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Abstract—Networked Music Performance (NMP) systems en-
able geographically distributed musicians to collaborate in real
time, yet they remain fundamentally limited by semantic blind-
ness, i.e., the inability to interpret the musical content of the audio
stream being transmitted. This paper moves toward Semantic
NMP by showing that audio inference deployed at the Edge
can be integrated in NMP pipelines without violating real-time
constraints. To realize this vision, we design and implement a
modular framework integrating three complementary analysis
engines that operate concurrently on the live stream: instrument
recognition via Pretrained Audio Neural Networks, librosa-based
rhythmic feature extraction, and spectral quality monitoring, all
embedded within a JackTrip-based NMP workflow. We evaluate
the full pipeline under three deployment strategies (local, edge-
assisted, and cloud-based) and quantify their impact on inference
latency. Under local execution, processing averages 28 ms per
chunk (38.5 ms total across all three engines). Cloud deployment
yields 56.7 ms inference, while edge deployment increases neural
inference to 106.3 ms but confines transport latency to 0.1–1
ms. As semantic analysis runs asynchronously from the audio
path, these delays affect semantic-update latency rather than the
NMP transport budget. Edge computing thus offers a favorable
latency-computation trade-off for semantic-aware NMP.

Index Terms—Networked Music Performance, Edge Com-
puting, Semantic Audio Analysis, Instrument Recognition, Dis-
tributed Music Systems

I. INTRODUCTION

Networked Music Performance (NMP) systems enable ge-
ographically distributed musicians to perform together in real
time, pushing the limits of ultra-low latency networking and
interactive media processing. Achieving a seamless musical
interaction requires stringent end-to-end delay constraints,
typically below 20–30 ms, beyond which human perception
degrades synchronization and musical expressiveness [1]. As
a result, NMP has historically focused on optimizing transport
protocols, audio encoding pipelines, and network paths to
minimize latency and jitter. Yet, despite these advances, a
fundamental limitation persists: NMP systems remain seman-
tically blind, transporting audio faithfully but without any
understanding of its musical content.

At the same time, recent advances in Artificial Intelligence
(AI), particularly in audio understanding and real-time infer-
ence, have opened new opportunities for augmenting musical
interaction. Tasks such as instrument recognition, rhythmic
analysis, and audio quality monitoring can provide semantic
awareness of the music stream, mapping raw audio signals to
high-level descriptors that capture what is being played, how it

is structured, and whether it is degrading. This semantic layer
enables adaptive effects, intelligent mixing, and context-aware
enhancements, representing a qualitative shift from mere audio
transport to musically-informed network behavior. However,
integrating AI into NMP systems introduces a fundamental
challenge: where should the intelligence be placed in the
network to preserve real-time constraints?

Traditional cloud-centric approaches offer scalable compu-
tational resources, but introduce additional delays that may
violate the strict latency requirements of NMP. On the other
hand, fully local processing at the client side is constrained
by limited computational capabilities and energy budgets,
especially in lightweight or embedded setups. Edge computing
emerges as a promising middle ground, offering low-latency
processing close to the user while retaining sufficient computa-
tional power for AI inference. Crucially, the edge is not merely
a latency optimization: it is the enabling layer that makes
semantic awareness compatible with real-time musical inter-
action, allowing semantic descriptors to be extracted and acted
upon before the audio stream is forwarded further. Despite its
potential, the feasibility of deploying AI-driven semantic audio
processing within NMP systems remains largely unexplored.

This paper addresses this gap by investigating the integra-
tion of AI-based audio analysis within NMP architectures,
with a specific focus on edge-assisted deployment. Rather than
proposing a new networking paradigm, we aim to answer
a more fundamental and practical question: can semantic
awareness be embedded into real-time musical interaction
without interfering with the low-latency audio transport path,
and if so, where should semantic processing be placed to
provide timely and predictable descriptors?

To this end, we design and implement a modular framework
that incorporates multiple real-time audio analysis models,
including instrument recognition, rhythmic feature extraction,
and signal quality monitoring, operating on live audio streams.
We evaluate different deployment strategies (local, edge-based,
and cloud-based), quantifying their impact on end-to-end
latency and real-time feasibility within a representative NMP
workflow based on JackTrip.

