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ABSTRACT

Efficient orchestration of Al inference on heterogeneous edge platforms is crucial
for meeting the stringent latency, energy, and accuracy requirements of edge Al
applications. The edge devices integrate heterogeneous compute clusters, includ-
ing CPUs, GPUs, and Neural Processing Units, each exhibiting asymmetric energy-
performance characteristics. Modern Al workloads handle diverse runtime inference
requests that arrive both continuously and in response to user prompts, each with dis-
tinct latency, accuracy, and priority requirements. Despite the availability of hetero-
geneous computational resources, existing scheduling mechanisms remain primarily
conservative, failing to utilize them and violating workload and system constraints.
This dissertation addresses the scheduling challenges of inferring multiple Al work-
loads on resource-constrained edge platforms.

This dissertation develops an approximation-aware runtime resource manage-
ment approach that jointly optimizes power, performance, and accuracy under strict
energy constraints on heterogeneous edge platforms. The proposed TangoX frame-
work targets systems with asymmetric CPU and GPU clusters, using a reinforcement-
learning-based orchestrator to coordinate cluster assignment, DVFS, and model pre-
cision to reduce latency while constraining accuracy degradation. To support com-
pound Al workloads, Twill extends runtime coordination across heterogeneous CPU,
GPU, and DLA clusters, integrating vision, transformer, and language models while
enforcing task prioritization and cluster affinity to satisfy latency requirements within
power budgets. A distributed edge framework further enables adaptive workload
distribution by partitioning data across devices, balancing latency and accuracy un-
der dynamic conditions. Complementing this, HiDP introduces hierarchical DNN
partitioning across global and local edge layers, enabling scalable and coordinated
inference. All frameworks are implemented on heterogeneous edge hardware and
evaluated using diverse workloads. Results demonstrate consistent reductions in in-
ference latency and energy consumption compared with state-of-the-art techniques,
with minimal impact on model accuracy. Collectively, these contributions advance
the design of efficient, adaptive, and scalable edge Al systems.
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TIVISTELMA

Al-inferenssiprosessien tehokas orkestrointi heterogeenisissd edge platform -
ympdristoissd on keskeistd, jotta edge Al -sovellusten tiukat latenssi-, energia- ja
tarkkuusvaatimukset voidaan tayttdd. Edge-laitteet siséltdavit heterogeenisid compute
cluster -rakenteita, mukaan lukien CPU:t, GPU:t ja Neural Processing Unit (NPU)
-yksikot, joilla on epdsymmetriset energia-suorituskykyominaisuudet. Modernit
Al-workloads tuottavat monimuotoisia runtime inference request -pyyntdji, jotka
saapuvat jatkuvasti ja kdyttdjin prompt-syotteiden seurauksena erilaisilla latenssi-,
tarkkuus- ja prioriteettivaatimuksilla. Huolimatta heterogeenisten computational re-
sources -resurssien saatavuudesta nykyiset scheduling mechanisms -mekanismit ovat
pidosin konservatiivisia eivitkd kykene hyodyntiméédn niitd tehokkaasti, miki jo-
htaa workload- ja system constraint -rajoitteiden rikkomiseen. Taméi dissertation
kisittelee useiden Al workload -tehtdvien scheduling-haasteita resource-constrained
edge platform -ympéristoissi.

Tama dissertation kehittdd approximation-aware runtime resource management
-ldhestymistavan, joka optimoi samanaikaisesti tehonkulutus-, suorituskyky- ja
tarkkuustekijoitd heterogeenisissd edge platform -jédrjestelmissd. Ehdotettu Tan-
goX-framework hyodyntdd reinforcement learning -pohjaista orkestroijaa clus-
ter assignment-, DVFS- ja model precision -asetusten koordinoimiseksi latenssin
pienentdmiseksi samalla kun tarkkuuden heikkeneminen pidetiin hallinnassa. Com-
pound Al workload -kokonaisuuksien tukemiseksi 7will laajentaa runtime coordi-
nation -mekanismia heterogeenisiin CPU-, GPU- ja DLA cluster -ympéristdihin
integroiden vision-, transformer- ja language model -mallit sekd enforcing task-
ien priorisointi- ja cluster affinity -periaatteet latenssivaatimusten tdyttamiseksi
power budget -rajojen sisédlld. Distributed edge framework mahdollistaa adap-
titvisen workload distribution -menetelmin partitioning data across devices -
periaatteen avulla tasapainottaen latenssi- ja tarkkuustekijoitd dynaamisissa olo-
suhteissa. Téatd tdydentdd HiDP, joka esittelee hierarchical DNN partitioning -
ratkaisun global- ja local-edge layers -tasojen vililldi mahdollistaen skaalautu-
van inferenssisuorituksen. Kaikki frameworkit on toteutettu heterogeenisille edge
hardware -alustoille ja arvioitu monipuolisilla workload-kokonaisuuksilla. Tulok-
set osoittavat johdonmukaisia parannuksia inferenssilatenssi- ja energiankulutus-
mittareissa verrattuna state-of-the-art techniques -menetelmiin samalla kun vaikutus
mallien tarkkuuteen pysyy minimaalisena.

ASIASANAT: DNN, péittely, LLM, reunalaskenta, transformerit, energia
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1 Introduction

Artificial Intelligence (AI) has become essential across diverse use cases in au-
tonomous systems, healthcare, mobile computing, and mixed reality for enabling
perception [1], independent decision-making [2], and context-driven task execution
[3]. Modern Al applications are increasingly deployed on edge devices, such as
smartphones [4], Augmented Reality (AR)/Virtual Reality (VR) headsets [5], and
smart glasses [6]. Edge Al enables robust on-device inference closer to the source,
providing fast responses while preserving user data privacy. The edge platforms
integrate heterogeneous compute clusters including CPUs, GPUs, and Neural Pro-
cessing Units (NPUs), each exhibiting asymmetric energy and latency characteris-
tics. Advanced edge Al applications require inference of diverse machine learning
models, including Deep Neural Networks (DNNs), encoder transformers, and Large
Language Models (LLMs) to perform multiple cognitive tasks, such as classification,
detection, understanding, and reasoning [7]. Efficient run-time inference frameworks
are a foundational requirement for supporting dynamic Al workloads in resource-
constrained edge environments.

1.1 Challenges of Edge Al inference

Al workloads can generate simultaneous inference requests for multiple models with
varying latency and accuracy requirements, driven by the application workflow and
user preferences. However, edge platforms are fundamentally resource-constrained,
with limited computational capacity and tight energy budgets [8; 9]. Moreover,
Machine Learning (ML) workloads expose a controllable accuracy—latency trade-off
space, enabling dynamic selection of different pruned and quantized model config-
urations to satisfy performance requirements. The arrival of inference requests is
stochastic, leading to variations in run-time workload. The overarching challenge in
edge-based inference is to develop efficient run-time frameworks that dynamically
schedule inference workloads across diverse platforms to optimize energy, latency,
and accuracy under varying system dynamics. Edge inference frameworks aim to
minimize latency and energy consumption while preserving accuracy, enabling faster
execution and a smoother user experience [10; 11].

Edge orchestration faces several resource-management challenges when dynam-
ically deciding where and how to execute inference. Without adaptive coordination,

1
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Figure 1. Performance and energy trade-off space between on-device and distributed inference.

inference workloads may underutilize available compute clusters and fail to meet
latency, energy, and accuracy requirements. The challenges of orchestrating infer-
ence of multiple Al workloads on resource-constrained heterogeneous edge devices
include:

* Platform diversity: The edge platforms have diverse computational clusters
with asymmetric performance, energy consumption and operator-level support
for executing different workload operations.

* Workload Diversity: The AI workloads have non-uniform latency, accu-
racy, and priority requirements based on the model architecture of vision and
language models, including DNNs, transformers and LLMs.

* Stochastic run-time variance: The application’s arrival is stochastic and un-
known to the schedulers, depending on user prompts and workflow. Resource
availability also varies at run-time due to multiple inference requests executing
simultaneously.

» Exploring the design space Exploring the design space to find a suitable re-
source scheduling solution becomes complex as the number of applications
and computational resources increases.

The edge Al inference challenges are illustrated in Figure 1. Each incoming in-
ference request arrives with varying latency and accuracy requirements. The work-
load can either be executed on the heterogeneous compute clusters of the source
device or partitioned and offloaded to neighboring trusted devices by forming an in-
terconnected edge cluster. Both on-device deployment and distributed edge inference
have their pros and cons. On-device inference has low communication overhead and
execution latency but limited computational resources. Distributed inference pro-
vides access to a larger set of computational clusters, enabling high throughput, but
it requires continuous information exchange and synchronization. The scheduling
strategy must therefore decide how to execute the workload, either locally on the
source device or by distributing it across the edge cluster, to satisfy application-
level requirements under non-deterministic system dynamics. Hence, run-time de-

2



Introduction

sign space exploration is required to support strategic decisions for efficient workload
execution.

Existing edge Al frameworks are primarily conservative, failing to (i) efficiently
utilize available resources, (ii) adapt to the changing system dynamics, (iii) scale
to workload and platform heterogeneity, and (iv) service the application priorities
based on user-defined urgencies [12; 13; 14; 9; 8; 15; 16; 17; 10]. Despite the avail-
ability of mature inference frameworks such as TensorRT [18], TensorFlow [19],
PyTorch [20], and NCNN [21], these solutions primarily focus on model-level graph
optimizations and backend-specific acceleration. They lack system-level awareness
and run-time coordination mechanisms needed to manage multiple concurrent mod-
els under dynamic resource constraints and application-specific priorities. Modern
edge inference strategies distribute the workload to nearby trustworthy devices via
workload partitioning to increase the execution throughput [22; 23; 24]. However,
workload distribution incurs significant communication overhead and requires care-
ful synchronization of data and model weights across devices to obtain the final re-
sults. This dissertation presents robust, adaptive and scalable Al orchestration frame-
works for jointly orchestrating multiple inference requests of diverse models with
non-uniform requirements. An efficient solution for both on-device and distributed
inference is presented, based on heuristic and Reinforcement Learning (RL) driven
policies to determine a suitable scheduling configuration for a given workload that
satisfies system-wide latency, energy, and accuracy requirements.

1.2 Research objectives

The primary objective of this dissertation is to enable efficient runtime orchestration
of Al inference across heterogeneous, distributed edge platforms that handle stochas-
tic workload variations. This research aims to design adaptive, energy-efficient, and
scalable inference frameworks that utilize compute resources effectively under dy-
namic workloads. Specific research objectives are defined as follows:

1. Characterizing and executing diverse AI workloads. Characterizing and
establishing unified execution pipelines that accommodate contemporary edge
workloads, ranging from lightweight primitive ML kernels to advanced DNNss,
transformers, and LLMs, while jointly optimizing concurrent inference re-
quests across multiple models with architectural diversity and computational
heterogeneity.

2. Leveraging architectural heterogeneity of edge platforms for diverse work-
loads. Investigating performance and power characteristics of diverse edge
platforms for Al inference with (i) asymmetric CPU clusters, (ii) CPU and
GPU clusters, and (iii) CPU and GPU clusters supported by accelerators. Op-
timizing the resource utilization of heterogeneous computational clusters to

3
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match the latency requirements of the workloads while minimizing the energy
consumption.

3. Designing run-time decision frameworks for meeting the inference re-
quirements. Developing adaptive strategies that navigate a complex design
space at run-time, configuring accuracy, cluster-wide frequency, heterogeneity-
aware cluster selection, and priority-based inference execution. Enabling the
run-time framework through heuristics or RL support to meet the system-wide
requirements, including application latency, accuracy, and energy consump-
tion.

4. Fine-grained workload partitioning for scalable multi-node execution. For-
mulating data and functional partitioning mechanisms that enable flexible dis-
tribution of workloads across heterogeneous clusters. Implementing strate-
gies for hierarchical partitioning that support both on-device and edge-cluster
workload distribution.

The above objectives collectively address the challenges of executing computa-
tionally intensive Al workloads on heterogeneous edge platforms, aiming to bridge
the gap between hardware diversity and the stringent latency, power, and accuracy
demands of modern Al systems.

1.3 Contributions

Figure 2 provides an overview of the thesis’s contributions to on-device inference
strategies. It categorizes the research outputs into on-device and distributed infer-
ence frameworks, with each contribution linked to its corresponding publication.
This mapping highlights how each work tackles specific challenges within differ-
ent system components. Several novel contributions toward the efficient execution
of inference workloads on heterogeneous edge platforms can be summarized as fol-
lows:

1. Joint knob actuation for edge AI orchestration: This dissertation presents a
comprehensive control mechanism for run-time resource management in het-
erogeneous, multi-core mobile systems. The mechanism combines power, per-
formance, and approximation knobs to ensure coordination between them in a
resource-constrained edge environment.

2. Multi-DNN inference using reinforcement learning: This dissertation presents
multi-DNN orchestration frameworks, Tango and TangoX, targeting edge plat-
forms with CPU- and GPU-based clusters. The frameworks use PPO-based
reinforcement learning to jointly orchestrate application priority, cluster selec-
tion, model accuracy, and DVFS states.
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2. The overview of the thesis contributions and the topics covered in the papers.

Compound Al scheduling on edge platforms: This dissertation presents a
compound Al inference framework 7will that jointly orchestrates DNNs, en-
coder transformers, and Large Language Models (LLMs). Twill integrates
ONNX-based model profiling with heuristics-based design space exploration
to enable Al orchestration across CPU, GPU, and DLA clusters.

Distributed inference through accuracy-aware data partitioning: This dis-
sertation presents a distributed DNN inference framework for heterogeneous
edge clusters with asymmetric CPU clusters. The framework is based on a pro-
portional DNN distribution strategy that jointly optimizes accuracy and latency
by partitioning data and approximating streaming image-based workloads.

. Hierarchical DNN partitioning framework: This dissertation presents a hy-

brid DNN distribution framework, HiDP, for deployment on heterogeneous
edge nodes with CPU- and GPU-based clusters. HiDP is a two-tier model and
data-partitioning architecture that jointly configures workload distribution at
the global edge-cluster and local node-cluster levels.
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Research foundations

The research methodologies and design frameworks developed in this dissertation
are guided by a set of research foundations that define the overall philosophy of edge
Al orchestration. These principles ensure consistency, generality, and adaptability
across all proposed solutions.

1. On-device heterogeneity: The Al orchestration strategies are designed and
evaluated on heterogeneous edge platforms comprising asymmetric computa-
tional clusters, including CPU, GPU, and DLA, to ensure scalability of the
methods on a wide variety of modern edge platforms.

2. Run-time adaptation: The presented Al inference methods are designed to
handle run-time workload and resource variations to sustain real-time latency,
energy, and accuracy optimizations.

3. Scalability to handle diverse AI workloads: The proposed methods present
comprehensive strategies that can be scaled to orchestrate ML workloads with
varied architectural complexities.

4. Disciplined accuracy tuning: The approximation and partitioning techniques
are designed to maintain and ensure user-acceptable model accuracy levels by
tuning the scheduling decisions based on the accuracy requirements.

5. Autonomous decision-making: The methods are based on a diverse set of
design-space exploration strategies, enabling fully autonomous, runtime schedul-
ing decisions with minimal design-time profiling of the workloads.

Together, these foundations define a coherent design philosophy that evolves
from localized run-time resource management to distributed, hierarchical orches-
tration, targeting efficient, intelligent, and scalable Al inference at the edge.

1.4 Organization

This dissertation is a compilation of articles originally published in international
conference proceedings and peer-reviewed journal series during the course of this
research. The manuscript is organized into two major parts: Part [—Research Sum-
mary and Part II—Original Publications.

Part I — Research summary Part I presents a consolidated overview of the research
and is structured into chapters 2-7. It provides the theoretical background, motiva-
tion, research objectives, methodologies, and key findings of this work. Each chap-
ter discusses a particular aspect of the research progression. Chapter 2 focuses on
run-time resource management of heterogeneous multi-core processors. Chapter 3
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introduces the Tango and TangoX frameworks for multi-DNN inference on heteroge-
neous edge platforms. Chapter 4 extends the exploration to compound Al workloads
that combine multiple models, such as vision, transformer, and language models.
Chapter 5 presents distributed DNN inference strategies based on data partitioning
across collaborative edge devices. Chapter 6 further advances the distributed in-
ference paradigm by introducing hierarchical DNN partitioning. Finally, Chapter 7
concludes the dissertation by summarizing the key findings of the proposed frame-
works. The summary of each chapter is shown in Table 1. These chapters provide
a unified framework for efficient Al inference across both standalone and collabora-
tive heterogeneous environments, enabling a scalable foundation for next-generation
edge intelligence.

Table 1. Summary of chapters and their primary focus areas

Chapter Focus Area Key Insights and Results
2 Run-time resource Approximation-aware actuation knobs, achieving
management power-performance coordination on edge platforms.
3 Multi-DNN inference on RL-based scheduling for scheduling concurrent DNN
heterogeneous devices workloads with diverse QoS requirements.
4 Compound Al inference on Run-time scheduling of compound Al workloads based
edge devices on DNN, transformer, and LLMs on edge.
5 Distributed DNN inference Device heterogeneity aware distributed DNN schedul-
with data partitioning ing using data partitioning and accuracy configuration.
6 Distributed DNN inference Scheduling distributed DNN inference by jointly con-
with hierarchical partitioning figuring model and data partitioning at global and local
levels across an edge cluster.

