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SUMMARY

Modern data-intensive applications, ranging from large-scale analytics pipelines to mul-

timodal AI inference systems, are increasingly constrained by the overhead of transferring

and managing large volumes of intermediate data across complex memory hierarchies.

While emerging hardware innovations, such as programmable memory engines, offer po-

tential solutions, existing Inter-Process Communication (IPC) mechanisms remain rigid

and CPU-centric, failing to adapt to dynamic workload behaviors or to leverage these ar-

chitectural advances effectively. This thesis explores how IPC services can be redesigned

to overcome these limitations, proposing a new class of adaptive IPC mechanisms that

integrate architecture-level advances with system-level flexibility.

First, the thesis introduces Pocket, a resource-aware IPC system designed to enable

efficient split-architecture deployments. Addressing the “boundary tax” inherent in de-

coupled components, Pocket integrates lightweight resource management directly into the

messaging interface. By allowing messages to carry resource expectations, Pocket enables

just-in-time resource amplification and receiver-side adaptation. This design eliminates

the performance penalties typically associated with isolation, effectively bridging the gap

between monolithic efficiency and microservice flexibility.

Second, the thesis presents Rocket, a multi-backend IPC runtime that intelligently of-

floads memory copy operations to hardware accelerators (e.g., Intel DSA) or optimized ker-

nel services. Unlike naive offloading approaches, which can degrade performance due to

cache interference or synchronization overheads, Rocket employs backend- and workload-

aware strategies to orchestrate data movement. It provides a suite of execution modes and

hybrid completion check mechanisms to determine when offloading is beneficial based on

data volume, locality, and system noise, thereby maximizing computation-communication

overlap in high-throughput pipelines.

Finally, the thesis proposes SkyRocket, a runtime-adaptive framework that optimizes

xix



IPC for heterogeneous data flows. Unlike static or naive configurations that apply a uni-

form strategy regardless of payload characteristics, SkyRocket leverages lightweight work-

load signatures to drive real-time adaptation. By dynamically switching between execution

modes and backend strategies, it achieves adaptive control, ensuring that the IPC mecha-

nism evolves in lockstep with the varying demands of multimodal applications. SkyRocket

effectively narrows the performance gap between general-purpose IPC stacks and finely

tuned, task-specific solutions.

Together, Pocket, Rocket, and SkyRocket demonstrate a practical and scalable path to-

ward performance-aware IPC systems. By aligning IPC logic with modern hardware capa-

bilities and application-level variability, this dissertation presents a comprehensive design

space for efficient data movement in the era of hardware-accelerated, data-centric comput-

ing.
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CHAPTER 1

INTRODUCTION

Modern applications are data intensive and inherently complex. They are typically orga-

nized as pipelines whose components consist of microservices and hardware accelerators.

Inter-process communication acts as the glue that connects these components, but it is also

a critical bottleneck that directly constrains end-to-end performance.

The memory-intensive nature of modern applications stems from both memory capac-

ity and memory bandwidth demands. Application runtimes such as CUDA [1], ROCm [2],

Tensorflow [3], and PyTorch [4] are bundled into each instance at deployment time. These

runtimes are replicated within each application instance, leading to substantial memory

bloat. In resource-fixed environments, this replication becomes a fundamental scaling bot-

tleneck, as memory capacity is rapidly exhausted with the addition of new instances, mak-

ing runtimes a primary contributor to memory capacity pressure [5].

To mitigate this inefficiency, split architectures can be suggested. In such design an ap-

plication instance is decoupled into lightweight application logic (i.e. code-level execution

logic) and shared, heavyweight runtime backends such as PyTorch. However, deploying

applications in this manner fundamentally changes the execution model. A previously

monolithic application is divided into tenant-specific instances and shared backend ser-

vices, introducing frequent communication across isolation boundaries. This shift gives

rise to significant communication overheads, often referred to as boundary tax [6, 7, 8],

which can offset or even negate the expected gains from resource sharing.

The core challenge is that existing IPC mechanisms are largely oblivious to this setting.

Conventional IPC [9, 10, 11] is designed as a generic data conduit and remains agnostic

to runtime-varying resource demands and system-level resource availability. It provides

no support for conveying execution context or adapting communication behavior based on
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backend load, memory pressure, or accelerator availability. As a result, current systems are

stuck with inefficient monolithic designs at the expense of memory inefficiency [12].

In parallel, recent multimodal input data, where a single sample consists of multi-

ple heterogeneous modalities such as images, video, audio, and text, often reaches sev-

eral megabytes per sample [13]. Unlike unimodal inputs, multimodal pipelines typically

preserve modality-specific representations across multiple processing stages prior to fu-

sion, significantly increasing the volume of intermediate data [14]. These inputs are pro-

cessed in batches of tens to hundreds, and the resulting intermediate data are propagated

through the pipeline [15, 16]. This process rapidly consumes memory bandwidth and ex-

acerbates system-level bottlenecks. Increasingly, performance bottlenecks are dominated

not by compute throughput, but by the cost of transferring and managing large volumes

of intermediate data across memory hierarchies [17, 18]. Multi-stage processing pipelines

routinely exchange tens or hundreds of megabytes per stage, and the payloads often consist

of unstructured, high-dimensional data such as images, video frames, or dense embed-

dings [19, 20, 21, 22, 23]. As a result, the movement and staging of data within a node

have become critical determinants of overall application performance.

Modern platforms support a range of data-movement mechanisms, including CPU-

driven copies, kernel-assisted paths [24], memory-controller-assisted transfers [25], and

programmable copy engines [26, 27]. Each mechanism exhibits distinct trade-offs in la-

tency, throughput, setup overhead, and sensitivity to memory locality and synchronization.

Despite this diversity, conventional IPC reduces data transfer to a single, fixed copy path,

most often CPU-centric, and fails to account for these differences. For example, recent

hardware innovations, such as programmable memory engines (e.g., Intel’s Data Streaming

Accelerator (DSA) [26]), provide new mechanisms to offload memory operations directly

from user space, offering the potential to alleviate CPU contention and memory bandwidth

pressure. These accelerators promise fine-grained, low-overhead control over data move-

ment, enabling systems to optimize for throughput, latency, or energy efficiency depending
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on workload demands.

Despite these advancements, existing IPC mechanisms have seen relatively little change.

Traditional IPC systems [10, 9] were designed under assumptions that are increasingly in-

valid: small, uniform control messages, negligible memory copy costs, and static resource

availability. As data volumes and workload heterogeneity grow [19, 20, 21, 22, 23], these

assumptions break down. Current IPC designs [11] typically allocate resources rigidly

and manage data movement uniformly, without accounting for real-time system load, data

structure variability, or the potential trade-offs introduced by hardware-assisted transfers.

Moreover, while memory offloading mechanisms such as DSA offer significant oppor-

tunities, they also introduce new complexities. A new question is now what data mover

should be used. Also, their effectiveness is highly sensitive to factors such as transfer size,

access locality, and synchronization behavior [28, 29]. Without adaptive policies that selec-

tively engage or bypass hardware offloading based on dynamic conditions, systems risk in-

curring additional overheads such as cache pollution, memory bus contention, or inefficient

CPU stalling. A naive, opportunistic use of hardware acceleration can thus be detrimental,

rather than beneficial, in certain scenarios. In addition, when multiple system parameters

interact, the relationship between configuration choices and their performance impact often

becomes non-linear. Under such conditions, heuristic approaches or simple lookup tables

become difficult to apply reliably, as they fail to capture the complex interactions among

parameters.

Compounding these challenges is the growing heterogeneity within modern applica-

tions themselves. Workflows increasingly involve a mix of small metadata messages and

large, unstructured payloads within the same communication stream [30, 31, 32]. The

diversity in data size, format, and reuse patterns demands IPC strategies that are aware of

content characteristics, system conditions, and hardware capabilities simultaneously. Static

or one-size-fits-all IPC models are no longer sufficient.

Addressing these challenges requires a new generation of IPC systems that can dynam-
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ically adapt to workload behaviors, intelligently leverage emerging hardware features, and

manage system resources in a coordinated and responsive manner. This dissertation inves-

tigates how integrating lightweight resource management, selective hardware offloading,

and runtime workload awareness into IPC can significantly improve system performance

and scalability in modern data-intensive environments.

1.1 Statement of Problem

• Conventional IPC prevents memory-efficient sharing of heavyweight runtimes.

Modern applications increasingly rely on heavyweight runtime frameworks such as

CUDA, TensorFlow, and PyTorch. These runtimes are embedded into each applica-

tion instance, substantially inflating memory footprint and creating a scaling bottle-

neck in resource-fixed environments.

Decoupling lightweight application logic from shared runtime services is a promis-

ing way to mitigate this memory pressure. By amortizing the cost of heavyweight

runtimes across instances, such deployments can significantly reduce per-instance

memory usage. However, realizing this design requires frequent communication be-

tween tenant instances and shared services.

Conventional IPC mechanisms are ill-suited for this setting. They impose high la-

tency and serialization overheads when crossing isolation boundaries and operate as

passive data conduits, independent of runtime-induced resource demand or backend

resource availability. As a result, communication overheads dominate, undermining

the benefits of runtime sharing and pushing systems back toward memory-inefficient

monolithic deployments.

• Conventional IPC fails to expose diverse data-movement mechanisms through a

unified interface.

As applications become increasingly data intensive, efficient data transfer has be-
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come a first-order concern. Modern systems already provide multiple data-movement

mechanisms, including CPU-driven copies, kernel-assisted paths, and programmable

copy engines. Each mechanism exhibits distinct performance characteristics and

configuration parameters, and no single choice is optimal across workloads.

Despite this diversity, conventional IPC presents data transfer through a monolithic

abstraction. It assumes a single fixed copy path, typically CPU-based, and hides alter-

native data movers behind the system boundary. As a result, applications are unable

to express transfer-specific intent, such as latency sensitivity, throughput orientation,

or locality constraints, even when suitable mechanisms exist in the underlying sys-

tem.

This thesis addresses this limitation by exposing multiple data-movement mecha-

nisms through an abstract IPC interface. Rather than hardwiring a single transfer

path, the interface makes data-movement choices explicit and provides a common set

of configuration knobs that allow applications or higher-level runtimes to select ap-

propriate mechanisms. By elevating data movers to first-class IPC components, the

system enables informed trade-offs without entangling applications with low-level

hardware details.

• Existing IPC models lack automated adaptation to growing configuration com-

plexity.

Modern data-intensive applications exhibit substantial variability in data size, struc-

ture, and access patterns. At the same time, systems increasingly offer a diverse set of

data-movement mechanisms, each with its own performance trade-offs and configu-

ration parameters. As workload diversity and data-mover diversity grow in tandem,

the space of possible configurations expands rapidly.

This expansion has turned configuration into a significant burden. The performance

impact of data-movement choices is often non-linear, and small changes in workload
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characteristics can shift the optimal configuration across data movers or parameter

settings. Manual tuning and static policies are therefore brittle and difficult to main-

tain, particularly as workloads evolve over time.

Existing IPC models provide no support for managing this complexity. They neither

observe workload behavior nor automate the selection and tuning of data-movement

mechanisms. This thesis argues that IPC must incorporate machine-learning–based

automation to reduce configuration burden and adapt transfer behavior dynamically

at runtime. Such automation is essential for sustaining performance in the presence

of heterogeneous workloads and increasingly diverse data-movement options.

1.2 Thesis Statement

This thesis argues that Inter-Process Communication must evolve from a passive data con-

duit into an intelligent runtime layer that enables scalable performance in modern data-

intensive systems. Conventional IPC falls short because it is fragmented and cannot adapt

to dynamic workloads. This thesis introduces a runtime-aware resource manager (Pocket),

a unified data mover (Rocket), and an adaptive controller (SkyRocket) that together provide

an active IPC runtime with capabilities beyond static mechanisms.

1.3 Contributions

This dissertation advances IPC efficiency by developing runtime-adaptive, multi-backend

designs for data-intensive systems. It introduces Pocket, which embeds resource hints into

messages for dynamic memory management, and Rocket, a unified IPC runtime that or-

chestrates multiple data movement backends, including legacy memory copies and software-

or hardware-assisted transfer engines. Building on these systems, SkyRocket pursues a

more general form of runtime adaptation that selects and composes heterogeneous back-

ends according to workload demands. In support of the thesis statement, this dissertation

makes the following contributions:
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• IPC-Driven Resource Amplification for Efficient Split-Architectures. (Chap-

ter 3)

To make split-architecture deployments viable at the edge, this thesis proposes Pocket,

a high-performance IPC system that eliminates the boundary overhead between de-

coupled components. Pocket introduces the concept of inline resource amplification,

where the IPC mechanism itself acts as a conduit for dynamic resource provisioning.

By embedding resource hints directly into the message passing protocol, Pocket al-

lows lightweight frontends to instantaneously ”amplify” the backend’s capabilities

only for the duration of a request. This transforms IPC from a passive data pipe into

an active enabler of high-density serving, achieving the isolation benefits of contain-

ers with the performance of monolithic function calls.

• Memory Offloading for IPC Acceleration with Abstract API for Diverse Data

Movers (Chapter 4)

Recognizing that memory copy operations increasingly dominate IPC costs in data-

intensive applications, this thesis develops Rocket, a high-performance IPC runtime

that selectively offloads data movement to backends such as hardware accelerators

or kernel services like Intel’s DSA or Copier [24]. Rocket exposes configurable ex-

ecution modes, cache-aware transfer policies, and hybrid polling strategies to adapt

offloading decisions to workload characteristics and system conditions. The novelty

of Rocket lies in its systematic characterization of the critical factors, such as trans-

fer size, data reuse patterns, cache pressure, and synchronization overheads, that

govern performance trade-offs in memory offloading. Beyond mere analysis, Rocket

leverages these insights to provide an adaptive framework that dynamically balances

efficiency and throughput, avoiding the pitfalls of naive offloading. Rocket achieves

significant improvements in throughput, CPU cycle reduction, and system efficiency

compared to both CPU-only IPC and static offloading approaches.
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• Self-Configuring IPC Middleware for Heterogeneous Workloads. (Chapter 5)

This dissertation presents a self-configuring IPC middleware that manages transfer-

configuration complexity in the presence of heterogeneous and multimodal work-

loads. Rather than exposing a growing set of backend-specific parameters to appli-

cations, the IPC runtime incorporates a lightweight decision component that selects

effective transfer configurations based on observed execution context.

The system relies on a learned performance model to guide configuration choices,

enabling IPC to adapt to workload variation without manual tuning or static policies.

Evaluation across diverse workloads shows that runtime-managed configuration con-

sistently improves transfer efficiency compared to fixed configurations that fail to

generalize under changing conditions. This contribution elevates configuration man-

agement to a core responsibility of the IPC runtime, aligning adaptive behavior with

the goals of unified middleware design.
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CHAPTER 2

BACKGROUND

Modern data-intensive systems are undergoing a fundamental architectural shift. As ap-

plications increasingly rely on large-scale data movement, performance bottlenecks have

migrated from computation to communication [33, 34]. Systems must now adapt to con-

straints stemming from memory pressure, resource contention, and inefficient data transfer

mechanisms that were not designed for today’s data volumes.

In response to these application trends, a new class of data movers is emerging. These

mechanisms now span a broad stack, from user-level software to kernel-level compo-

nents, and extend across hardware domains, including on-chip processors and memory

controllers. As a result, the data movement landscape is rapidly evolving. New capabilities,

such as user-space programmable memory engines, are becoming increasingly available on

commodity data center platforms.

This chapter provides essential context for understanding this shift. It first highlights the

growing complexity of inter-process communication in data-centric workloads and quan-

tifies the overheads imposed by traditional IPC designs. It then presents the architectural

opportunities enabled by hardware-assisted memory operations, which are becoming criti-

cal to addressing these inefficiencies.

2.1 Cost of Data Movement in Datacenter Systems

Modern datacenter workloads are increasingly constrained by the cost of data movement

rather than computation. Large-scale production studies show that a significant fraction of

execution time and energy is spent moving data across memory hierarchies, not performing

arithmetic operations. As a result, memory access and internal data transfers now contribute

substantially to overall system overhead.
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Prior measurements from Google datacenters indicate that memory-related activities,

including intra-process and inter-process data movement, account for a large share of re-

source utilization [34]. Figure 2.1 illustrates this breakdown, highlighting that the cost of

moving data through the memory subsystem already rivals, and in some cases exceeds, the

cost of computation. These observations suggest that improvements in compute throughput

alone are insufficient to deliver proportional end-to-end performance gains.

Figure 2.1: Breakdown of Datacenter Tax (Reconstructed from [34])
Breakdown of datacenter resource utilization, showing the growing contribution of

memory access and data movement.

This imbalance reflects a broader architectural trend. Compute capability continues to

scale through additional cores and specialized accelerators, while memory bandwidth and

capacity improve at a much slower rate [35]. Consequently, internal data movement has

emerged as a first-order bottleneck in warehouse-scale systems, with direct implications

for efficiency, cost, and scalability.

These pressures are not limited to a narrow class of workloads. Emerging applications

increasingly rely on frequent transfers of large intermediate data objects as part of their

normal execution [36, 7]. As data volumes and pipeline complexity continue to grow, the

cost of data movement is expected to increase further, intensifying the strain on existing

system abstractions. [36, 15]
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2.2 Modern Applications and the Data Movement Bottleneck

This section identifies the key performance bottlenecks that arise when current IPC systems

are used in modern data-intensive pipelines. Large unstructured data transfers consume

memory bandwidth inefficiently and require substantial CPU cycles. These inefficiencies

intensify memory pressure in multi-tenant and edge environments, where heavy-weight

frameworks increase resource contention and reduce system stability. The discussion shows

that existing IPC mechanisms do not account for data size or resource constraints in their

core behavior. As a result, there is an urgent need for IPC designs that incorporate data

volume and resource management directly into communication operations.

2.2.1 Data-Intensive Applications

Figure 2.2: Modern Application Structure
Modern applications are structured as pipeline-style workflows that process multimodal
data, resulting in frequent movement of intermediate data between successive stages.

Modern data-intensive applications, ranging from machine learning inference pipelines

to large-scale graph analytics and video processing, are increasingly organized as multi-

stage workflows (Table 2.1, Figure 2.2). Unlike traditional web services that exchange

small text-based messages, these pipelines routinely exchange large intermediate results be-

tween processing stages [36], with typical data units reaching tens or hundreds of megabytes

per transfer (Table 4.1). In many cases, payloads consist of large, unstructured data ob-

jects such as high-resolution images, embeddings, or feature vectors, often accompanied

by lightweight structured metadata [13, 14].
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Table 2.1: Representative Data Modality in Modern Applications

Representative memory sizes and batching configurations across common multimodal inputs,
illustrating potential data movement overheads.

Modality
Per-Input Size
(Uncompressed
in Memory)

Batching
Approx.
Single
Request

Image [37, 38, 39]
(low-res,
224×224)

224×224×4
= 200 KB
(RGB, fp32)

32–256
Batch of 256:
51 MB

Image [40]
(high-res, 4K)

3840×2160×4
= 33 MB
(RGB, fp32)

32
Batch of 32:
GB scale

Medical
Image
(DICOM)

A few MBs [23] 10
100+MB or
GB scale
w/ batching

Video
Frame size ×
FPS × duration

5–10
GB-scale
possible

Multimodal
(text + image)

Text embeddings
+ image tensors

1–N
Possibly
100+MB

This shift toward large, opaque data transfers fundamentally alters the performance

characteristics of inter-process communication. Because the runtime treats intermediate

payloads as uninterpreted binary objects, communication costs are driven primarily by data

movement rather than message processing. As a result, efficient transfer mechanisms are

critical to overall system performance.

