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Featured Application 

Objective synchrony monitoring for Network Music Performance platforms, remote mu-

sic education, rehearsal diagnostics, and adaptive audio-network systems. 

Abstract 

Network Music Performance (NMP) refers to remote musical collaboration over a net-

work in applications such as music education, music production, and live performance. 

In NMP, synchronisation is a critical factor in musicians’ Quality of Experience (QoE). 

This interpersonal coordination of musical actions is highly sensitive to variable network 

conditions, particularly to end-to-end delay and signal degradation. Existing evaluations 

rely mainly on subjective questionnaires or isolated objective descriptors, creating a gap 

for a unified metric that quantifies synchrony directly from performance signals. To ad-

dress this gap, we propose the Objective Synchrony Index (OSI), an AI-driven metric that 

quantifies ensemble synchrony from paired NMP recordings. We computed OSI using a 

two-tower multi-task convolutional recurrent neural network (CRNN) that estimates syn-

chrony-relevant descriptors from paired Musician A and Musician B audio streams. We 

introduce two OSI variants: timing-OSI, which captures temporal coordination through 

offsets, onsets, beats, and tempo coherence; and ensemble-OSI, which extends this formu-

lation by integrating chord agreement and signal fidelity to reflect structural and percep-

tual aspects of ensemble interaction. We evaluated OSI using recordings from two NMP 

studies in which eleven pairs of musicians performed under systematically varied delay 

and sampling-rate conditions. After each performance, musicians completed QoE ques-

tionnaires, allowing us to relate OSI and its components to subjective ratings using re-

peated-measures correlation. Results showed that, under delay, timing-OSI decreases as 

latency increases and demonstrates construct validity against subjective QoE measures. 

Higher synchrony-OSI was associated with greater perceived synchronisation and satis-

faction, and with lower perceived delay, irritation, and effort to follow a partner. These 

relationships were most consistent for offset synchrony and most selective for onset syn-

chrony, while beat and tempo remained relatively stable. Under audio-quality degrada-

tion, ensemble-OSI remained relatively stable across sampling rates and did not signifi-

cantly track subjective QoE as a single predictor. Instead, modest component-level asso-

ciations suggested that satisfaction was higher when temporal stability and fidelity were 

preserved, whereas irritation was more closely related to reduced chord agreement. To-

gether, these findings support timing-OSI as a promising objective synchrony metric for 

delay-impaired NMP, while showing that the extended ensemble-OSI requires further 

perceptual calibration for audio-quality degradations. 
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1. Introduction 

Network Music Performance (NMP) enables geographically separated musicians to 

perform together in real time [1]. However, unlike many interactive media applications, 

NMP is constrained by exceptionally strict requirements on end-to-end delay and audio 

quality. Even small amounts of latency (on the order of only a few tens of milliseconds) 

can rapidly degrade coordination because musicians must maintain a shared tempo and 

coherent timing without being co-located [2]. In parallel, audio degradations introduced 

by compression, packet loss, or bandwidth constraints can affect timbral fidelity and the 

clarity of musical cues that performers rely on during ensemble interaction. 

Most NMP research has therefore focused on Quality of Service (QoS), examining 

novel network architectures, codecs, and system frameworks designed to reduce latency. 

Rottondi et al. [3] provide a comprehensive overview of the technical challenges in achiev-

ing low latency under realistic wide-area network conditions. Although state-of-the-art 

tools such as Soundjack [4] and Aretousa [5] achieve low delays in controlled local-area 

network settings, delays increase substantially in remote settings due to Internet routing 

and queuing effects [6]. However, technical improvements alone do not resolve the Qual-

ity of Experience (QoE) problem. This paper focuses on a central aspect of QoE in NMP: 

ensemble synchrony. It remains difficult to quantify how network conditions translate 

into measurable changes in musicians’ coordination. 

Existing evaluations of synchrony and QoE in NMP settings often rely on subjective 

questionnaires [7], whereas objective assessments typically examine individual de-

scriptors (e.g., tempo evolution or delay-related timing changes) in isolation [8,9]. Subjec-

tive ratings are difficult to generalise and diagnose, particularly under NMP conditions, 

as musicians adapt their strategies during performance in response to variable network 

conditions. Furthermore, objective approaches in Machine Learning (ML) and Music In-

formation Retrieval (MIR) have typically not measured synchrony as a unified construct. 