This dissertation evaluates each strategy as it progressed throughout the research
period by comparing all proposed frameworks. The presented research is scalable
and builds on prior work in system intelligence, platform enhancements, workload
diversity, and logical improvements. Comparative analysis of each chapter is given
in Table 2. The steady improvement across frameworks demonstrates a progression
from static single-node optimization to dynamic distributed orchestration. The tran-
sition from the RTM to HiDP framework reflects scalability in platforms, workloads,
and scheduling complexity. Each design iteration incorporated more autonomy and
awareness, effectively unifying partitioning strategies.

Part II — Original publications Part II includes Papers I-VI, which constitute the
original publications forming the core of this dissertation. Each paper aligns with a
particular section of Part I, as detailed below:

* Paper I corresponds to the content presented in Chapter 2.
 Papers II and III correspond to the content presented in Chapter 3.

* Paper IV corresponds to the content presented in Chapter 4.
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Table 2. Comparative analysis of proposed frameworks across chapters

Framework Scope Platform Optimization domain | Design space
exploration

RTM (Ch.2) Multi-app exe- | Single-device Power, performance, | Heuristics
cution (CPU only) accuracy

TangoX (Ch.3) Multi-DNN Single-device Application priority, la- | PPO-RL
scheduling (CPU, GPU) tency, energy

Twill (Ch.4) Compound Al | Single-device Application priority, la- | Heuristics
workloads (CPU, GPU, DLA) | tency

Proportional Data parti- | Multi-device Accuracy, performance | Dynamic pro-

(Ch.5) tioning on | (CPU-only) gramming
distributed
network

HiDP (Ch.6) Hierarchical Multi-device (CPU, | latency Heuristics
partitioning GPU)
on distributed
network

» Paper V corresponds to the content presented in Chapter 5.
* Paper VI corresponds to the content presented in Chapter 6.

Each of these publications expands upon the individual methodologies, experiments,
and results that collectively constitute the overarching research presented in Part I.



2 Run-time Resource Management of
Heterogeneous Multi-core Processors

Heterogeneous Multi-core Processors (HMPs) feature asymmetric computational
clusters with diverse power and performance characteristics [25; 26]. Mobile and
edge Heterogeneous Multi-core Processors (HMPs) operate under strict power bud-
gets and have limited performance. Modern Al applications require inference of
diverse ML models on HMPs. These workloads typically employ dense network
architectures that involve computationally intensive Multiply—Accumulate opera-
tion (MAC) operations. Inference requests arrive stochastically at the system, ne-
cessitating dynamic performance and accuracy requirements. Therefore, HMPs re-
quire an intelligent resource management framework to meet the requirements of
compute-intensive Al workloads. HMPs support multiple system-level actuation
knobs to optimize the power consumption and performance. These knobs allow ad-
justing cluster-wide operating frequencies, application-to-cluster mapping, and per-
core utilization levels [9; 8]. The workload actuation knobs adjust the degree of
parallelism and manage accuracy—performance trade-offs through run-time approxi-
mation. Approximation can provide performance gain for ML applications that show
error-resilience and allow accuracy-performance trade-off [27]. Efficient execution
of inference workloads on HMPs requires intelligent Run-time Resource Manage-
ment (RTM) strategies that observe and adapt system- and workload-level parame-
ters to jointly optimize power, performance, and accuracy.

This chapter presents an accuracy-aware run-time management framework that
augments conventional power-control mechanisms with run-time approximation ca-
pabilities to optimize the workload’s performance within the available power budget.
The framework efficiently balances power and performance for multi-programmed
and multi-threaded workloads on mobile HMPs by enabling informed control deci-
sions under varying operating conditions. The details of the proposed framework
were initially published in the following article:

I Zain Taufique, Anil Kanduri, Antonio Miele, Amir Rahmani, Cristiana Bol-
chini, Nikil Dutt, Pasi Liljeberg. Exploiting Approximation for Run-time Re-
source Management of Embedded HMPs. ACM Transactions on Embedded
Computing Systems (ACM-TECS), 2024.

The key contributions to the proposed framework include:
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Figure 3. Samsung Exynos 5422 System-on-Chip heterogeneous multi-core platform

* An RTM framework in mobile HMP systems, designed to cater unpredictable
and dynamic workload variations arising from concurrent workload execution.

* Joint orchestration of approximation, application-to-core mapping, Dynamic
Voltage/Frequency Scaling (DVFS), CPU Quota settings, Task Migration (TM),
and Degree of Parallelism (DoP), while accounting for performance goals and
power constraints.

* Implementing analytical power and performance estimation models for en-
abling intelligent resource management.

2.1 Need for run-time resource management on HMPs

A prominent architecture type for HMP includes the ARM big. LITTLE comprising
high-performance big cores with energy-efficient LITTLE cores, providing opportu-
nities to orchestrate diverse Al workloads [22; 28; 29]. Figure 3 illustrates the popu-
lar Samsung Exynos 5422 architecture, which features four ARM A7 CPU cores and
four ARM A1S5 cores, comprising the LITTLE and big clusters, respectively. The
architecture is typically supported by an Operating System (OS) that provides an
interface to RTM strategies for monitoring and controlling workload execution.

By default, Linux governors, such as ondemand, performance, and powersave,
perform RTM for a given workload. These governors rely on simple cluster map-
ping and threshold-based scaling of cluster frequencies. Linux governors react to
coarse utilization levels rather than predictive or fine-grained workload characteris-
tics [30; 23]. Therefore, the default Linux governors typically fail to meet the system-
wide power and performance requirements [31]. State-of-the-Art (SoA) RTM strate-
gies primarily rely on actuating only system-wide control knobs to meet performance
objectives under a fixed power budget [9; 8; 32; 33]. These approaches are effec-
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tive in controlled or single-application settings but exhibit limited efficiency under
unknown and dynamic workload variations. Such variations include stochastic ap-
plication arrival and exit times, changes in execution behavior due to performance
requirements, and dynamic performance requirements across concurrently running
workloads. In particular, they lack coordinated power—performance reasoning across
concurrently executing applications. Power-actuation decisions for one application
implicitly affect the performance and power headroom of other applications sharing
the same cluster. As a result, these strategies often incur performance degradation
during aggressive power actuation or violate power budgets when provisioning per-
formance under dynamic conditions.

2.2 Actuation knob dynamics

The effectiveness of RTM strategies on HMPs is fundamentally determined by the
set of system-level and workload-level actuation knobs. These knobs allow the RTM
strategies to coordinate power and performance by selectively scaling the available
resources [34]. Traditional system-level knobs actuate application-to-core mapping,
task migration, DVFS, and CPU quota assignment. Advanced workload actuation
knobs include DoP and approximation. Figure 4 illustrates the impact of actuat-
ing DVFS, CPU quota, DoP, and approximation on the average workload perfor-
mance mapped to the big and LITTLE clusters of the Odroid XU3 platform [35].
The relative performance gain differs across knobs, reflecting their distinct actuation
semantics. Frequency scaling yields a significant cluster-wide performance gain at
the cost of high power consumption. CPU quota and approximation enable fine-
grained performance modulation with fundamentally different power and accuracy
implications. Each knob differs in granularity and scope, complicating the joint knob
actuation scenarios. As a result, isolated actuation of traditional knobs can become
infeasible or suboptimal in multi-programmed scenarios, particularly when perfor-
mance recovery for one workload degrades co-located workloads or violates global
power constraints. This dissertation proposes that intelligent RTM strategies should
consider the impact of jointly actuating multiple knobs across concurrently running
applications in clusters. However, the exploration space is vast and complex, mak-
ing it difficult to find suitable actuation settings for multiple knobs across multiple
applications on heterogeneous clusters. Figure 5 illustrates the actuation settings of
different knobs on App-1, mapped to an HMP based on big. LITTLE architecture.
The left side of each subplot, highlighted in red, depicts the scenarios before the
knob actuation is enforced. The right-hand side presents the post-actuation phase,
showing how each knob affects the execution of the workload. This section presents
the details of workload and system-wide knobs.
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Figure 4. Performance of actuation knobs, including (a). DVFS, (b). DoP, (c). CPU quota, (d).
Approximation

2.2.1 System-level knobs

Application-to-core mapping strategies Application-to-core mapping determines
which cluster an application/thread run on, directly influencing achievable perfor-
mance and power consumption. Design-time mapping decisions enable predictable
resource allocation but cannot respond to workload variation or phase changes, of-
ten leading to underutilization or performance degradation under dynamic condi-
tions [9]. Run-time mapping decision leverages resource monitoring to migrate
performance-critical or compute-intensive applications to big cores, while placing
latency-tolerant or background workloads on LITTLE cores [36]. Since the cluster-
level resources are shared, mapping decisions for one application can alter the exe-
cution conditions of co-located workloads, introducing indirect performance effects
through shared contention [37]. Consequently, the suitability of executing compute-
intensive workloads on HMPs must be continuously re-evaluated against the result-
ing performance degradation and power savings.

Task migration across clusters Task migration (TM) between the big and LITTLE
clusters exploits the architectural heterogeneity on HMPs. Figure 5(b) illustrates
the migration of application-1 from the LITTLE cluster to the big cluster to improve
performance. Effective RTM strategies must evaluate migration decisions in the con-
text of application performance requirements, power consumption, and the availabil-
ity of idle cores on the destination cluster. In multi-programmed scenarios where
both clusters are busy, migration decisions are tightly coupled with the execution
of concurrently running applications. Running compute-intensive workloads on the
LITTLE cluster can cause significant performance degradation, which must be miti-
gated by the joint actuation of a subsequent knob. Intelligent RTM strategies employ
heuristics such as performance-loss thresholds and historical profiling to estimate the
performance impact before enforcement [38].

CPU utilization control and run-time adaptation CPU quota assignment is
a process-level control mechanism exposed through OS-level interfaces such as
CGroups [39]. Figure 5 (d) shows the actuation of the CPU quota, where the CPU
utilization of App-1 is reducing from 100% to 80% on the big cluster. By regulating
the upper bound on the number of CPU cycles allocated to a process, the system can
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Figure 5. Actuation knobs applied on application-1 by controlling (a). Application-core-mapping,
(b). Task migration (c). Degree of Parallelism (DoP), and (d). CPU quota

modulate application throughput without altering frequency or mapping [34]. Unlike
cluster-wide DVFS, CPU quota provides per-application granularity, enabling tar-
geted slowdowns or accelerations without affecting other applications. For streaming
ML kernels, proportional adjustments to the CPU quota often result in nearly linear
changes in throughput [40]. However, quota enforcement must balance fairness and
performance requirements, especially when multiple applications exhibit dynamic
arrival patterns and variable processing intensity.

Dynamic voltage and frequency scaling Dynamic voltage and frequency scaling
(DVES) is a widely used mechanism for balancing computational performance with
power savings. Frequency selection is typically accompanied by proportional volt-
age scaling, which impacts power consumption quadratically [28]. Heterogeneous
platforms implement DVFS per cluster, meaning that adjusting the frequency of big
cores affects all cluster-wide running tasks. This cluster-level granularity introduces
interference among tasks, limiting control over power and performance coordina-
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tion. Under variable workloads, reactive frequency governors, such as Ondemand
and Interactive, scale the CPU frequency based solely on recent utilization statis-
tics [30; 8]. While effective in single-cluster or homogeneous settings, these gov-
ernors may either overcompensate or undercompensate for performance demands in
heterogeneous multi-application scenarios, potentially resulting in Quality of Ser-
vice (QoS) violations [41]. Consequently, DVFS decisions must account for both
real-time performance requirements and the impact on concurrently executing ap-
plications, particularly when operating under strict thermal or power-envelope con-
straints.

2.2.2 Application-level knobs

Approximation Approximation serves as a higher-level actuation knob that lever-
ages tolerance to inexact computation present in many ML workloads. Approximate
computing techniques adjust algorithmic precision, skip iterations, or use simplified
models when accuracy loss remains acceptable to the application or user [42; 43].
Approximation can prevent performance degradation when system knobs cannot
meet workload requirements within power budgets. For tasks such as clustering
or regression, modest accuracy loss enables significant power savings and improved
throughput. However, trade-offs vary across workloads, and indiscriminate use of
approximation can introduce instability or unpredictable behavior. Therefore, run-
time systems typically monitor performance trends and apply approximations only
when traditional knobs reach their limitations [34]. In multi-application environ-
ments, selectively approximating the most error-resilient task can maintain global
performance without compromising excessive accuracy, offering a complementary
tool alongside hardware-level controls.

Degree-of-Parallelism control for applications DoP specifies the number of cores
allocated to an application. DoP control is application-dependent and feasible only
for parallel applications that support run-time workload splitting for simultaneous
execution across multiple cores. Fine-grained DoP regulation provides flexibility to
tailor resource allocation, particularly in edge environments where multiple parallel
kernels frequently coexist [44]. Figure 5 (c) shows that the number of cores allocated
to App-1 increases to 4, occupying all available cores on the big cluster. Increasing
and decreasing DoP affect the application’s performance and power consumption [9].
DoP control therefore requires awareness of application scalability characteristics,
cluster capacity, and power constraints. Under resource constraints, allocating more
cores to one workload affects the performance of another application running on the
same cluster.

14



Run-time Resource Management of Heterogeneous Multi-core Processors

2.3 Existing strategies for RTM on mobile HMPs

RTM for embedded and edge HMP-System-on-Chips (SoCs) primarily focuses on
balancing performance and power under tight Thermal Design Power (TDP) and per-
formance constraints. Classical approaches rely on traditional power/performance
knobs such as DVFS, TM, CPU quota, application mapping, and DoP to maintain
desired performance while reducing power consumption [28; 45; 44; 41]. Linux
governors widely deployed on mobile SoCs (e.g., ondemand, interactive) are ef-
fective for stable single-objective scenarios. Yet, they often fail to achieve the re-
quired performance when system and workload dynamics change rapidly. Advanced
ML-guided RTM mechanisms leverage offline profiling, online models, or hybrid
schemes to optimize power-performance trade-offs [33; 8; 9; 32; 46; 38]. However,
under concurrent execution of unknown workloads, these strategies can still exhibit
power overshoots, QoS violations, or sub-optimal power utilization. These strategies
are unable to coordinate among available actuation knobs and rely solely on static
learned behaviors.

Approximate computing exploits the inherent error resilience of many AI/ML
and signal-processing workloads to enhance throughput and energy efficiency [47].
Prior studies combine approximation with classical knobs to mitigate performance
degradation caused by power throttling in heterogeneous embedded systems [34].
Early strategies introduce approximation as a reactive knob for many-core and
HMP architectures [42; 43], switching between accurate and approximated modes
when performance falls below set thresholds. These approaches can, however, trig-
ger conflicting power-performance actions and oscillatory behavior due to unco-
ordinated decision-making. Other works apply approximation in constrained con-
texts such as thermal control or video applications [48; 49; 50], but rely on coarse
design-time approximation granularity, thereby limiting the exploitable accuracy-
performance-power search space. Furthermore, many approximation-aware RTM
techniques assume single-application or static workloads, ignoring heterogeneous
multi-programmed scenarios. As a result, they lack mechanisms to prioritize
more error-tolerant tasks, leading to either unnecessary degradation of accuracy
or limited benefits when workloads vary widely. In summary, existing RTM and
approximation-enabled techniques do not adequately coordinate power knobs with
accuracy trade-offs, nor do they account for diverse dynamic workloads, thereby
constraining their ability to sustain QoS with optimal Performance per Watt (PPW)
under tight energy budgets.

2.4 Proposed RTM framework for asymmetric HMPs

This dissertation presents a modular RTM framework that operates as a closed-loop
control system across the application, OS, and hardware layers as shown in Fig-
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Figure 6. Proposed framework for run-time resource management on HMPs

ure 6. The run-time controller sits above the OS and hosts the resource management
policy, which decides the optimal configuration of execution knobs such as DVFS,
TM, DoP, CPU quotas, and application-to-core mapping. Applications (App 1 to
App N) execute in the application layer and may arrive dynamically, exposing per-
formance targets and, when applicable, supporting accuracy adaptation. The con-
troller continuously monitors performance and power behavior, evaluates available
power headroom, and determines knob actuation settings accordingly. These de-
cisions are enforced through OS interfaces that allow applications to be bound to
specific compute clusters, regulate CPU time slices, adjust frequencies, and steer ex-
ecution between big and LITTLE cores in the underlying HMP SoCs. The hardware
layer provides heterogeneous compute resources with onboard power monitoring,
enabling the controller to meet TDP constraints while maintaining QoS. Overall, the
framework operates in a feedback loop, where the applications generate workload
demands, the controller observes system status, selects knob actuations, and the OS
executes those commands, ensuring that performance requirements are met.