This evolution has dramatically increased the volume and criticality of intra-node data

movement. However, existing IPC mechanisms [9, 10, 11] were not designed with such

demands in mind. Instead, they continue to rely on CPU-managed data copies through

conventional memory hierarchies, resulting in redundant copying, high CPU cycle con-

sumption, and inefficient use of system memory bandwidth.

Current IPC primitives are not optimized for large-scale data transfers and therefore

incur significant overhead when directly applied to data-intensive pipelines (further illus-

trated in Section 2.2.2). In such settings, data movement, not computation, often dominates

the overall cost, exposing performance bottlenecks. To address this, IPC systems must
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evolve beyond basic message-passing interfaces to allow for optimizations that consider

factors such as data size, transfer cost, and system resource constraints.

2.2.2 Memory Pressure and Resource Contention in Fixed-Resource Systems

As data volumes continue to increase across modern applications, memory bandwidth and

capacity have emerged as critical constraints [35]. While computational throughput has

improved through additional cores and specialized accelerators, the ability to move and

stage large amounts of data within the system remains limited by relatively static memory

infrastructure.

This constraint becomes particularly acute in fixed-resource environments such as edge

computing platforms with multi-tenant deployments, where available memory resources

are limited and shared across multiple workloads [41]. These challenges are further com-

pounded by heavy-weight runtime frameworks such as TensorFlow [3] and PyTorch [4],

whose static memory reservations and layered abstractions often inflate per-application

memory footprints. When co-located on shared infrastructure, these frameworks exacer-

bate contention, making it difficult to reason about and control actual memory usage.

In these settings, bursts of memory demand can exceed the available capacity, leading

to contention, latency spikes, or outright allocation failures.

Despite the growing importance of memory resource management, traditional IPC mech-

anisms provide no means to regulate memory usage or adapt communication patterns in

response to changing system conditions. They are designed primarily to deliver data re-

liably, without mechanisms to coordinate resource consumption or mitigate the effects of

transient load surges.

This lack of resource-aware communication primitives leaves systems vulnerable to

performance degradation under high memory load, and highlights the need for IPC designs

that are capable of reacting to resource pressure, not through external orchestration, but as

an integral part of communication behavior itself.
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Figure 2.3: Execution time breakdown of a shared memory IPC microbenchmark. As
the data payload increases from 1MB to 4MB, the memory copy operation (hatched area)
consumes the vast majority of CPU cycles.

2.3 Closing the Memory Copy Bottleneck: Leveraging Emerging User-Space Mem-

ory Engines in IPC

This section quantifies the performance bottlenecks in shared memory IPC and shows that

raw memory copy operations dominate end-to-end latency. It examines the constraints of

current hardware offloading techniques such as Intel’s DSA, where software overheads fre-

quently reduce the expected throughput benefits. The analysis also identifies a widening

gap between emerging user-programmable memory engines and existing software stacks,

which struggle to exploit these capabilities effectively. Taken together, these findings un-

derscore the need for flexible and adaptive IPC designs that can manage hardware and

software trade-offs in a more intelligent and responsive manner.

2.3.1 Quantifying the Bottleneck: The Dominance of Memory Copy

To understand where time is actually spent in shared memory IPC, we profiled a simple

echo microbenchmark and decomposed the end-to-end latency into data movement and

non-data-movement components (Figure 2.3). Despite the advantages of shared memory,
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the cost of explicitly moving payloads into and out of shared buffers remains substantial.

Figure 2.3 shows the latency breakdown for payloads ranging from 1MB to 4MB.

Across all sizes, the memory copy portion (hatched area) dominates the total request la-

tency, while the remaining operations contribute only a small fraction of the total cost.

For the baseline CPU implementation (cpu+libc), the elapsed time increases almost

entirely due to the scaling of the copy itself. memcpy accounts for the overwhelming

majority of latency, making clear that data movement, rather than control logic, is the

limiting factor in shared memory IPC.

A similar pattern appears when the copy is offloaded to a DMA engine such as Intel’s

Data Streaming Accelerator (DSA) (dsa+dto). Although the accelerator can move data

without occupying the CPU, the end-to-end improvement remains limited. The offload

path introduces its own software overheads, including descriptor preparation, queue sub-

mission, and completion handling. These steps are not negligible, and in current systems

they interact with the accelerator in ways that prevent it from reaching its effective peak

throughput. As a result, the benefits of hardware-assisted data movement are partly offset

by the inefficiencies of the surrounding software stack, and the total latency continues to

be dominated by the cost of transferring multi-megabyte payloads.

2.3.2 Rethinking IPC with Novel Data Movers

As data center architectures demand tighter coupling between compute and data move-

ment, the gap between IPC software assumptions and hardware capabilities has become

more pronounced. The availability of user-space programmable engines marks a turning

point where rethinking IPC integration is not just possible, but necessary for scalable per-

formance.

Traditional mechanisms for accelerating data movement have historically relied on

hardware-driven approaches such as DMA. While effective for fixed I/O paths, conven-

tional DMA interfaces are typically constrained by kernel mediation (a few hundreds of
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CPU cycles), static buffer registration, and limited programmability. These design choices

make them ill-suited for the dynamic memory allocation patterns and diverse data paths

common in modern applications.

Recent systems have also introduced software-level data movers [24] that are imple-

mented across different layers of the system stack, leveraging optimized memory copies,

shared memory abstractions, or runtime-managed buffering. Together, these developments

reflect a broader trend toward exposing data movement as a first-class system capability,

spanning both hardware accelerators and software-managed mechanisms.

On the hardware side, recent architectures have begun to expose more flexible data

movement primitives, ranging from memory-controller-assisted mechanisms [25] to pro-

grammable memory engines [26, 27]. For example, Intel’s Data Streaming Accelerator

(DSA) introduces a class of programmable engines that allow user-space submission of

copy operations, support virtual memory addressing, and provide optional cache manage-

ment features.

These capabilities open the door for IPC systems to offload large data movements

without heavy system-level coordination, offering the potential to free CPU cycles, re-

duce memory bus contention, and mitigate the data center tax associated with internal data

movement.

However, this growing diversity of data movers has also increased the complexity of

the IPC design space. Existing IPC abstractions were developed under the assumption

of CPU-managed data copies and provide limited support for reasoning about alternative

transfer mechanisms. As a result, integrating heterogeneous data movers—ranging from

programmable hardware engines to software-based transfer paths—often requires ad hoc

decisions that are external to the IPC layer.

Without systematic support for selecting and coordinating among these mechanisms,

systems struggle to balance performance, resource usage, and portability. This fragmen-

tation motivates IPC designs that can accommodate multiple classes of data movers and
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adapt their behavior to workload characteristics and system conditions.

Moreover, the characteristics of emerging data-intensive applications, such as frequent

large-payload transfers, multimodal data, and irregular access patterns, present unique chal-

lenges. While these traits align with the intended benefits of programmable memory en-

gines, empirical studies on how real workloads interact with these features remain limited.

Understanding this interaction is critical to building IPC systems that can adapt to both

hardware and application behavior.

2.4 Summary

Modern data-intensive applications increasingly stress system resources through large-

scale intra-node data movement. Traditional IPC mechanisms, originally designed for

small control messages and CPU-managed memory transfers, are ill-suited for the band-

width and memory demands of contemporary workloads. As a result, IPC overheads

emerge as significant performance bottlenecks, particularly in multi-stage pipelines pro-

cessing large, heterogeneous data payloads.

At the same time, advances in hardware accelerators such as programmable memory

engines provide new opportunities to offload and optimize data movement. Memory ac-

celeration techniques such as Intel’s DSA or data transfer as a kernel service, enable user-

space, flexible memory operations with features such as virtual memory support and cache

management. However, integrating these capabilities into IPC systems requires new mech-

anisms for dynamic transfer selection and resource-aware coordination, which are absent

in traditional designs.

Existing research has explored both software-based IPC optimizations and hardware-

assisted memory operations. Yet, prior efforts largely focus on regular, homogeneous work-

loads and do not address the dynamic, multimodal, and resource-variable conditions found

in real-world applications. Therefore, this thesis contributes the design and evaluation of

adaptive, hardware-aware IPC systems that leverage emerging memory engines to improve
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performance under diverse and evolving workload behaviors.
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CHAPTER 3

IPC RUNTIME FOR DYNAMIC RESOURCE ALLOCATION IN

RESOURCE-FIXED ENVIRONMENT

The increasing demand for machine learning (ML) serving has driven a move toward multi-

tenancy, where shared infrastructure runs inference on behalf of multiple diverse tenants.

In these environments, maximizing resource efficiency and supporting higher tenant den-

sity are critical goals. While these challenges are pervasive across modern infrastructure,

they are particularly acute in settings with fixed hardware capacity, where the manner in

which each application consumes resources determines overall system scalability. In such

environments, how each application consumes resources is a key determinant of overall

system scalability.

Conventional cloud-native deployment models assume monolithic application instances

that embed their own ML frameworks and runtimes. Even with containers or micro-VMs,

identical libraries and runtime states are repeatedly loaded for each instance. While this

redundancy is less problematic in resource-rich data centers, it directly limits the number of

instances that can be supported on edge servers with fixed memory and compute capacity.

In this context, this chapter focuses on removing unnecessary redundancy across the

multi-tenant ML serving stack to improve resource efficiency. This approach is relevant

for improving ML serving efficiency in multi-tenant settings and for scaling up the number

of clients that can be served with a fixed set of resources, whether in the cloud or at the

edge. Reducing per-instance resource allocation alone risks performance degradation and

increased latency. The core challenge is therefore to maintain performance within a lim-

ited resource budget while enabling the sharing and reuse of duplicated ML runtimes and

framework overheads.
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3.1 The Need for Split-Architecture for ML Serving and Design Challenges

Machine learning (ML) applications are transforming not only how businesses operate but

also everyday activities. In order to serve end users with lower latency and to reduce

the cost of data movement from end users to the cloud, ML applications are expanding

across the entire computing spectrum, from the cloud to the mobile edge [42, 43, 44]. As

a result, the mechanisms and systems which support these inherently resource-intensive

applications need to be adaptedto operate efficiently in shared environments with fixed

resource capacities.

A similar goal of improving resource efficiency and scalability has driven innovation

toward lightweight sandbox abstractions for datacenter clouds. Concrete examples include

cloud-native stacks based on Docker containers [45], Kubernetes [46], and micro virtual

machines (uVMs) [47]. These offer robust infrastructure, near-native performance, and

isolation, and are increasingly shaping the edge computing landscape [48, 49, 50, 51].

However, we observe that these technologies are not sufficient to address the constraints at

the edge when considering resource-intensive ML applications.

The primary bottleneck arises from the monolithicity of these cloud-native technolo-

gies. Underlying frameworks such as TensorFlow [3] and PyTorch [4], along with special-

ized hardware packages [52, 53, 54, 55], lead to excessive resource usage. For instance,

an application based on the YOLO model [56, 57] consumes over 1,000 MB of memory

(1,096 MB in FireCracker and 1,074 MB in Docker). In a mobile edge computing (MEC)

node equipped with 32 GB of memory, this limits the capacity to only 31 instances. While

horizontal scale-out is common in datacenters, it is often unfeasible at the edge due to

power and space constraints. Consequently, as the number of instances increases, total re-

source usage grows linearly (Figure 3.1a), leading to severe linear bloat. Each instance

redundantly loads its own dependencies and runtime state, preventing the node from scaling

to the 100s or 1000s of users required for practical MEC deployment [58].
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(a) Containers/uVMs (b) Pocket Objectives (c) Latency Comparison

Figure 3.1: Existing solutions based on monolithic approaches scale poorly due to resource
requirements of ML runtimes. End-to-end request latency in (c) (y-axis: milliseconds, x-
axis: the number of concurrent instances). Pocket aims to serve more instances with better
performance by sharing and efficiently handling the runtimes’ resource demand.

To mitigate this, we propose a split architecture that separates the application into

two components: a lightweight application-specific frontend and a shared backend runtime

component (Figure 3.1b). Transforming the deployment from the current monolithic model

(Figure 3.2a) to a Runtime-as-a-Service model (Figure 3.2b) allows for better resource

efficiency by amortizing the ML runtime demand across multiple clients. Under mono-

lithic designs, latency increases sharply beyond a concurrency threshold due to memory

contention and runtime duplication, whereas Pocket sustains lower latency by amortizing

shared runtime costs. Pocket aims to achieve strong resource efficiency while also deliv-

ering performance, such as response time, that is superior to or competitive with existing

solutions (Figure 3.1c).

However, realizing this split architecture introduces significant design challenges. First,

naively separating these components shifts the performance bottleneck to Inter-Process

Communication (IPC). Traditional mechanisms like gRPC introduce per-client memory

demand and runtime overheads that are particularly significant given the large parameter

sizes of ML APIs, often failing to satisfy strict latency requirements. Second, sharing a

backend raises critical concerns regarding the isolation of tenant-specific data. Finally,

managing diverse frontends alongside a shared backend complicates resource allocation on

limited edge hardware.
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This thesis present Pocket, a system designed to address these challenges by providing

a high-performance, resource-efficient, and isolated split-architecture for ML serving at the

edge. Pocket introduces a novel interface for shared heavyweight runtimes, enabling effi-

cient resource amortization while minimizing the deployment and initialization overheads

of bulky ML frameworks. Our design integrates (1) lightweight IPC for high performance,

(2) nested namespaces for robust multi-tenant isolation, and (3) a dynamic resource am-

plification mechanism that transiently redistributes server resources during runtime service

calls. As a result, Pocket improves performance by up to 80% and supports 1.3–9.9× more

instances on CPUs and 2–20× more on GPUs compared to traditional approaches.

• We design Pocket, a split-architecture system for edge ML serving that replaces

monolithic deployments with a shared runtime and lightweight application units.

• We introduce a suite of mechanisms to overcome the overheads of backend shar-

ing, including high-performance IPC, cross-client isolation, and transient resource

management via inlined resource amplification.

• We evaluate Pocket on both CPU and GPU platforms, demonstrating its ability to

improve application performance and enable edge servers to scale by up to an order of

magnitude more instances compared to monolithic or statically partitioned strategies.

3.1.1 Split Architecture Components

This study assumes a decomposition of ML applications into two roles to improve resource

efficiency.

• Frontend (FE): A lightweight container responsible for the user interface, prepro-

cessing and postprocessing of input data, and business logic. Each user runs an

isolated FE instance.
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(a) Cloud Native Technologies

(b) Pocket Idea

Figure 3.2: ML applications and their resource-demanding ML runtimes lead to resource
bloat when used with existing cloud-native technologies, which limits scaling. By intro-
ducing a shared backend, the ML runtime resource demand is expected to be amortized.

• Shared Backend (BE): A shared service container that hosts heavy ML runtimes

such as TensorFlow or PyTorch and loads the models. It processes inference requests

from multiple FEs.

3.1.2 Problem Statement: Bottlenecks from Physical Separation and IPC

Despite reducing memory redundancy, the physical separation of FE and BE introduces a

critical performance bottleneck in IPC. This issue is especially urgent in edge environments

that require strict latency guarantees.

Traditional IPC mechanisms such as gRPC merely relay data without addressing runtime-

level contention. As a result, they fail to meet these tight latency constraints and do not

resolve the competition that emerges when multiple FEs share the same runtime. Conse-

quently, IPC becomes a limiting factor that threatens the viability of the split architec-

ture itself.
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3.2 Obstacles to Scaling ML Serving at the Edge

3.2.1 Inefficiency of Conventional Cloud-Native Stacks

A common strategy for deploying ML-centric applications [59, 60, 61, 44, 62] in edge

environments involves migrating established cloud-based software infrastructures to edge-

located servers [63, 64, 65]. However, our empirical analysis suggests that these cloud-

native architectures are ill-suited for the edge. While these technologies effectively address

specific cloud-level issues, they offer diminishing returns when subjected to the unique

constraints of edge-based ML workloads.

Specifically, we tested modern lightweight virtualization and containerization, includ-

ing Docker and Firecracker microVMs [47], which are frequently used to power serverless

platforms. While these tools successfully minimize isolation overhead, they fail to address

the fundamental problem: the massive memory footprint of ML frameworks. Regardless of

how optimized the underlying sandbox is, each instance must still load extensive ML and

hardware-specific libraries (e.g., CUDA, TensorFlow), leading to significant resource con-

sumption. This issue is particularly acute in microVMs, which require additional system-

level components like bootloaders and file systems for every instance.

Although Firecracker excels at rapid application startup compared to other microVMs,

it does not alleviate the resource saturation caused by heavy ML dependencies. As demon-

strated in Table 3.1, a Firecracker VM configured to support TensorFlow requires substan-

tially larger per-instance memory and system resources than the minimal configurations

evaluated in prior work due to the inclusion of full ML frameworks and supporting system

components. As additional instances are deployed, this fixed per-instance overhead accu-

mulates, resulting in a linear increase in total resource usage, mirroring the trend shown in

Figure 3.1a (detailed metrics are provided in Section 3.4). These traditional methods do

not facilitate scaling to a high density of clients on the fixed resource pools typical of edge

nodes.
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Table 3.1: Comparison of Firecracker configurations: a configuration for a simple function
from [47] and a configuration for running TensorFlow-based Yolov3 applications. In the
NSDI evaluation, the image size of Firecracker is zero because the boot time was measured
as the loading time of a bare minumum kernel, not including any supporting services and
not having underlying file systems.

NSDI ‘20 Settings
Evaluations [47] for YoloV3-tf2

Memory 256MB 1152MB

Linux Distro vanilla kernel Ubuntu 18.04

Image Size 0 2GB

Intended Serverless applications Complex applications
Use Case with basic functionality replying on

heavy frameworks

3.2.2 Architectural Hurdles in Decoupled Runtimes

To overcome the bloat inherent in monolithic ML deployments, a logical alternative is to

decouple the runtime stack from the application logic and share it across multiple tenants.

In this ”split” model, the backend serves as a centralized entity hosting shared frameworks

(e.g., TensorFlow) and pre-loaded models. The frontend remains lightweight, containing

only application-specific logic, input handling, and preprocessing. While this approach

directly targets the root cause of resource inefficiency, it introduces significant design hur-

dles.

The Communication Bottleneck The physical separation of components necessitates a

high-performance communication layer. We evaluated gRPC, the industry standard for

microservices [66], but found it unsuitable for edge ML. gRPC introduces significant

latency, typically hundreds of microseconds, which is exacerbated in interpreted or JIT-

compiled environments. Furthermore, transmitting large data blobs (e.g., high-resolution

video frames) through gRPC incurs heavy costs from serialization and kernel-level network

stacks. Even more concerning is the memory overhead; gRPC consumes roughly 460 MB

of memory for every new connection. Given that a standalone YOLO instance consumes
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(a) NOP RTT (b) Per-connection memory demand

Figure 3.3: Comparison of (a) round-trip time (unit: µsec) and (b) incremental memory
footprint per connection for gRPC and shmem-IPC. The regression fit (R2) represents the
correlation between the number of concurrent tenants and the resulting server memory
demand.

about 1074 MB, the memory cost of gRPC connections would negate nearly half of the

savings gained from sharing the backend. To meet the latency and memory-efficiency re-

quirements, we target a shared-memory-based IPC mechanism that avoids serialization,

kernel crossings, and per-connection memory duplication (Figure 3.3).