Instead, they approach synchrony indirectly through expressive-performance modelling, 

temporal alignment, or the estimation of constituent synchrony-related components. As a 

result, there is a need for an objective, reproducible metric that quantifies synchrony ho-

listically and tracks its evolution during performance under varying network conditions. 

To fill this gap, we propose the Objective Synchrony Index (OSI), an AI-driven, mul-

ticomponent metric that quantifies ensemble synchrony from paired NMP recordings. 

The OSI models synchrony as an interaction phenomenon by decomposing musical coor-

dination into interpretable components, including global timing offset and onset-level 

alignment, and combining them into a bounded composite score. Rather than reducing 

performance quality to a single network statistic, OSI operates on musicians’ performance 

signals, enabling direct comparison of coordination across conditions. 

We evaluated OSI under two experimental manipulations. In the delay study, we 

configured OSI to emphasise timing coordination and assessed its construct validity by 

relating OSI and its components to subjective QoE responses. In the quality study, we 

extended OSI to include additional descriptors intended to reflect how signal degradation 

affects ensemble interaction beyond timing. To compute these components consistently 

from audio, we developed an AI pipeline based on a two-tower multi-task CRNN that 

estimates timing- and harmony-related features from Musician A/Musician B NMP pairs. 

The remainder of the paper is organised as follows. Section 2 positions OSI within 

prior work on NMP synchrony, objective measurement, and QoE assessment. Section 3 
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details the OSI definitions and the AI pipeline used to compute OSI components from 

NMP recordings. Section 4 presents the objective OSI results under delay and quality con-

ditions and examines their correspondence with subjective QoE. Section 5 discusses im-

plications for evaluation practice in NMP, limitations of the current formulation, and di-

rections for improving OSI as a measure of synchrony. 

2. Background and Related Work 

2.1. Synchrony as a Core Evaluation Problem in Networked Music Performance (NMP) 

Synchrony, the temporal coordination between geographically distributed musi-

cians, remains a central evaluation challenge in NMP. Research in NMP consistently 

frames synchrony as a core evaluation target because it is one of the first musical proper-

ties to fail as network latency and jitter increase [3]. Although audio latency can directly 

affect synchrony (how musicians hear each other), quality degradation affects the percep-

tion of synchrony more than the timing coordination itself [10]. 

Most NMP studies have focused primarily on the effects of delay, while the effect of 

audio quality degradation has received much less attention [2,11]. Prior work has identi-

fied an Ensemble Performance Threshold (EPT) [12] of roughly 20–30 ms one-way delay, 

beyond which ensemble coordination becomes notably difficult. Increased delay can alter 

musicians’ interaction strategies as they attempt to compensate for shifted event timing, 

effects that are audible in the audio itself. In contrast, audio degradation primarily affects 

how comfortable musicians feel during performance and is therefore more commonly re-

flected in subjective experience [13]. However, as musicians can partially adapt their per-

formance strategies under impairment, subjective questionnaires alone may not fully cap-

ture the underlying coordination dynamics. Together, these findings motivate evaluation 

approaches that quantify synchrony from performance signals rather than relying exclu-

sively on post hoc questionnaires. 

2.2. What Objective “Synchrony” Entails in Musical Coordination 

In NMP, objective synchrony is a multi-layer coordination/interaction problem in 

which musicians continuously anticipate, attend to, and adapt to one another’s actions in 

real time while pursuing shared performance goals [14]. Coordination is supported by a 

shared representation of the musical performance and by each musician’s predictive models 

that simulate joint actions and outcomes, enabling rapid correction when timing diverges. 

Objective synchrony includes multiple timing-based cues, ranging from global tim-

ing offset between musicians (the overall lag or lead between their audio streams), 

through micro-timing alignment of musical events (onsets, i.e., the moments when notes 

begin), to beat-level entrainment and longer-horizon tempo and phrasing coherence. Be-

yond timing, synchrony may also depend on the clarity of musical structure and the fidel-

ity of the transmitted signal. For example, chord agreement can indicate whether perform-

ers maintain a consistent harmonic context, while signal fidelity reflects how clearly mu-

sical cues such as pitch, timbre, and transient attacks are preserved. Together, these ele-

ments capture complementary aspects of musicians’ coordination in an NMP environ-

ment: timing alignment, structural coherence, and perceptual clarity [11,14–22]. 