The contributions of this work are threefold:

• Multi-Modal Semantic Framework: We design and
implement a modular framework that integrates hetero-
geneous AI-driven audio analysis tasks.



• Architectural Deployment Exploration: We define and
formalize multiple deployment strategies, including local,
cloud-centric, and edge-assisted execution, and introduce
JackTrip-as-a-Service (JT-aaS) as a conceptual edge-
native extension for future managed deployments.

• Experimental Validation: We characterize the compu-
tational cost of the semantic pipeline under local, cloud,
and edge execution and show that all analysis modules
operate comfortably within the adopted 2-second seman-
tic processing window. The results further highlight the
trade-off between faster cloud computation and lower,
more predictable network overhead at the edge.

The remainder of this paper is organized as follows. Sec-
tion II reviews the related work on NMP systems and AI-
driven audio analysis. Section III describes the proposed
semantic-aware NMP architecture under cloud and edge de-
ployment models. Section IV details the multi-modal audio
processing pipeline, the semantic mapping layer, and the
real-time implementation constraints. Section V defines the
four experimental deployment scenarios considered in the
evaluation. Section VI presents and discusses the experimental
results, covering computational performance, feature consis-
tency, semantic discriminative power, and long-term stability.
Section VII concludes the paper and outlines directions for
future work.

II. RELATED WORK

A. NMP Architectures and Latency Constraints

Networked Music Performance (NMP) enables geographi-
cally distributed musicians to collaborate in real time over data
networks [1]. Early pioneering work by the SoundWIRE group
at Stanford University established the technical foundations of
interactive audio streaming over the Internet, emphasizing the
fundamental barriers imposed by network delay [2], [3]. A key
limiting factor is the Ensemble Performance Threshold (EPT)
[4], which defines the strict upper boundary for synchronous
acoustic interaction. Empirical studies indicate that human
perception degrades performance synchronization when the
end-to-end delay exceeds 20–30 ms [1], with values above
25 ms severely disrupting rhythmic coordination and ensemble
cohesion.

To satisfy the EPT, substantial research has targeted low-
latency systems and transport protocols. Open-source frame-
works like JackTrip and LOLA minimize transmission delay
by utilizing uncompressed audio streaming over bare UDP
combined with ultra-low buffer sizes [5]. While effective under
stable corporate or academic networks, these architectures
remain highly vulnerable to volatile unmanaged public Internet
conditions.

B. Network-Aware Optimization and Advanced Infrastructures

Beyond transport protocol tuning, extensive literature ad-
dresses the impact of heterogeneous network impairments on
distributed performances. Packet jitter is often as disruptive as
absolute delay, causing timing instability and degrading the
user’s Quality of Experience (QoE) [6]. Traditional mitigation

strategies rely on network-aware audio encoding [7], forward
error correction, and adaptive playout buffering [8].

More recently, next-generation network infrastructures have
expanded the geographic reach of NMPs. Frameworks lever-
aging 5G cellular systems have enabled localized untethered
musical interaction [9], while Low Earth Orbit (LEO) satellite
constellations like Starlink have connected remote locations
[10]. Nevertheless, despite high bandwidth capacity, LEO
satellite links introduce variable latency profiles that continu-
ously challenge the rigid deterministic boundaries imposed by
the EPT.

C. AI Integration and Edge Processing in Multimedia Streams

In parallel, Artificial Intelligence (AI) has been introduced
into the NMP domain, primarily focused on signal-level en-
hancements. Deep learning models are increasingly utilized
for packet loss concealment, predictive network modeling,
and real-time audio frame reconstruction under adverse con-
ditions [11], [12]. Concurrently, AI-driven musical interac-
tion explores real-time accompaniment and human–AI co-
performance systems [13].