Multitenant Isolation Risks Shifting to a shared backend architecture compromises the

inherent security boundaries provided by per-client containers. In a multitenant edge en-

vironment where users do not necessarily trust one another, shared channels and backend

objects become potential vectors for unauthorized data access or compromise. Existing

fast-IPC solutions [67] often prioritize speed over security, leaving these vulnerabilities

unaddressed. To ensure Pocket is viable for public edge deployments, we must implement

specialized isolation mechanisms that restrict access to communication channels to only

verified stakeholders.

Dynamic Resource Management Decomposing applications raises complex resource

management questions. In monolithic cloud models (Figure 3.2a), resources are typically

partitioned equally. However, in a shared-backend model, static allocation becomes in-

efficient. While a backend requires significant resources to process inference requests,
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frontends may occasionally need bursts of power for heavy pre-processing (as seen in our

SSDResNet50 tests). A rigid allocation strategy either starves the frontend or prevents

the backend from utilizing available capacity during peak demand. Ideally, edge server

resources should be dynamically and transiently redistributable between the frontend and

backend based on real-time service demands, a capability currently missing in standard

service infrastructures.

3.3 System Design for Efficient Resource Sharing and Isolation

Pocket re-architects the edge server stack by adopting a ”Runtime-as-a-Service” model,

as illustrated in Figure 3.2. Under this paradigm, ML applications are pocketized into

lightweight frontend containers. These frontends manage application-specific tasks such

as device interaction and data pre/post-processing, while delegating heavy ML execution

to a shared backend service container. This decoupling allows infrastructure operators to

deploy multiple ML framework versions (e.g., specific TensorFlow or PyTorch backends)

as centralized services accessible via standard APIs. Figure 3.4 provides an architectural

overview of these components and their interactions.

To maximize multi-tenant scalability without compromising performance, the design of

Pocket rests on three technical pillars:(i) Lightweight IPC, which minimizes the overhead

of cross-container delegation;(ii) Hardened Isolation, ensuring that shared resources do not

weaken the security semantics of standard containers; and(iii) Resource Amplification, a

just-in-time mechanism that dynamically shifts hardware resources to the backend during

active service calls.

3.3.1 Lightweight Pocket IPC

The communication backbone of Pocket must resolve three primary inefficiencies: redun-

dant data copying, control-plane latency, and memory bloat. Standard RPC stacks [66]

often force data to traverse the entire container and host networking stacks, incurring sig-
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Figure 3.4: Design overview of Pocket. Pocket frontends connect to one of the shared
backends via lightweight IPC and use it as an ML server. Every request is checked via
capabilities list to prevent illegal access, and an additional layer of namespace and private
queues for each channel hardens the isolation. A Resource Manager takes care of dynamic
resource reallocation.

nificant marshaling overhead and memory pressure.

To address these, Pocket implements a custom IPC mechanism built on System V

shared memory and message queues. Unlike state-of-the-art solutions like Nightcore [67],

which may not fit the specific memory constraints of edge ML, our IPC is designed from

the ground up to minimize data movement. By utilizing shared memory, Pocket frontends

and backends can exchange large tensors without intermediate copies.

As shown in Figure 3.3, this design allows Pocket to maintain a memory footprint

that is nearly independent of the number of active tenants, in contrast to the linear scaling

observed in gRPC. While gRPC incurs a substantial per-connection state, averaging 462.75

MB per additional tenant, Pocket’s demand remains ≤ 0.2KB. This discrepancy highlights

the architectural difference in connection management: gRPC’s footprint is driven by the

cumulative overhead of maintaining per-tenant HTTP/2 flow control buffers [68, 69] and

framework-specific session contexts within TensorFlow [70]. In contrast, Pocket reduces

the communication state drastically, utilizing a passive shared memory region where each

additional connection requires only negligible metadata. This efficiency enables the high-

density tenant scaling essential for edge environments.
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3.3.2 Multi-Tenant Isolation

Sharing a backend inherently challenges the isolation boundaries established by Linux

namespaces [71]. In a shared-memory model, a malicious tenant might attempt to ”peek”

into the communication channels of others or access unauthorized remote objects. To re-

store container-level security, Pocket introduces three layers of protection:

Nested IPC Namespaces Pocket employs an additional layer of nested namespaces to

secure the communication channels. While the shared backend resides in a parent names-

pace, allowing it to manage all active queues, each frontend is restricted to a child names-

pace containing only its specific channel. This hierarchy is established transparently during

initialization. Creating these namespaces is highly efficient, taking only 54µs, and remains

outside the critical request-processing path.

Capability-Based Access Control To prevent unauthorized object access within the back-

end’s memory space, Pocket maintains individual capability lists for every frontend. When

a frontend requests an operation on a specific object handle, the backend validates the han-

dle against the frontend’s capabilities. Access is granted only if the ownership is verified,

effectively preventing cross-tenant data leakage.

Private Per-Frontend Queues Each channel is supported by a dedicated private queue

visible only to the specific frontend-backend pair. This prevents starvation and allows for

future integration of custom QoS policies. While the current implementation focuses on

best-effort delivery, this per-queue architecture provides the necessary infrastructure for

priority-based or weighted scheduling.

3.3.3 Resource Amplification

Standard monolithic applications rely on static resource limits, which are difficult to ”right-

size” for the unpredictable loads of edge ML. Static allocation is particularly inefficient at
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the edge, where reserving peak resources for every idle instance leads to rapid exhaustion.

Pocket solves this through Resource Amplification, which couples IPC service calls

with a temporary reallocation of hardware limits. When a frontend initiates a request,

it ”amplifies” the resources available to the backend for the duration of that task. This

ensures the shared service has sufficient capacity exactly when needed, proportional to the

concurrent load.

Inlined Execution Initial attempts to implement this via a centralized daemon were un-

successful, as the 180ms overhead of daemon-mediated migration negated any performance

gains. Consequently, Pocket utilizes inlined resource amplification via direct cgroup ma-

nipulation. By modifying cgroup resource limits directly during the IPC call, we reduce

the reallocation overhead to just 800µs–a 220× improvement over the daemon-based ap-

proach.

Context-Aware Allocation Resource parameters are configurable per frontend to accom-

modate diverse application needs. For instance, an application performing heavy image

preprocessing requires its frontend to retain more memory than a simple text-based client.

Pocket provides an API for developers to specify amplification factors at launch time, en-

suring the system dynamically balances the fixed edge resources between frontends and the

shared backend as workloads shift.

3.4 Evaluation: IPC Performance and Resource Efficiency

We conduct an extensive empirical study to validate Pocket’s efficacy across four key di-

mensions: (i) achieving competitive or superior end-to-end latency compared to monolithic

architectures; (ii) optimizing resource utilization to increase tenant density on both CPU

and GPU platforms; (iii) identifying specific deployment scenarios where Pocket offers

the most significant advantages; and (iv) ensuring that the system’s operational overhead

remains negligible within multi-tenant edge environments.
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Table 3.2: Testbed Setup.

Items Specification

Processors Intel(R) Xeon(R) CPU E5-2670 v3 @ 2.30GHz;
2 Processors; 24 cores; 48 threads

GPU NVIDIA K80 (only for GPU experiments)

Memory 128GiB

Operating Ubuntu 18.04.3 LTS
System GNU/Linux 4.15.0-76-generic x86 64

Software TensorFlow:2.1.0; GCC 7.4.0 python 3.6.9

3.4.1 Experimental Environment and Workload Characterization

Our evaluation was performed using the Chameleon Cloud platform [72], with hardware

specifications detailed in Table 3.2. We utilized a benchmark suite consisting of six diverse

ML applications, as listed in Table 3.3. These applications span object detection, image

classification, and natural language processing (NLP), representing a broad range of model

sizes and computational complexities.

Unless otherwise noted, all experiments use a batch size of one to reflect latency-

sensitive edge serving rather than throughput-oriented offline inference. Workloads follow

a closed-loop model, in which each client issues a new request only after receiving the pre-

vious response, ensuring that measurements capture steady-state per-request performance

under concurrency rather than open-loop queueing effects.

For CPU-only evaluations, we compare Pocket against three baselines: monolithic

Docker containers (mono), Firecracker microVMs (FC), and a static shared-backend con-

figuration that employs lightweight IPC but lacks dynamic resource reallocation. For GPU

evaluations, we focus on Pocket’s ability to facilitate accelerator sharing, a task typically

requiring complex GPU virtualization [73]. Here, we compare Pocket against a static base-

line and a none baseline, where resources are partitioned uniformly without dynamic ad-

justment. For NLP workloads, we use fixed-length inputs consisting of approximately
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Table 3.3: Applications used in the evaluation. We include applications that represent
different functionality and exhibit different resource requirements.

Application
Serialized
CPU Time

Memory
Consumption Size

Image
Classification

MobileNetV2 7.267sec 287.24MB “Little”
ResNet50 12.361sec 528.59MB “Large”

Object
Detection

SSDMobileNetV2 23.185sec 946.54MB “Little”
SSDResNet50 72.905sec 2134.89MB “Large”

Language
Processing

SmallBERT 19.268sec 889.98MB “Little”
TalkingHeads 53.841sec 1331.22MB “Large”

300-word movie review texts, and apply the same sequence length across all experiments

to ensure comparability.

3.4.2 Temporal Efficiency and Scaling Results

CPU Performance and Latency We first examine end-to-end performance on CPU plat-

forms. As shown in Figure 3.5, a naive shared-backend approach (static) significantly

degrades performance due to insufficient resource allocation. In contrast, Pocket’s re-

source amplification mechanism dynamically boosts the backend’s capacity during IPC

calls by adjusting cfs quota us values. This allows the backend to utilize more cores

than a monolithic instance, resulting in visible acceleration for latency-sensitive models

like ResNet50 and SmallBERT. For heavy-compute models like SSDResNet50, Pocket re-

mains competitive until high tenant density leads to backend congestion, suggesting that

additional backend instances may be required as the node reaches saturation.

Density and Memory Efficiency Pocket demonstrates superior resource efficiency, with

memory consumption growing much more slowly than in monolithic deployments (Fig-

ure 3.5, middle). For example, supporting seven SSDResNet50 instances requires 9.1 GB

in Docker but only 5.5 GB in Pocket, a 40% reduction. Consequently, Pocket increases
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(a) SSDResNet50 (b) ResNet50 (c) TalkingHeads

(d) SSDMobileNetV2 (e) MobileNetV2 (f) SmallBERT

Figure 3.5: Performance and resource efficiency metrics for each application. Overall, with
the suggested resource budget configurations, Pocket achieves better performance with on
average 5× better resource efficiency, which points to its ability to serve more instances at
once with the same amount of resources.

client density by 1.3–9.9× compared to Docker and even more relative to Firecracker.

To quantify this, we use the memory-delay product (similar to the energy-delay product);

Pocket reduces this metric by 1.15 to 10×, proving that it delivers higher throughput per

unit of memory even when response times are slightly longer.

GPU Performance Breakdown On GPU-enabled nodes, Pocket provides up to a 3×

speedup over the static policy by resolving frontend bottlenecks. In models requiring sig-

nificant image preprocessing (e.g., SSDResNet50), static allocation starves the frontend,
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(a) Object Detection: SSDRes-
Net50

(b) Image Classification:
ResNet50

(c) Language Processing:
TalkingHeads

(d) Object Detection: SSDMo-
bileNetV2

(e) Image Classification: Mo-
bileNetV2

(f) Language Processing:
SmallBERT

Figure 3.6: Execution time breakdown of GPU execution. Even for GPU execution, pocket-
dynamic is superior to the other two policies, static(ally reassigning the resource) and none
(no resource reassignment). When input preprocessing is the bottleneck for an application,
pocket-dynamic has an advantage over static by allocating the resources required for input
processing to the frontend. The red dotted line represents the latency when running 20
instances as pocket-dynamic. This reveals how many instances each policy can run con-
currently with comparable performance.

creating a massive end-to-end delay. Pocket’s dynamic reallocation ensures the frontend

has the memory required for preprocessing while the backend possesses the power for in-

ference. As shown in Figure 3.6, Pocket allows for a 1.16–20× increase in the number of

concurrent instances that can be served while maintaining a target latency, compared to the

none baseline.

3.4.3 Efficacy of System Mechanisms

Benefits of Dynamic Amplification Our experiments confirm that resource amplifica-

tion is vital for balancing frontend and backend requirements. Figure 3.7 illustrates that
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Figure 3.7: Pocket execution time breakdown. SSDResNet50 is an application that re-
quires input preprocessing from frontend and SmallBERT language processing application
requires little preprocessing. Allocating most resources statically to the backend may result
in worse latency than dynamic allocation, depending on application.

Figure 3.8: Speed up trend with varying resource transfer proportions. X axis represents
a proportion to transfer to backend. Y axis is latency(monolithic)

latency(static)
or latency(monolithic)

latency(pocket)
, which

represents the amount of speed up (higher the better). Larger resource transfer leads to
more speed up for Pocket.

for SSDResNet50, Pocket matches the low frontend latency of unconstrained containers

and the low backend latency of centralized services. Furthermore, Figure 3.8 shows that
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increasing the resource transfer ratio directly correlates with performance gains, up to an

80% amplification factor, beyond which frontends may face memory exhaustion.

Table 3.4: Whether it is a backend with dynamic resource transfer or without resource
transfer, no meaningful differences in latency have been observed.

before-infernce-operations after-inference-operations

(unit: sec)
(1)

pocket-realloc
(2)

static-realloc
(3)

pocket-realloc
(4)

static-realloc
(3)
(4)

null ipc 1.360773 1.360144 1.383121 1.386921 0.997

mobilenetv2 0.014561 0.015054 0.016904 0.018561 0.911

resnet50 0.014467 0.014359 0.017145 0.01681 1.020

ssdmobilenetv2 0.058052 0.0577544 0.054542 0.053890 1.012

ssdresnet50 0.053913 0.055380 0.054690 0.051903 1.054

Operational Overhead Dynamic reallocation via cgroups adds only 840 µs per trans-

fer. Table 3.4 demonstrates that this mechanism introduces no measurable degradation in

latency, as cgroups manage resource quotas without triggering expensive page-in/page-out

operations.

Figure 3.9: To evaluate how Pocket works when serving multiple applications, we create
8 workload mixes. Each one of them is a subset of the 6 models that we use in the earlier
experiments. The y axis shows the normalized value of Pocket compared to a monolithic
Docker deployment for application latency and total memory usage (total mem). Lower is
better. Overall, Pocket leads to shorter latency results and shows reduced memory usage,
compared to the monolithic approach.
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Mixed Workload Performance In multi-model scenarios (Figure 3.9), Pocket generally

provides lower latency and footprint across eight distinct workload mixes. We did observe

that ”Little” models can experience queuing delays when mixed with ”Large” models due

to our current round-robin scheduling. This suggests that future iterations could further

improve performance by implementing priority-aware scheduling policies.

3.5 Summary

This chapter presented Pocket, which is a resource-aware IPC system designed to enable

high-density machine learning serving in resource-constrained edge environments. Tradi-

tional monolithic deployment models suffer from significant memory inefficiency because

they redundantly load heavy frameworks for every application instance. To resolve this

problem, Pocket introduces a split-architecture that decouples lightweight application logic

into frontends and consolidates heavyweight runtimes into a shared backend service.

Pocket overcomes the performance and isolation challenges of this design through three

primary concepts. First, it utilizes a shared-memory IPC mechanism to minimize data

movement and reduce memory overhead compared to standard networking protocols. Sec-

ond, the system ensures security in the shared environment through nested isolation and

capability-based access control. Third, Pocket introduces resource amplification, which is

a mechanism that carries resource expectations within messages to temporarily reallocate

hardware limits during active service calls. This approach ensures that the shared service

has sufficient capacity only when it is needed.

The evaluation demonstrates that Pocket significantly improves scalability by support-

ing many more concurrent instances on both CPU and GPU platforms compared to mono-

lithic deployments. Furthermore, Pocket achieves an average of five times better resource

efficiency while maintaining competitive end-to-end latency.

Although Pocket is evaluated under the stringent constraints of edge environments, the

mechanisms proposed in this work, including resource-aware IPC and dynamic amplifi-
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cation, target fundamental inefficiencies in multi-tenant machine learning serving. As a

result, their applicability extends beyond the edge to a wide range of shared computing

infrastructures.

3.5.1 Relationship to the Thesis Statement

The findings in this chapter provide the initial evidence for the central thesis that IPC must

evolve from a passive data conduit into an active and intelligent runtime layer. Pocket es-

tablishes that when an IPC mechanism is aware of execution context and resource demands,

it can dynamically manage hardware resources to bridge the gap between monolithic effi-

ciency and microservice flexibility.

This resource-aware foundation is essential for the subsequent stages of this disser-

tation. While Pocket addresses resource management at the communication boundary,

the following chapters expand this intelligent IPC framework to include hardware-aware

data movement in Rocket and workload-driven adaptation in SkyRocket. Together, these

systems demonstrate a comprehensive path toward efficient data movement in the era of

hardware-accelerated and data-centric computing.
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CHAPTER 4

UNIFIED IPC RUNTIME FOR NOVEL DATA MOVERS ACROSS HARDWARE

AND SOFTWARE STACK

The transition toward modular and split-architecture systems, while enabling unprece-

dented flexibility for data-intensive services, has fundamentally altered the performance

profile of modern computing. As specialized accelerators and decoupled runtimes be-

come the norm, the system-level bottleneck has migrated from core computation to the

efficiency of data exchange across process boundaries. In the era of multimodal AI and

high-throughput data pipelines, this ”boundary tax”, defined by redundant memory copies

and the resulting CPU saturation, increasingly dictates the actual end-to-end performance

and energy efficiency of complex software stacks.

Conventional inter-process communication (IPC) mechanisms, however, treat data move-

ment as a passive, CPU-bound library task, failing to leverage the emerging landscape

of heterogeneous data movement engines and hardware-level memory services. While

hardware-assisted offloading offers a promising path to reclaim CPU cycles, its naive inte-

gration into user-space IPC introduces complex trade-offs involving synchronization over-

head, cache hierarchy interference, and execution parallelism. This chapter addresses these

challenges by introducing a unified and hardware-aware transport layer, moving beyond

simple offloading toward an orchestration-driven approach that reconciles the gap between

raw hardware capabilities and application-level communication requirements.

4.1 Introduction: The Escalating Cost of Data Movement in Modern IPC

Building upon the resource-aware communication strategies established in the previous

chapter, this part of the research addresses a critical shift in the performance landscape of

modern systems. While computational acceleration has seen massive progress, contem-
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Table 4.1: Metrics characterizing data transfer and memory behavior for representative
multimodal workloads in application-pipeline IPC scenarios.

Aspect MobileNetV2 XGBoost PageRank MilvusDB

Bytes
(req/resp)

120MB/
800KB

25MB/
800KB

76MB/
320KB

1MB/
320MB

Memcpy time
in IPC (ms)

203 25 46 323

Memory
behavior

Large input,
low reuse

Low reuse,
compute-bound

High reuse,
memory-bound

Bulky
response

Config Batch size
200 [77]

200K rows,
30 features

Graph w/
10M edges [78]

Batched
search

porary AI and data analytics pipelines are increasingly bottlenecked by inter-process data

movement rather than computation. Emerging multimodal workloads such as encompass-

ing high-resolution video, image-text pairs, and large-scale tabular data, routinely exchange

hundreds of megabytes per request [74, 75, 76]. For instance, batching 256 RGB images

for an offline inference task involves moving over 100 MB, a volume that scales even fur-

ther in visual analytics pipelines where a single 4K image exceeds 30MB [23, 19, 20, 21,

22].