2.3. Design Requirements for the Objective Synchrony Index (OSI) 

We argue that a unified synchrony metric should include all components discussed 

above for three reasons: (1) synchrony in an NMP is inherently multidimensional, (2) in-

dividual descriptors capture only partial aspects of coordination, and (3) a unified metric 

enables consistent comparison across empirical NMP studies. 
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First, synchrony in NMP unfolds across multiple temporal and non-temporal cues. 

We have identified different layers of timing (onset alignment, global offset, beat entrain-

ment, and tempo coherence) alongside non-temporal cues related to harmonic coherence 

and the clarity of the transmitted signal. Together, these cues shape how musicians coor-

dinate with one another and how they perceive the interaction. Evaluating synchrony us-

ing only one descriptor (e.g., onset synchrony) risks overlooking important aspects of 

NMP. A composite weighted metric is therefore better suited to capturing the comple-

mentary nature of synchrony than any single timing variable alone. 

Second, individual synchrony measures often differ across varying network and au-

dio conditions. For example, as delay increases, onset and offset alignment may deterio-

rate while beat and tempo remain relatively stable; under audio-quality degradation, tim-

ing cues may remain intact while harmonic intelligibility and perceptual clarity change. 

Assessing overall coordination is difficult when these descriptors are evaluated inde-

pendently, because each captures only one facet of the musical interaction. Combining 

them into a weighted index enables us to incorporate each component’s relative contribu-

tion to NMP coordination, producing a single interpretable score while preserving the 

ability to inspect the individual components. 

Third, a unified metric facilitates systematic evaluation and comparison in NMP re-

search. Empirical studies often involve multiple network conditions (e.g., levels of delay), 

diverse musician groups (e.g., different levels of experience), and varied instrument types 

[11]. Researchers, therefore, need a consistent way to compare performance outcomes across 

experimental conditions. We propose the Objective Synchrony Index (OSI) in two variants: 

timing-OSI and ensemble-OSI. The first variant captures the timing-based components of 

coordination between two musicians (onset, offset, beat, and tempo) [14,15]. The second 

variant extends this formulation by adding chord agreement and signal fidelity, incorporat-

ing structural coherence and perceptual clarity alongside timing [18–21]. 

2.4. Evaluating Synchrony Using Subjective QoE Methods 

As synchrony is a core component of the musicians’ Quality of Experience (QoE), 

researchers frequently evaluate it using subjective QoE methods (e.g., electronic question-

naires) [11]. These methods, however, have well-known limitations (e.g., high response 

variance, individual differences in scale use), especially in NMP environments, where mu-

sical interaction is highly dynamic and adaptive. During an NMP, musicians may change 

their coordination strategy multiple times as conditions fluctuate. As a result, the same 

experimental condition can be experienced differently across participants and musical 

contexts. Subjective QoE methods, therefore, provide only a partial view of the musicians’ 

experience and are rarely sufficient on their own to explain why experience changes or 

which aspects of coordination fail. We used the subjective QoE questionnaires collected 

in our empirical studies to evaluate the construct validity of the OSI variants (timing-OSI 

and ensemble-OSI) by computing statistical correlations between the items and OSI (in-

cluding its components). 

2.5. Using Machine Learning (ML) to Measure Synchrony 

Machine Learning (ML) has been used in Music Information Retrieval (MIR) to meas-

ure musical synchrony mostly indirectly, rather than as a single end-to-end synchrony 

score. In the traditional ML literature, researchers have generally sought to model how 

musicians depend on one another during performance. For example, Marchini et al. [23] 

used ML to predict how each musician in a quartet shapes their performance when they 

are playing in an ensemble. Using separate regression models (trees, SVMs, and k-Nearest 

Neighbours) for each quartet member, they predicted note-level expressive parameters, 

such as timing deviations (how much a note is played earlier or later than notated) and 
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intensity (loudness). A key contribution of their work was the inclusion of cross-voice 

features, which incorporated information about what other musicians were playing at the 

same time. Their results showed that expressive performance modelling benefits signifi-

cantly from inter-musician contextual information, supporting the idea that ensemble per-

formance is shaped by musician interaction rather than by each musician acting alone. 

