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Abstract

Traditional application delivery requires full local instal-
lation, incurring persistent security risks from outdated ver-
sions, significant download delays. Despite advances in net-
work throughput and latency, existing dynamic loading so-
lutions such as Web applications and network filesystems
like NFS suffer from performance degradation, functional-
ity limitations, and intrusive application modifications. We
introduce STREAMBUS, a transparent application streaming
system that redefines the network as a semantic-aware vir-
tual storage bus beneath the file system layer. Supporting
deployment across diverse environments, including WiFi-
dependent mobile devices, it addresses two key challenges:
maintaining microsecond-level latency comparable to local
storage and bridging the semantic gap between stateless re-
mote storage and stateful execution. To achieve this, STREAM-
BUS combines a dual-mode transmission mechanism that
synchronously serves requested blocks and asynchronously
prefetches predicted blocks, with a thread-aware Markov-
chain model that captures fine-grained access patterns. Evalu-
ation shows STREAMBUS delivers near-native performance
across diverse networks. On desktops, it achieves 15-40%
better per-page access latency than local NVMe in common
cases. On mobile devices, it typically sustains startup over-
heads below 40% relative to local storage, even over variable
Wi-Fi connectivity. Robustness experiments demonstrate sta-
ble performance under emulated network conditions with
realistic delay patterns, supporting intra-city deployments.

1 Introduction

Traditional application delivery typically involves down-
loading the entire application package from an app store
or third-party source to local storage, followed by instal-
lation, which introduces critical challenges in both secu-
rity and usability. First, users often postpone or avoid
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upgrading applications [24, 26], leading to persistent security
vulnerabilities [6, 7, 35], slower feature rollouts, and wasted
development effort. Second, growing application sizes lead
to longer download and installation times, which can be espe-
cially burdensome in short-term scenarios—such as travelers
needing a transit app or users trying a newly released applica-
tion.

Fundamentally, this model treats applications as fixed-
function packages that must be fully installed onto local stor-
age before use. Such a static deployment approach reduces
flexibility in application provisioning and limits adaptability
to dynamic usage scenarios. Meanwhile, advances in wired
and wireless network technologies, such as 5G NR [39] and
Wi-Fi 6 (802.11ax) [21], now provide multi-gigabit through-
put with latencies that can closely match those of local storage
buses, under ideal conditions. These trends pave the way for a
new application delivery paradigm, in which the network acts
as a functional extension of the storage bus [43, 44]. With
sufficient bandwidth and low latency, it becomes feasible to
stream applications on demand from remote storage, rather
than pre-installing them locally.

Despite these promising technological developments, both
industry and academia have proposed numerous solutions for
dynamic application loading—each facing significant prac-
tical limitations. Framework-bound approaches typically re-
quire extensive modifications to existing applications, hinder-
ing widespread adoption [3, 4, 11, 22]. Alternative solutions
based on Web or mini-program technologies simplify delivery
but often sacrifice performance and native functionality due to
their reliance on browser-based runtimes [17, 40]. Even net-
work filesystems such as NFS [30], while supporting remote
execution through OS-level page faults, fall short in efficiency.
Their design favors throughput and sequential access, limiting
performance for latency-sensitive, random execution patterns.

Motivated by these limitations, we present STREAMBUS, a
system for transparent, on-demand application streaming that
introduces a semantic-aware virtual storage bus abstraction,
effectively bridging remote storage and local execution. Un-
like traditional networked file systems (e.g., NFS) or virtual



disk solutions, which merely provide file-level or block-level
remote access without semantic awareness, STREAMBUS op-
erates as an intelligent extension of local storage. Specifically,
it intercepts application-level page faults and file read oper-
ations beneath the file system layer, dynamically streaming
data from remote storage based on execution-driven block
prediction. By leveraging semantic awareness—embedding
thread-specific runtime behaviors into predictive prefetch-
ing—STREAMBUS ensures that network latency is masked,
closely matching the performance characteristics of local stor-
age buses. Thus, our proposed semantic virtual bus abstraction
allows unmodified applications to transparently execute di-
rectly from networked storage, eliminating installation delays,
reducing local storage dependency, and adapting flexibly to
dynamic usage scenarios.

Implementing STREAMBUS faces two fundamental techni-
cal challenges arising from the semantic gap between network
storage and application execution. First, streaming executa-
bles requires microsecond-level latency: code blocks need
to arrive on the order of microseconds to prevent execution
stalls. This stringent timing requirement conflicts with net-
work protocols on end devices that are primarily optimized
for bulk throughput, a challenge intensified by mobile de-
vices operating over fluctuating Wi-Fi connections. Second,
storage systems are inherently stateless, treating each access
independently, whereas program execution is stateful, with
access patterns that evolve over time based on runtime control
flow, input, and thread behavior. While prior systems [23]
have employed Markov chains to model these patterns, their
coarse-grained, per-executable modeling fails to capture the
fine-grained, interleaved, and non-deterministic sequences
introduced by concurrent thread execution.

To address these challenges, STREAMBUS introduces two
key technical innovations. First, to reconcile microsecond-
level latency demands with fluctuating network conditions,
STREAMBUS employs a dual-mode transmission mechanism.
The fast path synchronously delivers explicitly requested file
blocks, while the slow path asynchronously prefetches pre-
dicted blocks into local memory. This parallel mechanism
effectively transforms network I/O into memory-level oper-
ations, masking transfer latency and ensuring uninterrupted
block availability even over variable connections. Second,
STREAMBUS introduces a novel thread-aware prefetching
paradigm that embeds per-thread block access sequences into
the storage-layer prediction mechanism. Using server-side
Markov chain models to track the access behavior of indi-
vidual threads, STREAMBUS preserves execution semantics
across network boundaries. These models track per-thread
access patterns while generalizing across devices, improving
prediction accuracy for recurring behaviors such as applica-
tion startup sequences.