4.1.1 The Data Movement Bottleneck and the ”Boundary Tax”

Table 4.1 characterizes this trend across several representative multimodal workloads. As

inter-process transfers grow to the range of 50–500 MB, the time spent on memory copies

becomes the dominant factor in both latency and energy consumption. This phenomenon

effectively imposes a ”boundary tax” on modular architectures, where the cost of moving

data across process boundaries outweighs the benefits of specialized execution units.

In iterative AI training and inference cycles, data exchange often saturates memory

bandwidth and CPU cycles before the core processing logic can even begin [79]. This

inefficiency persists even in intra-node pipelines that move data between caches [80] and

inference backends [5, 81]. In serverless workflows, data movement within a node can

account for up to 92% of end-to-end latency [82], while scientific pipelines scale these
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transfers up to 1GB chunks [83, 84]. Furthermore, traditional datacenter workloads already

spend over 5% of total CPU cycles on memmove operations, leading to significant cache

pollution and energy overhead [34, 85].

4.1.2 Limitations of CPU-Driven IPC Stacks

Figure 4.1: Breakdown of end-to-end latency for intra-node echo RPCs implemented us-
ing shared memory (shmem) and gRPC. The figure quantifies the portion of total latency
attributed to memcpy as a function of message size.

Figure 4.1 demonstrates that memcpy time dominates both optimized shared-memory

stacks (e.g., Nightcore [67]) and general-purpose frameworks like gRPC. As transfer sizes

increase, the conventional reliance on CPU-driven copies becomes unsustainable, satu-

rating both core execution resources and cache hierarchies. This growing gap between

compute and communication efficiency necessitates a new class of runtimes that treat data

movement as a first-class, offloadable system service.

While hardware engines like Intel’s DSA [86] and software-based offload mechanisms

at the OS level [24] offer potential relief, existing IPC stacks lack a cohesive model to

coordinate these heterogeneous backends effectively. Most prior work has treated mem-

ory offloading in isolation, focusing on intra-process tasks or inter-node network acceler-

ation [87, 28, 88]. Integrating such engines into an inter-process, intra-node setting intro-

duces complex trade-offs involving cache interference and synchronization overheads that

remain largely underexplored in modern client-server interactions [15].
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4.1.3 Rocket: A Unified Runtime for Heterogeneous Data Movers

Naı̈ve integration of data-movement accelerators often results in broken cache locality or

amplified page fault overhead, which can negate the performance gains of offloading. Ad-

dressing these challenges requires an orchestration layer that is aware of the underlying

hardware and software data movers.

Building on the architectural insights of this dissertation, this chapter introduces Rocket,

a unified IPC runtime suite designed to bridge the gap between diverse data movement en-

gines and shared-memory communication. Rocket moves beyond the view of accelerators

as standalone devices. Instead, it serves as a comprehensive orchestration layer that in-

tegrates multiple backends including hardware accelerators, kernel-resident services, and

memory-controller-assisted mechanisms into a seamless communication framework. By

managing synchronization, cache visibility, and concurrency across these heterogeneous

engines, Rocket transforms data movement from a peripheral task into a managed system

capability.

The contributions of this research phase are as follows:

(1) Systematic Bottleneck Analysis. We identify the critical system-level factors affect-

ing both hardware and software-based memory offloading in user-space IPC. This analysis

reveals the fundamental trade-offs between CPU conservation, cache behavior, and syn-

chronization costs that determine the effectiveness of a unified runtime approach.(§ 4.4)

(2) Unified Protocol Design and Implementation. We design and implement Rocket,

an IPC suite that abstracts diverse data movement backends into a single shared-memory

pipeline. Rocket optimizes end-to-end efficiency through asynchronous pipelining, adap-

tive parallelism, and targeted cache injection, while leveraging advanced architectural fea-

tures such as power-saving coordination instructions on x86. (§ 4.5)

(3) Empirical Evaluation of Multi-Backend IPC. We evaluate Rocket on real-world

workloads using systems equipped with Intel DSA, demonstrating up to a 22% reduction in

instruction counts and a 15% improvement in throughput compared to CPU-only baselines.
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Our findings show that a coordinated, multi-backend IPC runtime provides benefits that

extend far beyond simple memory copy speedups. (§ 4.7)

Ultimately, this work provides a practical IPC architecture that lays the groundwork for

future memory-accelerated systems, ensuring that communication efficiency keeps pace

with the demands of data-intensive, modular software environments.

4.2 Background: Evolution of Decoupled Data Movement

Building upon the necessity for resource-aware communication discussed in previous chap-

ters, modern system architectures increasingly strive to decouple data movement from core

CPU execution. Traditional memcpy-based transfers, while ubiquitous, have become a

significant source of inefficiency in bandwidth-heavy workloads. This is primarily because

CPU-driven copies not only consume valuable execution cycles but also frequently pollute

cache hierarchies with transient data.

To address these bottlenecks, a paradigm shift is underway where memory offloading

is treated as a programmable, first-class system service [89, 24, 90]. This shift allows bulk

data transfers to proceed outside the CPU’s critical execution path. Recent developments,

ranging from kernel-managed asynchronous engines to integrated hardware accelerators

like Intel’s DSA, reflect this trend. This background section contextualizes Rocket within

this evolving landscape, motivating the need for a unified runtime that bridges the gap

between raw offloading capabilities and high-level IPC requirements.

4.2.1 The Multi-Layered Landscape of Memory Offloading

In recent years, memory offloading has transitioned from a niche hardware feature to

a prominent design principle [27, 89]. Historically treated as simple, synchronous li-

brary calls, memory operations are now recognized as primary scalability barriers in data-

intensive systems due to cache interference and synchronization delays. Modern approaches

to mitigating these issues span multiple layers of the system stack.
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At the hardware layer, emerging research proposes performing copies directly at the

memory controller or within cross-accelerator DMA engines [25, 90]. These mechanisms

reduce CPU stalls and allow data movement to overlap with computation. At the system

and kernel level, frameworks such as Copier [24] reinterpret copy operations as coordinated

services delegated to specialized background threads. These systems track data dependen-

cies to overlap copy-and-use phases, aiming to transform data movement into a schedulable

operation.

Table 4.2: Representative memory-offload mechanisms across system layers.

(MC)2 [25] DMX [90] Copier [24]

Level Mem. controller Cross-accelerator OS kernel

Cache pollution Lazy flush Fence DMA Not handled

Applicability Hardware-tied Specialized setup OS-integrated

Overhead Very low Moderate Moderate-high

However, as shown in Table 4.2, a significant gap persists in the applicability of ex-

isting memory-offload mechanisms to user-space IPC. While current efforts focus on the

mechanisms of enabling offload at specific system layers such as memory controllers, ac-

celerators, or the OS kernel, they remain either tightly bound to specialized hardware or

exposed only through low-level interfaces, limiting their direct usability in application-

level dataflows. This resulting disconnect between hardware/kernel potential and end-to-

end system exploitation defines the design space for Rocket. Our objective is to provide

the missing architectural layer: a unified runtime that orchestrates these heterogeneous of-

floading backends specifically for user-space IPC.

4.3 Case Study with Intel DSA

Modern memory offloading engines are becoming core components in high-performance

systems. However, their real value depends on how effectively software can use them in

practice. To make this discussion concrete, we focus on Intel’s DSA as a representative
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case study. This section uses DSA to highlight two aspects. First, it shows the capabilities

that modern offloading hardware can provide. Second, it exposes the software integration

challenges that limit their practical impact. Together, these observations motivate the need

for a unified runtime abstraction.

4.3.1 DSA Primer

Intel’s DSA, incorporated into Sapphire Rapids processors, exemplifies contemporary mem-

ory offloading engines. DSA augments conventional DMA by providing user-level pro-

grammability, support for virtual memory, and fine-grained cache control. Together, these

capabilities are designed to mitigate cache pollution, release CPU resources, facilitate over-

lap between computation and memory operations, and enhance effective bandwidth utiliza-

tion.

Native Virtual Memory and PASID. Unlike legacy DMA engine [27] that required com-

plex physical address mapping, DSA supports virtual memory, which drastically simplifies

its integration into user-space applications [89]. By leveraging Process Address Space IDs

(PASID), DSA can manage multiple address spaces without requiring explicit memory pin-

ning. This capability is essential for the multitenant and virtualized environments where

modern IPC runtimes frequently operate.

High-Efficiency User-Space Submission. A critical advantage of DSA is its low-latency

programming model. Rather than relying on expensive system calls (e.g., ioctl), DSA

allows applications to submit work descriptors directly from user space using specialized

instructions like ENQCMD. This reduces the overhead of initiating a transfer from tens

of microseconds [91] to approximately 200ns [89]. Furthermore, the atomic nature of

ENQCMD facilitates lock-less work submission in highly concurrent multithreaded environ-

ments [28].
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4.3.2 Current Challenges in Software Integration

Despite these hardware advancements, existing software stacks for memory offloading—such

as low-level drivers or transparent interception libraries present a difficult trade-off between

control and ease of use.

The Programmability-Control Gap. Low-level interfaces provide fine-grained control

over accelerator operation. This control allows applications to explicitly manage descriptor

preparation, work submission, and completion handling. However, it also introduces signif-

icant programmability overhead. Developers must manage descriptor lifecycles manually.

They must also enforce correct dependency ordering across submitted work. Completion

must be monitored explicitly, most commonly through active polling or instructions such

as UMWAIT.

While the CPU is technically freed during the data movement itself, the surrounding

control logic remains on the critical path. The application must coordinate progress be-

tween the CPU and the accelerator. To avoid idle stalls, it must restructure execution into

asynchronous dataflow stages (Figure 4.2). This restructuring increases code complexity

and raises the risk of subtle synchronization errors. It also reduces portability across execu-

tion environments. In practice, the effort required to manage this asynchrony often offsets

the benefits of fine-grained control. This mismatch sustains a persistent gap between hard-

ware capability and practical programmability.

Limitations of Static Offloading. Static offloading frameworks simplify accelerator adop-

tion, but they inherently limit performance and generality. Systems such as Intel’s DSA

Transparent Offload (DTO) [92] achieve ease of use by transparently intercepting stan-

dard memcpy() calls. This design removes the need for explicit accelerator management.

However, it also strips the system of critical execution context.

As a result, DTO makes offloading decisions without awareness of transfer size, call-

site semantics, or surrounding computation. It frequently offloads small or latency-sensitive

copies. In these cases, descriptor setup and submission costs exceed any potential benefit.
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DSA

WorkQueue

Engine op,addr1,addr2

WorkDescriptor
void *src_addr
void *dst_addr

size_t size
void *completion_record

CompletionRecord
bool complete

enqcmd

refset w/
completion

Figure 4.2: DSA programming model. The CPU prepares the task descriptor and submits
it to DSA. DSA executes the task and sets the completion flag. The CPU then checks the
completion flag to determine if the task is complete.

This inefficiency is not an implementation artifact. It follows directly from the static nature

of interception-based offloading.

More critically, DTO enforces a synchronous execution model. Each offloaded copy

blocks the calling thread until completion. This design prevents meaningful overlap be-

tween data movement and useful CPU computation. It also serializes control and data

paths that could otherwise proceed independently. Together, these limitations prevent static

offloading frameworks from serving as general-purpose IPC mechanisms.

These limitations point to a structural gap that existing approaches cannot resolve. A

Unified IPC Runtime is therefore necessary. Such a runtime must coordinate IPC execution

holistically rather than delegating decisions to isolated mechanisms.

Rocket is designed to address this need. It introduces an orchestration layer that reasons

about IPC execution at runtime. This layer understands the performance trade-offs of dif-

ferent backends. It considers factors such as transfer size, synchronization cost, and overlap

potential. Based on this context, Rocket dynamically selects the execution path that best

matches the communication pattern. By doing so, it avoids the rigidity of static offloading

and the burden of low-level control, enabling IPC to adapt to application behavior rather

than constrain it.
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4.4 Motivation: Integration Challenges in Offloaded IPC

Incorporating memory offloading into inter-process communication introduces subtle trade-

offs that can negate its benefits when applied naively [34, 28]. Offload engines relieve the

CPU of data movement but shift synchronization, visibility, and caching responsibilities to

the software layer [89]. This interplay exposes three recurring tensions: (i) synchroniza-

tion granularity between submission and completion, (ii) address visibility and page-fault

handling, and (iii) cache injection and data reuse control [87, 24]. Understanding these ten-

sions is essential for integrating offload mechanisms into runtime systems effectively and

motivates the design principles for Rocket discussed in § 4.5. In this section, we illustrate

and quantify these trade-offs using Intel DSA as a primary case study.

4.4.1 Hardware-level Trade-offs

Offloading memory operations frees CPU cycles and reduces cache pollution, potentially

improving overall system performance. For example, offloading a 1MB transfer saves ap-

proximately 33µs with DSA, which translates to roughly 130,000 CPU cycles that can

be repurposed for application-level tasks. However, these benefits are highly context-

dependent and may incur significant system-level overhead if not carefully managed [93,

91].

In IPC workloads, integration of a unified runtime presents several hardware-level

trade-offs. Key factors include synchronization overhead from busy-waiting, loss of CPU

cache locality due to cache bypass, cache pollution from injected data, latency spikes from

page faults, and potential bus contention [94, 95]. The following sections examine each

factor and its impact on overall system behavior.

Overheads from Completion Check. Regardless of whether a backend is used syn-

chronously or asynchronously, offload completion must be detected by reading a com-

pletion flag, often located in an uncacheable memory-mapped I/O region. Figure 4.3 com-
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Figure 4.3: Comparison of polling strategies on latency and CPU usage (1MB trans-
fer. lazypoll: polling every 100µs; busypoll: polling with yield but no sleep;
UMWAIT: polling with usermode interrupt.)

pares three common polling strategies. While busy-waiting provides the lowest latency, it

consumes excessive CPU cycles. Conversely, lazy-waiting proves inefficient for latency-

sensitive IPC. The UMWAIT instruction offers latency comparable to busy-waiting without

true asynchronous behavior—it places the CPU in a shallow wait state, effectively polling

at 25µs intervals [93]. Although UMWAIT may appear to execute a large number of in-

structions and consume substantial CPU cycles, this behavior reflects its use of low-power

execution states rather than active computation. In single-threaded settings without com-

peting work, UMWAIT primarily reduces power consumption by lowering core frequency

and gating execution resources, but does not improve responsiveness or reduce polling

overhead compared to busy-waiting.

Furthermore, polling introduces nontrivial system-level costs. In many accelerator-

driven designs, including our DSA-based configuration, completion flags are placed in

uncached or weakly cacheable memory regions to avoid cache pollution and excessive

coherence traffic under frequent polling [89, 92]. Each read to an uncacheable flag by-

passes the CPU cache and traverses the memory bus, increasing contention [94]. Accesses

to memory-mapped regions enforce strict ordering, hindering out-of-order execution and

introducing pipeline stalls [95]. These effects highlight the need for the low-overhead,

responsive synchronization mechanisms implemented in Rocket.

Impact of Page Faults. While modern engines support virtual memory, page faults still
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Figure 4.4: Performance comparison of DSA and CPU memcpy under different memory
conditions. Copying to a pinned buffer reduces latency by 95%, and reusing the same
buffer achieves a 97% reduction, both relative to cold-buffer access.

introduce significant latency. As shown in Figure 4.4, when faults occur, hardware of-

floading provides no clear advantage over CPU-based memcpy. In contrast, with pinned

memory, the accelerator significantly outperforms the CPU [88]. These results emphasize

the importance of utilizing pre-mapped or pinned memory regions, a core design choice in

Rocket’s shared-memory management.

4.4.2 Cache Interference and Path Divergence: CPU vs. Accelerator

Memory offloading alters fundamental assumptions about temporal locality. Unlike CPU

operations that benefit from automatic cache retention, offload engines typically bypass

caches, potentially causing cold-cache effects upon data reuse [34]. While this reduces

cache pollution for ephemeral data, it increases latency for near-term accesses. To mitigate

this, Rocket leverages explicit cache injection to route selected data into the LLC during

transfer. As shown in Figure 4.5, cache injection improves LLC hit rates in single-threaded

workloads but may degrade performance under heavy multi-threaded contention [93].

Execution Implications by Access Direction. We summarize how memory access pat-

terns affect offloading decisions:

• Read-In (DRAM → Cache): CPU loads reused data into the cache, leveraging

locality. Memory accelerators may bypass the cache, risking cold-start penalties

(Figure 4.6a).

• Write-Out (Cache → DRAM): Memory accelerators may avoid polluting the cache
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Figure 4.6: Comparison of memory copy execution paths between CPU and DSA. CPU-
based memcpy naturally integrates with the cache hierarchy, while DSA-based memcpy
bypasses the cache, accessing DRAM directly.

with write-out data, which is beneficial for ephemeral or one-way transfers. However,

reuse-sensitive data may suffer from bypass-induced misses (Figure 4.6b).

4.4.3 Summary of the Tradeoffs

In summary, our analysis shows that hardware offloading alone does not guarantee im-

proved IPC performance. The benefit of hardware engines depends strongly on system-

level factors, including synchronization overhead, cache state, and virtual memory man-

agement costs. If these factors are not carefully managed, they can outweigh the gains from

higher raw throughput. Table 4.3 condenses these findings into concrete design principles
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Table 4.3: Trade-offs of DSA offloading and implications for system design. Each factor
highlights a key limitation and how Rocket addresses it through configurable or default
design decisions.

Factor Observed Trade-off Microbenchmark Insight Design Implications

Data Size Offloading not always ben-
eficial for small transfers

Offloading 1MB saves 33µs;
breakeven 4KB raw, higher by
setup [28]

Use CPU-based memcpy for
small transfers; apply size-
based threshold

Page Faults DSA supports virtual
memory but performance
drops with page faults

page faults eliminate DSA
speedup; pinned memory
yields best performance (Fig-
ure 4.4)

Reuse shared memory to
avoid PFs; enforce pre-
mapping or pinning

Cache
Injection

May improve or harm
performance depending on
reuse timing

Boosts hit rate in single-
threaded case; degrades multi-
threaded performance due to
pollution (Figure 4.5)

Enable cache injection only
under low contention. (e.g.
single-threaded sync/async
modes)

Completion
Check

Frequent polling causes
bus contention and stalls

UMWAIT reduces active
polling cost but limited to
25µs (Figure 4.3, [93])

Use hybrid polling
(UMWAIT + timeout);
defer checks in pipelined
mode

Parallelism Untapped unless explicitly
orchestrated in software

No parallel execution in idxd;
DTO blocks until completion

Enforce structured
async/pipelined execu-
tion to leverage concurrency

Software
Support

Existing tools lack intelli-
gent decision logic

idxd offers low-level control;
DTO disables parallelism

Provide high-level API with
tunable execution modes
and cache options

and emphasizes the need for a dynamic orchestration layer. By replacing static offloading

with hardware-aware decision logic, Rocket overcomes the core limitations of existing ap-

proaches. These principles define the key requirements of the Rocket architecture in § 4.5

and ensure robustness across the diverse bottlenecks of modern data-intensive pipelines.