In the MIR deep learning (DL) literature, researchers have shown that neural and 

recurrent models perform well on several core OSI-related tasks, including onset detec-

tion, beat tracking, and chord recognition. Böck et al. [8,9] demonstrated that a recurrent 

neural network can successfully detect onsets in a single audio stream in real time, and 

later extended their approach by combining an RNN with probabilistic decoding (RNN + 

DBN) for beat/downbeat tracking across diverse musical styles. Similarly, Zhou and Lerch 

showed that deep learning can successfully detect chords, outperforming earlier chord-

recognition systems [19]. 

More recent MIR work in the DL literature has begun to move beyond single-stream 

subtask estimation towards ensemble alignment and analysis. Zeitler et al. [24] use raw on-

set and frame predictions from automatic music transcription (AMT) models for high-reso-

lution audio-to-audio and audio-to-score alignment (i.e., aligning a recording with musical 

notation), showing that AMT-derived representations can be used to estimate temporal 

alignment between musical signals. In a related direction, Cheston et al. [25] introduced the 

Jazz Trio Database (JTD), a dataset of jazz piano trio recordings with automatically gener-

ated performer-level onset, beat, and downbeat annotations, together with MIDI for the pi-

ano soloist, enabling analyses of ensemble timing and inter-performer synchronisation. 

To the best of our knowledge, however, no existing MIR work (ML or DL) directly 

computes OSI and its associated components as a unified synchrony metric. In Section 

3.2.2, we present the Multi-Task Synchrony Network (MTSN), a two-tower Convolutional 

Recurrent Neural Network (CRNN) that estimates synchrony-relevant descriptors from 

asynchronously paired audio streams. The model extends prior work in several ways. 

First, unlike the models of Böck et al. [8,9] and Zhou and Lerch [19], which operate 

on individual audio recordings, we have designed MTSN as a relational, multi-task 

model. Using a shared convolutional front end and separate rhythm and harmony towers, 

it jointly predicts multiple descriptors from paired NMP audio recordings via dedicated 

single-stream heads (onset, beat, tempo, chord identity, and fidelity), along with offset 

computations explicitly for each pair of musicians. 

Second, our design aligns conceptually with the findings of Marchini et al. on the 

value of inter-voice contextual information. However, we have extended this relational 

principle to NMP. Rather than using cross-voice information to predict musical parame-

ters for a sole performer, our model uses paired audio streams to estimate synchrony-

relevant descriptors (offset, onset, beat, tempo, chord identity) and fidelity, which are then 

integrated into the final OSI descriptor. 

Finally, OSI extends the score of Zeitler et al. [24] synchronisation work from tem-

poral alignment between recordings, or between audio and musical score, of the same 

musical piece to a broader multi-dimensional dyad-level synchrony assessment of inter-

acting performers integrating multiple timing cues and, in the ensemble variant, addi-

tional harmonic and signal fidelity components. The Jazz Trio Database (JDT) [25] is the 

closest recent work in its focus on performer-level ensemble analysis, but it provides an-

notations and analyses rather than a unified synchrony metric of the kind targeted by OSI. 
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3. Methods 

3.1. Overview of the Objective Synchrony Index (OSI) 

The Objective Synchrony Index (OSI) is a unified metric designed to quantify the de-

gree of synchronisation between two (or more) musicians engaged in NMP. This produces 

a single composite score [0, 1], where values closer to 1 indicate tighter ensemble coordi-

nation. We built OSI from multiple synchrony-related components (e.g., global offset, on-

set alignment, beat/tempo coherence), each normalised to a component score ci ∈ [0, 1]. 

OSI combines these descriptors using a normalised weighted average, where the denom-

inator sums only the active weights for the specific OSI variant. The weights are not 

learned from the data; instead, we have manually defined them based on theoretical con-

straints of ensemble interaction. 