2.5 Experimental setup and evaluation

The proposed RTM framework is implemented in C++ as a modular middleware
comprising a run-time controller, monitoring units, a resource allocation policy, and
an OS interface. It runs as a user-space process in a Linux environment, using native
drivers for power sensing and DVFS control, and the CGroups library for task-to-
core mapping and CPU Quota management. Applications are instrumented with
the HeartBeat library to express high-level performance requirements and monitor
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Figure 7. Benchmark workloads spanning regression, classification, clustering, feature extraction,
and signal analysis. The set includes (a) least squares, (b) K-nearest neighbors, (c) k-means, (d)
linear regression, (e) latent-space feature extraction, and (f) total harmonic distortion.

execution. The controller executes periodically with a 1s control period. The pro-
posed RTM strategy is platform-independent and requires only minor adjustments to
device file paths when ported to other platforms. Experiments were conducted on
two embedded platforms, the Odroid XU3 [35] and the Tinker Edge R [51], both
of which expose core-level heterogeneity and distinct power and performance char-
acteristics. The Odroid XU3 integrates Samsung’s Exynos 5422 SoC featuring an
ARM big. LITTLE processor. The Tinker Edge R hosts a Rockchip RK3399Pro SoC
with two A72 (big) and four A53 (LITTLE) cores.

The proposed framework was evaluated through different ML applications as
shown in Figure 7, including Least squares, K-Nearest Neighbors (KNN), k-Means
(kM), Linear regression, Feature Extraction (FE), and Total Harmonic Distortion
(THD). These applications support diverse use cases for streaming input data. The
benchmark applications, shown in Figure 7, cover regression, classification, cluster-
ing, feature extraction, and signal analysis tasks. Each workload exhibits distinct
computational structures, data access patterns, and sensitivity to approximation, re-
flecting heterogeneous performance, accuracy, and power behaviors. Together, these
benchmarks capture a representative cross-section of machine learning kernels com-
monly executed on edge and embedded platforms, enabling systematic evaluation of
run-time resource management strategies.

Least Squares minimizes squared error over 1M samples using loop perforation for
configurable approximation [52]. Common in embedded estimation tasks, it pro-
vides good error resilience but exhibits iteration-dependent variability, requiring co-
ordinated knob control to maintain stable performance [47].
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K Nearest Neighbors (KNN) implements a memory-intensive search stage from mil-
pack [52]. Used in lightweight edge ML, its performance is sensitive to data distri-
bution and bandwidth constraints, often requiring careful mapping and DVFS tuning
under multi-programmed execution.

kMeans from Rodinia [53] clusters 50k points with relaxation-enabled convergence.
It is widely used in unsupervised learning, but its per-iteration costs fluctuate, strain-
ing computational and memory resources. Approximation accelerates convergence,
though excessive relaxation can degrade cluster quality.

Linear Regression (Linear Regression (LR)) operates as a serial regression kernel
on 1M samples [53]. While lightweight, LR has limited tolerance to approximation;
even a small number of loop-skipped iterations can cause noticeable accuracy loss
[47], necessitating conservative tuning when co-scheduled with heavier workloads.
Feature Extraction (FE) represents front-end signal-processing stages in Internet
of Things (IoT) and vision pipelines [54]. Its computational and memory footprints
vary with input characteristics, making it sensitive to runtime fluctuations and shared-
resource contention.

Total Harmonic Distortion (THD) computes harmonic distortion for sensing and
power-quality monitoring [55]. As a parallel, throughput-intensive kernel, THD is
challenging under tight power budgets, often requiring strict, latency-aware resource
allocation on embedded SoCs.

The workload performance is profiled at 5-s intervals during run-time, and

offline-generated lookup tables capture the approximation—performance trade-off.
Throughput requirements are expressed as a range between 1T'P,,;, and TPz,
determined from standalone runs at 80% and 100% of maximum frequency, re-
spectively. The proposed approach is compared with two SoA HMP management
strategies, AdaMD [9] and DAgger [8], both relying on offline profiling and machine
learning models to infer optimal DVFS and DoP configurations. For completeness,
the proposed strategy is benchmarked against Linux’s Ondemand (HMP_O) and In-
teractive (HMP_I) governors, which adjust CPU frequency based on the workload
intensity.
Evaluation summary The proposed RTM strategy was evaluated under two work-
load scenarios, executing combinations of two and three concurrent applications
drawn from the considered workload set. Table 3 reports the average power and
performance violation rates observed across all experiments on the Odroid XU-3
and Tinker Edge R platforms for the five evaluated RTM strategies. Across both
platforms and workload intensities, the proposed strategy avoids power and perfor-
mance violations while incurring only limited accuracy loss when approximation is
explicitly invoked.

Figure 8 aggregates these results by illustrating the average power violation, per-
application performance violation, and accuracy loss across all experiments. On
the Odroid XU-3 platform (Figure 8(a)), the standard Linux governors (HMP_O
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Table 3. Power and performance violation rates when running two and three applications.

Platform Scenario Strategy Power Violation (%) Performance Violation (%)
AdaMD 1.5 34
DAgger 0.3 28
Odroid XU-3 2 apps HMP_O 13.0 100
HMP_I 11.5 90
Ours 0.0 0
AdaMD 2.2 48
DAgger 0.6 35
3 apps HMP_O 12.8 100
HMP_I 11.2 95
Ours 0.0 0
AdaMD 1.0 22
DAgger 0.15 18
Tinker Edge R 2 apps HMP_O 0.0 98
HMP_I 0.0 95
Ours 0.0 0
AdaMD 1.1 27
DAgger 0.2 21
3 apps HMP_O 0.0 97
HMP_I 0.0 93
Ours 0.0 0

and HMP_I) exhibit substantial power violations, exceeding 11-13%, while simul-
taneously suffering from severe performance violations ranging between 90-100%
across multiple applications. These results indicate that reactive frequency scaling
alone is insufficient to manage concurrent workloads under a strict power budget.
AdaMD and DAgger reduce power violations to below 2.2% (Table 3, Odroid XU-3),
but still incur significant performance violations of 28 to 48%, reflecting limited co-
ordination between power control and per-application performance management. A
similar behavior is observed on the Tinker Edge R platform (Figure 8(b)). Although
overall power violations remain low for all strategies (below 1.1%, as shown in Ta-
ble 3), AdaMD and DAgger continue to exhibit performance violations between 18—
27% when running two and three concurrent applications. The standard Linux gov-
ernors again fail to meet application performance requirements, with performance
violations exceeding 90% across several workloads due to aggressive downscaling
during workload variations. In contrast, the proposed strategy consistently maintains
both power and performance within the specified constraints across all scenarios.
The accuracy loss observed with the proposed approach is confined to a small
subset of compute-intensive applications, as shown in the rightmost panels of Fig-
ure 8. The maximum accuracy degradation is limited to 6 to 7% on Odroid XU-3
and approximately 4% on Tinker Edge R, and occurs only when approximation is se-
lectively invoked to compensate for exhausted traditional knobs. This confirms that
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Figure 8. Power and performance violation across all the experiments on platforms (a)
Odroid XU-3 and (b) Tinker Edge R

the approximation is applied in a controlled, necessity-driven manner rather than as
a default mechanism.

Overall, these results demonstrate that jointly actuating traditional system knobs
with application-level approximation enables effective coordination between power
and performance objectives under dynamic, multi-programmed workloads. Unlike
existing approaches that prioritize either power adherence or performance provision-
ing in isolation, the proposed strategy consistently satisfies both constraints while
bounding accuracy loss, validating its suitability for run-time resource management
on heterogeneous edge platforms for ML orchestration.
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3 Multi-DNN Inference on
Heterogeneous Edge Devices

Inference of DNN workloads on heterogeneous edge devices is crucial for perform-
ing multiple cognitive tasks on image-based inputs, including image classification,
semantic segmentation, object detection, and scene detection [56]. The DNN models
for diverse tasks often exhibit distinct architectures, parameter densities, computa-
tional complexities, and performance requirements [57]. Advanced vision applica-
tions require simultaneous execution of multiple DNN tasks for different scenarios
[12]. Concurrent execution of multiple DNNs introduces contention for shared com-
pute resources, leading to variability in latency and energy consumption [15]. The
previous Chapter 2 has discussed the utility of edge platforms with asymmetric CPU
clusters for Al workloads. However, modern edge devices, including smartphones,
smart glasses, AR gear, and VR gear, are equipped with asymmetric CPUs and high-
performance GPU clusters [58]. Managing workload and system dynamics requires
scheduling strategies that adapt to stochastic workload arrivals, meet QoS require-
ments, and account for the heterogeneous energy—latency profiles of asymmetric-
CPU and GPU clusters [58]. The previous chapter focused on resource management
on heterogeneous edge platforms with only CPU clusters. This Chapter discusses the
significance, challenges, and novel solutions for executing multi-DNN workloads on
edge devices with heterogeneous CPU-GPU clusters to meet latency, energy, and ac-
curacy requirements. This Chapter is based on contributions that are published in the
following articles:

II Zain Taufique, Aman Vyas, Antonio Miele, Pasi Liljeberg, Anil Kanduri.
Tango: Low latency Multi-DNN inference on heterogeneous edge platforms.
IEEE 42nd International Conference on Computer Design (ICCD), 2024.

111 Zain Taufique, Aman Vyas, Antonio Miele, Pasi Liljeberg, Anil Kanduri.
TangoX: Robust Multi-DNN Inference on Heterogeneous Edge Platforms.
IEEE Transactions on Computers (IEEE-TC), 2026 (Under review).

The contributions include:

* TangoX, a resilient multi-DNN inference framework that manages concurrent
DNN requests with diverse QoS requirements, including priority levels, la-
tency constraints, and accuracy demands.
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Figure 9. Vision tasks (a). image classification, (b). Object detection, (c). Semantic segmentation

* Accuracy configuration for meeting the QoS requirements through run-time
DNN model selection.

* PPO-based reinforcement learning agent to jointly actuate cluster allocation,
accuracy configuration, DVFS tuning, inter-cluster workload migration, and
task prioritization.

3.1 Significance of multi-DNN inference on edge

Mobile and edge computing applications require inference across multi-DNN work-
loads to perform simultaneous tasks such as image classification, semantic segmen-
tation, and object detection. The multi-DNN requests can arrive randomly, driven
by user prompts or application design, with assigned QoS requirements for execu-
tion priorities, latency targets, and accuracy. Applications in a multi-DNN workload
can have varying QoS requirements, necessitating run-time orchestration to stream-
line execution and improve user experience. Multi-DNN inference on resource-
constrained, heterogeneous edge devices poses complex challenges, requiring exten-
sive run-time exploration of configurations that satisfy task-specific requirements.
The scheduling challenge is intensified by constrained compute capacity, tight en-
ergy budgets, and heterogeneous core architectures, including asymmetric CPUs and
GPUs. It is further shaped by differences in computational characteristics and la-
tency requirements across multi-DNNs. In addition, stochastic run-time factors, such
as cluster contention, cluster availability, and workload variability in dynamic multi-
DNN scenarios, further complicate achieving low-latency execution. Addressing in-
ference latency under these conditions necessitates intelligent run-time orchestration
that schedules multi-DNN workloads with awareness of system- and workload-level
dynamics. This section presents each scheduling challenge in detail.
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Figure 10. Hardware architecture of heterogeneous edge devices

3.1.1 Handling task-level heterogeneity of multi-DNNs

In multi-DNN inference scenarios, task-level heterogeneity arises from the simulta-
neous execution of distinct vision tasks, such as image classification, object detec-
tion, and semantic segmentation, each performing fundamentally different computa-
tional activities as illustrated in Figure 9. Although these tasks operate on the same
image-based inputs, they rely on DNNs with markedly different architectures, execu-
tion workflows, and computational structures. Image classification typically follows
a single-pass feed-forward pipeline optimized for global feature aggregation. Ob-
ject detection involves multi-stage processing, including region proposal generation
and bounding box regression. Semantic segmentation requires dense, pixel-level in-
ference with high-resolution feature maps. These differences result in non-uniform
model depths, parameter densities, memory access patterns, and MAC operation dis-
tributions, which, in turn, lead to task-specific latency, energy consumption, and re-
source utilization characteristics at run-time. Consequently, a multi-DNN workload
cannot be treated as a homogeneous set of inference requests. Each task imposes
distinct, often conflicting demands on the underlying compute resources, thereby
exposing task-level heterogeneity as a fundamental challenge in coordinating con-
current DNN inference on edge platforms.

3.1.2 Handling core-level heterogeneity

Modern edge devices feature diverse computational clusters with heterogeneous en-
ergy and latency characteristics. Figure 10 illustrates a conceptual architecture of
the Jetson series embedded platforms. The computational clusters of a Jetson board
include big. LITTLE CPU cluster, GPU cluster, and accelerators such as NVIDIA
Deep Learning Accelerator (NVDLA). For a given DNN model, each computational
cluster exhibits asymmetric energy and performance characteristics. Each cluster is
optimized for specific types of compute operations such as convolution, matrix mul-
tiplication, or activation functions. The performance and energy diversity across dif-
ferent clusters stem from variations in microarchitectural design, including pipeline
depth, memory hierarchy, and functional unit specialization. Run-time scheduling
of inference workloads on heterogeneous edge devices, therefore, necessitates align-
ing workload characteristics with the most suitable computational clusters to ensure
efficient execution under varying performance and energy constraints.
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3.1.3 Priority-awareness and Quality-of-Service requirements

Mobile Al services commonly involve a combination of continuous streaming and
event-driven inference [14]. In general, event-driven inference requests are given
higher priority compared to continuous inference tasks [59; 60]. When a low-priority
inference task is in progress, the sudden arrival of a high-priority request neces-
sitates the dynamic reconfiguration of run-time resources. Executing a prioritized
DNN may require migrating concurrently running DNNs from the GPU to the CPU,
thereby degrading performance. Therefore, effective multi-DNN inference strate-
gies must support preemption mechanisms that ensure both task priority and overall
performance.

The DNN tasks have diverse QoS requirements, including target latency, accu-
racy, and priority. Depending on the application scenario and urgency, each task
has an associated QoS requirement vector, either defined by the logic designer or
by the user [60]. For example, in an autonomous setup, object detection may pri-
oritize obstacle detection due to continuous motion and scene changes. However,
for a VR gear setup, semantic segmentation may have higher user priority for cre-
ating an immersive environment [61]. Similarly, applications with higher priority
may require lower latency and higher accuracy to support streamlined operations. A
run-time scheduling of DNN tasks with varying QoS requirements on heterogeneous
edge devices is a complex problem.

3.2 Existing multi-DNN orchestration strategies

Existing multi-DNN inference strategies leverage both CPU and GPU resources to
optimize one or more QoS objectives through various strategies: pipelining DNN
layers across CPU-GPU clusters [22], distributing workloads between them [14; 15],
selecting the most suitable cluster for each DNN [12; 62], assigning priorities among
concurrently executing models [60], adjusting DVFS levels [12; 63; 64], and dynami-
cally configuring model accuracy [65; 66]. Current multi-DNN inference scheduling
methods typically rely on offline profiling to partition the DNNs into multiple-layer
blocks, which are then assigned to different processing clusters for coordinated ex-
ecution [22; 12]. These techniques typically assume a static inference workload, in
which the scheduler has prior knowledge of request arrivals at design time. In con-
trast, mobile Al workloads exhibit stochastic run-time variance, characterized by
unpredictable fluctuations in workload intensity, unknown arrival or departure times
of inference requests, and changing task priorities and performance demands. Such
variability impacts both resource availability and system performance targets, ne-
cessitating dynamic reallocation of computational resources based on QoS require-
ments, cluster status, and DNN-specific performance characteristics. Because exist-
ing multi-DNN scheduling schemes overlook run-time variability, their effectiveness
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Figure 11. Latency comparison of running a DNN model standalone and simultaneously with
another DNN on GPU

is limited to static conditions—often at the expense of maintaining desired QoS.
Existing methods primarily focus on optimizing global throughput, enabling low-
latency inference for DNNs deployed on the GPU, but often at the expense of in-
creased latency for concurrent DNNs running on the CPU. Other studies [14; 62]
have integrated dynamic voltage and frequency scaling (DVFS) into coordinated
DNN scheduling to further enhance performance. However, due to the strict power
constraints of edge devices, aggressive frequency scaling offers only marginal ben-
efits. Consequently, existing multi-DNN inference approaches often fail to meet
the latency requirements of co-located DNNs, underscoring the need for alternative
low-latency scheduling techniques. This highlights the need for adaptive run-time
scheduling frameworks capable of handling diverse, dynamic workloads.

3.3 Orchestrating multi-DNN inference on CPU-GPU
clusters

Under multi-DNN workloads, the inference latency of a DNN is influenced by shared
resource contention among concurrently executing DNNs. This challenge is exacer-
bated by: (i) limited compute capacity, restricted energy budgets, and heterogeneous
core architectures (e.g., asymmetric CPUs, GPUs. This section discusses the chal-
lenges of resource contention and the existing frameworks for multi-DNN orchestra-
tion on the edge.