4.5 Design of the Rocket Unified IPC Runtime

To address the integration hurdles and performance tensions identified in Section 4.4, this

research phase introduces Rocket: a comprehensive runtime suite that orchestrates both

hardware-assisted and software-defined memory offloading for high-performance intra-

node communication. Unlike conventional IPC stacks that treat data movement as an in-

cidental CPU task, Rocket establishes a unified execution model over shared memory. It
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Figure 4.7: Overview of Rocket architecture. Its components reflect key design principles
such as page fault avoidance, maximizing parallelism, configurable selective offloading
with or without cache injection enabled, and efficient synchronization.

moves away from static offloading policies in favor of a configurable framework where ex-

ecution, synchronization, and cache-visibility behaviors are dynamically aligned with the

underlying hardware capabilities and workload characteristics [34, 28].

4.5.1 Architectural Overview and Core Principles

The architecture of Rocket, as illustrated in Figure 4.7, is designed as a modular orchestra-

tion layer capable of managing multi-client connections while selectively delegating data

movement to heterogeneous backends. The runtime environment—comprising a central-

ized message queue, a request dispatcher, and specialized query handlers—facilitates effi-

cient CPU-accelerator overlap through asynchronous batching and deterministic coordina-

tion.

The design of Rocket is governed by five hardware-aware principles derived from the

systemic bottlenecks of modern memory subsystems:

(1) Persistent Shared Memory Management. To mitigate the ”boundary tax” associated

with memory remapping and page-fault latency, Rocket reuses long-lived shared-memory

segments that remain mapped for the duration of a communication session, across the entire

communication lifecycle. By maintaining buffer continuity through a pre-allocated mem-

ory pool and persistent message queues, the runtime ensures that data movement backends
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interact with resident pages, thereby maximizing the efficiency of hardware engines like

Intel DSA [88, 89].

(2) Adaptive Backend Orchestration. Recognizing that offloading is not universally

beneficial, Rocket provides an abstraction layer for selective offloading. Unlike rigid

frameworks such as Intel DTO, our runtime enables fine-grained, size-aware thresholds

to determine whether a transfer should be handled by the CPU or a dedicated hardware

engine, balancing setup overhead against raw throughput gains [34].

(3) Native Support for Execution Overlap. Rocket natively integrates the synchroniza-

tion primitives necessary for true asynchronous transfers. By abstracting the complexities

of work-descriptor management typically required in low-level APIs, the runtime enables

concurrent CPU processing while data movement is in-flight, which is a critical capability

for maximizing system-wide parallelism [24, 84].

(4) Locality-Aware Cache Control. The runtime exposes cache injection as a tunable

software knob. Within multi-client environments, the server maintains the necessary exe-

cution context to allow clients to enable injection selectively, ensuring that data is placed in

the LLC only when high temporal reuse is predicted and cache contention is low [93, 80].

(5) Deterministic Synchronization and Polling. To minimize the bus contention caused

by frequent flag-polling, Rocket implements a time-prediction-based synchronization model.

By deferring completion checks based on deterministic latency estimates and utilizing

power-efficient instructions like UMWAIT, the system achieves low-latency coordination

without the overhead of continuous busy-waiting [94, 95].

4.5.2 Unified IPC API and Execution Modes

The Rocket API is architected to provide a flexible interface that supports diverse data-

intensive workloads while ensuring performance portability. This interface decouples the

functional request from the underlying execution strategy, allowing developers to optimize

for throughput or latency as needed.
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(a) 2 passes of synchronous execution

(b) 2 passes of asynchronous execution

(c) 2 passes of pipelined execution

Figure 4.8: Execution mode structure in Rocket. Each mode differs in synchronization and
overlap strategy.

Execution Paradigms. Rocket supports three distinct execution modes (sync, async,

and pipelined (Figure 4.8)), and each optimized for specific points in the compute-

communication trade-off space:

• Synchronous Mode (sync): Operates in a blocking manner where the issuing

thread waits for completion. This mode is optimized for latency-critical, sequen-

tial tasks where immediate data visibility is paramount. It typically utilizes cache

injection to ensure data is ”warm” for immediate CPU processing [89].

• Asynchronous Mode (async): Decouples request submission from completion

tracking. This mode returns control to the application immediately, allowing the CPU

to execute independent logic while the data transfer is processed by the backend. This

is the preferred mode for hiding the ”boundary tax” in parallel pipelines [24].

• Pipelined Mode (pipelined): Processes memory operations in batched stages

to maximize aggregate throughput. By deferring individual completion checks and

reusing buffers across multiple stages, this mode amortizes the coordination over-
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head, making it ideal for massive data transfers where throughput is the primary

constraint.

Configurable Parameters. To support workload-specific tuning, the API exposes param-

eters for Offload Control (CPU vs. Hardware), Cache Injection Policies, and Execution

Paradigm Selection. These controls allow Rocket to adapt its behavior to the specific

reuse patterns and contention levels of the host system.

4.5.3 Runtime Internals and Implementation

Shared Memory Region Reuse. Rocket relies on persistent shared memory regions to

reduce page fault overhead. During connection initialization, the server allocates a fixed-

size memory pool and assigns each client a dedicated queue pair. Each pair consists of

transmit (client-to-server) and receive (server-to-client) buffers that are mapped once and

reused for the lifetime of the session. This approach removes repeated remapping costs and

provides stable, low-latency memory access, which is critical for efficient DSA transfers.

While inspired by RDMA queue pairs, the design is adapted to the copy-based semantics

of DSA.

Asynchronous DSA Engine. To expose parallelism and mask memory latency, Rocket

incorporates a lightweight asynchronous engine for DSA command management. The en-

gine encapsulates low-level DSA operations and presents a simple interface to the IPC

driver. Requests are directed to mode-specific execution paths, where the engine manages

command submission, completion tracking, and batching in pipelined mode. A hybrid

polling scheme achieves low CPU overhead while maintaining timely completion detec-

tion.

Backend Integration and DMA Semantics. Rocket manages a lightweight asynchronous

engine that abstracts low-level hardware-specific primitives into a clean IPC interface.

Drawing inspiration from RDMA queue-pair semantics, the runtime assigns each client

a dedicated transmit/receive pair to eliminate remapping costs and provide stable, low-
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Figure 4.9: The latency of memcpy increases linearly with the target buffer size, at approx-
imately 33.4 µs per 1MB on our hardware.

latency access paths for the data movement engines.

Hybrid Polling Strategy and Latency Prediction. A core innovation within Rocket is

its hybrid polling strategy designed to balance responsiveness with CPU efficiency. Since

instruction-level waits like UMWAIT are limited to approximately 25µs [93], they are insuf-

ficient for the large transfers common in modern AI pipelines (Figure 4.9).

Rocket addresses this by employing a size-aware deferral mechanism. Let L be the pre-

dicted completion latency: L = Lfixed+α ·size in MB. In our reference implementation,

these constants (Lfixed = 73.6µs, α = 33.4µs/MB) are calibrated via an automated pro-

filing script during deployment to account for machine-specific bus speeds. The runtime

sleeps for 0.95·L to yield the CPU before initiating passive UMWAIT-based polling, thereby

significantly reducing unnecessary memory bus traffic [94, 95]. The profiling methodology

and sensitivity of these parameters are analyzed in more detail in our prior work [96].

Orchestration Stack Internals. The execution stack separates submission, handler logic,

and query management. The RequestDispatcher routes incoming IPC messages to thread-

local RequestHandlers. In pipelined mode, these handlers batch commands to min-

imize the number of work-submission instructions (e.g., ENQCMD). Simultaneously, the

QueryHandler manages the completion lifecycle, allowing for decoupled, high-concurrency

result collection across multiple outstanding jobs.

Request Batching Support. To sustain high throughput, particularly in pipelinemode,

Rocket supports application-level batching. Incoming messages are categorized as execu-
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tion requests or result queries. Requests are forwarded to workload-specific handlers, such

as MobileNetV2 or graph processing, which are registered through a unified interface.

Handlers execute asynchronously and write outputs directly to shared memory. By separat-

ing request submission from result retrieval, Rocket enables deferred collection and batch

execution. This design improves buffer reuse, lowers synchronization costs, and allows

multiple outstanding requests to be processed together with minimal coordination.

4.6 Implementation Details

The Rocket runtime is implemented in C++17, totaling approximately 12,000 lines of code.

It interfaces with the Intel IDXD driver to provide high-level abstractions over hardware-

specific primitives while leveraging advanced ISA features such as UMONITOR, UMWAIT,

and atomic work-submission (ENQCMD).

The implementation integrates seamlessly with standard data-intensive libraries, in-

cluding ONNX for AI inference [97], XGBoost for analytics [98], and MilvusDB for vector

search [99]. This ensures that Rocket can serve as a drop-in replacement for traditional IPC

mechanisms in modern, modular software stacks.

Listing 4.1: Rocket API for Multi-Mode Execution

// Synchronous: Traditional blocking request

client->request(mode="sync", op="mobilenetv2", data);

// Asynchronous: Non-blocking future-based request

auto future = client->request(mode="async", op="mobilenetv2", data);

// Perform concurrent computation here...

future.get();

// Pipelined: Batched throughput-oriented request

for (int i = 0; i < batch_size; i++) {

job_ids[i] = client->request(mode="pipeline", op="mobilenetv2", data[i]);
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}

// Collect batched results after processing

for (int i = 0; i < batch_size; i++) {

results[i] = client->query(job_ids[i]);

}

Deployment and Configuration Effort. Rocket exposes three primary configuration axes:

the device (CPU or Hardware), cache injection (On/Off), and the mode (sync,

async, pipeline). While Rocket provides heuristic defaults, such as enabling cache

injection for synchronous transfers and disabling it for pipelined batches, it allows for ex-

plicit user overrides. This allows the runtime to navigate the complex trade-offs between

transfer size, CPU-accelerator bus contention, and temporal reuse patterns that define the

efficiency of modern inter-process data movement.

4.7 Evaluation of the Rocket Unified Runtime

In this section, we experimentally demonstrate that Rocket significantly improves end-to-

end throughput and latency across a suite of representative application benchmarks. Our

results validate that the hardware-aware design choices within Rocket effectively mitigate

the systemic inefficiencies associated with inter-process data movement.

4.7.1 Experimental Methodology

Testbed Configuration. The experimental platform is summarized in Table 4.4. We uti-

lize a high-performance system equipped with an Intel Sapphire Rapids processor (Xeon

Gold 6438Y+), featuring 32 physical cores and an integrated Intel DSA device. The sys-

tem is further augmented with an NVIDIA A100 GPU to evaluate the impact of Rocket in

environments where compute acceleration shifts the bottleneck toward the communication

layer.

Workload Selection. Our evaluation encompasses five application benchmarks that cap-
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Table 4.4: Experimental Setup

Component Specification

CPU Intel(R) Xeon(R) Gold 6438Y+ 4.0GHz
(Sapphire Rapids), 32 cores

GPU NVIDIA A100 (PCIe, 40GB HBM2 memory,
6912 CUDA cores, 312 TFLOPS FP16)

Cache 60MiB LLC

DSA 1 Intel DSA device with 1 workqueue

RAM 704GB DDR4 4800MT/s

OS Ubuntu 22.04.5 LTS, Kernel 6.5.0-41

Compiler GCC 11.4.0

Libraries glibc 2.35, accel-config, numactl, DTO,
PyTorch 2.1.2, ONNX (1.19.1), OpenCV,
XGBoost, BoostGL, OpenVINO

ture diverse dimensions of data-movement stress in data-intensive systems: MobileNetV2 [38]

(dense tensor streaming), XGBoost [98] (fine-grained feature batching), PageRank [100]

(irregular, reuse-heavy graph traversal), MilvusDB [99] (batched vector search), and Vision

Transformer (ViT) [101] (GPU-intensive deep learning). These workloads cover dense,

sparse, and batched access patterns, i.e. the primary drivers of the ”boundary tax” in mod-

ular architectures.

Table 4.5: Pipeline stages per benchmark workload.

Benchmark Pre-processing Processing Post-processing

MobileNetV2 Image decoding, resizing,
normalization

CNN inference using
ONNX Runtime

Parsing, format-
ting output

XGBoost Building feature vector Inference using pre-trained
boosted trees

Parsing predic-
tion output

PageRank Building adjacency list Iterative PageRank compu-
tation

Extracting top-
10 vertices

MilvusDB w/
image embeddings

Image decoding, resizing,
embedding extraction

Approximate NN, top-3
most similar images

Parsing predic-
tion output

Vision
Transformer (ViT)

Image decoding, resizing,
normalization

Deep learning transformer-
based image inference

Parsing, format-
ting output
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Performance Characteristics. Our evaluation spans both CPU-only and GPU-accelerated

settings. In CPU-only scenarios, computation typically dominates the total runtime, with

IPC accounting for roughly 1% of latency. However, as compute phases accelerate (e.g.,

via GPU or AMX), data movement becomes a disproportionately larger bottleneck [5, 102].

Rocket is designed to scale its benefits in these high-throughput environments by reducing

memory bus contention and improving the overlap between compute and communication.

4.7.2 Impact on Application Performance

Measurement Methodology To ensure a rigorous evaluation, we define and measure la-

tency and throughput as independent metrics. This distinction is essential in asynchronous

and pipelined systems, where concurrent execution decouples the completion of individual

operations from overall system progress.

• Latency. We measure end-to-end latency at the granularity of individual IPC opera-

tions. For each request, we record a timestamp immediately before the client thread

initiates the call and another immediately after the final response is received. The re-

ported average latency is computed as the mean of these per-operation measurements

across all client threads.

• Throughput. We measure throughput by recording the total wall-clock time required

to complete the entire benchmark. Throughput is then computed by dividing the total

number of operations by this duration.

In a strictly serial, single-threaded setting (n = 1), latency and throughput exhibit a di-

rect inverse relationship. This coupling breaks down in multi-threaded and oversubscribed

configurations (n > 1), where resource contention and overlapping execution cause the

two metrics to diverge. By decoupling latency and throughput, we can accurately quan-

tify how Rocket improves system efficiency through coordinated parallelism rather than

through simple per-operation speedups.
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Figure 4.10 illustrates the impact of Rocket’s execution modes and cache policies on

application-level performance across varying system loads. A key observation is that as

the number of parallel clients increases, the gains in throughput and the reductions in la-

tency follow distinct trajectories. Rocket’s asynchronous and pipelined modes consistently

outperform the CPU-based baseline by allowing the CPU to prepare subsequent requests

while the DSA engine handles data movement in the background.

PageRank shows a distinct performance pattern in Figure 4.10, especially across Rocket’s

execution modes. Unlike request-driven ML inference, PageRank follows an iterative,

bulk-synchronous model that repeatedly exchanges large intermediate states. Because each

iteration is bounded by global synchronization, asynchronous execution alone provides lim-

ited benefit, leading to similar performance for the sync and async modes. In contrast, the

pipeline mode overlaps computation and data transfer across iteration boundaries, amor-

tizing data movement over larger transfers and sustaining DSA utilization. This difference

explains the substantially larger gains observed for PageRank under pipelined execution.

We present a more detailed per-workload and per-mode analysis of these effects in [96].

To isolate the specific sources of performance improvement, Figure 4.11 provides an

end-to-end latency decomposition for the MobileNetV2 workload across different back-

ends and execution modes. This breakdown allows us to distinguish between the gains

achieved through raw hardware acceleration and those resulting from the architectural or-

chestration within Rocket.

The transition from sync cpu to sync dsa illustrates the baseline impact. While the

dedicated engine reduces data movement time, the CPU remains stalled during the transfer.

In contrast, the shift to async dsa highlights the primary strength of our design. As

shown in the figure, the significant reduction in end-to-end latency in the asynchronous

path stems both from this orchestrated parallelism and the hardware copy speed. This

confirms that while accelerators provide the necessary bandwidth, a unified, offload-aware

runtime is essential to truly mitigate the ”boundary tax” by enabling effective compute-
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Figure 4.10: Impact on execution time breakdown (left), throughput in images/sec
(middle), and end-to-end latency improvement over CPU-based baseline (right) across
for different Rocket IPC implementations for MobileNetV2, XGBoost, PageRank,
MilvusDB, blue ViT (CPU), ViT (GPU) under varying system load: (a) undersub-
scribed (n=1), (b) matched (n=2), and (c) oversubscribed (n=3).

communication overlap. A more detailed breakdown of the per-stage latency contributions

and overlap behavior is presented in our prior work [96].

Comparison with Industry Baselines. We evaluate Rocket against standard CPU memcpy

and vendor-supported frameworks like Intel DTO. Our results show that DTO consistently

underperforms, often falling behind even the CPU baseline. This is due to its indiscriminate

offloading of all transfers, which introduces queuing delays for small data chunks where

CPU-based movement is more efficient. In contrast, Rocket uses its adaptive orchestration

layer to selectively offload only when hardware acceleration provides a tangible net gain.
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Figure 4.11: End-to-end latency decomposition across devices and execution modes
(MobileNetV2).

Effectiveness of Execution Paradigms. Asynchronous modes (async and pipelined)

consistently outperform synchronous baselines.

• Asynchronous Mode: Provides the best balance for individual request latency by

decoupling submission from completion, allowing the CPU to hide transfer costs

during preprocessing.

• Pipelined Mode: Maximizes throughput by batching commands and deferring syn-

chronization. This is particularly effective in high-load scenarios like MilvusDB and

ViT, where aggregate data volume is high.

Role of Cache Injection. Selective cache injection proves beneficial in low-contention,

single-threaded scenarios (e.g., MobileNetV2 in Figure 4.10), where placing data directly

in the LLC reduces immediate cold-start penalties. However, Rocket correctly identifies

when to disable this feature under multi-threaded oversubscription to prevent cache thrash-

ing and reference churn.

4.7.3 Architectural Sources of Improvement

Instruction and Bus Cycle Reduction. By offloading the data movement logic, Rocket

reduces the CPU’s instruction count and cycle consumption by up to 23% compared to syn-
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chronous baselines (Figure 4.12). The pipelined mode achieves the highest efficiency

by amortizing the cost of work submission across multiple requests.

sync_dsa sync_dsa
($inject) async_dsaasync_dsa

($inject) pl_dsa pl_dsa
($inject)

0.0

0.5

1.0

1.5

No
rm

al
ize

d
(s

yn
c_

cp
u=

1)

0.99 1.00 0.99 0.94
0.77 0.78

0.99 1.00 0.99 0.93
0.81 0.82

1.00 1.00 0.93 0.94 0.85 0.86

instructions cpu-cycles bus-cycles

Figure 4.12: Normalized instruction counts, CPU cycles, and bus cycles with DSA-based
offloading, relative to the synchronous CPU baseline from MobileNetV2 benchmark.

Cache and TLB Efficiency. Rocket mitigates CPU stalls by reducing the volume of cache

accesses required for bulk data movement. While asynchronous offloading slightly in-

creases dTLB misses (as the IOMMU handles translation), the overall reduction in CPU-

resident stall rates (down to 0.89 in optimal configurations) confirms that the trade-off

favors improved parallelism.

Acceleration in GPU Environments. As shown in the last 2 rows in Figure 4.10, the most

dramatic gains are observed in the ViT workload when using GPU acceleration. While the

CPU compute-bound phases shrink, the IPC overhead expands by nearly 10×. In this

regime, Rocket’s pipelined execution yields up to a 40% throughput improvement over

optimized CPU baselines. This confirms that as data-intensive systems transition to faster

compute engines, the ”boundary tax” becomes the defining performance constraint, making

Rocket’s unified orchestration essential.