STREAMBUS adopts a distributed architecture comprising
complementary client- and server-side components. On the
client side, STREAMBUS is implemented using two types of

dedicated kernel threads—fast path and slow path—which
bridge the upper layer of the custom, lightweight, read-only
filesystem and the remote server. The fast and slow path
threads operate as a cooperative pair and are instantiated from
a dedicated thread pool. Both STREAMBUS and the custom
filesystem are implemented within a single kernel module.
On the server side, STREAMBUS is implemented as a Rust
userspace daemon that hosts a prefetcher built from a set of
Markov chains, with one chain per executable. STREAMBUS
incorporates thread-level semantics into each Markov chain.
This allows the system to capture and predict fine-grained,
thread-specific block access patterns. The prefetcher parti-
tions the predicted sequence into two subsets: immediate
successor blocks, which are sent via the fast path to mini-
mize latency, and longer-range predicted blocks, which are
delivered asynchronously via the slow path. Both subsets are
transmitted efficiently using the zero-copy sendfile syscall.

This paper makes the following contributions:

1) STREAMBUS, a system introducing a semantic-aware vir-
tual storage bus abstraction, transparently bridging re-
mote storage and local execution, enabling unmodified
applications to execute directly over the network without
installation and achieving near-native performance.

2) A dual-mode transmission mechanism that masks network
latency by combining synchronous delivery of explic-
itly requested blocks with asynchronous prefetching of
predicted blocks.

3) A thread-aware, per-executable Markov prefetching model
that captures fine-grained block access patterns and pre-
serves execution semantics, substantially improving pre-
diction accuracy and prefetch timeliness.

4) An evaluation on both mobile and desktop systems demon-
strating that STREAMBUS achieves significantly lower
startup overheads compared to traditional methods. On
desktop systems, STREAMBUS outperforms NFS by up
to 3x in per-page access latency and even surpasses lo-
cal NVMe storage by 15%—40% in most scenarios. On
mobile devices, STREAMBUS typically sustains startup
overheads below 40% relative to local storage, even un-
der variable Wi-Fi conditions.

2 Background: Execution-

Storage Divide

Bridging the

This section analyzes the key challenges in bridging appli-
cation execution with remote storage. We first examine why
network latency remains fundamentally different from stor-
age latency, despite advances in throughput and access speed.
Next, we discuss how stateless storage interfaces fail to cap-
ture the semantics of execution. Finally, we contrast the limi-
tations of existing solutions with the design requirements of
STREAMBUS.
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Figure 1: CDF of file sizes across application binaries (file counts on right y-axis). A.Studio = Android Studio.

2.1 Why Network Latency # Storage Latency

The fundamental challenge in streaming application execu-
tion stems from the persistent disparity between network
and storage latency characteristics. While modern storage
devices achieve microsecond-scale access latencies [15, 19],
remote access over commodity networks suffers from orders-
of-magnitude higher and less predictable delays. In particular,
state-of-the-art wireless networks (e.g., Wi-Fi 6, 5G) exhibit
long-tail latency spikes reaching into the tens of milliseconds
in real-world conditions [21, 39]. This discrepancy becomes
critical for code execution, where microsecond-level latency
consistency is essential to avoid processor pipeline stalls.

This problem is amplified by two key architectural mis-
matches. First, conventional network protocol stacks intro-
duce substantial overhead. TCP congestion control algo-
rithms (e.g., Cubic, BBR) introduce latency variability due
to queuing, retransmissions, and window adjustments, while
connection setup and security handshakes further inflate
end-to-end delays [5, 13]. Even DCTCEP, a state-of-the-art
congestion control algorithm designed for datacenter effi-
ciency, can incur millisecond-scale delays when handling
small requests [2]. While far-memory systems also support
remote access [31, 46], they rely on low-latency intercon-
nects for volatile memory extension, making them unsuitable
for high-latency mobile and edge environments. Second, net-
work filesystems such as NFS were originally designed for
throughput-oriented workloads, as their protocols and caching
strategies are optimized to maximize sustained data flow
rather than minimize individual access latency. This design
favors sequential, megabyte-scale transfers typical of bulk
data or media streaming. In contrast, as shown in Figure 1,
application executables range from kilobytes to hundreds
of megabytes, demanding versatile systems that efficiently
support variable code loading patterns.

STREAMBUS addresses these limitations by rethinking the
network not as a communication channel, but as an extension
of the storage bus. Instead of relying on traditional remote
file protocols like NFS, STREAMBUS introduces a semantic-
aware virtual bus that directly exposes fine-grained block
access operations over existing TCP transport. This design
decouples application execution from bulk file transfer mod-
els, enabling precise, on-demand fetching of code and data
blocks with microsecond-scale latency. To fully realize this
capability in dynamic network environments, STREAMBUS
further employs a dual-mode transmission mechanism, which
will be described in Section 3.2.

2.2 The Myth of "Generic' Prefetching

Traditional prefetching mechanisms operate under a critical
misconception: that storage access patterns exhibit predictable
spatial and temporal locality. While this assumption holds for
workloads such as media streaming and database scans, it
breaks down in the context of application code execution,
where access patterns are governed by control flow and thread
interactions rather than file offset contiguity.

Existing techniques fall short along three key dimensions.
First, there is a granularity mismatch: prefetchers like Linux
ReadAhead [38] and Leap [1] optimize for sequential file
offsets, whereas code execution follows virtual address jumps
that are often unrelated to the physical block layout of the exe-
cutable on disk. Second, StreamSys, a representative Markov-
based model, is concurrency-blind [23]. Based on Markov
chain principles, such models learn probabilistic transitions
between block accesses from application execution patterns,
enabling prediction and prefetching of future blocks to con-
vert random I/O into sequential access. However, StreamSys
tracks only process-level access sequences and ignores thread-
level interactions. In practice, thread A may block on thread
B’s I/0O, producing complex, interleaved access patterns that
render process-wide prediction ineffective. Third, there is a
statefulness gap: storage systems treat each access as an inde-
pendent event, whereas program execution maintains evolv-
ing control flow. This often leads prefetchers to aggressively
fetch cold code paths while missing hot, frequently executed
branches.