3.3.1 Resource congestion on GPU with multi-DNN workloads

Figure 11 presents the inference latency of five DNNs when executed in (i) stan-
dalone mode (a single DNN) and (ii) multi-DNN mode (simultaneously with other
DNNs) on GPU clusters. The multi-DNN workload configurations include VGG-
19 + MobileNetV2_1.0, MobileNetV2_1.0 + ResNet-152, ResNet-152 + DenseNet-
201, DenseNet-201 + EfficientNet-B4, and EfficientNet-B4 + VGG-19. By default,
standard Linux governors prioritize GPU allocation for DNN applications running
in standalone mode. As depicted in Figure 11, the inference latency of each DNN
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Figure 12. The latency of DNNs running standalone and concurrent with another DNN on GPU

increases when executed concurrently under multi-DNN workloads. For instance,
VGG-19 exhibits an inference latency of 0.4s on the GPU in standalone mode, which
rises to 0.6s when MobileNetV?2 executes concurrently on the same GPU. The infer-
ence latency of a DNN varies across different multi-DNN configurations due to the
models’ diverse computational characteristics. Furthermore, the practical impact of
this latency penalty depends on the tolerance for latency of a given inference re-
quest. For example, a VGG-19 request with a 3s latency target remains unaffected
by the VGG-19 + MobileNetV2 combination, whereas a 0.5s latency target would be
violated under the same multi-DNN setup. Hence, multi-DNN inference strategies
should incorporate interference awareness and follow an interference-minimization
objective to determine scheduling configurations on edge devices.

3.3.2 Conservative multi-DNN orchestration frameworks

To illustrate the performance of various multi-DNN inference strategies, an example
workload containing inference requests for four models is evaluated, including D1:
ResNet [67], D2: MobileNet [68], D3: FCN-ResNet [69], and D4: DenseNet [70].
This scenario assumes that the last image classification application, D4, is a user-
triggered process with the highest priority. Figure 12 shows how different scheduling
approaches—namely Greedy and Coordinated—influence run-time behavior. In this
setup, inference requests for D1 and D2 arrive concurrently at ¢ = 0Os, followed by
D3 att = 1s and D4 at t = 2s. Each application requires inference on a 32-image
batch with a target latency of 1500ms. The Greedy approach, analogous to default
Linux governors, assigns all incoming DNNs to the GPU and tunes DVES based on
workload intensity. This results in time-shared execution across DNNs, leading to
frequent context switches and elevated inference latency. On the other hand, Co-
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Figure 13. Run-time adaptive strategy jointly enforcing accuracy configuration, cluster mapping,
and batch migration while considering application priorities

ordinated strategies [12; 63; 14] improve resource utilization by distributing tasks
across CPU and GPU clusters depending on workload heterogeneity and by adapting
DVES. Nevertheless, these methods lack priority awareness, causing tasks such as
DenseNet to be delayed, thereby increasing the latency of high-priority workloads.
Consequently, in both approaches, many applications still fail to meet their latency
objectives. This example highlights the need for a run-time resource management
framework capable of context-aware tuning of available actuation knobs, thereby
enabling requirements-aware scheduling decisions tailored to both workload charac-
teristics and system dynamics.

3.3.3 Robust multi-DNN orchestration

A robust resource scheduling strategy actively tunes the available system and
workload-actuation knobs to meet multi-DNN requirements. The same example
from Section 3.3.2 is continued, where the inference requests of four different DNNs
are introduced. A robust scheduling strategy is illustrated in Figure 13, which lever-
ages accuracy configuration, batch migration, and DVFS while ensuring priority-
aware workload inference to meet the required latency constraints. The robust strat-
egy uses a lighter version of D/ (ResNet-50) to meet the CPU cluster’s latency con-
straint. Upon the arrival of a higher-priority D4 application, the strategy migrates the
lower-priority D3 to the CPU, freeing GPU resources for D4. It then chooses a lighter
variant of D3 (FCN-ResNet50) to meet the CPU cluster’s latency requirements and
adjusts the frequency to enhance overall energy efficiency. This example highlights
the need for a run-time resource management framework that can perform context-
aware tuning of available actuation knobs, thereby enabling QoS-driven scheduling
decisions that align with both workload characteristics and system dynamics.
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3.4 Control knobs for Multi-DNN orchestration

Multi-DNN orchestration exposes a multidimensional control space that directly
governs the energy, latency, and accuracy characteristics of the DNN applications.
This section formalizes the principal actuation knobs that enable adaptive run-time
coordination across heterogeneous resources while satisfying application-level QoS.

3.4.1 Cluster selection and DVFS

Mobile HMP systems offer a range of energy-performance trade-offs across their
CPU and GPU clusters. Typically, GPU clusters provide superior performance
for DNNs; however, CPUs can still deliver reasonable performance, especially for
lightweight DNNs [71]. Moreover, employing DVFES allows fine-grained control
over energy-performance trade-offs. Multi-DNN inference strategies thus necessi-
tate run-time cluster selection and DVFS configuration to meet QoS requirements.

3.4.2 Accuracy configuration

For evaluating accuracy, we use task-specific metrics—accuracy for image classi-
fication, mean Intersection-over-Union (mIOU) for object detection, and standard
IOU for semantic segmentation. An inference task can be executed using different
DNN models, each characterized by distinct compute intensity and inference accu-
racy. Additionally, every DNN model may include multiple (quantized, pruned, or
shallower) variants. This introduces a broader accuracy-performance trade-off space
that can be leveraged by selecting an appropriate DNN model and its correspond-
ing variant. Multi-DNN inference strategies must configure task inference accuracy
at run-time by navigating this trade-off space while accounting for the diverse QoS
requirements.

3.4.3 RL-based online exploration

Multi-DNN orchestration on heterogeneous edge platforms requires cluster selec-
tion, accuracy configuration, DVFS actuation, and batch migration, all under dy-
namic workload conditions. The stochastic nature of inference request arrivals, vary-
ing application priorities, and fluctuating resource availability make the scheduling
problem NP-complete. A robust decision-making mechanism is required to navigate
the extensive trade-off space of latency, energy, and accuracy objectives. RL pro-
vides a principled framework for generating run-time scheduling policies through
continuous interaction with the environment. An RL-based agent can autonomously
determine optimal resource configurations at run-time by observing system states and
receiving reward feedback reflecting the workload’s QoS compliance and energy ef-
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Figure 14. Tango framework showing the resource manager collecting requests and invoking
PPO-RL for cluster selection, accuracy configuration and DVFS for DNN 1-3.

ficiency. Consequently, RL enables robust, context-aware scheduling decisions that
generalize across diverse workload scenarios, thereby ensuring sustained QoS per-
formance under dynamic operating conditions.

3.5 Evaluating Tango framework

This dissertation presents 7ango as a robust multi-DNN orchestration framework for
mobile and edge HMPs, managing dynamic workload fluctuations while satisfying
the latency and model-accuracy constraints of inference requests.

Tango combines reinforcement learning with lightweight heuristics to jointly op-
timize performance and energy consumption. The framework exposes three primary
actuation knobs, including cluster selection, model-level accuracy configuration, and
cluster-level DVES control. A PPO-based RL agent performs design-space explo-
ration to determine the optimal cluster mapping and accuracy configuration for con-
currently running applications, accounting for cluster availability and per-application
latency and accuracy requirements. Following this RL-driven global decision, Tango
applies a heuristic DVFS tuning phase to improve energy efficiency by adjusting the
cluster frequency based on the gap between the current and target latency. Specifi-
cally, DVFS scales the operating frequency to minimize this latency deviation while
avoiding unnecessary over-provisioning, thereby reducing energy consumption. The
resource manager operates as a feedback control loop with Observe, Decide, and
Calibrate phases, enabling adaptive and scalable scheduling of dynamic multi-DNN
workloads under strict latency and energy objectives.

Tango evaluation. Tango was implemented on the Jetson TX?2 heterogeneous edge
platform [72], which integrates a Pascal GPU, quad-core ARM CPUs, and dual-
core Denver CPUs. The framework was developed in Python using CGroups and
CUDA/TensorRT libraries. Evaluation was conducted on widely used image classifi-
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Figure 16. Comparative analysis of the performance of different RL agents

cation DNNs [73], including (i) VGG, (ii) MobileNetV2, (iii) ResNet, (iv) DenseNet,
and (v) EfficientNet. The reinforcement learning controller employed a memory-
less PPO agent without reward shaping. Performance was compared against default
Linux governors, namely Ondemand and SchedUt i1, as well as SoA multi-DNN
schedulers, including Pipeit [22], OmniBoost [12], and Band [14].

The performance of Tango was evaluated under concurrent execution of two and
three DNNs, reflecting realistic multi-application edge scenarios while respecting
platform thermal limits. For two concurrent applications, experiments were con-
ducted across multiple workload combinations with a 1s latency target, comparing
against Linux governors and SoA multi-DNN schedulers. While baseline strate-
gies relied on greedy placement, pipelining, or DVFS-centric optimization, they fre-
quently failed to satisfy latency constraints and incurred higher energy consumption
under contention. In contrast, 7ango coordinated cluster placement, accuracy config-
uration, and DVFS tuning to consistently meet latency targets, achieving substantial
reductions in latency and energy with negligible accuracy degradation. For three
concurrent applications, where interference and resource contention significantly in-
creased execution times and necessitated the use of lower-performance clusters, com-
peting approaches exhibited pronounced latency violations. Tango maintained target
compliance through adaptive accuracy scaling and resource orchestration. Overall,
across all multi-DNN experiments, 7ango improved latency and energy consumption
by approximately 61% and 48%, respectively, at an average accuracy loss below 2%.
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Figure 17. High-level workflow for TangoX framework: (i) offine CNN-LSTM agent training with
profiled data, and (ii) online agent deployment and scheduling

3.6 Extending to TangoX framework

The capabilities of the Tango framework were extended to TangoX by accounting for
application priorities and the platform’s energy constraints for multi-DNN orches-
tration, through an advanced design-space exploration mechanism using Proximal
Policy Optimization (PPO)-RL. The TangoX framework integrates offline profiling
of DNN-cluster affinity with real-time monitoring of workload variations to jointly
control cluster selection, model-accuracy adaptation, DVFS tuning, inter-cluster task
migration, and inference prioritization during execution. Coordinating multi-DNN
workloads across heterogeneous mobile/edge platforms is an NP-complete challenge
due to the combined effects of resource heterogeneity, workload diversity (in com-
pute demands, latency targets, and priority levels), and runtime variability. To effi-
ciently explore this complex optimization space, an RL-based controller was imple-
mented using the PPO algorithm to determine optimal resource configuration policies
enforced by the TangoX scheduler. The proposed RL agent incorporates a hybrid ar-
chitecture comprising a Convolution Neural Network (CNN) encoder and an Long
Short-Term Memory (LSTM) decoder—where the encoder captures spatial depen-
dencies across batched data, while the decoder models temporal dynamics arising
from the unpredictable arrival and termination of inference tasks.

An overview of the TangoX framework is presented in Figure 17. The frame-
work operates through two primary stages: (i) Offline data collection and training,
and (ii) Online agent deployment and scheduling. During the training stage, two cat-
egories of inference requests were considered, including continuous streaming and
user-driven. Each request specifies its QoS (accuracy and latency requirements),
assigned priority, and application metadata. To gather training data, a diverse set
of inference requests were executed on an HMP platform, measuring latency, accu-
racy, and energy consumption across both streaming and user-driven scenarios. This
dataset mirrors real-world mobile inference patterns and serves as the foundation for
building an RL environment where the agent learns optimal resource allocation poli-
cies by observing system states, receiving rewards, and refining adaptive scheduling
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behaviors. Once training converges, the trained agent is deployed to a mobile or edge
platform and integrated into the runtime scheduler, thereby forming a robust multi-
DNN orchestration mechanism. This enables real-time management of incoming
DNN workloads through intelligent cluster allocation, adaptive model selection, and
dynamic frequency scaling, thereby accommodating fluctuating workloads and sys-
tem constraints.

TangoX evaluation.

TangoX was evaluated on the NVIDIA Jetson Orin NX 8GB platform, featur-
ing a hexa-core ARM Cortex-A78 CPU (up to 1.9 GHz) and an Ampere GPU with
1024 CUDA cores (up to 765 MHz), and supporting independent DVFES for both
clusters under Ubuntu 20.04. The framework was implemented in Python using
CGroups and CUDA/TensorRT. Benchmarking covered three major computer vi-
sion domains: image classification (ResNet, MobileNet, DenseNet), object detection
(YOLOvV11, Faster R CNN), and semantic segmentation (FCN, DeepLabv3), each
characterized by QoS constraints on latency, accuracy, and task priority. The CNN
LSTM-based RL agent was trained using stochastic mixes of two to five concurrent
DNNSs, combining user-driven and continuous streaming requests with varying SLOs
to emulate realistic mobile inference workloads. Comparative evaluation included
five SoA scheduling strategies: Pipelt [22], Band [14], MoC [63], CarIN [65], and
RankMap [60].

The latency and accuracy of multiple DNNs were first profiled against the three
image classification, object detection, and semantic segmentation tasks, as shown
in Figure 15. A diverse model pool was used to produce a wide range of latency-
accuracy trade-offs for each task, enabling the platform to select the best option at
runtime. A comprehensive overview of training dynamics and architectural relation-
ships across different RL agents is shown in Figure 16. The CNN-LSTM architecture
achieves a superior cumulative reward of 210 while converging at 34k episodes, ex-
hibiting exceptional sample efficiency of 6.77 reward units per thousand episodes
compared to traditional architectures: CNN (2.89), LSTM (2.63), ANN (2.34), and
ResNet (4.14). The hybrid approach exhibits the most aggressive initial learning rates
(25-35 rewards per episode) compared with baseline agents’ modest rates (10-20 re-
wards per episode) and converges to the convergence threshold the earliest. Despite
having moderate model complexity (824k parameters), CNN-LSTM balances archi-
tectural sophistication with learning efficiency, outperforming both smaller models,
such as an ANN (500k parameters), and larger alternatives, such as ResNet (1.5M
parameters). The analysis indicates that intelligent architectural design, which com-
bines spatial feature extraction via CNNs with temporal dependency modeling via
LSTMs, is more critical than raw model size for achieving superior performance-to-
training-cost ratios in resource-constrained deployment scenarios.

TangoX was evaluated against multiple SoA strategies against 2 and 3 concur-
rently running applications as shown in Figure 18. For the two-application work-
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Figure 18. Comparative analysis of different strategies for 2 and 3 concurrent DNN inference
workloads

load comprising image classification and object detection, TangoX achieves up to
99.3% and 83.6% lower latency for Appl and App2, respectively, while consum-
ing 97.7% less energy than existing approaches. The framework successfully meets
all QoS requirements by opportunistically migrating applications between CPU and
GPU clusters based on priority, selecting appropriate model variants (InceptionNet-
v3 for Appl and YOLOv11n for App2), and adjusting DVFS to optimize energy-
performance trade-offs. In the three-application scenario involving image classifica-
tion, object detection, and semantic segmentation, TangoX reports average latency
reductions of 97.65%, 95.68%, 95.73%, 94.59%, and 91.34% compared to Pipelt,
MoC, Band, CarIN, and RankMap, respectively. TangoX achieves an average 88.4%
reduction in energy consumption by significantly reducing inference latency, demon-
strating efficient power utilization while meeting stringent QoS constraints.
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4 Compound Al Inference on HMPs

Contemporary Al deployment at production scale remains dominated by unimodal
classification systems, in which models are designed to perform task-specific pre-
dictions on either the text or the vision modality [74]. Modern Al frameworks are
rapidly shifting from unimodal inference to Compound Artificial Intelligence (cAl)
architectures, which integrate task-oriented models and components to address com-
plex problems [7; 75]. cAl systems combine inference requests of LLMs, encoder
transformers, and DNNSs to deliver new applications such as conversational language
agents [75; 76; 74; 77], augmented and virtual reality (AR/VR) devices, and au-
tonomous vehicles [78]. cAl systems provide compositional flexibility by dynam-
ically connecting multiple transformer models (both encoder-based and generative)
and DNNs during execution [79; 80]. There is a growing need to deploy cAl infer-
ence capabilities on mobile and edge platforms to overcome the latency, bandwidth,
and privacy limitations of cloud-based infrastructure [71]. However, executing cAl
workloads on heterogeneous edge devices presents significant challenges, particu-
larly in scheduling concurrent transformer and DNN operations while minimizing
inference latency within strict power budgets [14]. This chapter presents Twill as
an online scheduling framework for deploying cAl inference workloads on hetero-
geneous multi-core platforms, managing run-time requests through heuristic explo-
ration, and tuning configurable parameters to minimize end-to-end latency within
a specified power budget. The previous chapters considered CPU-only platforms
(Chapter 2) and CPU-GPU platforms (Chapter 3). Twill extends the platform’s capa-
bilities by adding a specialized Deep Learning Accelerator (DLA) [81] to CPU and
GPU clusters. Twill framework was published in the following article:

IV Zain Taufique, Aman Vyas, Antonio Miele, Pasi Liljeberg, Anil Kanduri.
Twill: Scheduling Compound Al Systems on Heterogeneous Mobile Edge
Platforms. International Conference on Computer-Aided Design (ICCAD),
2025.

The contributions include:

* Twill, arun-time framework designed for partitioning, distributing, and schedul-
ing cAl workloads on heterogeneous mobile edge devices.

