique of an adaptation method resembles

static behaviour, e.g., comprises of fixed or periodic adaptation step

size, and b) at least one of the colocated adaptive modules does not

invoke WASL. Methods in a) are not influenced by the extent of
change in adjustments, e.g., binary decisions like whether to scale

uncore frequency or not [54], or static actions like setting core

frequency to minimum [53]. These do not directly leverage runtime

information that is needed for WASL to function. However, most

dynamic adaptation methods use the value of runtime variables [37,

47], e.g., goodput or latency, for whichWASL can be widely adopted.

The level of flexibility available in invoking WASL depends on the

intricate design specifics of the adaptation method.

Besides, even if one adaptive module does not invoke WASL,

there can be incompatible adjustments in other colocated adaptive

module(s) leading to increased overall QoS goal violations. Thus, all
colocated adaptive modules need to invoke WASL to mitigate global
multi-module interference.

6 Conclusion
We present a runtime library involvingWASL, a software technique

that enables harmonious colocation of application- and system-level

adaptation modules. WASL’s ability to meet QoS goals without

explicit coordination with other adaptation modules is suitable for

multi-tenant clouds with tenant isolation policies and data access

restrictions in place. WASL achieves up to 84% reduction in tail

latency and improves performance by over 29× that is comparable

to prior approaches, but without any control state sharing. Our

modular runtime coordination method can be seamlessly integrated

into an adaptive runtime system, bringing stability to a dynamic

environment, making it viable for adoption in practice.
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