STREAMBUS breaks from this tradition by embedding
thread execution semantics directly into the storage layer. Our
thread-aware prefetching model (Section 3.3) tracks storage
access sequences at thread granularity, modeling block tran-
sitions as per-thread Markov chains. This design enables it
to distinguish interleaved access patterns across concurrent
threads and capture common execution paths without requir-
ing program instrumentation or source-level analysis.

2.3 The Illusion of Transparency

Prior attempts at transparent application streaming gener-
ally fall into three categories, each introducing trade-offs
in compatibility, performance, or complexity. Framework-
bound approaches, such as Android Instant Apps [11], re-
quire explicit modularization and disallow native code via the
JNI interface, limiting compatibility and increasing developer
burden. Web-based solutions, including WebAssembly [34]



and mini-program [14] platforms, simplify distribution but
operate in constrained sandboxed environments, leading to
performance overheads—up to 2x slower than native bina-
ries [40]—and limited system API access. Other systems,
such as AppSlicer [4] and LegoDroid [22], dramatically mod-
ify core application lifecycle behavior (e.g., Activity or class
loading) to enable partial loading. While effective, these ap-
proaches involve deep changes to the runtime, increasing sys-
tem complexity and reducing portability. Most prior solutions
rely on non-native frameworks or runtime modifications, com-
promising system-level transparency and hindering adoption
across diverse platforms.

In contrast, STREAMBUS achieves full binary transparency,
supporting unmodified ELF and APK binaries with complete
system API and native code access. No source changes, mod-
ularization, or special build steps are required. Our Android
implementation requires only minimal AOSP framework mod-
ification to bypass APK installation checks, without altering
application behavior.

3 Design

This section presents the overall architecture of STREAMBUS,
followed by two key mechanisms that enable low-latency ex-
ecution and accurate prediction: a dual-mode transmission
mechanism and a thread-aware prefetching model. We con-
clude with a case study demonstrating integration into the
Android software stack.

3.1 System Architecture

STREAMBUS adopts a client—server architecture where the
client runs a custom filesystem backed by a virtual storage bus,
and the server provides application content on demand using
predictive prefetching, as illustrated in Figure 2. This subsec-
tion describes the key components on both sides of the system
and how they interact to support low-latency, installation-free
execution. Throughout this section, we refer to transmitted
data units as blocks, which are mapped to memory as pages
(typically 4 KB each) on the client side. We sometimes use
“block” and “page” interchangeably, depending on context.
STREAMBUS is designed to support these three goals:

» Transparency: Applications require no installation and
execute seamlessly over the network using remote con-
tent transparently.

« Efficiency: A dual-path mechanism decouples latency-
sensitive execution from predictive background trans-
fers.

* Compatibility: STREAMBUS integrates with existing
OS infrastructure, supporting standard file APIs and
Linux’s page cache without requiring modifications to
applications.
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Figure 2: STREAMBUS architecture illustrating client-side
stack, virtual bus, and predictive access over fast and slow
paths.

The client includes a kernel module that provides a read-
only filesystem supporting traditional file operations (e.g.,
open, read, mmap), and maps virtual file blocks to remote net-
work requests . When a block is requested, whether through
a file read or a Page Fault, the custom filesystem forwards the
request to the STREAMBUS runtime @. This runtime man-
ages paired types of dedicated kernel threads where the fast-
path thread synchronously handles demand-driven requests
and the corresponding slow-path thread asynchronously re-
ceives prefetched blocks predicted by the server. Both threads
maintain persistent TCP connections to the server and store
received blocks in the Linux page cache ®, enabling seamless
integration with the virtual memory subsystem.

The server consists of two main components: a semantic-
aware prefetcher and a block handler. Since all executable
content is read-only and shared across users, the prefetcher
is placed on the server to avoid per-user duplication and to
leverage its stronger computational resources for low-latency
prediction. The prefetcher maintains a per-executable Markov
model to predict future block accesses based on observed
execution patterns. As a semantic-aware component, the
prefetcher leverages two key sources of context. First, it uses
high-level filesystem information, such as file paths, to form
the foundation for building accurate, file-specific prediction
models. Second, it incorporates OS-level thread context to
capture per-thread access behaviors and temporal locality.
When serving a request from the client, the prefetcher uses
both the block index and this rich contextual information to
generate a predicted sequence of future accesses ®@. Unlike
traditional block-based storage systems that operate solely
on numerical sector addresses, this semantic-aware interface
enables more accurate and timely prediction by incorporat-
ing execution-level semantics. The handler, in turn, manages
network communication and block dispatch. It retrieves the
required blocks from storage @, forwarding the explicitly re-
quested block to the fast path while sending predicted blocks
to the slow path. This division ensures that critical execu-
tion proceeds promptly, while background predictions are
delivered opportunistically.



Main Kernel Thread Fast Path Slow Path Server
@ send faulted page
A
faulted_page page_req /(5 send requested page
g metadata response @ ——— metadata_resp
< magic | type [fast_num
@| active slow path | slow_num | file_size
> index[0] [ ... [ index[N]
. send block[0-fast_num-1]
return to main ® < ®a
@ ., kernel thread a
)
send remaining blocks
»a
©b 2 @b\ block_content
[block[O]] ... [ blockiN] ]

Figure 3: Dual-mode block delivery workflow (Fast & Slow Path).

3.2 Dual-Mode Transmission Mechanism

Unlike bulk data transfers or media streaming, application exe-
cution requires microsecond-scale responsiveness for fetching
individual code blocks. Even modest delays in block availabil-
ity can block execution progress, particularly when a thread
is suspended during page fault handling. While modern wire-
less and mobile networks provide high throughput, they still
suffer from variable latency and long-tail jitter. STREAM-
Bus addresses this challenge by decoupling latency-sensitive
execution from background prefetching, using a dual-mode
transmission mechanism that routes predicted blocks across
two parallel paths.