* An online heuristic model that profiles DNN, transformer, and LLM inference
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requests to identify the most suitable compute cluster (GPU/DLA) for each
task.

* Mechanisms for mapping and migrating inference tasks across clusters, priority-
aware task suspension to manage concurrent DNN, transformer, and LLM ex-
ecutions, and DVFS-based frequency control for power management.

* Performance evaluation of 7Twill on the Jetson Orin NX edge Al platform using
modern cAl workloads.

4.1 Characteristics of compound Al workloads

Compound Al (cAl) enables complex multi-agentic, multi-modal intelligence by
orchestrating multiple specialized models to collaboratively perform diverse tasks.
Figure 19(a) illustrates a cAl workload (structured as a task graph) for gener-
ating a maintenance report from user-provided images and text inputs. In this
setup, DNN models (D1: VGG-19 and D2: ResNet-152) handle image classi-
fication and object detection, encoder-transformer models (T1: Bert-base and
T2: Bert-large) perform text summarization and classification, and LLMs:
Deepseek-R1, OPT-350m) are responsible for reasoning and report generation.
Each model extracts key features from its input and passes them to subsequent com-
ponents to collaboratively accomplish the overall task. Models T1, D1, and D2 are
independent inference tasks that can execute concurrently, whereas T2, T3, and the
LLM depend on upstream outputs.

The exemplar cAl workload was deployed on the Nvidia Jetson Orin NX plat-
form [82]. Figure 19(b) presents the performance requirements (in GFlops) of this
system, showing that execution involves: (i) simultaneous operation of multiple
DNNs and a transformer (¢ = Os - 0.9s), (ii) concurrent execution of multiple DNNs
and a generative transformer (¢ = 0.9s - 1.2s), and (iii) parallel inference of multiple
generative transformers (¢ = 1.2s-1.5s). This example highlights the computa-
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tional diversity and dynamic workload variations of cAl systems. Consequently, an
efficient workload scheduling strategy is required to infer cAl systems on resource-
constrained edge platforms that can concurrently execute transformer and DNN mod-
els, with highly variable arrival times and diverse user requirements [79; 80].

4.2 Operational dynamics of NVIDIA’s accelerators

Mobile edge platforms are resource-constrained due to limited energy budgets, but
they support Al inference services through powerful GPUs and domain-specific
DLAs [71; 83; 14]. The trending edge devices feature GPUs, NPUs, or Tensor Pro-
cessing Units (TPUs) [84] in smartphones such as iPhone [4], smart glasses including
Ray-ban Meta [85], and AR gear including Apple Vision Pro [5]. The NVIDIA Orin
NX 8Gb platform was considered for the exploration study, which is equipped with
an Ampere GPU and one NVDLA.

421 NVIDIA’s GPU architecture

NVIDIA GPUs provide parallel computational architectures optimized for matrix
MAC operations, which are fundamental to Al workloads. NVIDIA GPUs were ini-
tially designed for graphics and have since evolved to specialize in Al acceleration,
featuring dedicated tensor processing units and CUDA cores that maximize computa-
tional throughput. Modern Al workloads have billions of parameters that require in-
dependent matrix calculations during both training and inference. The model param-
eters contribute to the matrix weights, which must be updated iteratively. NVIDIA
tensor cores perform computations in parallel by executing distributed MAC opera-
tions as a single unit, without decomposing them into separate multiply operations.

The NVIDIA Ampere GPU architecture, as illustrated in Figure 20, spans edge-
based solutions in the Orin series to cloud-grade variants. The Ampere series fea-
tures multiple Streaming Multiprocessors (SMs) that execute parallel instances of
the workload by exploiting the available CUDA cores. NVIDIA Ampere is a signifi-
cantly higher-performing series than its previous Volta series. Ampere features 7 nm
transistor processes with third-generation Tensor Cores that support higher-precision
TF32 and BF16, as well as structured sparsity. The Ampere series enables distributed
inference via Multi-Instance GPU (MIG) and Multi-Process Service (MPS), which
partition a single GPU into multiple isolated instances. However, these strategies are
not supported for the Orin series.

4.2.2 NVDLA architecture

The NVDLA is designed to accelerate DNN operations while simplifying system
integration [81]. DNNs are predominantly composed of convolutions, activations,
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Figure 20. GPU and NVDLA architecture of Orin NX 8GB platform

pooling, and normalization operations, which exhibit predictable memory access pat-
terns and fixed information flow, making them well-suited for specialized hardware
acceleration. The hardware architecture, as shown in Figure 20 (b), comprises sev-
eral independently configurable functional blocks. These include a convolution core
optimized for high-performance convolution operations and a single data proces-
sor that provides single-point lookup capabilities for activation functions. A planar
data processor handles planar averaging for pooling operations, while a channel data
processor supports multi-channel averaging for advanced normalization functions.
In addition, dedicated memory and data reshape engines accelerate tensor transfor-
mation and copy operations. Each block operates independently, with fine-grained
scheduling boundaries, enabling system designers to scale individual components to
meet specific performance requirements without modifying other units in the accel-
erator. NVDLA implementations are categorized into two types: head and headless.
In the headless implementation, the system processor manages unit-by-unit hard-
ware control, which is suitable for cost-sensitive, purpose-built devices that execute
single tasks with an acceptable context-switch overhead. The head implementations
incorporate a dedicated microcontroller tightly coupled to the NVDLA subsystem,
delegating high-interrupt-frequency tasks away from the central processor to enable
high-performance concurrent workloads in IoT devices.

The NVDLA hardware architecture supports two distinct operational modes, in-
dependent and fused, that fundamentally affect system performance and resource
utilization. Independent mode treats each functional block as an isolated processing
unit that performs memory-to-memory operations. Each block is configured individ-
ually for specific tasks, analogous to independent layers in deep learning frameworks,
and requires data movement between the main system memory and dedicated SRAM
during operations. Fused mode assembles multiple blocks into a processing pipeline,
bypassing memory round-trip by communicating through small FIFOs, allowing the
convolution core to pass data directly to the Single Data Point Processor, which for-
wards it to the Planar Data Processor, and subsequently to the Cross-channel Data
Processor, significantly improving performance by eliminating memory access over-
head.
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4.2.3 Latency and energy characteristics of accelerators

The CPU clusters support sequential, single-threaded operations and have limited
capacity to exploit dense MAC operations for a given DNN model. The GPU cluster
is efficient for parallel operations, given the multiple cores provided by the dedicated
SMs. The accelerators are designed to execute domain-specific operations. For ex-
ample, NVDLA is efficient at performing convolution operations at low energy cost.
Figure 21 shows the latency (s) and energy (J) for three different models: VGG-19,
Yolo-v11s, and FCN-ResNet-101, which represent image classification, object de-
tection, and semantic segmentation tasks, respectively. Latency and energy trends
are typically similar across tasks, with the GPU cluster performing best. Therefore,
the latency and energy characteristics determine the cluster affinity of a given DNN
request.

4.3 Challenges of cAl inference on edge

cAl workloads exhibit highly variable computational requirements over time, driven
by task-specific input modalities, dynamic dependencies among submodels, and user-
defined latency constraints. Edge platforms, characterized by limited power and re-
source availability, must therefore sustain the concurrent execution of mixed work-
loads while minimizing latency. The heterogeneity of model architectures, input
dimensions, and execution dependencies poses challenges for predicting run-time
resource utilization. Hence, there is a critical need for adaptive run-time manage-
ment that accounts for workload diversity and reconfigures execution strategies.

4.3.1 Model-workload affinity and operator-level support

Heterogeneous edge platforms typically integrate multiple compute clusters with dis-
tinct performance and operator-level support characteristics, resulting in varying de-
grees of affinity for different model types. NVDLAs are optimized for DNN work-
loads, supporting convolution and pooling operations, but lack support for transformer-
specific components such as attention and normalization layers. Table 4 shows the
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Figure 21. Cluster-wide latency and energy of (a). VGG-19, (b). Yolo-v11s, (c). FCN-ResNet-101
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Figure 22. Various knob actuation scenarios, highlighting the cluster-affinity in SoA.

supported and unsupported operations in NVDLA. It should be noted that dynamic
transformer operations are not typically supported by NVDLA.

Table 4. Supported and unsupported operations on DLA cluster.

Operation Supported v’ Unsupported / Limitations x
Convolution INTS8, FP16 2D only, kernel < 32x32
Activations ReL.U, Sigmoid, Tanh MatMul, Softmax, GELU
Pooling Max, Avg Window < 8, stride < 16
Normalization Across-channel LRN LayerNorm, BatchNorm
Reshape Slice, split, merge, shuffle 4D tensors only

Therefore, determining the optimal cluster-workload affinity is crucial for mini-
mizing inference latency and avoiding resource contention. Figure 22 shows differ-
ent strategies that map DNN and transformers on GPU and NVDLA. A naive ap-
proach, unaware of model-cluster affinity, assigns the GPU to the first-arriving model
for better performance and the free NVDLA cluster to the next-arriving model. In
this scenario, if the second model is a transformer, it will fall back to the GPU clus-
ter because NVDLA does not support those operations. Eventually, the transformer
model will be queued and wait for the GPU cluster to become available. An in-
telligent, affinity-aware scheduling approach dynamically maps each workload to a
cluster with the closest affinity and migrates the other applications to another cluster.
Such affinity-driven scheduling enables concurrent execution of DNNs, transform-
ers, and LLMs while meeting latency constraints across different scenarios.
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SoA

4.3.2 Arbitrating application priority

In cAl systems, multiple inference requests can compete for higher-performing hard-
ware resources. Depending on the functional importance and model type, inference
requests may differ in their latency requirements. For instance, user-driven LLM
prompts typically require immediate responses, whereas continuous DNN-based per-
ception modules can tolerate brief interruptions. Therefore, establishing application-
level priorities is crucial for efficient inference orchestration and an enhanced user
experience. Figure 23 shows a working scenario where ResNet and VGG infer-
ence execution are occupying both GPU and NVDLA clusters, respectively. Priority
unawareness will queue incoming transformer inference requests, risking high la-
tency for higher-priority applications. Priority-aware scheduling allows the system
to freeze lower-priority ResNets to make room for higher-priority Bert-base. More-
over, dynamic actuation of cluster-wide DVFS ensures overall high throughput for
the workload. Such adaptive prioritization, supported by DVFS, is fundamental to
ensuring low-latency responses for urgent tasks while maximizing overall system
throughput.

4.4 Adapting existing strategies for cAl development

The existing edge Al orchestration techniques optimize the multi-DNN scheduling
[83; 61; 12; 63; 22] and transformer models [24; 86] on mobile platforms with GPUs
and DLAs. Some of these techniques do not consider transformer models and/or
DLAs [61; 22; 63; 12; 15]. Using these techniques for cAl systems results in sig-
nificantly higher latency and power consumption due to shared-resource contention
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Figure 24. Inference latency of cAl system across different execution strategies

when mapping both DNN and transformer models to the GPU cluster. Techniques
that leverage transformer models and DLAs [86; 14; 13] fail to address the lack
of operation-level support for transformers on DLAs. Running transformers on the
GPU is a reasonable choice when standalone inference of a transformer model is
required. However, cAl workloads require concurrent execution of multiple DNNs
and acp transformer.

Figure 24 shows different strategies for scheduling a first-arriving DNN model,
VGG-19, and a later-arriving transformer model, Bert-base. The trivial strategy,
based on the default Linux governors, maps both applications to the GPU, and the
second-arriving application must wait until the GPU cluster becomes available for
allocation. A more nuanced Strategy-2 maps the first application to the GPU and
later-arriving applications to NVDLA. In this case, the application on NVDLA is
relatively slow due to NVDLA ’s low performance. Finally, strategy-3 maps the first
application to the GPU, the second to NVDLA, and migrates the second application
back to the GPU when it becomes available for allocation. This intelligent scheduling
ensures that both applications meet their required latency targets. This dissertation
presents a cAl orchestration strategy, Twill, that follows the intelligence of strategy-3.

4.5 Twill framework

Twill is an online scheduling framework to deploy cAl inference workloads on het-
erogeneous multi-core platforms. The platform handles run-time inference requests,
performs online heuristic exploration, and adjusts configurable parameters to mini-
mize overall latency while respecting a given power budget. As illustrated in Fig-
ure 25, the Twill framework consists of two main components: the Model Interpreter
and the Controller. The Model Interpreter carries out online profiling to characterize
each incoming inference request. It comprises a Model Analyzer to extract relevant
information from model files and a Compatibility Matrix to verify whether model
layers are compatible with the available clusters. For every inference request, the
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Figure 25. Twill Framework including Model Interpreter to analyze the model-cluster affinity and
Controller module performing run-time control knobs actuation.

Model Interpreter generates a characterization of the executed model and produces a
Signature Map, which is used to guide actuation decisions. The Controller observes
the Signature Maps and overall system status to make decisions using predefined ac-
tuation knobs and a heuristic algorithm. It then applies the selected workload and
system configuration and continuously monitors performance to ensure optimal op-
eration.

4.5.1 ONNX-based model profiling

Twill first analyzes the model using the Open Neural Network Exchange (ONNX)
structure and the cluster datasheet to generate layer-level signature maps for the given
models.

Model analyzer. Twill employs Model Analyzer to parse the input ONNX file,
profile the model structure using the ONNX Run-time library [87], and extract layer-
level information and model metadata. The Model Analyzer also considers a user-
defined application priority, which allows the Controller to identify suitable candi-
dates for scheduling decisions under resource contention. This application priority
is a user-configurable parameter set at design time. For instance, in typical cAl sys-
tems, user-driven prompt-based LLMs and transformer models are prioritized over
DNNs processing streaming batches. Twill dynamically adjusts workload-scheduling
decisions in response to changing application priorities. The Model Analyzer gener-
ates an application profiling table (App_profile) that combines extracted model
information with application priorities. This App_profile table contains detailed
model characteristics, including: 1) model name, 2) total parameters, 3) number of
layers, 4) total floating-point operations, 5) layer types, 6) layer operation types, 7)
layer-level input sizes, 8) layer-level output sizes, and 9) activation functions.
Compatibility matrix. 7will follows a DLA compatibility matrix (dla matrix)
derived from the official reference manual of Jetson Orin NX [81]. The matrix in-
cludes information on supported and unsupported operations, precision levels, layer
types, spatial dimensions, batch sizes, kernel sizes, and padding and stride ranges.
Twill requires cluster compatibility information because the available cluster may
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Figure 26. Supported operations on GPU and DLA clusters of the Orin NX platform

provide dedicated support for only a limited number of model operations. Figure 26
demonstrates the compatibility of inferring DNN and transformer models on the
DLA cluster of Jetson Orin NX. The figure shows inference of two DNN models,
including (ResNet50 and VGG-19) and two transformer models (Bert-base
and ViT-base) on the DLA cluster. Figure 26 presents layer-wise operators sup-
ported by the DLA and GPU fallback instances for unsupported operators. Most
DNN inference operations of VGG-19 and ResNet—-50 are supported on DLA.
For transformer models Bert-base and ViT-base, DLA supports only the pre-
processing and convolution operations, while most of the operations fall back to the
GPU cluster. Therefore, the DLA cluster is better suited to running DNN workloads
than the transformer cluster.

Model interpreter. The Model Interpreter determines the affinity between models
and clusters using information extracted from the application profile and the com-
patibility matrix. Initially, the Model Interpreter retrieves layer details from the ap-
plication signature table and sets up a compatibility map. By default, each layer
is assigned GPU compatibility, since GPUs can execute all operation types. The
DLACompatible function checks whether a layer can also run on the DLA by ver-
ifying three conditions: (i) the model’s precision matches one of the DLA-supported
precisions, (ii) the operation type is not listed among unsupported layers, and (iii)
for convolution and fully-connected layers, additional constraints such as kernel size,
stride, and padding fall within supported ranges. Finally, the Model Interpreter gen-
erates a Signature Map for each model, capturing the per-layer cluster affinity, layer
type, number of floating-point operations, precision, and input and output shapes.
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4.5.2 Scheduling policy of the controller

The scheduling policy is implemented in the Controller, which makes decisions
based on the workload and system status. The Controller serves as a middleware
layer that connects active workloads to the underlying hardware. The Controller in-
teracts with OS interfaces to monitor system metrics, including power consumption
and the operational state of different clusters. To manage workload deployment and
execution, Twill operates advanced actuation knobs via OS interfaces, allowing the
controller to override default OS scheduling policies and DVFS governors. These
knobs include Affinity-cluster mapping, Cluster migration, Task freezing, and DVFS
control. Affinity-cluster mapping assigns an inference request to a specific cluster,
with a maximum of one model per cluster at any given time. Cluster migration en-
ables the splitting of model layers and the reallocation of portions of the workload to
another cluster. Task freezing temporarily suspends a running application to release
resources for other tasks. Finally, DVFS allows the controller to adjust the operating
frequency of a selected cluster.