In summary, Rocket avoids the pitfalls of rigid offloading by providing a flexible,

hardware-aware runtime. By intelligently managing synchronization, cache visibility, and

backend selection, it delivers stable performance gains across varying workloads, data

sizes, and system-level contention scenarios.
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4.8 Summary

This chapter presented Rocket, a unified IPC runtime suite designed to mitigate the ”bound-

ary tax” in modern data-intensive and AI-driven pipelines. As systems transition toward

modular and split-architectures, the primary bottleneck has shifted from computation to

the efficiency of inter-process data movement. Traditional IPC stacks, which rely on syn-

chronous, CPU-driven memcpy, fail to exploit the emerging landscape of hardware and

software-based data movers. To resolve this, Rocket introduces an orchestration layer that

decouples data movement from core execution and treats it as a managed system service.

Rocket overcomes the integration challenges and performance trade-offs of modern

accelerators through three primary architectural pillars. First, it provides a unified orches-

tration of heterogeneous backends, integrating dedicated hardware engines like Intel DSA,

kernel-resident services, etc., into a single shared-memory framework. Second, it imple-

ments asynchronous and pipelined execution models that enable true overlap between com-

pute and communication, transforming serialized data transfers into parallel system-wide

dataflows. Third, Rocket introduces hardware-aware synchronization and cache manage-

ment, utilizing hybrid polling via UMWAIT and selective cache injection to balance latency,

CPU efficiency, and cache hierarchy pressure.

The evaluation demonstrates that Rocket significantly enhances system-wide efficiency

across a range of real-world workloads, including AI inference, graph analytics, and vec-

tor databases. By intelligently delegating transfers to the most suitable backend, Rocket

achieves up to a 2.1× improvement in throughput and a 72% reduction in end-to-end la-

tency. Furthermore, it reduces CPU instruction counts by up to 22%, proving that co-

ordinated IPC orchestration is essential for reclaiming cycles in oversubscribed or GPU-

accelerated environments where data movement becomes the dominant bottleneck.
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4.8.1 Relationship to the Thesis Statement

The findings in this chapter reinforce the central thesis that IPC must evolve from a passive

data conduit into an active, intelligent runtime layer. While the previous chapter on Pocket

established the necessity of resource-awareness at the communication boundary, Rocket

demonstrates that this intelligence must extend to the physical data movement path itself. It

proves that when an IPC mechanism is aware of the underlying hardware characteristics and

temporal reuse patterns, it can effectively bridge the gap between raw hardware capabilities

and high-level application requirements.

This hardware-aware foundation serves as a critical bridge in this dissertation. By pro-

viding a flexible and high-performance transport layer, Rocket sets the stage for the final

evolution of this framework. While this chapter focuses on optimizing the physical move-

ment through unified orchestration, the following chapter introduces SkyRocket, which

leverages these capabilities to provide workload-driven, adaptive IPC policies. Together,

these systems establish a comprehensive architecture for efficient, intelligent data move-

ment in modern data-centric computing environments.

67



CHAPTER 5

ADAPTIVE IPC RUNTIME CONFIGURATION WITH ML-BASED TUNING

MODEL

SkyRocket brings workload-driven adaptation to IPC systems by supporting heterogeneous

data-movement backends, including CPU-based copiers and hardware accelerators. While

Rocket provides an efficient IPC software suite that supports flexible execution modes and

cache management, it currently requires applications to manually select configurations.

Skyrocket seeks to extend this foundation by introducing runtime workload-driven adap-

tation, optimizing IPC behavior based on the workload characteristics based on runtime

execution information such as modality, size, lifespan, the number competing threads, and

etc.

5.1 From Fixed to Fluid: The Need for Dynamic Policy Orchestration in Unified IPC

Runtimes

Modern data-centric systems increasingly rely on heterogeneous mechanisms for moving

data across processes. Hardware accelerators such as Intel DSA, software engines like

high-performance copy libraries, and new industry standards (e.g., OCP efforts on unified

data-movement APIs [103]) collectively expand the range of available execution paths for

IPC. As these options grow, the cost of a data transfer no longer depends solely on the

underlying hardware, but also on how the system selects among diverse backends and con-

figuration modes.

Selecting the right execution policy is non-trivial. The performance of a transfer changes

significantly with properties such as data size, reuse locality, and memory-hierarchy pres-

sure. Small latency-critical payloads often benefit from cache residency and minimal indi-

rection, while large streaming transfers achieve higher throughput when bypassing caches
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or using offload engines. These characteristics fluctuate across workloads and are rarely

known with certainty at compile time, making it necessary to adjust execution policies

dynamically at runtime.

Systems like Rocket illustrate this expanding design space. Rocket decouples IPC from

a single backend and exposes multiple execution paths, including CPU copies and hard-

ware DMA engines, together with configuration knobs such as cache-injection modes and

pipelined transfers. This flexibility enables high performance across heterogeneous scenar-

ios, but it also shifts the responsibility of selecting an appropriate policy to the application.

When a workload changes or when system conditions evolve (e.g., LLC pressure or multi-

client contention), a previously effective policy may become suboptimal. The runtime

provides no mechanism to adapt, leading to wasted cache capacity, serialized transfers, and

reduced throughput.

As the option space grows richer, manual tuning becomes brittle and difficult to main-

tain. Future IPC systems will need principled ways to evaluate available execution modes

and adjust behavior as workloads evolve. This motivates an adaptive layer that can reason

about data-movement trade-offs and select appropriate configurations without developer

intervention.

SkyRocket uses lightweight runtime signals and a learned performance model to deter-

mine dynamic policy choices, while simultaneously providing mode-level predictions that

serve as compile-time hints for configurations that cannot be changed at runtime. It infers

whether a transfer should remain in cache, bypass cache, or be offloaded to an accelera-

tor, and applies the corresponding configuration at request time. By making IPC policy

selection data-driven and adaptive, SkyRocket ensures that Rocket’s flexible backend ar-

chitecture is used effectively under diverse and changing conditions.
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5.2 Design Overview

SkyRocket is designed as a standalone adaptive control layer that operates above a generic

shared-memory IPC substrate. Modern IPC frameworks often expose rich but low-level

configuration surfaces—multiple data-movement backends ([26, 24]), optional cache be-

haviors, and diverse synchronization APIs—yet even when these abstractions are fully

available, the space of possible configurations and their performance trade-offs remains

difficult for users to evaluate. Selecting a backend or cache policy typically requires

detailed awareness of transfer size, locality, concurrency, and memory-hierarchy pres-

sure—conditions that fluctuate at runtime and are rarely observable with precision at the

application level. As a result, developers must either commit to static choices or rely on

coarse rules of thumb that can be fragile under dynamic workloads.

SkyRocket addresses this gap by turning IPC configuration into a per-request, fine-

grained, and runtime-adaptive decision problem. Rather than expecting users to manu-

ally reason about subtle interactions between request characteristics and backend behav-

iors, SkyRocket provides a systematic mechanism for profiling workload signals, learning

their performance implications offline, and applying optimal configurations online on a

per-request basis. Figure 5.1 summarizes this architecture.

5.2.1 System-Level Workflow Overview

At a high level, SkyRocket follows a workflow pattern common to adaptive systems:

1. Offline policy construction

2. Online policy application

3. Feedback for future revision

Offline Policy Construction. The system collects profiling traces under a workload mix

that captures a range of data-movement patterns. In practice, this can be instantiated either
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Figure 5.1: Design blueprint of Skyrocket.

as a hardware-level profiling suite that is reused across applications, or as application-

specific traces when tighter tuning is desired. These traces capture broad categories of

observable signals: workload-driven, resource-pressure, and concurrency-related indica-

tors. A predictive model is trained using an 80/20 train–test split (43,200 samples total),

and the model outputs a configuration tuple representing the preferred policy under each

feature combination.

Online Policy Application. At runtime, the client performs inexpensive profiling of each

outgoing request. The embedded predictor evaluates the current feature vector and issues

a configuration update. SkyRocket’s control plane is designed to operate across arbitrary

adaptation timescales, allowing decision frequency to align with workload dynamics rather

than a fixed interval. In our evaluation, we instantiate this mechanism with request-level

updates to illustrate the model’s responsiveness.

Feedback for Future Revision. The system logs predicted optimal structural modes,

enabling refinement during later profiling phases. Lightweight statistics gathered online

support stable normalization and feature scaling.
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This workflow defines an explicit control plane for IPC behavior, where policy deci-

sions are grounded in data rather than fixed heuristics.

5.2.2 Configuration Space Model

SkyRocket structures the IPC configuration space according to when decisions can be

safely applied and how they interact with execution semantics.

Structural (Compile-time) Parameters Structural parameters influence control flow or

the programming model, making them unsuitable for runtime mutation. SkyRocket eval-

uates these parameters during offline policy construction and stores the best-performing

mode as a static deployment hint.

Dynamic (Runtime) Parameters Dynamic parameters influence backend selection and

memory-hierarchy effects but do not affect program logic. SkyRocket treats these parame-

ters as fine-grained policy actions, adaptable at runtime on a per-request basis.

This partitioning exposes a clear decision boundary: structural choices remain stable,

while behavioral choices adapt at high temporal resolution.

5.2.3 Policy Construction Pipeline

SkyRocket’s offline stage collects profiling traces and trains a regression-based model over

observable features. The features are grouped into broad categories applicable across di-

verse IPC backends:

• Workload characteristics: payload magnitude, short-term locality

• Resource-pressure signals: cache load, memory interference

• Concurrency indicators: number of active clients, interleaving effects
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The dataset (43,200 samples) is divided into 80% training (34,560 samples) and 20%

testing (8,640 samples). The predictor outputs values for the configuration parameters

exposed by the underlying IPC backend. For Rocket, this corresponds to the tuple:

(device, cache injection, modehint)

Only the first two fields are applied online, but all three are emitted to support deployment

time structural decisions.

The trained model is serialized into a compact artifact embedded in the client runtime.

This pipeline converts a high-dimensional configuration problem into a predictable, data-

driven policy function.

5.3 Prediction Model

SkyRocket introduces a predictive configuration layer that treats backend selection as a

runtime policy decision problem. The goal of this section is to describe how we identify

useful runtime signals, motivate our feature hypothesis, and develop the model that predicts

transfer cost.

5.3.1 Quantitative Characterization of IPC Backends

To understand which runtime signals meaningfully influence IPC performance, we conduct

a characterization study on the backend options provided by our prototype IPC substrate.

The purpose of this study is not to derive backend-specific heuristics, but to identify gen-

eral, repeatable tendencies that can be exploited for policy inference.

These factors correspond to three broad categories that influence IPC behavior: (1)

workload size and locality, (2) memory- and cache-pressure indicators, and (3) concurrency-

related signals. Together, these categories establish the necessary context for the two fun-

damental optimization axes central to IPC design: the choice of transfer mechanism (e.g.,
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Table 5.1: Runtime context factors used by SkyRocket for execution policy inference.

Factor Runtime meaning

data size mb amount of data transferred per call
reuse window reuse locality from the receiver
pf rate degree of page fault activity
llc pressure cache contention from co-located workloads
num clients multi-tenant contention proxy

maximizing throughput via DMA or latency via CPU copies) and the optimal use of the

memory hierarchy (e.g., cache injection). Their relevance is grounded in architectural con-

siderations: data size affects whether AVX512-based CPU copies or DMA engines are

advantageous; reuse-window, page-fault rate, and LLC pressure capture conditions where

cache residency is beneficial or harmful, and the number of active clients acts as a proxy

for queueing and interference.

5.3.2 Runtime Features and Design Hypothesis

Empirically, our prototype system exhibits consistent behavior across a wide range of ex-

periments: certain combinations of these signals correlate with the relative advantage of

CPU copy, cache-injected paths, or hardware offload. These observations motivate the

following design hypothesis:

Hypothesis: A compact set of workload-, pressure-, and concurrency-related runtime

signals is sufficient to infer which IPC execution policy minimizes transfer cost.

This hypothesis is not a claim of universal sufficiency. Rather, it reflects trends re-

peatedly observed in our prototype, and serves as the foundation for our predictive model.

Whether the learned model generalizes and achieves high accuracy is evaluated empirically

in § 5.5.

These patterns motivate using a learning-based model rather than hand-tuned rules,

enabling SkyRocket to infer backend behavior directly from the observed context.
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Table 5.2: Context–policy relationships commonly observed in our prototype system.

Runtime observable Implication for policy selection

Large data size mb Stream/offload large transfers to avoid LLC pollution
High pf rate Avoid CPU stall amplification; prefer DMA/streaming
High llc pressure Disable cache injection to preserve shared capacity
Short reuse window Favor cache residency for short-term reuse

5.3.3 Learning-Based Configuration Engine

Backend performance exhibits nonlinear interactions across multiple runtime signals. Thresh-

old effects, workload-dependent locality, and pressure-induced behavior shifts make simple

heuristics insufficient. SkyRocket therefore employs a regression model based on Gradient

Boosting Decision Trees (GBDT).

SkyRocket’s configuration engine operates over a small, discrete policy space and

makes decisions based on instantaneous system conditions, such as request size, concur-

rency, and cache pressure. Although the configuration itself is relatively static, the inter-

actions among these signals exhibit nonlinear threshold effects that make fixed rules or

lookup tables brittle without extensive manual tuning. Models that emphasize temporal

correlation are less effective in this setting, as decisions are driven by momentary system

states rather than long-term trends, while neural networks introduce unnecessary runtime

complexity for a low-dimensional control path. Gradient Boosting Decision Trees provide

a lightweight mechanism to capture nonlinear decision boundaries with predictable infer-

ence cost and minimal overhead, making them a natural fit for SkyRocket’s configuration

setting.

GBDT is well-suited for this setting for three reasons:

• Threshold semantics. Tree splits naturally express threshold boundaries (e.g., data-

size cutoffs) that frequently appear in cache-aware and hardware-assisted transfer

paths.

• Feature interactions. Many policies are defined not by a single signal but by combi-
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nations (e.g., cache injection is beneficial only when data is small and cache pressure

is low).

• Cost-based predictions. The regressor outputs predicted service time rather than a

categorical backend label, enabling SkyRocket to select the policy with the lowest

estimated cost.

SkyRocket trains this model using profiling traces collected offline from representa-

tive workloads. These traces capture diverse combinations of the runtime factors listed in

Table 5.1 and provide the supervision signal for predicting transfer cost under each config-

uration option.

5.3.4 Performance Prediction Model

SkyRocket casts configuration selection as a cost-minimization problem. It employs a re-

gression model to estimate the service time across available execution paths, treating the

predicted latencies as relative cost metrics for policy ranking. Let the training dataset be

D = {(xi, ti)}Ni=1, ti > 0,

where xi denotes the workload–configuration feature vector and ti is the measured ser-

vice time in microseconds. To stabilize variance and reduce the skew inherent to latency

measurements, we apply a logarithmic transformation:

yi = log(1 + ti). (1)

SkyRocket adopts LightGBM as its prediction model. The model represents the regres-

sion function as an additive ensemble of decision trees:

fM(x) =
M∑

m=1

η hm(x), (2)
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where hm is the m-th regression tree, η is the learning rate, and M is the number of boosting

iterations. Parameters are obtained by minimizing the standard ℓ2 objective:

min
f

L(f) =
N∑
i=1

(
yi − f(xi)

)2
+ Ω(f), (3)

where Ω(f) regularizes model complexity (e.g., number of trees, number of leaves). Light-

GBM optimizes Eq. (3) using second-order gradient boosting, efficiently incorporating

both numerical and categorical workload features.

During inference, predicted log-latencies are mapped back to the original microsecond

scale by inverting the log transformation:

t̂(x) = exp
(
fM(x)

)
− 1. (4)

At request time, the runtime evaluates the model for each candidate configuration and se-

lects the policy x∗ that minimizes the predicted service time:

x∗ = argmin
x

t̂(x)

By focusing on the relative ordering of these costs, SkyRocket identifies the optimal exe-

cution knob even in the presence of minor variance in absolute latency estimation.

5.3.5 Transparent Runtime Integration

SkyRocket deploys the trained regressor as a lightweight prediction module within the

IPC client library. Applications continue to issue IPC calls using their existing API; the

system monitors runtime context, evaluates the embedded model, and applies fine-grained

configuration choices per request. This integration preserves API semantics while enabling

dynamic, context-sensitive policy selection without developer intervention.
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5.4 Runtime Adaptation

This section details the design and implementation of SkyRocket’s adaptive execution loop,

which leverages an embedded predictor to dynamically tune IPC parameters on a per-

request basis. It explains how the system captures fine-grained workload signals to op-

timize device selection and cache injection with minimal runtime overhead. Furthermore,

the text distinguishes between these online-tunable settings and static structural configura-

tions, such as execution modes, which are fixed at deployment time. Finally, it outlines the

workflow for training and integrating workload-specific models into the runtime stack.

5.4.1 Adaptive Execution Loop

During execution, SkyRocket forms a feature vector for each request using lightweight run-

time observations and submits it to the embedded predictor. The predictor outputs updates

for the parameters that are online-tunable in the underlying IPC backend. In Rocket, this

corresponds to:

(device, cache injection)

However, the mechanism generalizes to any backend that exposes a similar runtime

configuration surface. SkyRocket is designed to support a configurable adaptation interval,

allowing policy updates to be applied at any granularity from per-request triggers to batch-

level adjustments. In our evaluation, we apply configuration updates at a resolution that

matches the fluctuation of workload signals. Metrics such as compute crowdedness and

LLC pressure can fluctuate at the granularity of individual requests (or small batches).

These fluctuations directly affect whether cache injection is beneficial and whether CPU or

accelerator execution paths are preferable. Because these signals largely determine transfer

behavior, adapting configuration at the same fine-grained resolution allows the runtime to

capture short-lived optimization opportunities that coarser-grained policies would miss.

In Rocket’s design, applying such updates is both safe and low-cost. The IPC runtime
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already handles ordering, buffer ownership, and completion tracking. As a result, Sky-

Rocket does not require additional correctness mechanisms, and configuration adjustments

do not perturb the data plane. When workload characteristics change more slowly, the same

mechanism may operate at a coarser cadence. The choice of cadence is left to the control

plane rather than fixed by the system design.

This adaptive loop allows SkyRocket to respond closely to variations in locality, inter-

ference, and system pressure. While the prototype is implemented on Rocket, the under-

lying principle (adapting online-tunable parameters at the timescale of workload variation)

extends naturally to IPC backends that expose similar runtime configuration surfaces.

5.4.2 Implementation Notes

SkyRocket is implemented as a modular policy component inside the runtime stack. The

predictor introduces a minimal overhead of approximately 75 µs on the critical path, ex-

ecuting on a per-request basis. This investment is highly cost-effective, as the resulting

optimal policy decisions reduce the overall end-to-end latency by up to several seconds.

Stable prediction accuracy is maintained through periodic refresh of normalization statis-

tics.

The core policy actions (i.e., applying the derived configuration) occur at the control-

plane level, ensuring the data plane remains fully unchanged. This design principle means

that SkyRocket’s decisions decouple the adaptive behavior from direct modifications to

the data plane components, allowing adaptation without entangling application logic with

backend heterogeneity, even though the low-latency prediction itself is invoked per-request.

5.4.3 Deployment-time Configuration and Policy Integration

While SkyRocket provides fine-grained, dynamic policy decisions at runtime (e.g., device

and cache injection selection), its operation relies on structural configuration choices

set at deployment time. This section clarifies the role of these coarse-grained knobs and
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details the process by which SkyRocket’s learned model is integrated into the runtime stack.