The dual-mode mechanism is implemented using multiple
pairs of persistent TCP connections between the client and
server, where each pair consists of a fast path and a slow
path thread. The fast path serves synchronous, demand-driven
block requests; the slow path handles asynchronous prefetch
transfers. This separation allows latency-critical blocks to
be served quickly while enabling background prediction to
proceed in parallel without interfering with execution. The
overall workflow is illustrated in Figure 3.

Fast path: demand-driven block retrieval. When an ap-
plication triggers a page fault or issues a file read, the kernel
module constructs a page request structure that includes the
file pointer (file), thread ID (tid), object type (file or direc-
tory), and the faulted page (page). The file is subsequently
used to resolve the file path and to access the page cache
via its associated address mapping. The main kernel thread
selects an available fast/slow path pair from a round-robin
queue and forwards the fault context to the designated fast
path thread ®. This thread constructs and sends a page_req
message, which includes the file path (resolved from the file
pointer), thread ID, object type, and page index @. These
fields together capture both file-level and thread-level context,
enabling the server-side predictor to make accurate prefetch-
ing decisions. Upon receiving the page request, the server
invokes its semantic-aware predictor to generate a predicted
sequence of future block accesses. It then constructs and re-

turns a metadata response, which includes the predicted block
indices, fast_num,slow_num, and total file size ®. After re-
ceiving this response, the fast path parses the total number of
predicted blocks and their indices, prepares memory pages
for them, and activates the corresponding slow path, passing
along the metadata @. The server then transmits the explicitly
requested block along with the first few predicted blocks (up
to fast_num) to the fast path ®a. These blocks are inserted
into the page cache ®a, allowing the main kernel thread to
resume execution @.

Slow path: asynchronous prediction delivery. After re-
sponding to the fast path, the server sends the remaining pre-
dicted blocks (i.e., from fast_num onward) to the correspond-
ing slow path connection ®b. The client’s slow path thread
receives these blocks asynchronously, inserts them into the
page cache, and populates them with file content ®b. Since
many execution paths exhibit spatial or temporal reuse, this
speculative delivery improves future hit rates and reduces
blocking I/0. Pages fetched via the slow path are maintained
in reclaimable page cache, avoiding memory pressure and
allowing safe coexistence with other memory workloads.

Concurrency and flow control. Each fast/slow path pair
operates independently, supporting multiple outstanding re-
quests across CPUs. Once a pair is selected, it is marked busy
and excluded from further scheduling until both its fast and
slow path transfers complete. This explicit pairing preserves
prediction alignment between metadata and data streams, sim-
plifying both server-side dispatch and client-side state man-
agement. In practice, the number of concurrent page faults
remains low due to the serialized nature of fault handling in
the kernel, which reduces contention. Nonetheless, the design
could be extended in future work to support NUMA-local
prefetch threads or adaptive prediction reuse based on run-
time feedback.

The dual-mode transmission mechanism bridges OS-level
demand paging with predictive content delivery by proac-
tively staging blocks into the page cache, effectively masking
network latency.
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Figure 4: Markov model training in STREAMBUS.

3.3 Thread-Aware Prefetching

As discussed in Section 2.2, existing approaches fail to cap-
ture the interleaved, thread-specific code paths seen in real-
world applications. To address this limitation, STREAMBUS
employs thread-aware prefetching based on Markov chains,
enabling accurate prediction of complex execution patterns.

Training and model construction. The training pipeline
consists of four stages, as summarized in Figure 4. To build
predictive models, STREAMBUS first collects block-level exe-
cution traces by running each target application multiple times
(e.g., 10 runs) in a controlled environment, where each run
involves a complete cold-start execution followed by clear-
ing the page cache. This limited collection suffices because
startup behavior exhibits highly stable block access patterns
across users. During application execution in the profiling
phase, the client records per-thread block access sequences,
tagging each block request with the responsible thread ID
to accurately capture interleaved execution patterns. In the
second stage, per-execution thread traces belonging to the
same executable are merged into a unified sequence. This
process discards thread identifiers while preserving the com-
mon access transitions observed across threads. Since precise
cross-thread timing information is not recorded, STREAMBUS
merges thread-local sequences in randomized order. Although
this can cause overlaps between independent thread paths
when the prediction window exceeds individual sequence
lengths, the affected blocks typically belong to critical exe-
cution paths and remain beneficial for prefetching. Potential
over-prediction issues arising from this merging strategy are
addressed during the inference stage. By aggregating at the ex-
ecutable level, STREAMBUS balances model generality with
training simplicity, while preserving thread-level execution
semantics without incurring the overhead of modeling each
thread independently.

Next, STREAMBUS constructs a transition count hashmap
that records the frequency with which each block is followed
by another. For example, if block 1 is followed by blocks 3
and 4 in separate traces, both transitions are counted. This
structure preserves transition frequencies across runs, thereby
forming the basis for probabilistic prediction in later stages.
Finally, the transition probabilities are computed by normal-
izing the count map, producing a Markov chain that links

each block to its potential successors with associated prob-
abilities. This chain forms the basis of runtime prediction,
enabling the server to speculate future accesses from any
given starting block. The entire training process is lightweight,
application-specific, and performed offline. This approach is
particularly effective for application execution workloads,
which, as shown in Figure 1, often involve large numbers
of files with highly diverse size distributions. In such cases,
Markov chains provide efficient prediction by modeling tran-
sitions between code blocks. We use hash-based storage in-
stead of dense matrices for fast lookup and reduced memory
overhead.