𝑂𝑆𝐼(𝑔𝑒𝑛𝑒𝑟𝑎𝑙) = clip (
∑ 𝑤𝑖𝑐𝑖𝑖∈𝐴

∑ 𝑤𝑖𝑖∈𝐴

, 0,1)  

We implemented two variants of OSI, corresponding to the two empirical studies 

discussed in Section 3.4. In both variants, we specified the OSI coefficients as theory-

driven, heuristic design weights to reflect the expected relative importance of each syn-

chrony component under the corresponding experimental manipulation. In the delay var-

iant, the theory emphasises temporal coordination [10,15,17] over beat and tempo. Thus, 

we assigned most of the weight to global offset (Offset = 0.25) and onset synchrony (Onset 

= 0.50), while down-weighting beat and tempo (beat = 0.05 and Tempo = 0.15) as support-

ing measures of rhythmic structure. We hypothesised that increased delay would worsen 

musicians’ temporal coordination, thereby reducing OSI. In the quality variant, OSI as-

sesses whether and how signal degradation affects synchrony within the performers’ au-

ditory feedback loop. The literature also supports keeping timing as the dominant block, 

with a lower emphasis on harmonic and perceptual clarity [14,20]. For this reason, this 

variant includes two related measures: (1) a timing-core OSI, computed from the offset, 

onset, beat, and tempo components (Offset = 0.20, Onset = 0.35, Beat = 0.15, Tempo = 0.20); 

and (2) an extended (ensemble) OSI, which additionally incorporates model-estimated 

chord agreement and an audio-fidelity term (Chord = 0.20, Fidelity = 0.10). 

3.2. AI Pipeline for OSI Computation 

We developed a multi-step AI pipeline that computes OSI scores for curated Musi-

cian A/Musician B NMP audio pairs grouped by two experimental conditions (delay and 

quality). The pipeline processes paired recordings that represent the musician’s transmit-

ted and received audio streams in NMP. For each pair, the two recordings are first stand-

ardised using a DSP frontend (see Section 3.2.1) to reduce recording artefacts and un-

wanted variability that can confound feature extraction. Each cleaned recording is then 

loaded at a fixed sample rate (44.1 kHz), downmixed to mono at load time, and trans-

formed into a power Mel spectrogram using a Short-Time Fourier Transform (STFT) con-

figuration (FFT = 2048, hop = 256, 80 mel bands spanning 30 Hz to 17 kHz). 

The Multi-Task Synchrony Network (MTSN) is a two-tower multi-task Convolu-

tional Recurrent Neural Network (CRNN) [26] that processes Mel spectrograms. The 

model has six output heads aligned with the OSI components: Beat, Onset, Tempo, Chord 

Identity, and Fidelity are estimated independently for each stream in the NMP pair, while 

the offset head estimates the relative lag between the paired inputs. These outputs form 

the basis for OSI computation. The model-derived descriptors (e.g., beat and onset prob-

ability sequences) are first time-aligned using the lag estimated by the offset head, and 

OSI is then computed as a weighted combination of bounded-similarity components. 

We trained the CRNN using three datasets: the Artificial Audio Multitrack (AAM) 

[27] for music structure (beats, onsets, tempo, and chords), the Perceived Music Quality 
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Dataset (PMQD) [28] for musical fidelity, and a synthetically generated offset-pairs da-

taset derived from AAM tracks. For the synthetic offset-pairs dataset, we sampled fixed-

length windows from the same track mix with a known time shift. The trained model 

computes all OSI-related features simultaneously through a combined learning signal. 

When we first applied the pre-trained model to NMP Musician A/Musician B pairs, 

we observed that offset estimation did not transfer reliably to the NMP domain. Offset 

estimation requires robustness to cross-instrument differences, stream-specific capture, 

and experimental processing. To address this, we calibrated the offset estimation using a 

dedicated NMP-B offset-calibration dataset comprising live NMP Musician A/Musician B 

pairs under different delay conditions, separate from the NMP-A evaluation data used for 

the reported OSI analyses. During fine-tuning, we kept the shared feature extractor and 

all non-offset heads frozen to avoid drift in the other OSI components. The resulting offset-

calibrated model was used to compute OSI variants for the NMP audio pairs under both 

experimental conditions. 