Although these approaches demonstrate the potential of
intelligent audio processing, they rarely consider where infer-
ence should be executed and how deployment architectures
impact real-time transport performance. Centralized cloud-
based inference introduces additional internet-backbone delays
incompatible with strict interactive constraints. To solve this,
Edge Computing has emerged as a promising paradigm to
offload media processing closer to the end users, dramat-
ically compressing inference delay. However, while edge-
assisted processing is widely investigated in generic real-time
multimedia workflows, its systemic evaluation within high-
fidelity, ultra-low-latency NMP environments remains severely
limited, particularly as emerging spatial and immersive audio
environments introduce steep computational footprints [14].

D. Research Gap and Contribution

A clear gap emerges from the surveyed literature: existing
NMP architectures address isolated networking or signal-level
optimization challenges without a comprehensive, multi-model
evaluation under varying deployment layers. Furthermore,
current systems remain semantically blind, transporting raw
audio streams without any high-level contextual understanding
of the musical interaction.

To bridge this gap, this paper introduces a semantic-aware
NMP framework. Rather than shifting away from raw au-
dio streaming, our architecture augments traditional Jack-
Trip pipelines by extracting concurrent, high-level semantic
metadescriptors. Unlike prior works that focus on single-task
AI enhancements, we evaluate heterogeneous semantic work-
loads under strict EPT constraints and compare deployment
layers systematically. We evaluated multiple AI-based analy-
sis models under heterogeneous NMP deployment scenarios
(local, cloud, and edge-assisted), providing a formal system-
level perspective on the computational trade-offs of intelligent
distributed music systems.



III. PROPOSED SEMANTIC-AWARE NMP ARCHITECTURE

This section describes the two primary deployment models
evaluated within the semantic-aware NMP framework. For
consistency with the implementation and the diagrams, we re-
tain the label IR service; however, the service encapsulates the
complete multi-modal semantic pipeline, including instrument
recognition, rhythmic analysis, and quality monitoring.

A. Cloud-Centric Deployment Model

The first architecture hosts the audio processing and seman-
tic analysis service on a centralised cloud infrastructure, as
illustrated in Fig. 1. When a musician initiates a performance
session via the local JackTrip client, a service request is
forwarded to an Edge Orchestrator, which authenticates the
session and provisions a containerised Instrument Recognition
service (IR service) on the remote cloud endpoint.

Once the cloud instance is active, the data plane follows a
multi-hop path:

• Stream forwarding: The audio stream handled by the
JackTrip endpoint is mirrored and transmitted to the
cloud-hosted semantic analysis service.

• Semantic inference: The cloud-resident IR service pro-
cesses the incoming audio chunks, executing the parallel
neural inference and feature extraction pipelines.

• Contextual filtering: Adaptive audio filters are applied
based on the detected instrument taxonomy and signal
quality profile.

• Stream return: The processed audio stream is routed
back to the client application across the network back-
bone.

B. Edge-Assisted Deployment Model

The second architecture relocates the semantic processing
service to a node at the network edge, as depicted in Fig. 2.
The control path is identical to the cloud model: the Edge
Orchestrator receives the session request and provisions the
IR service container. However, instead of deploying to a
remote data centre, the orchestrator instantiates the service on
a local edge server situated in close proximity to the client’s
access network.

Co-locating computation with the access node confines the
data plane to the edge domain:

• Local routing: The incoming audio stream is routed di-
rectly to the edge computing node, bypassing the internet
backbone.

• Edge inference: The IR service performs instrument
recognition, feature aggregation, and semantic classifica-
tion within the edge domain.

• Low-latency return: The filtered audio track is returned
to the JackTrip client without traversing the core network.

C. JackTrip-as-a-Service Architecture

A third deployment variant, introduced in this work as
JackTrip-as-a-Service (JT-aaS), extends the edge model by
migrating the JackTrip server itself to the edge node alongside
the IR service. Under this configuration, the orchestration

layer handles per-user session authentication and instantiation,
eliminating the need for a dedicated JackTrip client process on
the end device. More importantly, inference and filtering are
applied directly to the audio stream at the server side, before
it is forwarded to the user.

IV. EXPERIMENTAL METHODOLOGY

The proposed multi-modal analysis framework was im-
plemented and validated using a modular Python-based ar-
chitecture. The system consists of three specialised engines,
each designed for a distinct analytical task and operating
concurrently on a shared stream of discrete audio chunks.