Runtime inference. Upon receiving a block request from
the client, which includes the application name, ELF file name,
and starting block index, the server performs a hierarchical
lookup to locate the appropriate prediction model. It first
queries the application-level map using the application name
to retrieve the set of associated ELF binaries, then locates
the corresponding ELF entry based on the provided file name
and subsequently retrieves the pre-trained Markov chain as-
sociated with the executable. This Markov chain encodes
transition probabilities between code blocks, learned from
previously observed execution sequences. At each prediction
step, a given state may have multiple candidate successors,
as illustrated in Figure 4 (e.g., block 1 has successors 3 and
4). The server samples a random probability and traverses the
successor list according to their transition probabilities. For
instance, if the random probability is less than 0.5, it selects
block 3; otherwise, it selects block 4. This stochastic selec-
tion process ensures that frequent execution paths are favored
while still allowing for variability across runs. Starting from
the requested block, the server performs iterative prediction
by selecting the most probable successor at each step and us-
ing it as the new input state. Prediction continues until either
a fixed number of blocks has been generated or no valid suc-
cessor exists. Due to the use of optimized hash-based lookup
structures, each transition incurs sub-microsecond latency in
practice, enabling near-instantaneous generation of the full
prediction sequence. Once the sequence is produced, it is par-
titioned into two parts. A short prefix, typically consisting of
1 to 4 blocks, is immediately dispatched via the fast path to
satisfy critical execution demands. The remaining blocks are
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Figure 5: STREAMBUS inference procedure.

transmitted asynchronously over the slow path to opportunis-
tically prepopulate the page cache. This division prioritizes
immediate responsiveness while proactively masking network
delays for subsequent accesses.

To address potential over-prediction introduced during
training sequence merging, STREAMBUS maintains an ac-
cessed sequence list for each executable during inference. Af-
ter the server completes a Markov chain traversal for a given
prediction, the corresponding sequence indices are recorded in
this list. When a future request targets a block already present
in the accessed sequence list, the server returns only the re-
quested block without initiating additional prediction. This
mechanism suppresses redundant speculation and prevents
unnecessary network transfers. Given the typical stability of
client-side page caches, blocks once prefetched are unlikely
to be immediately evicted. Therefore, it is reasonable to as-
sume that recent prefetches remain valid for a window of time.
The accessed sequence list is periodically refreshed every few
minutes to account for cache turnover and maintain prediction
freshness.

4 Implementation

We implement STREAMBUS with a combination of kernel-
space and user-space components, deployed across Linux
(desktop) and Android (mobile) platforms. The following
sections detail the key components and integration efforts.

4.1 Client-Side Runtime

STREAMBUS’s client-side runtime is implemented as a Linux
kernel module, comprising approximately 3,200 lines of C
code (excluding comments and blank lines). It consists of a

custom read-only filesystem and a pair of dedicated kernel
threads per CPU: one for the fast path (demand-driven re-
quests) and one for the slow path (asynchronous prefetching).
The module interacts with the page fault handler, page cache,
and the remote server to fulfill block-level access requests
from applications.

Filesystem and Request Dispatch. The filesystem is
mounted by the user and supports standard file operations such
as read, and mmap. Once mounted, applications can access
remote executables transparently through the local filesystem
interface, similar to distributed filesystems like NFS. When a
page fault or read operation occurs, the filesystem constructs
a faulted_page request containing high-level context, in-
cluding the file pointer and thread ID (tid). The request is
then dispatched to the fast path thread through a lock-free
ring buffer (kfifo), with synchronization managed via a pair
of semaphores (sem_send, sem_recv). To avoid inter-core
contention, each CPU maintains its own independent set of
kfifo queues and semaphores. After enqueuing the request,
the filesystem signals the fast path thread using sem_send
and blocks on sem_recv until the request is fulfilled.

Fast Path Thread. Each fast path thread is bound to a
CPU core and maintains a persistent TCP connection to
the server on port 9999. Upon receiving a filesystem re-
quest, the fast path sends it over the socket and waits for
a metadata_resp containing the requested page and pre-
dicted successors. The fast path thread performs the follow-
ing steps: @ It first receives the page indices (requested plus
predicted) from the server, allocates empty kernel pages via
__page_cache_alloc, and notifies the slow path to receive
the remaining pages. @ It inserts each allocated page into the
file’s page cache mapping using add_to_page_cache_lru.
@ It then receives the actual page content over the TCP con-
nection using kernel_recvmsg. @ Finally, it marks the pages
as uptodate and unlocks them for access by the main thread.

Slow Path Thread. Each slow path thread (also one per
CPU) handles prefetching of predicted blocks and communi-
cates with the server over a second persistent TCP connection
(port 9998). After receiving a batch of page indices and asso-
ciated metadata forwarded from the fast path, the slow path
inserts the pages into the page cache and retrieves their con-
tents from the server using the same TCP-based data transfer
mechanism as the fast path.

4.2 Server-Side Runtime

The server is implemented in Rust for safety and performance,
with two main components: a 1,340-line block handler for
I/O and dispatch, and a 210-line semantic-aware prefetcher
for prediction.

The block handler manages persistent TCP connections to
the client, operating in a multithreaded, event-driven model.
For each newly established fast path connection (on port
9999), the server spawns a dedicated handler thread. Upon



receiving a request, the handler consults the prefetcher to gen-
erate a prediction sequence and orchestrates block dispatch
between the fast and slow paths. The prefetcher maintains per-
application Markov models trained offline using startup traces.
To locate the appropriate model, it first identifies the appli-
cation by name and then the specific ELF file by its hashed
path. Given a requested page index, the prefetcher samples
a sequence of likely successors. The prediction results are
split into two groups: a short prefix (1-4 blocks) for the fast
path and the remainder for the slow path. The server sends
a structured response containing metadata and page indices,
and transfers file data using Linux’s zero-copy sendfile ()
syscall, coalescing adjacent pages to reduce syscall overhead
and disk I/O. The server also maintains a background lis-
tener on port 9998 for slow path connections. Each slow path
thread, paired with a fast path thread, asynchronously fetches
deferred predictions, enabling concurrent computation and
data transfer for higher throughput and lower latency.

4.3 Integration into the Android Platform

To demonstrate the practical viability of STREAMBUS in pro-
duction environments, we integrate it into the Android Open
Source Project (AOSP) to enable direct execution of APK
applications from remote storage without installation. This
integration is non-trivial because Android’s tightly coupled
application lifecycle enforces a strict installation pipeline: the
system expects every application to be formally installed via
the package manager, which involves copying the APK to
local storage, parsing and verifying metadata, performing per-
mission and signature checks, and compiling bytecode into
native code. These stages assume that application artifacts
are locally resident and registered with the system, posing
fundamental challenges for on-demand execution.