4.6 Experimental evaluation and analysis

The Twill framework is implemented in Python as a user-space process on Linux,
continuously monitoring workload execution and system status, including runtime
power consumption via onboard sensors. For evaluation, Twill was deployed on
NVIDIA Jetson Orin NX [82], which combines an Ampere GPU, an NVDLA, hexa-
core ARM A78 CPUs, and 8 GB of RAM. The platform provides real-time power
measurements for each cluster and supports CUDA for GPU operations, with run-
time DVES control and a default Performance scheduling governor. Experiments
were conducted with a thermal design power of 10W, and the framework adds an
average overhead of 15ms when fully utilizing a single CPU core.

For evaluation, cAl workloads spanning vision, text, and language tasks were
considered. Vision workloads included DNNs such as VGG-19, ResNet-50, and
EfficientNet-B4, as well as vision transformers (ViT-base and ViT-large) [88; 67; 89;
90]. Text classification was represented by encoder-based transformer models (Bert-
base and Bert-large) [91], while large language model inference was performed us-
ing DeepSeek R1 (1.5B parameters) and Gemma 3 (1B parameters). The workloads
were orchestrated using LangChain [79], and inference was implemented with Py-
Torch [20] and torchvision [73]. Hugging Face [92] was used for transformer models,
and Ollama [93] for large language models.

For comparison, Twill was evaluated against three state-of-the-art edge Al infer-
ence strategies. MapFormer partitions multi-DNN workloads across GPU and DLA
clusters at design time while scaling DVFS for power and throughput, assuming all
requests arrive simultaneously. MapFormer was implemented using a transformer-
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Figure 27. Latency of different strategies against different workload mixes.

Table 5. Workload mixes used for evaluation

Mix Models

Mix-1  Bert-base, EfficientNet-b4

Mix-2  VGG-19, ViT-base, ResNet-152

Mix-3  ResNet-152, EfficientNet-b4, ViT-large, Bert-large
Mix-4  VGG-19, EfficientNet-b4, ViT-base, DeepSeek-R1
Mix-5 ResNet-152, Bert-base, VGG-19, Gemma-3

based estimator to predict throughput and power distributions. Tango operates at
run-time on CPU and GPU clusters, utilizing reinforcement learning to manage
multi-DNN workloads. The RL framework was implemented using the Gymna-
sium library [94]. Band partitions multi-DNN workloads into subgraphs based on
supported operations and FLOP counts, mapping them to GPU and NPU clusters.

Performance was evaluated in terms of per-application inference latency, overall
workload throughput, and platform power consumption. For DNNs, latency was
measured per batch of input images; for transformers, per text prompt; and for LLMs,
per generated output token. Throughput quantified the system’s capacity to handle
dynamic cAl workloads, capturing the effectiveness of Twill in optimizing inference
across heterogeneous clusters.

4.6.1 Evaluation summary

To evaluate robustness under diverse composable Al workloads, Twill was bench-
marked against SOA edge inference strategies across multiple workload mixes sum-
marized in Table 5. These mixes incorporate varying combinations of DNNs, trans-
former models, and LLMs, introducing increasing levels of heterogeneity, concur-
rency, and dynamic arrivals to assess scheduling efficiency under realistic execution
scenarios.
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Figure 28. Power of different strategies against different workload mixes.

Based on the experimental results shown in Figures 27 and 28, Twill demon-
strates significant performance improvements across all workload mixes compared
to state-of-the-art edge Al inference strategies. Figure 27 illustrates the inference
latency of different applications within each workload mix, while Figure 28 presents
the run-time power consumption profiles throughout the execution. Twill consis-
tently achieves the lowest execution time across all scenarios, with particularly no-
table improvements in Mix-2, where it reduces execution time by up to 54% com-
pared to other approaches. Specifically, for Mixes 1-5, Twill achieves execution
times that are 38%, 54%, 22%, 37%, and 31% lower than the best-performing state-
of-the-art strategy, respectively. On average across all workload scenarios, Twill
demonstrates 20%, 19%, and 34% lower execution times than Tango, MapFormer,
and Band, respectively. The coordinated joint actuation of multiple control knobs for
run-time varying cAl workloads is fundamental to Twill’s superior performance. Un-
like existing approaches that rely on offline analysis and design-time decisions, Twill
continuously monitors workload characteristics and system status to make adaptive
scheduling decisions. Based on the monitored information, 7will makes nuanced de-
cisions on cluster selection, migration, and DVFS settings. Other strategies, such as
Tango, MapFormer, and Band, are limited to offline analysis of workload characteris-
tics and can only handle inference request arrivals known at design time. Hence, they
may minimize the inference latency of the first- and/or second-arriving applications,
but result in significantly higher overall inference latency as the number of concur-
rent inference requests and compute diversity increase. Twill’s run-time adaptability
becomes increasingly valuable in complex scenarios where multiple heterogeneous
models with unknown arrival patterns compete for limited resources.
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5 Distributed DNN Inference over
heterogeneous edge clusters

DNNs require processing of continuous input data streams from multiple sources to
enable IoT, smart video analytics, autonomous and assisted driving systems, wear-
able health monitoring, and augmented and mixed reality. The computationally in-
tensive DNN tasks are commonly offloaded to powerful cloud servers for remote
inference [71]. However, cloud-based inference requires persistent data transmis-
sion between the source device and the cloud server, degrading QoS due to increased
transmission overheads, potential disconnections, and data privacy risks [11; 17].
As discussed in previous chapters, DNN tasks can be executed directly on source
devices through efficient resource allocation. However, with limited computational
capacity, low-latency inference is only possible on the source device for a limited
number of input batches. Computationally intensive DNN workload can be dis-
tributed across a cluster of locally available edge devices for collaborative execu-
tion [10]. Distributed edge inference improves inference responsiveness by leverag-
ing nearby trusted devices. An edge cluster comprises heterogeneous devices with
diverse hardware architectures, compute capabilities, and energy-performance char-
acteristics [95]. Device-level heterogeneity complicates workload distribution, as
DNNs should be partitioned asymmetrically based on the computational capacity
of available nodes [83]. Existing strategies partition the workload into equal-sized
blocks and assign each block to a local node, without accounting for cluster-wide
heterogeneity. Consequently, devices with lower computational capacity take longer
to complete their assigned blocks, while devices with higher computational capacity
finish earlier and remain idle until global synchronization is achieved. Uniformly
sized partitions lead to performance imbalance and underutilization of cluster nodes.
Beyond workload distribution, approximation can also enable a trade-off between
inference accuracy and performance, providing additional leverage to meet perfor-
mance constraints [96]. However, combining accuracy—latency trade-offs with non-
uniform workload distributions across heterogeneous devices significantly increases
the complexity of the design space. As a result, identifying effective workload-
splitting points is challenging. Hence, determining an efficient workload distribu-
tion strategy requires reasoning jointly about device capabilities, partition sizes, and
model accuracy configurations. The previous chapters presented nuanced run-time
resource management strategies for Al orchestration on a single edge device. This
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chapter presents a distributed edge framework for streaming applications that lever-
ages approximation and data splitting to maximize inference throughput. The frame-
work is presented in the following publication:

A% Zain Taufique, Antonio Miele, Pasi Liljeberg, Anil Kanduri. Adaptive
workload distribution for accuracy-aware DNN inference on collaborative
edge platforms. Asia and South Pacific Design Automation Conference, 2024.

The novel contributions include:

* Development of an edge cluster framework enabling real-time monitoring of
system behavior and workload allocation,

* Design of a heterogeneity-aware, adaptive workload distribution strategy that
balances accuracy and performance,

* Implementation of the proposed framework on actual edge devices (Odroid
XU4, Raspberry Pi 4, and Jetson Nano) and its evaluation against leading
workload distribution methods.

5.1 Significance and challenges of DNN workload dis-
tribution

A collaborative edge cluster is a network of nearby, trusted edge devices that share
computational resources and exchange intermediate inference data [95]. Collabora-
tive edge inference relies on the ability of distributed edge devices to share run-time
resource availability, synchronize execution, and coordinate workload distribution
across the network edge [24]. Figure 29 illustrates a conceptual setup of collabo-
rative edge devices. The devices (Device-1 to Device-4) are interconnected via a
communication router, such as a Wi-Fi router, forming a local edge cluster. The
communication router facilitates data exchange and coordination among the devices
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Figure 30. Splitting the input batches for distributed inference

to perform collaborative tasks. The devices have heterogeneous computational ca-
pacities with varying numbers of cores. Workload distribution across the cluster
enhances throughput without compromising the privacy concerns associated with re-
mote cloud offloading [22; 95]. Such collaboration enables dynamic distribution of
inference tasks based on instantaneous compute capacity, rather than static device
roles, allowing the system to adapt to fluctuating workloads and resource contention.

5.1.1 Orchestrating workload distribution

Collaborative edge inference requires adaptive workload-distribution strategies that
account for system-wide workload dynamics, including available processing capac-
ity, energy levels, and network conditions [16]. Input data arrives at the source de-
vice, requiring inference across multiple batches while meeting QoS requirements
for latency and accuracy. The run-time workload orchestration strategy at the source
device monitors the workload size, QoS requirements, and computational resource
availability. The strategy determines whether execution should be performed entirely
on the source device or distributed across the available edge cluster nodes. Input im-
age batches are split and distributed to edge nodes for parallel execution, and each
node reports its inference results back to the source device. Figure 30 demonstrates
how each node receives the workload share, executes it and returns the results to the
source device. Each device independently executes its assigned subset of the work-
load and produces intermediate inference results, which are later merged to form
the final output. Consequently, workload distribution maximizes resource utilization
and provides a scalable means to accelerate DNN inference on distributed edge plat-
forms. This setup enables simultaneous computation across multiple devices, sub-
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Figure 31. Accuracy configuration through model selection

stantially increasing overall throughput relative to sequential or single-device pro-
cessing and ensuring synchronized output.

Exploiting accuracy-performance tradeoffs In practical edge deployments, infer-
ence requests often specify performance and accuracy requirements. These require-
ments may vary dynamically due to changes in workload intensity, input batch size,
or application context. Fixing the accuracy configuration of a DNN model at design
time limits the system’s ability to adapt to run-time variations and leads to ineffi-
cient resource utilization. Enabling run-time accuracy configuration introduces an
additional control that can be jointly optimized with workload distribution to satisfy
application requirements under resource constraints.

Accuracy can be configured at the model level through the selection of pre-
trained DNN kernels exhibiting distinct accuracy-performance characteristics. As
shown in Figure 31, a pool of pre-trained models that differ in computational com-
plexity and output accuracy can be utilized to select the model for a given infer-
ence request. Multiple quantized or pruned variants of a DNN model can be consid-
ered, with higher discrete approximation levels corresponding to lower accuracy and
higher performance. This approach avoids expensive retraining or structural modifi-
cations at run-time, making it suitable for resource-constrained edge nodes. During
run-time, the system selects an appropriate model from this pool based on the re-
quired accuracy and performance constraints of the incoming inference request.

Since inference is performed in parallel on distributed input data, the global out-
put accuracy is computed by aggregating the local inference results. Each node re-
ports its local accuracy statistics to the source device, which computes the overall ac-
curacy as the weighted average of the individual partitions. This aggregation reflects
the proportion of input data processed by each node and ensures that the reported
accuracy accurately represents the system-level inference outcome.

Examplar scenario To illustrate the complexity of this exploration space, profil-
ing experiments were conducted on a heterogeneous edge cluster comprising Odroid
XU-4, Jetson Nano, and Raspberry Pi-4 boards. The performance and power con-
sumption of these devices were evaluated while running MobileNetV?2 image classi-
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Figure 32. The power and performance comparison of distributing the MobileNetV2 inference
workload among three edge devices

fication across six accuracy levels (approximation = 0-5, corresponding to progres-
sively pruned models) under three DVFS frequency settings: low, medium, and high.
Figure 32 (a) shows the inference throughput (frames per second) achieved by each
device across different approximation levels and frequency settings. Jetson Nano
consistently delivers the highest throughput across all configurations. All devices
exhibit monotonically increasing performance as approximation levels increase, but
the rate of improvement varies across devices, indicating device-specific sensitivity
to model complexity. Frequency scaling has a pronounced effect on throughput, with
high-frequency operation yielding 2-3x performance improvements relative to low-
frequency settings across all devices. Figure 32 (b) reveals the corresponding power
consumption characteristics. Jetson Nano exhibits the highest power draw, ranging
from approximately 5W to 11W depending on frequency and approximation level.
Odroid XU-4 exhibits lower power consumption, ranging from 3W to 6.5W, whereas
the Raspberry Pi 4 consumes between 2.5W and 10.5W. Operating devices at vari-
ous frequency settings (via DVFS) and selecting appropriate model configurations
create a complex, multi-dimensional optimization space in which accuracy, through-
put, and power must be balanced simultaneously across heterogeneous nodes. A
workload distribution policy is required that distributes the workload proportionally
to each device’s peak capabilities. Jointly optimizing workload distribution, model
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Figure 33. Workload distribution of inference requests among four edge devices

selection, and frequency scaling can achieve high performance while incurring min-
imal accuracy loss.

5.1.2 Coordination across edge cluster nodes

Effective scheduling and coordination across heterogeneous edge devices represents
a critical challenge in distributed DNN inference systems. Edge clusters require so-
phisticated coordination mechanisms to orchestrate workload execution across mul-
tiple autonomous nodes with varying capabilities and availability. The distributed
nature of edge computing introduces complexities in task allocation, execution mon-
itoring, and result aggregation that must be carefully managed to ensure consistent
performance and accuracy guarantees.

The edge cluster is hierarchically organized, with nodes that receive the infer-
ence request serving as leaders, distributing the workload to follower nodes. Figure
33 shows the leading nodes as Global Node (GN) and the follower nodes as Local
Nodes (LNs). A heterogeneous edge cluster is considered to comprise four embed-
ded boards: two Odroid XU4 boards, one Jetson Nano, and one Raspberry Pi 4. This
hierarchical approach simplifies coordination by centralizing decision-making at the
GN, which maintains a global view of cluster resources and workload requirements.
However, this design also introduces potential bottlenecks and single points of fail-
ure that must be mitigated. The GN must efficiently handle incoming inference tasks
by verifying the availability of the LNs, distributing heterogeneous workloads, and
executing local inference, all while maintaining real-time responsiveness to dynamic
system changes.

Edge cluster dynamics Edge devices may join or leave the cluster at any time due
to mobility, battery depletion, thermal constraints, or network connectivity issues.
Unlike static distributed systems, where resource availability can be assumed, edge
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clusters must continuously monitor device availability and adapt workload distri-
bution accordingly. When a device disconnects during execution, the system must
rapidly reassign its workload to available nodes while maintaining performance and
accuracy guarantees. This requires the GN to maintain up-to-date profiling informa-
tion for all connected devices and to dynamically invoke the workload distribution
policy in response to topology changes.

Temporal coordination presents another scheduling challenge. In data-parallel
inference, where input batches are partitioned and distributed across devices, the
target throughput is achieved by distributing the workload according to the nodes’
computational heterogeneity. The proportional workload distribution strategy allo-
cates smaller workload partitions to slower devices and larger ones to faster devices,
aiming to equalize completion times across all nodes. However, achieving perfect
load balance is complicated by variations in model complexity, input data character-
istics, and run-time node availabilities. The system must therefore incorporate mech-
anisms to monitor execution progress and, if significant imbalances are detected at
run-time, reallocate workloads.

Communication overheads and synchronization Communication overheads pose
a significant challenge in distributed DNN inference, as the cost of data transfer
across the edge cluster can exceed the target throughput of a given workload. In edge
computing environments, where devices are typically connected via wireless net-
works with limited bandwidth and variable latency, communication latency becomes
even more critical. The scheduling framework should carefully manage data move-
ment between the source GN and the follower LN to ensure a balanced computational-
to-communication overhead ratio.

The primary source of communication overhead in data-parallel inference is the
distribution of input data from the GN to the LNs and the subsequent synchroniza-
tion of inference results. A workload partition should only be offloaded to a nearby
edge device if the communication overhead of sending the data to a follower node is
less than the computational overhead of executing the partition on the source node.
Beyond the transfer of input data, the framework requires bidirectional communi-
cation among nodes for coordination and control. The GN must transmit workload
assignments to each LN, and subsequently, the LNs must return inference results,
including predicted labels, accuracy metrics, and performance statistics, to the GN.

For inference requests with small batch sizes, the time required to partition, trans-
mit, and aggregate data may exceed the time saved through parallel execution, mak-
ing distributed inference less efficient than local execution on a single powerful de-
vice. Conversely, for large-batch inference workloads typical of video analytics ap-
plications, the computational benefits of distribution generally outweigh communi-
cation costs, justifying the overhead. This workload-aware decision-making ensures
that the system achieves the required performance across diverse operational scenar-
ios while avoiding unnecessary communication when distribution provides marginal
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or negative benefits.