A. Audio Processing Pipeline

To ensure computational efficiency while satisfying the
heterogeneous input requirements of the three models, the
system operates on discrete, non-overlapping audio chunks
extracted from the live stream. Processing parameters are
configured independently per module:

• Model A (Instrument Recognition): Based on the
PANNs (Pretrained Audio Neural Networks) architecture
[15], which was pre-trained on the AudioSet corpus
[16] comprising 527 sound classes. The input signal is
resampled to fs = 32 kHz prior to feature extraction.
Inference is accelerated via a CUDA-enabled device to
minimise per-chunk processing time.

• Model B (Rhythmic Analysis): Employs librosa-based
onset detection and beat tracking [17] operating at fs =
48 kHz. Onset events and RMS energy are computed per
chunk to derive rhythmic density estimates and section-
level labels.

• Model C (Quality Monitoring): Also operates at fs =
48 kHz. Spectral flatness and spectral centroid are ex-
tracted per chunk as proxy indicators of signal degra-
dation, codec artefacts, and clipping.

It is worth emphasising that the primary objective of this
work is not to provide an exhaustive comparative evaluation
of the three AI models in isolation, nor to benchmark their
classification accuracy against state-of-the-art alternatives. We
intentionally select three representative models as representa-
tive instances of semantically distinct analysis tasks chosen to
demonstrate how heterogeneous AI workloads can be embed-
ded at different points of the NMP architecture and evaluated
under different deployment strategies.

B. Semantic Mapping and Classification

A key contribution of the framework is the translation of
low-level acoustic features into high-level semantic descriptors
that are interpretable at the application layer. Two complemen-
tary mapping layers are defined, one for instrument identity
and one for rhythmic texture.

1) Instrument Taxonomy: The raw output of Model A is a
527-dimensional probability vector over all AudioSet classes.
Rather than using this fine-grained label space directly, we
implement a custom aggregation layer that groups semantically
related classes into ten functional macro-categories suited to
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the NMP context. Representative groupings are reported in
Table I. For each macro-category k, a binary activation flag
ak ∈ {0, 1} is derived as:

ak = 1

[
max
j∈Ck

pj ≥ τ

]
(1)

where Ck is the set of AudioSet label indices belonging to
category k, pj is the model’s output probability for label j,
and τ = 0.2 is a confidence threshold. The value τ = 0.2
was selected empirically to balance recall (avoiding missed
detections on instruments with naturally diffuse spectral pro-
files, such as strings) against precision (suppressing spurious
activations in silence or noise segments).

2) Rhythmic Semantics: Model B derives two complemen-
tary rhythmic descriptors per chunk. First, the beat rate is
estimated as the number of detected onset events per second.
Second, the RMS energy is computed as a measure of dynamic
intensity. The joint distribution of these two quantities is used
to assign each chunk to one of four section-level categories:
dense groove (high beat rate, high energy), sparse groove (low
beat rate, moderate energy), onset bursts (high beat rate, low
sustained energy), and other.

TABLE I
INSTRUMENT MACRO-CATEGORIES FOR MODEL A OUTPUT

AGGREGATION.

Macro-category Representative AudioSet labels
Drums Drum kit, Snare drum, Bass drum, Cymbal
Bass Bass guitar, Double bass
Strings Violin, Cello, String section
Vocals Singing, Choir, Vocal
Piano Piano, Electric piano, Keyboard
Electric Lead Electric guitar, Distortion guitar
Acoustic Guitar Acoustic guitar, Fingerpicking
Brass & Wind Trumpet, Saxophone, Flute
Percussion Bongo, Claves, Maracas
Other Synthesizer, Organ, Harp

C. Real-time Implementation Constraints

Live audio acquisition was performed using the
sounddevice Python API, which provides low-latency
access to the system audio interface and enables direct
integration with the JackTrip audio stream. To guarantee
continuous operation without buffer overflow, each processing
iteration must satisfy the following timing constraint:

Tinference + Toverhead < Tchunk (2)

where Tinference is the total inference time across all three
models for a single chunk, Toverhead accounts for data transfer,



resampling, and feature formatting operations, and Tchunk de-
notes the chunk acquisition window. In all experiments Tchunk

was set to 2.0 s, chosen as a practical trade-off between the
temporal resolution of the semantic descriptors and headroom
for inference.