To enable remote execution without installation, we in-
troduce minimal modifications to the Android framework.
Specifically, this integration adds approximately 130 lines for
a dedicated interception class and only a few dozen lines of
changes to the package manager and launcher components.
We skip the APK copy step (since the APK remains remote),
bypass permission checks (assuming trusted delivery from
a verified server), and omit dex2oat compilation (as precom-
piled artifacts can also reside remotely). All remaining parts
of the launch process—including application sandboxing,
process spawning, and system service access—remain un-
changed.

This modification is narrow in scope, affecting only a few
routines in the package manager. It does not impact other
applications, does not alter kernel behavior, and requires no
changes to the APK itself. From the application’s perspective,
the launch experience is identical to a locally installed app:
the APK runs in the standard runtime environment with full
system API access, requiring no code changes or additional
runtime support.

Table 1: Evaluated applications and corresponding installation
sizes

Desktop Mobile
Pycharm 3.0GB Uber 447TMB
A.Studio 2.9GB WPS 377MB

Shotcut 685MB | Spotify  193MB

VSCode 409MB | Whatsapp 126MB
Firefox 260MB | Telegram 122MB

5 Evaluation

Evaluation Goals. We evaluate STREAMBUS to answer the
following key questions:

* Q1: Microsecond-Scale Responsiveness. Can the sys-
tem serve remote content with low latency, even under
unpredictable network delays?

* Q2: End-to-End Performance. How much speedup
does STREAMBUS offer for application launch, com-
pared to traditional installation-based workflows?

* Q3: Robustness. How does system performance de-
grade under adverse conditions, such as latency injection
and packet loss?

Scope. All experiments in this section primarily focus on
the application startup phase. Startup is chosen because it
represents a critical, measurable, and user-facing performance
window, where latency and responsiveness are most impactful.
This focus ensures consistent and meaningful comparisons
across different baselines.

Testbed. We evaluate STREAMBUS on a Google Pixel 6 Pro
and two Dell OptiPlex 5070 desktops. The Pixel 6 Pro fea-
tures an octa-core CPU (2x2.80 GHz Cortex-X1, 2x2.25 GHz
Cortex-A76, 4x1.80 GHz Cortex-A55), 8 GB LPDDRS RAM,
and 128 GB UFS 3.1 storage. Each desktop is equipped with
an 8-core Intel Core i7-9700 @ 3.00 GHz, 16 GB LPDDR4
RAM, and a 1 TB NVMe SSD. One desktop serves as the
backend for both the Pixel 6 Pro and the other desktop client.
In the wired setup, the desktops connect via 1 Gbps Ethernet
through a NETGEAR router. In the wireless setup, the Pixel
connects over 802.11ac (5GHz) to the same router. Kernel
versions are 5.10.198 (Pixel) and 5.10.157 (desktops).

Baseline Configuration. In the Wi-Fi environment, we com-
pare STREAMBUS running on the Pixel 6 Pro against the
native Android file system backed by local UFS 3.1 storage.
In the wired desktop environment, we evaluate STREAMBUS
against two baselines: local execution from an NVMe SSD
and remote execution via NFSv4. To ensure fair and consis-
tent comparisons, we clear the client-side page cache before
each measurement unless otherwise specified, as page cache
effects can significantly skew performance results. Table 1
summarizes the installation directory sizes of the evaluated
applications. Note that, due to lack of NFS support on An-
droid, comparisons involving NFS are only conducted on the
desktop platform.
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Figure 6: Per-page average latency across applications in the
wired desktop environment.

5.1 Microbenchmark

Per-Page Latency. To understand STREAMBUS’s responsive-
ness during execution, we evaluated the average per-page la-
tency for application startup. Specifically, we first identify the
number of code blocks accessed during the launch phase, and
then record the cumulative time spent serving these pages un-
der different I/O methods. Latency is measured at two points
within the kernel: the vm_operations_struct.fault ()
callback, which is triggered by page faults, and the
file_operations.read_iter () function, invoked either
by the kernel or from userspace during explicit file reads.
The average latency is obtained by dividing the total serving
time over the number of accessed pages.

Based on Figure 6, in the wired environment, even when
equipped with a high-performance NVMe SSD, STREAM-
BUS consistently outperforms the local bus in most cases un-
der cold-start conditions. Specifically, STREAMBUS achieves
16-40% lower per-page latency than the local NVMe SSD
across most applications in the wired setting, demonstrating
its ability to outperform even high-performance local stor-
age. The only exception is Shotcut, where STREAMBUS is
48.1% slower than local access. This performance drop can
be attributed to Shotcut’s directory structure, which contains a
large number of small files (as shown in Figure 1). This leads
to extensive metadata traversal, which diminishes the effec-
tiveness of predictor-guided block prefetching and reduces the
benefits of execution-aware streaming. As shown in Figure 7,
in the Wi-Fi environment, STREAMBUS maintains compet-
itive latency despite operating over wireless links. In most
cases, the per-page latency increases only modestly, ranging
from 17.2% to 27.0% compared to UFS 3.1 on the Pixel 6 Pro.
Opverall, the moderate overhead is a direct result of STREAM-
BUS’s dual-path transmission mechanism, which shifts the
critical path from network I/O to local memory access. By
prefetching predicted blocks into memory ahead of demand,
STREAMBUS effectively hides wireless latency and sustains
sub-millisecond responsiveness for most applications.
Insights into Dual-Path Transmission. To evaluate the ef-
fectiveness of STREAMBUS’s dual-path design, we conduct
a microbenchmark to explore how total prefetch size affects
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Figure 7: Per-page average latency across applications in the
mobile Wi-Fi environment.
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Figure 8: Effect of total prefetch size (in pages).

latency while keeping the fast path size small (1 to 4 pages).