5.2 Existing solutions for distributed inference

Existing methods for distributing DNN inference workloads across edge clusters em-
ploy either input data or DNN model splitting, depending on the specific application
context [97; 11; 10; 17]. Traditionally, DNN workloads in an edge cluster are dis-
tributed using one of the following approaches: (i) Uniform distribution — dividing
the workload equally among all devices [11; 10], (i) Asymmetric distribution —
allocating workloads in proportion to the computational capabilities of each device
[97; 16; 17], or (iii) Uniform distribution with approximation — evenly distributing
the workload while applying aggressive approximation to meet performance require-
ments [98]. Uniform workload distribution in heterogeneous environments leads
to inefficient resource utilization, often degrading performance under heavy work-
loads. An asymmetric distribution that accounts for device capabilities yields better
performance by optimizing resource usage; however, these strategies lack control
over accuracy configuration. Conversely, uniform distribution with approximation
can achieve higher performance for compute-intensive workloads, but at the cost
of significant accuracy loss, potentially violating application accuracy requirements.
These methods typically address either (i) accuracy performance trade-offs under the
assumption of homogeneous edge nodes, or (ii) heterogeneous edge nodes while ne-
glecting accuracy performance trade-offs. As a result, their effectiveness is limited
under dynamic conditions, including run-time workload fluctuations and variations
in device availability. To overcome these limitations, a Proportional workload dis-
tribution strategy is needed that achieves near-optimal workload distribution while
satisfying performance and accuracy constraints through disciplined tuning of ac-
curacy. The Proportional strategy must jointly optimize workload distribution and
accuracy configuration to satisfy performance and accuracy requirements, while ac-
counting for the heterogeneity and availability of edge nodes.

The workload distribution of a compute-intensive DNN inference is shown us-
ing the uniform, uniform+apx, asymmetric, and proportional approaches on an edge
cluster comprising Raspberry Pi 4, Jetson Nano, and Odroid XU4 boards, as illus-
trated in Figure 34 (a). For each approach, the stacked percentile of the distributed
workload and the selected DNN model across devices is depicted. The block size
within each stack indicates the partition size, the color represents the device, and the
model index (a0-a5) denotes the applied approximation level. The resulting accu-
racy and performance for all strategies are presented in Figure 34 (b). The Uniform
and Uniform+apx strategies allocate an equal amount of workload to all devices.
While the Uniform approach maintains accuracy, it fails to meet performance goals.
In contrast, the Uniform+apx approach meets performance targets at the expense of
accuracy through aggressive approximation. In contrast, both Asymmetric and Pro-
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Figure 34. The workload distribution and accuracy configuration of MobileNetV2 workload among
four different strategies

portional approaches assign an unequal amount of workloads. However, the Asym-
metric method still fails to meet the performance requirements because the workloads
exceed the device’s capacity limits. The Proportional strategy, being heterogeneity-
aware, successfully satisfies both accuracy and performance objectives by intelli-
gently distributing and approximating the workload in proportion to each device’s
computational capacity. Figure 34 shows that (i) workload distribution and accu-
racy configuration must be jointly optimized to meet both performance and accuracy
goals, and (ii) awareness of edge node heterogeneity is essential for effective coor-
dination of workload distribution and approximation. The objective is to design an
adaptive workload-distribution policy that implements the Proportional strategy to
ensure optimal utilization of edge-cluster resources while meeting the requirements
of DNN applications.

5.3 Proposed framework for distributed inference

Figure 35 illustrates the proposed adaptive workload distribution framework for col-
laborative heterogeneous edge clusters. The framework adopts a hierarchical struc-
ture composed of a GN and multiple LNs. The GN acts as a gateway and central
controller responsible for global coordination, workload distribution, and inference
dispatching, while the LNs executes local inference workloads according to the dis-
tributed configuration.

Accuracy configuration. Approximation is achieved by run-time model selection
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nodes

from the pre-trained model pool. To enable run-time configuration of accuracy, the
system performs an initial profiling phase on each edge node. During profiling, ev-
ery available model variant is executed on representative input data to measure its
achievable inference performance and output accuracy on the target hardware. The
profiling results are recorded in a lookup table that captures the relationship between
approximation level, device identity, performance, and accuracy. This profiling ta-
ble serves as a compact representation of the exploration space for accuracy-aware
workload distribution. Since the performance and accuracy of a given model vary
across heterogeneous devices, node-specific profiling is essential to capture each
model variant’s true behavior. The profiling phase is performed once during initial-
ization and updated dynamically if devices join or leave the edge cluster. At run-time,
each inference request arrives with explicit performance and accuracy requirements.

The Global Resource Manager uses the profiling table to determine the mini-
mum approximation level at which the cluster can collectively satisfy the requested
performance while preserving the required accuracy. Accuracy selection is therefore
not performed in isolation but is tightly coupled with workload distribution across
the available nodes. For a given workload, the Dispatch Policy evaluates candidate
configurations by examining each device’s performance profile across different ap-
proximation levels. The policy identifies the lowest approximation level that ensures
the aggregated cluster performance meets the target throughput. This ensures that
the approximation is applied conservatively, only when necessary, to satisfy per-
formance constraints. Once the approximation level is selected, the corresponding
model variant is assigned to each workload partition and dispatched to the respective
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edge nodes.

Resource management framework. At the GN, the Dispatch Policy jointly deter-
mines the workload partition and the associated approximation level for each LN.
The GN maintains a queue of inference requests, each annotated with required per-
formance and accuracy parameters. Upon receiving a new request, the GN invokes
the Global Resource Manager, which leverages the stored profiling table to eval-
uate available resources and select an appropriate distribution and approximation
configuration. The chosen configuration is then communicated to the LNs through
the Network Module and executed via the Application Module. The GN also supports
real-time monitoring and reconfiguration in response to dynamic workload variations
or device unavailability.

Each LN comprises a local software stack that mirrors the GN structure, includ-
ing the Local Resource Manager, Network Module, and Application Module. The
Local Resource Manager is responsible for profiling, executing the assigned work-
load, and reporting the achieved accuracy and performance metrics back to the GN.
All nodes run Linux, enabling kernel-level interactions for monitoring system uti-
lization, power management, and workload scheduling via OS interfaces.

The proposed architecture enables heterogeneity-aware, adaptive workload dis-
tribution by jointly optimizing workload splitting and model approximation. This
design ensures that distributed inference tasks meet global performance and accuracy
constraints, even under dynamic run-time conditions such as fluctuating workloads
or node failures. The integration of the Global and Local Resource Managers, along
with the Dispatch Policy, forms the core of the adaptive middleware that supports
collaborative DNN inference across heterogeneous edge clusters.

5.4 Experimental setup and results

The framework was implemented on a four-node heterogeneous edge cluster con-
sisting of two Odroid XU4 boards, a Jetson Nano, and a Raspberry Pi 4, all running
Ubuntu 20.04. The framework, written in C++, operates as middleware, employing
a POSIX-based client—server architecture with multithreaded communication over
Ethernet. According to the technical datasheets for the Odroid XU4, Raspberry Pi
4, and Jetson Nano, the TDP limits were set to 8W, 9W, and 10W, respectively. The
system runs image classification workloads using TensorFlow Lite and OpenCV Lite
with pre-trained MobileNetV2 models. Model accuracy is dynamically configured at
run-time via a pre-trained model selection mechanism that offers various trade-offs
between accuracy and complexity.

The framework was compared against SoA workload distribution methods: the
Uniform strategy [97] for evenly distributed workloads in homogeneous clusters, the
Asymmetric strategy [17] for non-uniform distribution in heterogeneous clusters, and
the Uniform + Apx approach [98], which combines uniform distribution with work-
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Figure 36. Experimental evaluation of MobileNetV2 inference across different workload sizes,
throughput targets and accuracy requirements

load approximation. Each device was profiled to measure inference throughput and
construct a performance table. All compared strategies were enhanced with dynamic
voltage and frequency scaling (DVES) to ensure compliance with TDP constraints.
The workload-distribution mechanisms of these methods were isolated and applied
to input-data splitting in the implementation. In addition, each strategy was adapted
to accommodate dynamic workload variations to ensure a fair comparison.

Each strategy was evaluated under dynamic workload conditions, with varying
performance and accuracy requirements and different input batch sizes. The result-
ing performance and accuracy for all experiments are illustrated in Figure 36 (a) and
(b), respectively. The experiments use four distinct input batch sizes and three sets
of performance and accuracy requirements for each batch size. The findings indicate
that the Uniform + Apx strategy consistently meets performance goals but fails to
maintain the minimum accuracy threshold due to its aggressive workload approxi-
mation. In contrast, the Asymmetric and Uniform strategies deliver higher accuracy
but fall short of performance targets, as the workload demands exceed the edge clus-
ter’s rated capacity. In summary, the proposed strategy achieves near-optimal distri-
bution and approximation, ensuring that performance constraints are satisfied while
maximizing output accuracy. On average, the proposed approach yields a 52.63%
performance improvement and incurs a 3.9% lower accuracy loss than other approx-
imation strategies.

58



6 Distributed DNN inference with
Hierarchical Partitioning

Distributed DNN inference on heterogeneous edge devices is commonly partitioned
model- or data-wise and executed across multiple edge nodes to reduce end-to-end
latency. Inference latency depends not only on inter-node workload distribution but
also on the effective utilization of heterogeneous processors within each node dur-
ing inference. Variations in model architecture, layer composition, and input char-
acteristics further influence the suitability of different partitioning and scheduling
choices across heterogeneous platforms. The existing approaches primarily focus
on high-level workload distribution without accounting for the intrinsic core-level
heterogeneity of edge nodes, which include diverse processing units such as CPUs,
GPUs, and NPUs. Additionally, existing strategies do not jointly determine model
and data partitioning decisions in accordance with the DNN architecture, system
heterogeneity, and dynamic workload characteristics at both global and local levels.
Consequently, current methods often lead to sub-optimal utilization of available re-
sources, resulting in increased inference latency and inefficient workload scheduling
across heterogeneous edge platforms. The previous chapter discussed how the distri-
bution of input data and the configuration of accuracy can enhance overall inference
throughput in streaming DNN applications. This chapter presents HiDP, a hierarchi-
cal partitioning framework that employs both data and model partitioning to enable
distributed DNN inference across heterogeneous edge clusters. Unlike existing ap-
proaches, HiDP considers workload distribution at both the edge-cluster and node
levels. HiDP framework was published in the following article:

VI Zain Taufique, Aman Vyas, Antonio Miele, Pasi Liljeberg, Anil Kanduri.
HiDP: Hierarchical DNN Partitioning for Distributed Inference on Hetero-
geneous Edge Platforms. 1EEE Design, Automation & Test in Europe Con-
ference (DATE), 2025.

The contributions include:

* A hierarchical DNN partitioning approach designed to optimize inference
throughput in distributed edge environments,

* A collaborative edge cluster framework enabling efficient local and global par-
titioning of DNN inference tasks,
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Figure 37. Data and model partitioning of an inference workload across four interconnected
devices

» Comprehensive evaluation of the proposed HiDP approach against existing
distributed inference methods on a real hardware edge cluster comprising Jet-
son Orin NX, Jetson Nano, Jetson TX2, Raspberry Pi 4B, and Raspberry Pi 5
devices.

6.1 Types of DNN partitioning strategies

DNN partitioning enables distributed inference across multiple heterogeneous edge
nodes by dividing the DNN workload into smaller, executable blocks. Partitioning
enables collaborative use of available compute resources, reducing inference latency
and balancing workloads across edge clusters. As shown in Figure 37, DNN parti-
tioning can be categorized into two major types, including model partitioning and
data partitioning. Model partitioning divides the network into sequential blocks of
layers, while data partitioning splits the input data into multiple smaller subsets.
Both strategies aim to improve throughput and minimize latency, but differ in their
granularity, overhead, and suitability for different workloads. Model partitioning is
inherently temporal and operates in a pipelined manner, whereas data partitioning
exploits spatial parallelism by distributing parallel sub-models across multiple pro-
cessors. Selecting an appropriate partitioning strategy requires configuring partition
points, block counts, and workload split ratios. Moreover, intelligent DNN parti-
tioning requires careful consideration of the computation-to-communication ratio,
available processing units, and the heterogeneity of the target hardware. The overall
goal of partitioning is to optimize resource utilization, minimize end-to-end latency
in distributed inference, and maintain model accuracy while reducing communica-
tion overhead.

6.1.1 Model partitioning with layer splitting

Model partitioning divides the DNN model into sequential blocks of layers, which
are distributed across different devices for pipelined execution. As shown in Fig-
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ure 37(a), the DNN layers are grouped into multiple blocks, where each block repre-
sents a contiguous set of layers. The layer blocks are allocated to different computa-
tional clusters or edge devices, which process a specific block and pass the interme-
diate activations to the next device in the sequence. This approach enables temporal
parallelism across pipeline stages, allowing for continuous data flow and overlapping
computation with minimal communication.

Model partitioning is particularly effective for dense DNN architectures with
substantial inter-layer dependencies and deep hierarchies, where distributing consec-
utive layer blocks can balance computation across devices. It enables the dynamic
creation of variable-sized DNN blocks based on the available compute resources
within the cluster. The size of each block and the selection of partition points are key
factors affecting latency and throughput. Blocks that are too small can incur exces-
sive communication overhead due to frequent data transfers, whereas overly large
blocks can cause compute imbalance and underutilization of available resources.
Therefore, the optimal partition configuration must account for both the computa-
tional intensity of each layer and the inter-node communication characteristics.

6.1.2 Data partitioning with weights splitting

DNN applications operating on streaming inputs generate inference requests in the
form of input batches that arrive at the source device for execution. These input
batches can be split into smaller partitions, enabling parallel execution across multi-
ple edge devices. In data partitioning, as shown in Figure 37 (b), the input data of a
DNN inference request is divided into multiple smaller subsets that can be processed
concurrently by replicas of the same DNN model across numerous devices. This
approach enables distributed parallel inference by leveraging the available compute
capacity of heterogeneous edge nodes. The fundamental principle of data partition-
ing is its ability to exploit spatial parallelism, in which each device executes the same
model on a different portion of the input data and subsequently merges the partial re-
sults to produce the final output. After the input data is split, the resulting partitions
are executed in parallel across multiple devices, and their outputs are merged through
intermediate data aggregation operations to maintain overall inference accuracy.
Data partitioning is well-suited to workloads with large input sizes, such as im-
age or video analytics. It enables the simultaneous use of multiple compute nodes,
thereby reducing inference latency and improving overall throughput. However, this
approach also introduces additional communication and synchronization overhead
due to intermediate data exchanges among devices during the merging stage. The
cost of merging results grows with the number of partitions and the size of inter-
mediate feature maps, potentially offsetting the gains from parallelism if not care-
fully managed. Moreover, the feasibility of data partitioning depends on the DNN
structure and input dimensionality—models with smaller input sizes or deeper ar-

61



Zain Taufique

Layer-level latency of VGG-19 on Jetson TX-2

2.0

15 @ Computation

L B Communication

1.0

o I

Q

e e

-l

00 I FRRTRNINRERRE
TN T NN ANRYTORO QARSI ANDYT O YN
vva-wmammmm&:gaq—glmmmmﬂ- 2 L
o 0 Q0 0000 ( @] OO0 0o0

Layers

Figure 38. Layer-level latency of executing different layers of VGG-19 on Jetson TX2

chitectures may experience limited benefits due to communication-dominated exe-
cution times. Therefore, determining the optimal number of data partitions and the
corresponding workload allocation among devices is crucial for balancing latency
reduction and communication efficiency.

6.2 Global and local workload distribution

In the context of distributed DNN inference, global workload partitioning refers to
decisions that determine how the inference workload is split and allocated across
different edge nodes in the cluster. Local workload partitioning refers to how the
workload assigned to an individual edge node is further partitioned and scheduled
across its heterogeneous processing resources. This section discusses the challenges
and significance of coordinating global and local workload distribution for efficient
distributed inference.

6.2.1 Global workload distribution

The efficiency of global partitioning is determined by its ability to balance computa-
tion and communication overheads across the available edge nodes in the cluster. As
discussed in chapter 5, global partitioning decisions must jointly consider workload
splitting and assignment to minimize end-to-end inference latency. This requires
reasoning about the trade-off between partition size and inter-node communication
overhead. Finer partitioning enables more flexible workload distribution across het-
erogeneous nodes but increases the volume of intermediate data transfers, which can
dominate execution time. Conversely, coarser partitioning reduces communication
overhead but may lead to computational imbalance across the cluster, thereby limit-
ing the effective utilization of available edge resources.

Figure 38 shows the layer-level latency of VGG-19 on Jetson TX2. The green
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Figure 39. Layer to device bias of a model across multiple heterogeneous devices

bars represent the computational latency of executing the layer on the Jetson TX2. In
contrast, the blue bars indicate the communication overhead of offloading the layer
to an available cluster node. The plot shows that the initial convolutional layers are
better suited for execution on the source device, while later layers can be offloaded
due to low communication overhead. An intelligent scheduling strategy performs
Design Space Exploration (DSE) over all possible partitioning points and determines
the global workload offloading to minimize communication overhead.