It is important to clarify the relationship between the 2-
second analysis window and the real-time latency constraints
of the NMP transport layer. The audio stream transmitted
between JackTrip endpoints operates at the standard NMP
latency of 20–30 ms and is never delayed or buffered for
semantic analysis purposes. The multi-modal analysis pipeline
runs asynchronously and in parallel with the transport layer:
it continuously processes non-overlapping 2-second windows
of the audio stream to produce semantic descriptors, which
are then applied to subsequent audio packets. This introduces
a semantic update latency of at most Tchunk = 2.0 s but
imposes no additional delay on the audio transport itself.
In practice, this latency is perceptually acceptable for the
application-layer services targeted by this work (instrument-
aware filtering, adaptive mixing, quality-triggered rerouting),
as these operate on the timescale of musical phrases rather
than individual audio packets.

It should be noted that the present study focuses on the
feasibility and latency implications of semantic descriptor
extraction within the NMP pipeline, rather than on the design
or evaluation of specific audio filters. The contextual filtering
step represents a target application layer that consumes the
semantic descriptors produced by the IR service; its computa-
tional cost and perceptual effects are left for future work.

V. EXPERIMENTAL EVALUATION

This section presents the experimental evaluation of the pro-
posed framework across four deployment scenarios, designed
to quantify the latency overhead introduced by the IR service
under different computational placement strategies.

A. Evaluation Scenarios

Four deployment scenarios are considered at the architec-
tural level. The experimental measurements reported in this
work focus on the computational behavior of the local, cloud,
and edge semantic-processing configurations, while JT-aaS is
included as a conceptual deployment extension.

Scenario 1 – Baseline JackTrip. JackTrip runs on the client
device as intended, with no additional processing service. End-
to-end latency measurements are collected on the client side
and serve as the baseline against which the overhead of the
AI service is assessed.

Scenario 2 – Edge-assisted Instrument Recognition.
JackTrip continues to run on the client, but the received audio
stream is additionally forwarded to an IR service deployed on
an edge node within the client’s local network. The processing
pipeline is as follows: (i) the audio stream is received by the
JackTrip client; (ii) the stream is sent to the local edge node;
(iii) instrument recognition is performed and a filter is applied;
(iv) the processed stream is returned to the client.
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Scenario 3 – Cloud-assisted Instrument Recognition.
This scenario mirrors Scenario 2, but the IR service is hosted
on a remote cloud infrastructure rather than a local edge node.
The audio stream is therefore routed through the Internet
backbone to reach the processing endpoint.

Scenario 4 – JackTrip-as-a-Service (JT-aaS). In this
scenario, the JackTrip server itself is migrated to the edge
node and exposed as a managed service. An orchestration
layer handles authentication and per-user session instantiation,
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so that no JackTrip client process is required on the end
device. Inference and audio filtering are applied directly to the
stream produced by the edge-resident JackTrip server before
delivery to the user, eliminating the extra round-trip incurred
in Scenarios 2 and 3.

The present experiments constitute a single-client feasibility
study. Their purpose is to isolate the computational and
placement costs of semantic analysis rather than to reproduce
a complete multi-musician NMP session. Multi-client inter-
action, contention, and synchronization effects are therefore
outside the scope of the present evaluation.

The framework was evaluated on a subset of the IRMAS
dataset [18], a publicly available collection of music record-
ings annotated with predominant instrument labels. The se-
lected excerpt totals 3,859 s (48 kHz, mono) and spans multiple
instrument categories and musical genres, providing sufficient
variety in instrumentation and rhythmic texture to exercise all
three analysis modules under realistic conditions.

VI. RESULTS AND DISCUSSION

This section presents the experimental evaluation of the
proposed semantic analysis framework. First, the standalone
performance of the individual AI models is analyzed in terms
of computational efficiency, semantic discriminative capability,
and long-term operational stability. Subsequently, the results
obtained under the different presented deployment scenarios
are discussed, with particular emphasis on the impact of cloud,
edge, and integrated JT-aaS configurations on latency and
scalability.