As shown in Figure 8, increasing the total number of
prefetched pages generally reduces latency across all appli-
cations. This improvement arises because a larger slow path
buffer increases the likelihood of future accesses being served
from memory, thereby reducing blocking I/0. However, the
benefit plateaus when the total prefetch size reaches 128 pages
(512KB). This is due to two main reasons. First, a 128-page
window provides a sufficiently large memory-resident page
pool at the client side, allowing most faulted accesses to be
served directly from memory without triggering additional
network fetches. Second, many executable files in typical ap-
plications are smaller than 512 KB (as shown in Figure 1). As
a result, the predictor often captures and returns most or all
of the accessed blocks within the executable, effectively cov-
ering the file’s working set. This explains why larger prefetch
sizes yield diminishing returns. In apps like Shotcut, which
contain many small files and a few large ones, excessive
prefetching pulls in cold blocks from large files, polluting
memory and delaying critical pages, thereby increasing la-
tency.

Prediction Accuracy. Figure 9 presents the page
cache hit rate observed during both page fault han-
dling (filemap_fault()) and buffered read operations
(generic_file_buffered_read()), calculated as the
number of cache hits divided by the total number of
find_get_page () invocations within these two functions.
STREAMBUS consistently outperforms both the local system
and NFS across all applications, with particularly large
gains for Shotcut, Android Studio, and PyCharm. These
improvements stem from STREAMBUS’s execution-aware
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predictor, which anticipates future accesses based on runtime
semantics rather than relying solely on past sequential access
patterns. In contrast, Firefox and VSCode show high hit
rates even under the local and NFS setups. This is largely
due to their relatively small working sets and the presence
of large data files within their installation directories. These
files are often accessed sequentially and in bulk, which
naturally boosts the hit rate of prefetchers even without
semantic insight. Additionally, such workloads tend to benefit
from Linux’s default readahead heuristics, masking the
performance difference.

5.2 End-to-End Performance

We evaluate the end-to-end performance of STREAMBUS to
assess its impact on user experience across both desktop and
mobile environments. A typical application usage flow in-
volves three stages: downloading the package (e.g., APK),
installing or extracting it, and launching the application. On
both desktop and mobile platforms, traditional workflows in-
volve downloading the application via FTP from a local server,
followed by installation and launch. In contrast, STREAMBUS
and NFS enable direct execution from remote storage on desk-
top, bypassing the download and installation stages. While
STREAMBUS eliminates installation entirely on desktop, it
still incurs installation overhead on Android due to system
restrictions. For desktop evaluations, we measure only the
startup time, defined as the interval from the launch command
to the last stable block request. For mobile, startup time is
measured using the am start command, while download and
installation times are recorded separately for comparison.
As shown in Figure 10, compared to local execution from
a high-speed NVMe SSD, STREAMBUS reduces startup la-
tency by 2.6% for Firefox and 12.9% for VSCode, highlight-
ing the effectiveness of its execution-aware streaming design.
However, for applications like Pycharm and Android Studio,
STREAMBUS incurs modest overheads, while Shotcut per-
forms significantly worse due to its highly fragmented file
layout. Against NFS, STREAMBUS consistently outperforms,
with startup time reductions ranging from 22.9% to 55.5%.
These improvements stem from its dual-path transmission and
semantic prediction design, which together reduce blocking
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Figure 10: End-to-end launch time comparison on desktop.
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Figure 11: End-to-end launch time comparison on mobile.

I/0 and improve cache efficiency. Figure 1| presents results in
the mobile setting. Compared to UFS 3.1 local storage on the
Pixel 6 Pro, STREAMBUS incurs moderate startup overheads
ranging from 23.7% to 36.9% for most applications. Despite
operating over Wi-Fi, these latencies remain acceptable for
cold starts. The only notable outlier is WPS Office, which
shows a 105.0% overhead, due to its larger working set and
less predictable access patterns.

Overall, STREAMBUS yields substantial reductions in end-
to-end application launch time. On desktop systems, it reduces
the total launch time, which includes download, installation,
and startup, by between 45.2% and 78.7% compared to the
conventional installation-based approach. On mobile devices,
while STREAMBUS introduces slightly higher startup latency,
it compensates by eliminating the download phase and sig-
nificantly accelerating installation. Consequently, the total
user-perceived delay is reduced by 36.9% to 80.4%. These
findings demonstrate that STREAMBUS enables efficient and
low-latency app streaming on both desktop and mobile plat-
forms.

5.3 Robustness Under Network Variability

To evaluate the robustness of STREAMBUS under real-world
network fluctuations, we conduct experiments by injecting
round-trip latencies of 2 ms, 10 ms, 30 ms, and 100 ms, cor-
responding approximately to communication over distances
of 10 km, 100 km, 1,000 km, and 10,000 km [29, 37], re-
spectively. To emulate realistic wide-area network (WAN)
conditions, all configurations are tested with an added packet
loss rate of 0.05% and jitter of 10%, reflecting transoceanic



1e3
Oms EZ2 10 ms 100 ms
E= 2ms [EZI 30ms

TIegram Whatsapp Spotify WPS Uber

Figure 12: Average per-page latency under varying network
conditions on mobile.

transport scenarios [33]. We evaluate both mobile and desk-
top applications. For reference, the dashed line (Thre.) in
Figure 13 and Figure 15 indicates the total delay (download
+ install + launch) observed under local storage, as shown in
Figure 11 and Figure 10, respectively.

Robustness on Mobile. Figure 12 presents the average
per-page latency for mobile applications under varying net-
work latencies. We observe that WhatsApp and Uber maintain
the most stable latency profiles. This is largely because their
startup workflows involve intensive APK parsing operations,
which result in predominantly sequential access patterns. Con-
sequently, these applications benefit from higher page cache
hit rates and reduced I/O blocking. Notably, despite the 100ms
round-trip latency injection, all applications achieve low av-
erage per-page latency (<2ms) through persistent TCP con-
nections that enable large payloads per round trip and high
prediction hit rates (>93%), where most accesses are served
from prefetched cache at memory speed. Figure 13 shows
the corresponding startup times across latency conditions. In
most cases, applications remain below the local-installation
threshold even under 1,000 km-equivalent delay. Under low-
latency intra-city conditions (e.g., 100 km or less), startup
performance improves further, demonstrating STREAMBUS’s
resilience to moderate network delays.