An essential aspect of global partitioning is its reliance on real-time information
from the cluster. The partitioner must continuously monitor each device’s availabil-
ity and status to ensure the workload is distributed to active, resourceful nodes. The
leader node typically coordinates this process by invoking a DSE agent that evalu-
ates the global computation-to-communication ratios of all nodes and predicts the
latency of different configurations. This information is used to select the best par-
titioning mode—model-based, data-based, or hybrid—based on the DNN’s charac-
teristics and the cluster’s current resource state. Figure 39 shows the layer-to-device
bias of executing different layers of VGG-19 across four devices, including Jetson
TX2, Jetson Nano, Raspberry Pi 4, and Raspberry Pi 5. The latency of most layers is
lowest when executed on the Raspberry Pi 5; hence, a greedy scheduler will also pri-
oritize this device for workload execution. However, in multiple run-time scenarios,
the Raspberry Pi 5 may be unavailable due to previously running workloads or dis-
connections. Moreover, the communication cost of offloading the workload partition
to a Raspberry Pi 5 may vary across devices. Hence, an intelligent global partition-
ing strategy should focus on computational capabilities, offloading costs, and node
availability to make informed decisions that improve throughput and latency.
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Figure 40. Partitioning of VGG-19 across the local computational clusters of Jetson TX2

6.2.2 Local workload distribution

Local workload distribution refers to the assignment and execution of workloads
across heterogeneous local resources, including CPUs and GPUs, as discussed in
chapters 3 and 4. Each computational cluster has distinct power, performance, en-
ergy, and memory characteristics. The goal is to exploit the intra-node heterogeneity
to achieve optimized utilization of all available cores and minimize inference la-
tency. By intelligently splitting and scheduling workloads locally, the node can exe-
cute assigned partitions more efficiently, reducing idle times and balancing compute-
intensive and memory-intensive operations across processors.

The local partitioning decision is based on the computation-to-communication
ratio, processor load, and type of operations in the DNN layers. For instance, con-
volutional and pooling layers are more GPU-friendly due to their high degree of
parallelism. In contrast, fully connected layers and small-kernel operations may run
more efficiently on CPUs. The local partitioner therefore determines the most suit-
able processor for each subtask, ensuring efficient core-level resource utilization.
Figure 40 shows the execution of VGG-19 on different computational clusters of
Jetson TX?2, including ARM-CPU, Denver-CPU, and Pascal GPU. The layer-cluster
bias indicates that layers are suitable for different clusters based on their types and
the given MAC operations.

The local partitioning process typically includes three steps: analysis, partition-
ing, and scheduling. During the analysis stage, the run-time scheduler collects real-
time communication overhead and computational performance of each cluster. This
information is passed to a local DSE agent that evaluates possible partitioning modes,
including layer-wise splitting or data-wise partitioning of the incoming workload.
The agent computes the local computation rate (A\;) and the local communication
rate (1) for each processor, forming a local resource vector ){\, i }. These param-
eters are used to determine whether model or data partitioning is more beneficial in
minimizing latency under current conditions. Figure 41 shows the different parti-
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Figure 41. Partitioning of VGG-19 on Jetson TX2 against different partitioning points across local
CPU and GPU clusters

tioning opportunities to split the workload of ResNet-50, VGG-19, InceptionNetv3,
and EfficientNet across CPU and GPU clusters of Jetson TX2. The workload is dis-
tributed between the GPU and the CPU via model partitioning. Each model achieves
its lowest latency at non-uniform partitioning points, as indicated by the shaded ar-
eas. An intelligent workload scheduling strategy should explore block sizes and
partition counts to minimize latency.

Local partitioning significantly improves performance by avoiding the default
Linux scheduling governor behavior, which often confines execution to a single pro-
cessing unit, such as the GPU. By leveraging both the CPU and GPU simultane-
ously, local partitioning prevents resource underutilization and enhances throughput.
Furthermore, it dynamically adapts to changing workloads and device conditions,
enabling real-time optimization of the distribution of computation. This adaptabil-
ity is particularly valuable in heterogeneous edge environments where performance
characteristics may fluctuate due to temperature variations, power limitations, or con-
current workloads.

6.3 Existing strategies for workload partitioning

Current distributed edge inference approaches reduce inference latency by either
splitting the workload along the DNN model structure or across the input data. Model
partitioning techniques split the DNN into layer-wise blocks and execute them se-
quentially across multiple devices, enabling pipelined execution [12; 22; 63]. While
effective for dense models with high computation-to-communication ratios, model
partitioning is inherently constrained by the sequential nature of DNN architectures,
as consecutive layers depend on intermediate activations from preceding layers. This
limits the degree of parallelism that can be exploited across edge nodes, making per-
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formance highly sensitive to partitioning points and pipeline balance.

Data partitioning techniques, in contrast, split the input data into smaller parti-
tions that can be processed in parallel across multiple devices [11; 10; 17; 83; 95].
This approach improves spatial parallelism but introduces communication and syn-
chronization overhead due to intermediate data exchange, particularly for DNN mod-
els with smaller input sizes or frequent feature map sharing. Hybrid partitioning
strategies attempt to combine model and data partitioning to leverage the benefits of
both approaches [23]. However, jointly coordinating model-wise sequential execu-
tion with data-wise parallel execution significantly increases scheduling complexity,
especially in heterogeneous edge clusters with diverse compute and communication
characteristics.

Most existing strategies make partitioning and workload-allocation decisions at
the cluster level, treating each edge node as a single execution unit characterized by
aggregate performance metrics [10; 11]. This abstraction simplifies scheduling but
ignores the internal heterogeneity of edge nodes, which typically integrate multiple
processing units such as CPUs, GPUs, and NPUs. As a result, the execution behavior
within a node is decoupled from global partitioning decisions. After workload blocks
are assigned to edge nodes, local execution is delegated to default Linux schedulers.
These run-time systems independently map workloads to available processing units,
often favoring a single accelerator, such as a GPU, by default [19; 99; 100]. This
execution model does not account for variations in per-layer performance across
processing units and fails to exploit parallelism within a node. Consequently, the
effective compute capacity of an edge node is underestimated, and global workload
allocation decisions are based on imprecise performance profiles.

Although several scheduling techniques explicitly account for core-level het-
erogeneity, they are primarily designed for inference on a single-edge device [22;
101; 14]. Extending such approaches to distributed inference requires coordinated
decision-making across both cluster and node levels, along with mechanisms for
inter-node data movement and control synchronization. Existing distributed infer-
ence strategies do not provide this level of orchestration, resulting in substantial in-
efficiencies in the joint management of sequential dependencies, parallelism, and
heterogeneous resources.

6.4 HiDP framework

This dissertation presents HiDP, a hierarchical two-stage workload-splitting frame-
work for distributed DNN inference across heterogeneous edge clusters. In this
framework, multiple edge nodes are interconnected through wireless networks and
collaboratively execute inference tasks in real time. Incoming DNN inference re-
quests arrive asynchronously at a local node, where HiDP performs a hierarchical
partitioning process to minimize end-to-end inference latency. As illustrated in Fig-
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Figure 42. The proposed HiDP framework showing the inference of a DNN workload through local
and global partitioning

ure 42, HiDP architecture includes the Application Module, Communication Module,
Global Fartitioner, Local Partitioner, and a Run-time Scheduler.

When a DNN inference request is received by the Application Module on Device-
1, it is forwarded to the Run-time Scheduler, which orchestrates the workload distri-
bution and execution across the cluster. The scheduler continuously monitors the
availability and performance of all nodes and interacts with the Global Partitioner
to determine the most efficient global partitioning point. The Global Partitioner
leverages a DSE agent to explore potential partitioning modes and select the opti-
mal configuration based on the computation-to-communication characteristics of the
participating nodes. Once the global partitioning decision is made, the workload is
distributed to other devices in the cluster through the Communication Module, which
handles data exchange and synchronization between nodes.

Following the global distribution, the Global Partitioner forwards the local por-
tion of the workload to the Run-time Scheduler for intra-node execution. At this
stage, the scheduler invokes the Local Partitioner, which employs a DSE agent to
determine the most suitable local partitioning mode. The Local Partitioner performs
fine-grained workload splitting that accounts for the heterogeneity of local hardware
resources, such as CPUs and GPUs, to ensure balanced utilization. For example, in a
configuration with four CPUs and one GPU, it divides the workload proportionally to
match the compute efficiency of each unit. Upon completion, the Run-time Scheduler
collects both local and global inference results through the Communication Module
and merges them to generate the final prediction output. This hierarchical coordi-
nation of global and local partitioning enables HiDP to achieve efficient distributed
inference with significantly reduced latency and optimized resource utilization across
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Table 6. Technical specifications of the evaluation setup

Device CPU GPU DRAM
Jetson Orin NX 8x ARM Cortex-A78 1024-core Ampere 8 GB
Jetson TX2 2x Denver-2, 4x ARM Cortex-A57 256-core Pascal 8 GB
Jetson Nano 4x ARM Cortex-A57 128-core Maxwell 4 GB
Raspberry Pi 5 2x ARM Cortex-A76 VideoCore VII 4 GB
Raspberry Pi 4 2x ARM Cortex-A72 VideoCore VI 4 GB

heterogeneous edge platforms.

6.5 Experimental evaluation and benchmarks

The considered heterogeneous edge cluster comprises commercial edge platforms
(listed in Table 6). HiDP monitors the run-time power consumption of the Jetson
boards using the on-board power sensors. In contrast, the Raspberry Pi boards’ power
consumption is monitored using an external shunt resistor. The framework was eval-
uated on ResNet-152, EfficientNet-BO, VGG-19, and Inception-NetV3, which are
widely used DNN models in mobile vision applications. These models were imple-
mented using the TensorFlow library [19], with input image sizes of 224 x 224 and
299 x 299. Their top layers were modified to accommodate variable input sizes,
thereby enabling data partitioning. The HiDP middleware, implemented in Python
and comprising approximately 400 lines of code, runs on Ubuntu 18.04 on all devices
to provide the necessary software and hardware interfaces. CGroups libraries were
used to bind workloads to the desired number of CPU cores, while GPU execution
used CUDA on NVIDIA boards and OpenGL on Raspberry Pi boards. All devices
are connected via an 80 Mbps wireless network using a POSIX-based client-server
architecture, with multi-threaded server operations that allow leader nodes to dynam-
ically communicate with available nodes. The exploration overhead for both global
and local partitioning is approximately 15 ms in the experiments. For evaluation,
HiDP was compared against three SoA partitioning strategies: MoDNN [11], which
partitions and distributes input data proportionally among available edge nodes; Om-
niBoost [12], which determines optimal model partition points using Monte-Carlo
search and pipelines DNN inference over both CPU and GPU; and DisNet [23],
which uses heuristic-based hybrid data and model partitioning. For MoDNN, the
data partitioning module was implemented using the HiDP framework. In contrast,
the throughput estimator of OmniBoost was implemented with the Gymnasium li-
brary [94] and trained on the target workloads. The hybrid partitioning of DisNet
was implemented using the data- and model-partitioning algorithm of HiDP.

Experimental results Figure 43 presents the comprehensive evaluation of the HiDP
framework against SoA distributed inference strategies, including DisNet, Omni-
Boost, and MoDNN, across four widely-used DNN models, including Efficient-
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Figure 43. Evaluation results for executing eight different workload mixes across four different
strategies

Table 7. Workload mixes used for throughput evaluation

Mix DNN Models

Mix-1 EfficientNetBO + InceptionNetV3

Mix-2 EfficientNetB0O + ResNet152

Mix-3 EfficientNetBO + VGG-19

Mix-4 ResNetl152 + InceptionNetV3

Mix-5 EfficientNetBO + InceptionNetV3 + ResNet152
Mix-6 EfficientNetBO + InceptionNetV3 + VGG-19
Mix-7 EfficientNetBO + ResNet152 + VGG-19

Mix-8 InceptionNetV3 + ResNetl152 + VGG-19

NetB0, InceptionNetV3, ResNetl152, and VGG-19. As illustrated in Figure 43(c),
HiDP achieves the lowest inference latency for all workloads, demonstrating up to
61%, 61%, 59%, and 49% latency reduction for EfficientNet, InceptionNet, ResNet,
and VGG, respectively, compared to other strategies. On average, HiDP achieves
latency reductions of 37%, 44%, and 56% relative to the DisNet, OmniBoost, and
MOoDNN strategies, respectively. The hierarchical partitioning strategy employed by
HiDP jointly optimizes global-level DNN block creation and workload distribution,
followed by local-level fine-grained partitioning and workload scheduling, yielding
significantly lower latency than strategies that rely solely on global partitioning. The
energy efficiency gains shown in Figure 43(d) mirror these latency improvements,
with HiDP consuming up to 67%, 59%, 54%, and 54% lower energy for Efficient-
Net, InceptionNet, ResNet, and VGG, respectively. On average, HiDP consumes
33%, 48%, and 58% less energy than the DisNet, OmniBoost, and MoDNN strate-
gies, respectively.

The adaptability of HiDP under dynamic workload conditions is demonstrated in
Figures 43(a) and 43(b). Figure 43(b) shows the performance (Gigaflops per second)
during concurrent execution of multiple DNNs, where HiDP consistently delivers
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the highest performance throughout the execution cycle. The lower latency achieved
by HiDP frees up edge node resources more quickly, enabling efficient servicing of
subsequent inference requests. HiDP completes inference across all models in 5 sec-
onds, achieving 39%, 54%, and 56% higher performance than DisNet, OmniBoost,
and MoDNN, respectively. We evaluated each strategy across eight workload mixes
as shown in Table 7. The throughput evaluation in Figure 43(a) across different
workload mixes demonstrates that HiDP achieves significantly higher throughput,
with improvements up to 150% in Mix-2 and 56% on average across all mixes. This
superior performance stems from HiDP’s ability to dynamically select between data
and model partitioning based on DNN characteristics, enabling low-latency inference
across different workload combinations, whereas other strategies remain confined to
specific partitioning configurations.
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7 Conclusion and Future Work

7.1 Thesis summary

This dissertation presented a comprehensive investigation into the design, orches-
tration, and optimization of inference across multiple ML frameworks on heteroge-
neous, distributed edge platforms. The thesis begins with the fundamental principles
of multi-application RTM on mobile HMPs, progresses to multi-DNN orchestration,
compound Al workloads, and ultimately, hierarchical distributed inference strategies.
The work systematically addressed the challenge of meeting real-time performance,
energy efficiency, and accuracy requirements while operating under limited, hetero-
geneous resources. The hierarchical structure of the thesis allowed each stage to
contribute incrementally to a unified vision of intelligent, low-latency, and scalable
DNN execution at the edge.

7.1.1 Broader Implications and Unifying Perspective

This dissertation demonstrates that efficient edge Al inference cannot be addressed
by isolated optimizations on single devices, single models, or single-level schedulers.
Instead, it requires a holistic view of the computation pipeline that spans heteroge-
neous hardware, diverse model types, dynamic workloads, and distributed topolo-
gies. A common principle emerges from the individual contributions: robust edge
intelligence requires a nuanced run-time context that adaptively coordinates accu-
racy, performance, and energy across the system, workload, and application scenar-
ios. This principle shapes the design of the run-time resource management tech-
niques, the multi-DNN and compound Al schedulers, and the distributed inference
frameworks proposed in this work.

Each publication points toward a unified direction that edge Al systems require
end-to-end orchestration stacks that combine model-level, system-level, and network-
level intelligence. Accuracy, latency, and energy cannot be treated as individual
objectives; they must be jointly optimized. The frameworks developed in this dis-
sertation provide foundational building blocks for an efficient run-time for an edge
Al system. They demonstrate that, with the right abstractions, monitoring infras-
tructure, and adaptive policies, heterogeneous edge platforms can deliver reliable,
scalable, and energy-efficient Al services even under challenging, unpredictable op-
erating conditions.
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In the broader context of edge computing, these results emphasize that the fu-
ture of Al deployment lies not only in designing more efficient accelerators or com-
pressed models but also in creating run-time intelligence capable of orchestrating
complex Al ecosystems. As Al services increasingly move closer to users and inter-
act with real-time sensor data, the ability to schedule, adapt, migrate, and reconfigure
inference pipelines will become a defining capability for next-generation edge plat-
forms. This dissertation contributes to that vision by presenting principled methods
and practical systems that push the boundaries of what heterogeneous edge devices
can achieve under real-world constraints.

7.2 Open direction for future research

Despite the promising outcomes of this thesis, there are still some open challenges
left to explore in the future:

» Exploiting accelerators: The HiDP framework primarily targets CPU and
GPU clusters in a distributed inference mechanism, while there are still com-
putational opportunities left to exploit NPUs, DL As, or custom ASIC acceler-
ators for latency and energy improvements.

* Node disconnections: Handling the unavailability of edge cluster nodes at
run-time due to errors and network unavailability is still an open challenge for
avoiding inference bottlenecks and data loss.

* Communication overheads: This thesis is entirely focused on improving
computational usability of available resources, while the significant communi-
cation overheads in a distributed setup can still be improved in future works.

* Edge-cloud collaboration: This research work is entirely focused on edge-
based inference, but the same technique can be applied to an edge-cloud paradigm,
exploring opportunities for optimizing inference of dense on-device large-
language models.

Overall, this dissertation provides the theoretical and practical foundations for
scalable, adaptive deep learning inference in heterogeneous, distributed edge envi-
ronments. The proposed frameworks collectively bridge the gap among hardware
heterogeneity, Al workload complexity, and real-time responsiveness, thereby estab-
lishing a strong foundation for the next generation of intelligent edge systems.
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