A. Computational Performance and Real-time Viability

The primary requirement for the semantic analysis frame-
work is to maintain continuous processing within the acquisi-
tion window (Tchunk = 2.0 s). Fig. 3 illustrates the distribution
of execution times for each specialized engine. The Instrument
Recognizer (Model A), despite its deep neural architecture,
achieves an average inference time of approximately 28 ms,
operating well below the chunk duration. In contrast, the
Beat Tracker (Model B) and the Quality Monitor (Model C)

exhibit even lower latencies, averaging roughly 7.5 ms and
3 ms, respectively.

These results confirm that the cumulative processing time
per chunk (≈ 38.5ms) is orders of magnitude lower than the
2.0 s acquisition window, as required by Eq. (2).

B. Long-term Stability and Quality Assessment

The temporal evolution of normalised BPM and RMS
energy over the full 2,000-chunk sequence is shown in Fig. 5.
Both descriptors exhibit continuous variation throughout the
excerpt, reflecting genuine musical dynamics (tempo fluctu-
ations, section transitions, and changes in performance in-
tensity) rather than processing artefacts. Importantly, neither
signal shows drift or systematic deviation over time, confirm-
ing that the pipeline does not accumulate estimation errors
across chunks. The rolling average and standard deviation
bands remain stable across the full duration, demonstrating
that the system can sustain consistent semantic extraction
over extended sessions without degradation. It is also worth
noting the partial decorrelation between BPM and RMS energy
visible in the plot: sections of high rhythmic activity do not
always correspond to high energy, and vice versa.

The rhythmic section distribution reported in Fig. 4 shows
that the dominant pattern in the evaluated material is dense
groove (51.8%), followed by sparse groove (18.7%) and onset
bursts (18.3%), with a residual other category accounting for
11.2%. The ability of the BeatTracker to distribute chunks
across all four categories confirms that the taxonomy cap-
tures genuine variation in rhythmic texture and is not biased
toward a degenerate solution. The near-equal occurrence of
sparse groove and onset bursts indicates that the heuristic
taxonomy does not trivially collapse these two categories on
the evaluated excerpt. This analysis should be interpreted as
a characterization of descriptor diversity rather than as an
accuracy assessment, since no ground-truth rhythmic-section
annotations are available.



C. Cloud vs. Edge Inference Time Comparison

Fig. 6 reports the per-chunk inference time of the three
models across 150 consecutive chunks under both cloud and
edge deployment.

Model A (Instrument Recognizer). Model A exhibits
a significant performance gap between deployment environ-
ments: average inference time under cloud deployment is
56.7 ± 5.3ms, while under edge deployment it rises to
106.3 ± 3.5ms. The edge node therefore incurs a roughly
1.87× higher inference cost for the neural component alone.
The result is consistent with the hardware asymmetry between
a managed cloud instance typically backed by server-grade
CPUs or shared GPU accelerators, and a local edge node,
which operates on more constrained hardware. However, the
higher absolute latency on the edge does not compromise real-
time viability: even at 106.3ms, Model A operates well within
the 2-second chunk acquisition window (Tchunk = 2.0 s),
satisfying Eq. (2) with a headroom factor exceeding 18×.
Furthermore, the edge trace exhibits a markedly lower variance
(σ = 3.5ms vs. 5.3ms for cloud), indicating more predictable
scheduling behaviour, a property that is arguably more impor-
tant than raw throughput in a continuous streaming context.

Model B (Beat Tracker). The rhythmic analysis module
follows a similar trend: edge deployment yields a higher
average inference time (53.4± 1.9ms) compared to the cloud
infrastructure (22.0± 0.2ms). While the lightweight, librosa-
based onset detection and beat tracking pipeline is primarily
CPU-bound, the constrained edge processor requires approxi-
mately 2.43× more time to complete the analysis compared to
the robust, server-grade CPU resources available in the cloud.
Despite this absolute difference in processing speed, both
environments maintain highly stable execution profiles, with
the cloud trace exhibiting negligible variance (σ = 0.2ms)
and the edge trace confirming a predictable, deterministic
execution suitable for real-time applications.