Structural Knobs and Static Hints. The IPC configuration space is partitioned into dy-

namic parameters that can be safely adapted per-request, and structural parameters that

govern the control flow, such as the synchronous, asynchronous, or pipelined execu-

tion modes. These structural choices must be fixed at compile or deployment time as they

fundamentally influence the application’s programming model. SkyRocket addresses this

through static deployment hints: the offline policy pipeline produces a mode hint recom-

mendation alongside the runtime parameters. This recommendation guides the user or the

build system toward the most efficient structural mode for their specific workload.

Model Integration and Automation Scope. Integrating SkyRocket involves the initial

configuration and deployment of its prediction artifact. Instead of traditional manual

code or system parameter changes, the primary deployment-time effort involves:

1. Workload Profiling: Running the provided data collection scripts to gather traces

under representative workload mixtures.

2. Model Training: Executing the learning scripts to train a workload-specific GBDT

model.

3. Artifact Integration: Serializing the trained model into a compact artifact and em-

bedding it into the client runtime for online inference.

Alternatively, users can opt for a default pre-trained model to bypass this initial profil-

ing and training. The coarse-grained knobs are thus configured indirectly by selecting the

most appropriate prediction model and the corresponding Rocket DSA structural mode.

The future scope for automation lies in developing a mechanism to automatically select

and integrate the best structural mode based on the generated mode hint, reducing the

entire deployment process to simple integration of the final model artifact.

80



5.5 Evaluation

This section presents the empirical evaluation of SkyRocket, validating both the accuracy of

its learning components and their runtime efficiency. It begins by quantifying the predictive

performance of the regression and classification models, demonstrating high fidelity in

latency estimation and configuration selection. The analysis then examines the statistical

significance of the input features and evaluates the computational overhead of the system,

confirming that the cost of decision making remains negligible. Finally, a timeline-based

case study illustrates SkyRocket’s ability to dynamically adapt execution policies such as

cache injection and device offloading in response to fluctuating workload characteristics.

5.5.1 Regression Model Performance

Table 5.3: Evaluation summary of the regression model.

Category Metric Value

Regression Performance (log-scale)
Train RMSE 0.1523
Test RMSE 0.1608

Regression Performance (original scale, µs)
Test MAE 6,635.06
Test RMSE 16,237.06
R2 0.9778

Optimal Configuration Classification
Accuracy 74.3%
Macro F1 0.75
Workloads (Test) 1161
Deviation from Optimal (MAE) 5,913.76 µs

Per-Class Metrics
async cpu $bypass Precision 0.78, Recall 0.72, F1 0.75, Support 191
async dsa $bypass Precision 0.76, Recall 0.70, F1 0.73, Support 193
async dsa $inject Precision 0.72, Recall 0.84, F1 0.77, Support 216
sync cpu Precision 0.70, Recall 0.73, F1 0.72, Support 170
sync dsa $bypass Precision 0.81, Recall 0.68, F1 0.74, Support 186
sync dsa $inject Precision 0.71, Recall 0.82, F1 0.76, Support 205

Table 5.3 summarizes the predictive accuracy of SkyRocket’s regression and classifica-
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tion components. The regression model achieves an RMSE of 0.1523 on the training data

and 0.1608 on the held-out test set in log-scale space, indicating stable generalization with

no evidence of overfitting. When errors are projected back to the original latency domain,

the model attains a MAE of 6.6ms and an RMSE of 16.2ms, corresponding to an R2 of

0.9778. These results indicate that the model captures the dominant latency structure of

IPC operations with high fidelity and preserves the explained variance across scales.

The policy selection stage likewise shows strong performance. By selecting the config-

uration with the minimum predicted latency, SkyRocket achieves 74.3% accuracy across

1,161 distinct workloads, with a macro-F1 score of 0.75. Per-class metrics in Table 5.3

show balanced behavior across CPU/DSA and bypass/inject combinations, with F1-

scores ranging from 0.72 to 0.77. Notably, classes involving cache injection (async dsa $inject

and sync dsa $inject) exhibit high recall (0.84 and 0.82), indicating that the model

reliably detects scenarios where injection policies are important. When the selected con-

figuration differs from the oracle-optimal choice, the mean performance gap is only 5.9 us.

This negligible penalty confirms that even ”misclassified” instances result in near-optimal

performance, as the model effectively captures the underlying cost structure.

Overall, the measurements in Table 5.3 demonstrate that SkyRocket’s learning com-

ponents provide accurate latency prediction and robust configuration recommendations,

enabling adaptive policy selection without compromising end-to-end performance.

5.5.2 End-to-End System Validation

SkyRocket’s runtime adaptation preserves optimal end-to-end performance at the applica-

tion level. We evaluate a full MobileNetV2 inference pipeline to assess whether dynamic

IPC decisions affect overall latency.

Figure 5.2 compares SkyRocket with a static oracle-optimal configuration. The ora-

cle reflects the best fixed policy selected with full knowledge of each transfer. SkyRocket

matches this performance without prior information. It dynamically selects between CPU
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Figure 5.2: Comparison of end-to-end results demonstrating that the async-$ configuration
yields performance equivalent to the optimal setting.

copies and hardware acceleration to follow the oracle’s effective configuration at runtime.

These results show that SkyRocket achieves optimal end-to-end behavior without man-

ual tuning or workload-specific policies. The end-to-end results confirm that our method

achieves performance equivalent to the optimal configuration and follows the same config-

uration trajectory.

5.5.3 Decision Analysis of Input Features

Table 5.4 summarizes how each input feature contributes to SkyRocket’s two runtime de-

cisions: whether to enable cache injection and whether to use the DSA device. The results

follow a consistent pattern that aligns with the model behavior previously observed in Ta-

ble 5.3.

For cache-injection decisions, two features—data size mb and llc pressure—

exhibit clear statistical significance (p ≈ 0.012 and p ≈ 0.013, respectively). This agrees

with the classifier’s strong recall for cache-injection classes, indicating that the model reli-

ably identifies workloads where enabling cache injection yields performance benefits.

Other features show little or no statistical influence. For instance, pf rate exhibits
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Table 5.4: Significance test results for decision-related input features.

Decision Input Feature P-Value / Significance

cache inject
data size mb 0.012001 (Yes)
llc pressure 0.013044 (Yes)
pf rate 0.137650 (Somewhat)
num clients 0.507112 (No)
reuse window 0.902850 (No)

device
pf rate 0.928966 (No)
num clients 0.989061 (No)
llc pressure 0.183641 (Somewhat)
data size mb 0.058129 (Yes)
reuse window 0.829394 (No)

only a weak effect, while num clients and reuse window show no meaningful con-

tribution. This mirrors the classifier’s behavior, where these features do not substantially

shift decision boundaries.

Device-selection outcomes follow a simpler pattern. Among all features, only data size mb

reaches marginal significance (p = 0.058), whereas the remaining features exhibit no de-

tectable effect. This observation is consistent with the balanced F1 scores across CPU

and DSA classes in Table 5.3. In practice, data size dominates the decision between CPU

and DSA, while other characteristics primarily influence the absolute service time without

altering the preferred device.

Overall, the significance tests indicate that SkyRocket’s decisions are driven by mean-

ingful runtime signals. Cache-injection choices depend mainly on data size and LLC pres-

sure, whereas device selection is governed almost entirely by data size. These findings

are statistically consistent with the model’s observed behavior and aligned with expected

characteristics of IPC workloads.
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Figure 5.3: CDF of end-to-end decision overhead introduced by the SkyRocket configura-
tion engine. The distribution shows that the vast majority of predictions complete within
tens of microseconds, indicating negligible impact on overall IPC latency.

5.5.4 Overhead Analysis

Figure 5.3 shows that SkyRocket’s prediction overhead is statistically insignificant relative

to the overall IPC execution time. The end-to-end inference cost averages 75 µs (stdev 13

µs), with more than 95% of predictions completing below 112 µs. This narrow distribution

demonstrates that the prediction path is both stable and low-variance.

When placed in context, the magnitude of this overhead becomes negligible. For exam-

ple, a baseline configuration of the same benchmark (mobilenetv2, CPU) exhibits 22.285 s

end-to-end latency, and selecting the optimal configuration yields a 1.705 s improvement.

The prediction cost is orders of magnitude smaller than both the total runtime and the per-

formance gains SkyRocket enables. Importantly, the tail percentiles (p95 and p99) remain

well below thresholds that could perturb IPC progress, indicating that prediction does not

introduce queueing, serialization, or contention with the data plane.

Taken together, the empirical evidence supports a simple conclusion: SkyRocket’s deci-

sion engine operates safely within the noise floor of application-level runtime. Its overhead
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Figure 5.4: Timeline trace showing SkyRocket’s online adaptation to dynamic workload
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$inject based on real-time monitoring of data size (< 5 MB vs. > 10 MB) and LLC
pressure, effectively preventing cache pollution and optimizing transfer efficiency.

is sufficiently low to permit continuous, per-request adaptation without compromising sys-

tem throughput or altering workload behavior.

5.5.5 Case Study: Online Adaptation to Workload Changes

To demonstrate the runtime adaptability of SkyRocket, we evaluate the trained model

using a synthetic benchmark designed to simulate dynamic shifts in workload intensity.

We intentionally vary the request data sizes across three distinct regimes—small (< 5

MB), medium (5–10 MB), and large (> 10 MB)—to stress-test the model’s decision logic

against prescribed parameter transitions. Figure 5.4 illustrates the variation in input fea-

tures—specifically data size and LLC pressure—across a sequence of 100 requests, along-

side the corresponding execution policies selected by SkyRocket. The experiment reveals

three distinct phases of adaptation:
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• Phase 1 (Small Payload, Requests 0–35): In the initial phase, the transfer size

remains small (< 5 MB), and system LLC pressure is low. SkyRocket determines

that the initialization overhead of the hardware accelerator outweighs the transfer

benefit for such small payloads. Consequently, it consistently selects the CPU Copy

mode to minimize latency.

• Phase 2 (Large Streaming Data, Requests 36–70): The workload shifts to a stream-

ing pattern characterized by large data spikes and elevated LLC pressure. SkyRocket

detects these signals and immediately switches to the DSA + $bypass (cache by-

pass) mode. This decision offloads the massive transfer to the accelerator while by-

passing the cache, effectively preventing LLC pollution and preserving shared cache

capacity for other processes.

• Phase 3 (Medium Size & Low Pressure, Requests 71–100): In the final phase, data

sizes stabilize at a medium range (5–10 MB), and the LLC pressure subsides. Recog-

nizing the availability of cache capacity and the potential for data reuse, SkyRocket

switches to the DSA + $inject (cache injection) mode. This strategy warms up

the cache for the consumer, thereby reducing subsequent access latency.

This trace demonstrates that SkyRocket successfully transitions beyond static policies.

By continuously monitoring runtime signals (as detailed in Table 5.1), the system dynami-

cally selects the optimal data movement path—CPU, DSA-Bypass, or DSA-Inject—for

each specific context.

5.6 Summary

This chapter presented SkyRocket, a workload-driven adaptive IPC control plane designed

to automate policy selection in increasingly complex and heterogeneous data-movement

environments. While Rocket provided the necessary physical backends and execution

modes, it left the burden of choosing the optimal configuration to the developer. SkyRocket
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resolves this by introducing an intelligent adaptation layer that transforms IPC from a set of

static configuration knobs into a self-optimizing system service that responds dynamically

to runtime environmental shifts.

SkyRocket overcomes the challenges of manual tuning and policy brittleness through

three primary architectural pillars. First, it implements a data-driven performance model

using GBDT to predict the service time of diverse IPC configurations based on lightweight

runtime signals. Second, it introduces a fine-grained adaptive execution loop that mon-

itors workload characteristics such as transfer size, LLC pressure, and page-fault rates,

to make per-request decisions on backend selection and cache management. Third, it es-

tablishes a hybrid configuration model that distinguishes between structural parameters

(static deployment hints) and behavioral parameters (runtime policy actions), ensuring that

adaptation occurs without violating the application’s execution semantics.

The evaluation demonstrates that SkyRocket achieves high-fidelity performance infer-

ence, with an score of 0.9778 in latency prediction and a 74.3% accuracy in optimal con-

figuration selection. By enabling per-request adaptation with a negligible overhead of only

75 s, SkyRocket consistently identifies the most efficient data-movement path—whether

it be CPU Copy, DSA + bypass, or DSA + inject. This automation allows the

system to match the performance of hand-tuned optimal configurations across fluctuating

workloads, proving that machine-learning-based orchestration can effectively navigate the

non-linear trade-offs of modern hardware accelerators.

5.6.1 Relationship to the Thesis Statement

The findings in this chapter represent the final evolutionary step of the central thesis: that

IPC must evolve into an active, intelligent runtime layer. While Pocket established the need

for resource-awareness and Rocket provided the data-mover-aware substrate, SkyRocket

provides the dynamic intelligence required to orchestrate these capabilities. It proves that

a ”one-size-fits-all” approach is no longer viable for modern data-centric computing and
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that the IPC layer itself must possess the reasoning capacity to bridge the gap between

high-level workload patterns and low-level hardware characteristics.

As the concluding technical contribution of this dissertation, SkyRocket synthesizes

the principles of resource-awareness, hardware-integration, and workload-adaptation into

a single unified framework. Together with the preceding chapters, it completes the tran-

sition of Inter-Process Communication from a passive data conduit into a proactive, intel-

ligent manager of system-wide dataflows, setting a new standard for the design of high-

performance, modular system architectures.
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CHAPTER 6

RELATED WORK

Prior work on optimizing IPC for data-intensive workloads has largely followed three

directions: software-level runtime optimization, hardware-assisted data movement, and

heuristic-based control. These approaches have reduced communication overhead, but they

typically address resource management, hardware offloading, and runtime adaptation in

isolation.

This chapter reviews these three bodies of work to position our contributions. We com-

pare Pocket with existing container isolation mechanisms, distinguish Rocket from static

hardware offloading abstractions, and place SkyRocket within the literature on ML-for-

systems as a learned control plane that enables coordinated adaptation across the system

stack.

6.1 Sharing, Amplification, and Transient Use of Resources

This section situates Pocket within prior work on improving the efficiency of containerized

and virtualized workloads. We review existing approaches to sharing execution state, am-

plifying resources on demand, and managing transient resource use, and clarify how Pocket

departs from these designs to address the demands of ML serving in resource-constrained

environments.

6.1.1 Efficient Container Runtimes

A substantial body of recent work focuses on improving the resource footprint, perfor-

mance, and responsiveness of containerized workloads through reduced startup latency,

improved memory sharing, runtime specialization, or workload partitioning.
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Sharing warm read-only state. Several systems reduce container startup latency by

reusing pre-initialized execution state. SOCK [104] enables fast container launch by restor-

ing containers from snapshots of pre-initialized images. While this approach significantly

shortens startup time, each container instance still maintains its own runtime, and runtime

memory overhead during steady-state execution remains largely unchanged.

Related approaches, including AWS Layers [105] and Catalyzer [106], promote sharing

of read-only state through memory or image file overlays [107]. These techniques, particu-

larly when combined with warm restart, further reduce launch time compared to monolithic

container images. However, they require explicit separation of shared and custom state and

additional program restructuring. More fundamentally, regardless of the extent of memory

sharing, these systems retain a distinct runtime instance for each application instance.

Pocket differs in a fundamental way. Rather than focusing solely on startup latency,

Pocket enables sharing of the runtime itself, offering warm shared runtime. As a result,

Pocket targets persistent execution-time resource overheads, while remaining compatible

with complementary warm-start mechanisms.

Leveraging language runtimes. Another line of work exploits language-level mecha-

nisms in managed runtimes to improve efficiency across multiple instances. Catalyzer [106]

and related systems [108] rely on runtime-specific techniques to enable sharing and opti-

mization. While effective within their scope, such approaches are inherently limited to

specific programming languages.

Other work leverages compile-time optimization to reuse cached results of static func-

tions across executions [109]. These techniques enable a limited form of shared execution

but rely on statically compiled binaries and do not support concurrent sharing across inde-

pendent invocations.

Pocket addresses the same efficiency challenge through a more dynamic approach. It is

not tied to a specific programming language and does not rely solely on static compilation.
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This design choice allows Pocket to support heterogeneous, multi-language ML workloads

that are common in containerized serving environments.

Partitioning workloads. Cntr [110] proposes splitting a container into a slim image that

contains the application and a fat image that includes auxiliary tools for debugging, au-

diting, and maintenance. This approach reduces container image size while preserving

development flexibility.

Although Pocket also adopts a partitioned design, it operates in the opposite direction.

Pocket attaches minimal frontend containers to a shared backend runtime service. This

backend is placed directly on the execution critical path and is central to resource manage-

ment and performance. In contrast, Cntr’s fat containers remain off the critical path, and

their resource usage and performance are not primary concerns of the system design.

Reducing system overheads. Some systems target isolation overheads at the system

layer. Firecracker reduces virtualization overhead to enable lightweight microVMs and

appears promising for resource-constrained deployments.

However, experimental evidence shows that for complex ML runtimes such as Tensor-

Flow, Firecracker does not significantly reduce overall resource usage compared to tradi-

tional containers. In these workloads, the dominant resource consumption occurs at the

application layer rather than the system layer. This observation motivates Pocket’s focus

on application- and runtime-level sharing rather than isolation mechanisms alone.

6.1.2 Resource Amplification: Academic Roots

A central contribution of Pocket is its use of resource amplification. While the mechanism

itself is new in this context, it draws inspiration from earlier systems research that explored

amplification under different assumptions and trade-offs.
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Amplification. Prior work employed amplification to improve efficiency or to balance

performance and security. The concept of temporarily borrowing and releasing resources

to enhance system flexibility was pioneered by Exokernel [111], which introduced revoca-

ble resource allocation to provide applications with direct hardware control. This lineage of

dynamic allocation was further developed for multi-tenant environments in systems such

as Merlin [112], Cellular Disco [113], and Barrelfish [114]. Other forms of amplifica-

tion include Active Messages [115], which streamlined communication by inlining service

invocations into messages, and Hydra [116], which introduced capability amplification to

temporarily elevate privileges during remote procedure calls to trade off security guarantees

for performance.

Pocket reinterprets these ideas for modern ML serving. It introduces resource amplifi-

cation as a mechanism that temporarily increases available resources at invocation time. To

the best of our knowledge, Pocket is the first system to implement resource amplification

in this form for ML workloads, enabling efficiency gains without permanently increasing

resource reservations.

6.2 Data Movement Across Hardware, OS, and IPC Layers

This section reviews prior work on hardware-assisted data movement and copy offloading,

with a focus on mechanisms that reduce CPU involvement in memory transfers. While

modern systems already provide a range of data movers at the hardware and kernel levels,

existing abstractions fall short of integrating these capabilities into latency-sensitive, intra-

node inter-process communication (IPC). Rocket is motivated by this gap and targets the

missing software layer between offload-capable engines and application-level dataflows.

6.2.1 A Landscape of Data Movers Across the Stack

Recent systems expose multiple data-movement mechanisms at different layers of the

stack. Although they differ in design and scope, they share the common goal of offloading
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memory copies from the CPU.