Robustness on Desktop. Figure 14 shows the average
per-page latency for each application under varying network
delays on desktop. STREAMBUS consistently outperforms
NFS across all latency conditions, achieving 2x to 7x lower
latency at typical RTTs such as 10 ms and 30 ms. For ex-
ample, at 30 ms, VSCode sees a drop from 995 us (NFS)
to just 195 us with STREAMBUS, while Android Studio
drops from over 2 ms to under 300 us. These improve-
ments result from STREAMBUS’s dual-path architecture and
semantic-aware prefetching, which proactively caches nec-
essary blocks and isolates execution from round-trip delays.
Figure 15 presents the corresponding end-to-end launch times
on desktop. STREAMBUS consistently delivers lower startup
latency than NFS across all delay settings, with particularly
notable improvements under practical latency conditions (10
to 30 ms RTT), where it achieves 1.5x to 2x speedup. These
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Figure 13: End-to-end application startup time under varying
network latency on mobile.

conditions correspond to typical intra-city and regional de-
ployments. Most applications launch well below the local-
installation threshold, confirming STREAMBUS’s suitability
for on-demand usage at scale, particularly under 10-30 ms
RTTs that approximate intra-city (= 100 km) and inter-
province (= 1,000 km) deployments. In contrast, NFS incurs
longer delays and higher variance due to its synchronous,
throughput-oriented design. Its reliance on Remote Proce-
dure Calls (RPC), coarse-grained locking, and lack of seman-
tic context makes it ill-suited for handling the fine-grained
and unpredictable access patterns common during applica-
tion startup. It is worth noting that both STREAMBUS and
NFS preserve program correctness even under high-latency
conditions, as they operate purely at the block level without
modifying execution behavior.

6 Related Work

Remote Application Execution. Several prior efforts have
explored remote application execution and streaming-based
delivery in both industry and academia, most of which require
application repackaging or refactoring. Commercial systems
such as Microsoft App-V [25], Novell ZENworks Application
Virtualization [27], and Numecent Cloudpaging [28] virtual-
ize entire applications to reduce installation overhead, but rely
on packaging tools and runtime layers that operate at the ap-
plication level. Troy leverages VHD features to partially load
Windows images from a server [42]. Academic proposals like
AppFlux [3], AppSlicer [4], and LegoDroid [22] implement
streaming mechanisms by modifying the Android framework
at the activity granularity, requiring intrusive changes to both
apps and system components. Google Play Instant avoids
framework changes but imposes size limits, bans native code,
and requires modular refactoring [11].

Network File Systems and Remote Storage. Various dis-
tributed file systems have been proposed to meet the unique
demands of scalability, consistency, and performance under
different hardware and workload assumptions. Ceph [36], for
instance, separates metadata and data management using a
pseudo-random distribution function to improve scalability
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Figure 14: Average per-page access latency on desktop under varying network delays.
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Figure 15: End-to-end application launch latency on desktop across different network delays.

and fault isolation. Orion [41] and Octopus [47] both lever-
age NVM and RDMA to achieve low-latency access, but with
distinct optimizations for metadata and bulk data paths, respec-
tively. GFS [9], in contrast, emphasizes fault tolerance and
high throughput at scale, enabling efficient operation across
thousands of nodes with commodity infrastructure. Other
systems aim to provide high-performance remote storage.
110 [16] shows that TCP can match RDMA performance by
minimizing CPU overhead through zero-copy and parallel
I/0. RIO [8] reduces latency by overlapping computation and
data transfer but still requires staging the entire dataset before
execution. Tolvanen et al. [32] propose a mobile-optimized
remote storage framework for Symbian OS that supports dis-
connected operation and enables file access via FTP.

Prefetcher. Zhang et al. [45] drew a novel connection be-
tween storage prefetching and supply chain management
(SCM), applying inventory theory to dynamically manage
memory allocation for concurrent access streams. By mod-
eling per-stream demand deviation and access rates, their
SCM-inspired techniques significantly improved prefetch ef-
ficiency and resource utilization. Griffioen and Appleton [12]
proposed automatic file system prefetching based on past
access patterns, significantly improving performance over
traditional caching methods. Kaplan et al. [18] explored dy-
namic, workload-aware demand pre-paging, reducing page
faults and improving virtual memory performance under con-
strained resources. MobiRA [20] addressed read-ahead in-
efficiencies on Android by dynamically adjusting prefetch
size and stop conditions to better balance latency and cache
efficiency. SARC [10] treats prefetching aggressiveness as a
resource allocation problem, using supply chain management
principles to dynamically balance memory across concurrent
streams based on access patterns. Leap [1] is a lightweight,
adaptive prefetching framework for RDMA-based remote

memory systems that learns dominant access patterns to re-
duce page cache misses and remote access latency.

7 Conclusion

This paper presents STREAMBUS, a system that introduces
a semantic-aware virtual storage bus abstraction to enable
seamless, on-demand streaming of unmodified applications
from remote storage. By bridging the semantic gap between
application execution and network storage at the block layer,
STREAMBUS eliminates installation overheads while achiev-
ing near-native responsiveness. Extensive evaluation shows
that STREAMBUS consistently outperforms traditional ap-
proaches like NFS and, in some cases, even surpasses lo-
cal NVMe storage, enabled by its dual-path transmission
mechanism and thread-aware predictive prefetching. Ro-
bustness tests demonstrate stable performance under real-
istic network delays, confirming STREAMBUS’s practical-
ity for deployments within urban networks. By shifting fo-
cus from throughput-oriented remote storage to execution-
aware streaming, STREAMBUS redefines the boundary be-
tween execution and storage, opening new opportunities for
distributed systems, mobile computing, and edge-cloud in-
tegration—making seamless access a practical direction for
application delivery.
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