Model C (Quality Monitor). Model C exhibits the lowest
absolute latency of all three engines under both strategies:
8.0±0.2ms on cloud and 5.0±0.1ms on edge. The negligible
variance in both cases (≤ 0.2ms) reflects the simplicity of
spectral flatness and centroid computation, which imposes
minimal resource demand regardless of the execution en-
vironment. The zero-variance edge result (σ = 0.0ms at
the reported precision) further indicates that this module is
effectively I/O-bound rather than compute-bound, and would
remain real-time viable even on highly constrained embedded
hardware.

Cumulative latency and deployment trade-offs. Summing
the per-model averages, the semantic processing cost is ap-
proximately 164.7 ms per chunk under edge deployment and
86.7 ms under cloud deployment. Thus, the cloud platform
executes the multi-modal analysis more rapidly in raw com-
putational terms. However, because the semantic pipeline runs
asynchronously with respect to the JackTrip audio transport
path, these inference times are not added to the audio-path
latency and should not be compared directly with the 20–30

ms EPT. Deployment placement instead affects the timeliness
and predictability of semantic updates: a cloud-hosted ser-
vice additionally requires traversal of the Internet backbone,
whereas edge placement confines this communication to the
local access domain. Edge execution therefore trades higher
computation time for lower and more predictable communica-
tion delay in the semantic-control loop.

Stability and transient behaviour. Both deployment en-
vironments exhibit a brief warm-up transient in the first
5–10 chunks, after which inference times stabilise to their
steady-state distributions. This transient is consistent with JIT
compilation and model cache warm-up effects typical of deep
learning inference frameworks. The cloud trace for Model A
shows isolated latency spikes of up to 77ms at chunk 0
and approximately 68ms at chunk 100, likely attributable
to cloud resource preemption or network-induced scheduling
delays. No comparable spikes are observed in the edge traces,
reinforcing the stability advantage of localized computation
for latency-sensitive streaming workloads.

In summary, the comparison suggests that edge deployment
is an attractive strategy for semantic-aware NMP when timely
and predictable semantic feedback is prioritized. Although
cloud execution provides lower raw inference time, edge
placement avoids Internet-backbone variability and keeps the
semantic processing loop close to the audio endpoint.

VII. CONCLUSION

This paper explored the integration of AI-based semantic
audio analysis within NMP systems, aiming to introduce real-
time musical awareness without interfering with the low-
latency audio transport path. We proposed a modular frame-
work combining instrument recognition (PANNs), rhythmic
analysis, and signal quality monitoring, and evaluated it under
local, edge, and cloud deployment scenarios.

Results show that the full pipeline remains comfortably
within the 2 s semantic-processing window across the evalu-
ated execution environments. In the standalone local bench-
mark, the most demanding module requires approximately
28 ms and the complete pipeline approximately 38.5 ms,
while the measured cloud and edge configurations exhibit
higher processing costs that nevertheless remain well within
the 2 s semantic-processing window. Since semantic inference
runs asynchronously with respect to the JackTrip audio path,
these processing times do not directly increase audio transport
latency.

Beyond latency considerations, the proposed system en-
ables meaningful semantic descriptors of the audio stream
(instrument, rhythm, and quality), opening the door to adap-
tive mixing, intelligent effects, and context-aware network
optimisation. This marks a shift from traditional semantically
blind transmission toward intelligent, musically aware NMP
systems.

Future work should evaluate robustness under real network
conditions (e.g., 5G and LEO satellite links), extend validation
beyond a single excerpt, quantify orchestration overhead in JT-
aaS, and enrich the semantic layer with higher-level musical



Fig. 6. Comparative analysis of inference times across consecutive chunk indices under cloud and edge deployment for all three models. Although edge
deployment incurs higher raw computational latency for Models A and B, it remains well within the 2-second processing window and eliminates backbone
network overhead, confirming its suitability as the primary deployment layer for semantic-aware NMP.

features such as harmony, performer identity, and expressive
dynamics.
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