On-chip memory copy acceleration. Intel DSA [26] represents a modern on-chip ac-

celerator for general-purpose memory operations. It enables bulk data movement without

consuming CPU cycles on the copy path and exposes low-overhead submission mecha-

nisms to software. As an on-chip accelerator, DSA offers high throughput but requires

careful coordination to maintain cache coherence and memory ordering.

Memory-controller-level copy deferral. MC2 [25] introduces a lazy memcpy mecha-

nism that defers copying until the destination is accessed. By performing copy operations

within the memory controller, MC2 reduces CPU stalls transparently. However, this trans-

parency limits fine-grained software control and can introduce latency variability for large

transfers when deferred copies are triggered.

Hardware engines for heterogeneous data motion. DMX [90] accelerates data restruc-

turing and chaining across accelerators, reducing CPU orchestration overhead in accelera-

tor pipelines. While effective in its target domain, DMX follows a hardware-centric design

and does not address how software runtimes should dynamically coordinate offload deci-

sions for IPC.

Traditional DMA and network offload. Intel I/O Acceleration Technology (I/OAT) [27]

explored early DMA-based copy offloading, including IPC-oriented designs such as ADCE [29].

RDMA-capable NICs [117] have since become the standard solution for inter-node com-

munication offload. These approaches demonstrate that offloading is well established for

specific transfer domains, yet they also highlight that intra-node IPC lacks a comparable,

flexible integration layer for modern on-chip movers.

Kernel-level copy as a coordinated service. Copier [24] elevates data movement to a

first-class kernel service by providing asynchronous copy execution and system-wide coor-
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dination. XPC [118] offers kernel-level IPC primitives. While complementary to hardware

movers, kernel mediation introduces overheads that can conflict with the responsiveness

requirements of fine-grained IPC.

6.2.2 Empirical Studies and System Adoption of Intel DSA

A growing body of work has empirically characterized Intel DSA and explored its adoption

in system-level mechanisms that depend on efficient memory movement.

Microarchitectural characterization of DSA. A foundational study [28] provides a de-

tailed analysis of DSA’s execution model, work queues, and descriptor batching. The study

reports speedups of 1.7–3.0x for intra-socket transfers and 3.5–4.5x for inter-socket trans-

fers compared to single-core CPU copies. It further shows that two DSAs suffice in most

scenarios unless both source and destination reside in high-bandwidth memory. Impor-

tantly, DSA transfers do not interfere with compute-intensive or scalar workloads, while

interference arises for data-intensive memory operations.

DSA from the perspective of in-memory data processing. The work by Berthold et

al. [87] builds on prior characterization results and evaluates DSA as a practical accelerator

for in-memory workloads. The study demonstrates that DSA can both improve perfor-

mance and free CPU cores for other computation. It further argues that DSA is broadly ap-

plicable to software systems that frequently copy medium- to large-sized memory regions,

including inter-process communication when zero-copy mechanisms cannot be applied.

System mechanisms adopting DSA. DSA has been incorporated into concrete system

designs. Para-ksm [119] accelerates memory deduplication by parallelizing copy-intensive

operations using DSA. DSA-2LM [120] leverages DSA to manage data movement in

tiered-memory systems with minimal CPU involvement. Together with prior empirical
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studies [28, 87], these systems establish DSA as a deployable building block for real sys-

tems rather than a purely experimental accelerator.

Rocket is informed by this body of work but addresses a different integration boundary.

Rather than embedding DSA into a specific system service, Rocket targets intra-node IPC,

where data movement must be integrated into application-level communication paths under

strict responsiveness constraints.

6.2.3 Limitations of Existing Offloading Abstractions

Despite the availability of capable data movers, existing software abstractions do not ade-

quately support their use in IPC.

Static adoption through transparent interception. DTO [92] enables DSA offloading

by transparently intercepting glibc memcpy calls. This design represents a static adop-

tion of DSA as a drop-in replacement for CPU copies. However, DTO remains largely

synchronous and does not provide a programmable interface for selectively choosing when

offload is appropriate.

Deployment constraints of legacy DMA-based IPC. ADCE [29] demonstrates the fea-

sibility of DMA-based copy offloading but depends on kernel-mode drivers [27] and lacks

support for modern virtualization features such as IOMMU and VT-d. These constraints

limit applicability in cloud and multi-tenant environments and motivate the use of modern

on-chip accelerators such as DSA.

CPU-centric IPC designs. High-performance IPC systems such as Nightcore [67] re-

main fundamentally CPU-centric on the data movement path. They optimize CPU usage

but treat copying as an unavoidable cost rather than a selectable operation. Rocket departs

from this assumption by treating data movement as a controllable component of IPC.
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6.2.4 Workloads Motivating Efficient Intra-Node Data Movement

Evidence from data-intensive pipelines. Plumber [75] identifies data handling and IPC

as recurring bottlenecks in machine learning pipelines, showing that copy overheads can

dominate end-to-end performance once pipelines scale. These findings motivate Rocket’s

focus on reducing CPU copy pressure and integrating offload decisions directly into IPC

paths.

6.2.5 Synthesis

Prior work shows that multiple data movers exist across hardware and the operating sys-

tem, and that DSA has been empirically characterized and increasingly adopted in real

systems [87]. However, these efforts adopt offload either statically or at coarse granularity,

without integrating it into IPC semantics.

Positioning of Rocket. Rocket addresses the missing software layer between offload-

capable engines and application-level IPC. Rather than proposing another data mover,

Rocket focuses on integration, coordination, and responsiveness, enabling principled use

of hardware-assisted data movement within intra-node IPC.

6.3 Runtime Adaptation for Heterogeneous Data Movement

An intra-node IPC system operates under rapidly changing hardware conditions and ex-

poses a wide range of data-movement choices. CPU copies, on-chip accelerators such as

DSA, legacy DMA engines, and shared-memory mechanisms each exhibit distinct perfor-

mance characteristics. Selecting among these options at runtime is no longer a matter of

fixed thresholds or simple heuristics. This section reviews prior work that motivates Sky-

Rocket’s design, moving from the limits of manual configuration to the need for learned

control planes, and finally to the challenge of making learning viable on the IPC critical

path.

97



6.3.1 The Intractability of Manual IPC Configuration

Explosion of data-movement choices. Modern IPC is no longer a single-path operation.

Systems must choose among CPU-based copying, accelerator-assisted transfers such as

Intel DSA [89], legacy DMA engines including I/OAT [27], and cache-sensitive shared-

memory paths. Each option trades off latency, CPU utilization, cache pollution, and mem-

ory bandwidth pressure. Prior characterization work on DSA demonstrates that these trade-

offs vary significantly with transfer size, socket locality, and concurrent memory activ-

ity [28]. As a result, no single mechanism dominates across all conditions.

Non-linearity and cross-resource interference. The performance landscape of IPC is

highly non-linear. Small changes in input size or access pattern can trigger cascading ef-

fects on last-level cache occupancy, memory bandwidth contention, and accelerator queue-

ing delays [121, 122]. Empirical studies of accelerator-based data movement show that

performance can shift abruptly depending on whether workloads are compute-intensive or

data-intensive, and whether they interfere at shared resources [28, 123, 124, 125]. These

interactions make it difficult to predict performance outcomes using simple rules.

Limits of static heuristics. Despite this complexity, many existing systems rely on static

heuristics [126]. Standard libraries such as glibc select memcpy implementations using

fixed size thresholds that ignore runtime hardware state. Similar threshold-based decisions

appear throughout systems software [127]. While such heuristics are easy to deploy, they

implicitly assume that performance relationships are stable. In practice, IPC workloads

violate this assumption at per-request granularity, especially under noisy-neighbor effects

and fluctuating cache pressure. This makes manual tuning brittle and fundamentally in-

tractable.
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6.3.2 The Case for Learned Control Planes

Learning as a systems abstraction. Systems research has increasingly adopted learned

models to replace rigid heuristics in complex decision-making paths. Learned index struc-

tures [128] demonstrate that data access decisions can be learned rather than hard-coded.

Resource management systems such as Paragon [129] and Quasar [130] use machine learn-

ing to reason about interference and placement in large-scale clusters. Configuration auto-

tuning frameworks such as OpenTuner [131] further show that learning-based search can

navigate large, irregular configuration spaces more effectively than human-designed rules.

These successes suggest a clear direction for IPC. Selecting a data-movement path is fun-

damentally a prediction problem over a complex, non-linear space. A learned control plane

can adapt to shifting conditions and automatically capture interactions that are difficult to

encode manually. However, IPC imposes tighter latency constraints that distinguish it from

prior ML-for-systems work. Decisions must be made at microsecond granularity, often on

the critical path of application execution. This raises a key challenge: learning must be fast

enough to not negate its own benefits.

6.3.3 The Latency Requirement in IPC

Decision latency and Workloads. Many ML-driven systems make decisions at coarse

time scales. Cluster schedulers and interference-aware placement systems operate on in-

tervals of seconds or minutes [129, 130]. Even when inference overhead is amortized,

such timescales are incompatible with IPC, where decisions must be made per request and

directly affect tail latency.

Inference overhead on the critical path. Deep learning models exacerbate this problem.

Neural-network inference introduces overheads of a millisecond to second scale that are

non-negligible at microsecond scales [132]. In IPC, where the cost of a copy operation

itself may be only a few microseconds, inserting a heavy inference step can result in a net
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loss. This creates a “control-path bottleneck,” where the mechanism intended to optimize

performance instead dominates it.

Mismatch between model complexity and IPC needs. The mismatch is not concep-

tual but practical. IPC requires models that can reason about non-linear interactions while

executing with minimal instruction overhead and predictable latency. Existing ML-based

systems were not designed with such tight constraints in mind, leaving a gap between the

promise of learned control and the realities of IPC execution.

6.3.4 SkyRocket: Lightweight Gradient Boosting on the Critical Path

Why gradient-boosted decision trees. SkyRocket addresses the latency barrier by adopt-

ing gradient-boosted decision trees, implemented using LightGBM (LGBM) [133]. De-

cision trees naturally capture non-linear interactions among features, making them well

suited to the complex performance landscape of IPC. At the same time, their structure al-

lows inference to be compiled into a sequence of simple conditional branches, avoiding

the overhead of matrix operations or iterative optimization. Because tree-based models

reduce to a small number of comparisons [134], they can execute efficiently on the CPU

pipeline and fit directly on the IPC critical path. This property places LGBM in a sweet

spot between expressiveness and speed. SkyRocket leverages this characteristic to make

per-request decisions without introducing measurable control overhead.

Positioning within ML-for-systems. Prior work has explored decision trees and boosted

models in latency-sensitive domains such as packet classification and scheduling [135].

SkyRocket extends this line of thinking to intra-node IPC, demonstrating that learned con-

trol is feasible even under microsecond-level constraints. By combining lightweight models

with runtime data-movement adaptation, SkyRocket shows that learning can replace brittle

heuristics without sacrificing responsiveness.
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CHAPTER 7

CONCLUSION

7.1 Dissertation Summary: Reimagining IPC for the Data-Centric Era

This dissertation establishes that modern computing now hinges on data movement rather

than computation, and it demonstrates why this shift demands a fundamental rethinking

of inter-process communication. Data-intensive workloads—most notably end-to-end ma-

chine learning pipelines—expose the limits of traditional IPC designs. These designs rely

on small, CPU-mediated message passing and static resource management, and they no

longer sustain the scale or complexity of contemporary data-centric systems.

Revisiting this problem foregrounds the central insight of this work: IPC must evolve

from a passive conduit into a resource-aware, hardware-aware, and workload-adaptive run-

time substrate. This dissertation demonstrates this evolution through the Pocket, Rocket,

and SkyRocket systems. Each system addresses an escalating bottleneck in the data path,

and together they form a coherent trajectory toward efficient data-centric computing. Their

progression shows that overcoming IPC bottlenecks is not a sequence of isolated optimiza-

tions but a unified effort to redesign runtime communication around the realities of modern

hardware and emerging workloads.

7.2 Synthesis of Contributions

This dissertation demonstrates that Pocket, Rocket, and SkyRocket collectively mark a

staged evolution toward intelligent and efficient IPC. Their contributions are not isolated

results. They form a coherent progression in which IPC gradually expands its role from a

passive message conduit, to an active resource manager, to a hardware-adaptive substrate

capable of orchestrating large-scale data movement. This synthesis highlights how each
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system resolves a specific bottleneck while enabling the next stage of capability.

Figure 7.1: Design blueprint of Skyrocket.

7.2.1 IPC with Resource Management: Pocket

This dissertation establishes that Pocket resolves the resource overhead and isolation chal-

lenges inherent to split-architecture edge ML environments. Pocket introduces inline re-

source amplification, a mechanism that embeds execution-context authority directly into

IPC messages. By attaching resource control semantics to the data path, Pocket demon-

strates that IPC can dynamically reassign system resources rather than merely transport

payloads. This shift reframes IPC as an active resource manager and sets the conceptual

foundation for Rocket and SkyRocket, which build on this capability to address increas-

ingly demanding data-centric workloads.

7.2.2 IPC with Unified Coordination for Heterogeneous Data Movement: Rocket

Rocket advances the evolution of IPC by establishing it as a unified coordinator for het-

erogeneous data-movement backends. This dissertation demonstrates that alleviating data-

movement bottlenecks requires integrating not only hardware accelerators such as Intel

DSA, but also kernel-level memory services like Copier and optimized software routines.

Rocket abstracts these diverse backends behind a single IPC interface, allowing the runtime

to select the most effective mechanism without exposing their complexity to applications.
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This unification ensures that IPC remains the central control point for orchestrating data

movement across heterogeneous engines.

Rocket goes beyond simple offloading. It introduces a coordinated IPC runtime that

consistently manages backend-specific characteristics such as asynchronous execution be-

havior, cache-bypass modes, and kernel–user transition costs. By controlling these prop-

erties within the software stack, Rocket provides the mechanism needed for applications

to exploit a wide range of copy engines without being tied to any particular implementa-

tion. This contribution establishes the physical foundation on which SkyRocket’s adaptive

policies operate and extends the capabilities enabled by Pocket’s resource-aware design.

7.2.3 IPC with Adaptive Intelligence: SkyRocket

SkyRocket completes the evolutionary arc of this dissertation by establishing IPC as an

adaptive decision-making system. Building on Rocket’s hardware-coordinated mecha-

nisms, SkyRocket resolves the core challenge of selecting the optimal execution path among

many alternatives—CPU vs. DSA, synchronous vs. asynchronous execution, and cache-

injection vs. non-injection modes. These choices depend on dynamic runtime conditions

such as data size, contention, and pipeline configuration, and the complexity of navigating

them exceeds what static heuristics can provide.

This dissertation demonstrates that a lightweight learned model can serve as an effective

adaptive control plane for IPC. SkyRocket employs this model to revise communication

strategies in real time, ensuring that each data-movement operation aligns with current

system conditions. By doing so, SkyRocket adds the “intelligence layer” that Pocket and

Rocket intentionally set the stage for: Pocket enabled resource-aware IPC; Rocket enabled

hardware-aware IPC; and SkyRocket unifies these capabilities into a workload-adaptive

runtime. Together, they produce an end-to-end system that embodies the central thesis of

this work—IPC must evolve into an intelligent, adaptive substrate for efficient data-centric

computing.
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7.3 Key Insights and Broader Implications

This dissertation establishes several design principles that extend beyond the individual sys-

tems developed in this work. These insights clarify how future communication substrates

must evolve to support data-centric computing at scale.

The Breakdown of the Black-Box Abstraction. This dissertation demonstrates that the

long-standing practice of treating IPC as a black box (reduced to send() and recv() seman-

tics) is fundamentally misaligned with data-centric workloads. Efficiency now depends

on exposing hardware characteristics and data properties such as modality and size to the

IPC layer. When IPC is aware of these attributes, the runtime can select communication

paths that better exploit hardware capabilities and reduce unnecessary data movement. The

Pocket–Rocket–SkyRocket progression shows that once the abstraction boundary becomes

permeable, IPC can act with precision rather than generality, yielding substantial perfor-

mance and efficiency gains.

Co-design of Communication and Resource Management. We establish that com-

munication and resource management cannot remain decoupled components of the system

stack. Treating them as independent responsibilities leads to inflated overheads and unpre-

dictable latency in dense and heterogeneous workloads. Pocket demonstrates that unifying

these concerns enables IPC to dynamically allocate resources along the data path, produc-

ing low-latency and high-throughput operation even under load. This co-design principle

underpins Rocket’s hardware coordination and SkyRocket’s adaptive policies, showing that

integrated control is a prerequisite for efficient data-centric systems.

Adaptivity Is Essential, Not Optional. This dissertation demonstrates that fixed heuris-

tics and static policies break down in environments marked by rapidly changing system

states and heterogeneous hardware. As accelerators proliferate and data pipelines grow

in scale, the system must continuously revise its communication strategy to reflect cur-

rent conditions. SkyRocket’s adaptive control plane embodies this requirement by learning
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from runtime signals and selecting the most efficient execution path on demand. Adaptiv-

ity therefore emerges not as an optimization but as a foundational requirement for next-

generation IPC systems and, more broadly, for efficient data-centric computing.

7.4 Future Directions

This dissertation establishes the foundations of intelligent, resource-aware, and hardware-

coordinated IPC. At the same time, it acknowledges several limitations that open mean-

ingful avenues for future research. These directions extend the ideas developed in Pocket,

Rocket, and SkyRocket to broader and more complex system environments.

Scope of Heterogeneity. This work concentrates on intra-node scenarios and evaluates

heterogeneity primarily through a single accelerator class, such as Intel DSA. Future sys-

tems, however, will rely on far more diverse hardware substrates. Extending the proposed

IPC mechanisms to CXL-based memory pooling, GPU-direct communication, and other

disaggregated architectures will be essential for validating their generality. These envi-

ronments introduce unique latency characteristics, shared-memory topologies, and failure

modes that an intelligent IPC runtime must learn to navigate.

Distributed Systems. Pocket’s resource propagation and SkyRocket’s adaptive control

demonstrate clear benefits within a single machine. Extending these mechanisms to inter-

node settings raises significant challenges. Network latency variability, distributed state

synchronization, and multi-node resource arbitration complicate the semantics of resource-

aware and adaptive IPC. A future research direction is to develop communication sub-

strates that preserve the core guarantees established in this dissertation even when data

moves across network fabrics. Achieving this goal would unify intra-node and distributed

communication under a single adaptive IPC framework.

Complexity of Learning Models. SkyRocket shows that lightweight learned models can

effectively guide IPC decisions in dynamic environments. Yet more intricate workload

patterns and long-horizon dependencies may exceed the representational capacity of such
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models. Reinforcement-learning–based IPC controllers represent a compelling extension.

These controllers could acquire policies through interaction, adapt autonomously to evolv-

ing system conditions, and coordinate multiple heterogeneous data-movement engines si-

multaneously. Advancing this line of work would deepen the role of intelligence within

IPC and extend the adaptive capabilities established in this dissertation.

7.5 Concluding Remarks

This dissertation demonstrates that modern data-centric applications demand communi-

cation substrates capable of managing data movement with far greater speed, autonomy,

and intelligence than traditional IPC can deliver. In response to this need, the disserta-

tion presents concrete architectures and methodologies that transform IPC from a passive

conduit into an active, intelligent manager of data movement. Pocket, Rocket, and Sky-

Rocket together offer a practical blueprint for the co-evolution of hardware and software

in next-generation systems. Their progression establishes that intelligent, resource-aware,

and hardware-coordinated IPC is not an incremental enhancement but a foundational re-

quirement for efficient data-centric computing.
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