3.2.1. Pre-Processing and Source Material 

To prepare the data for OSI computation, we pre-processed 22 NMP Musician A/Mu-

sician B audio pairs (44 WAV files) using a DSP frontend before running the two-tower 

CRNN. The pipeline consists of two DSP stages: (1) signal cleaning and standardisation, 

and (2) feature extraction. In the first stage, we processed each recording independently 

using the same cleaning procedure to reduce recording artefacts and minimise unwanted 

variation across pairs. We began by applying stem separation (demucs, htdemucs) to sup-

press vocals by remixing the drums, bass, and other stems. After this, we applied the fol-

lowing conditional signal repair operations: 

• Normalised programme loudness to −15 LUFS when the integrated loudness falls 

outside the range −18 to −12 LUFS; 

• Applied denoising when the estimated SNR is below 22 dB; 

• Dynamic levelling when the crest factor exceeds 20 dB; and 

• Performed de-clicking when more than 10 single-sample pops are detected. 

Once cleaning was complete, we re-encoded all processed audio to a common wave-

form format (44.1 kHz, 16-bit PCM WAV) to standardise the input for feature extraction. 

In the second stage, we loaded each cleaned audio file at a fixed sample rate of 44.1 

kHz and downmixed it to mono to produce a uniform input representation for the model. 

We then converted each waveform into a power Mel spectrogram using an STFT with a 

2048-point FFT and 256-sample hop, mapping to 80 mel bands spanning 30 Hz to 17 kHz. 

3.2.2. Multi-Task Synchrony Network (MTSN) 

The architecture of MTSN follows a two-tower multi-task CRNN design (see Figure 

1), with a shared convolutional frontend that takes a Mel spectrogram (80 mel bins over 

time) as input. In this shared stem, it applies a 2D convolution (1 input channel to 16 fea-

ture channels, 3 × 3 kernel) to learn local time–frequency patterns. The convolution scans 

small 3 × 3 regions of the spectrogram and produces sixteen feature maps that capture 

different acoustic cues. The model then applies frequency-only max pooling (2 × 1), which 

down-samples the mel axis from 80 to 40 while preserving full time resolution. This pool-

ing step considers pairs of neighbouring mel bins and retains the strongest activation in 

each pair, without pooling across time (pool size 1 along the time axis). 

After the shared musical feature extraction stage, the model splits into two parallel 

towers (see Figure 1). The rhythm tower focuses on timing-related information, such as 

onsets, beats, tempo, and offset representations, while the harmony tower captures pitch 

structure and harmonic context. This separation allows the model to treat temporal 
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structure and spectral harmonic properties of sound differently, while still benefiting from 

the shared low-level acoustic features learned in the earlier stage. 

 

Figure 1. Multi-Task Synchrony Network (MTSN): a two-tower CRNN with shared convolutional 

features and task-specific rhythm and harmony branches. 

The Rhythm Tower applies a 2D convolution that expands the feature channels from 

sixteen to thirty-two (3 × 3 kernel), followed by batch normalisation and dropout (p = 0.10). 

Batch normalisation stabilises intermediate time–frequency representations across heter-

ogeneous training datasets. At the same time, dropout reduces overfitting and promotes 

feature representations that generalise across tasks (beat/onset/tempo/chord/fidelity) and 

transfer more robustly to NMP inference for OSI computation. It then reshapes the result-

ing feature map into a sequence of mel-frame vectors and passes them through a bidirec-

tional Gated Recurrent Unit (GRU) (one-layer, hidden size 64). This recurrent layer aggre-

gates time–frequency musical features into coherent rhythmic patterns, needed for beat, 

tempo, and offset estimation. 

The Harmony Tower follows a similar structure. It begins with a 2D convolutional 

block (16 → 32 channels) with batch normalisation and dropout. We optionally apply a fre-

quency-only max-pooling layer (2 × 1), reducing the frequency resolution from 40 to 20 to 

improve robustness to timbral differences across instruments, though at the cost of reduced 

spectral detail for chord discrimination. It then feeds the sequence into a bidirectional Long 

Short-Term Memory (LSTM) network (one layer, hidden size 64), which models longer-term 

harmonic dependencies, such as stable harmonic structures and chord transitions. 

In its current configuration, the CRNN model includes six heads: five single-stream 

heads for onset, beat, tempo, chord, and fidelity, and one pairwise head for offset estima-

tion. The single-stream head processes each audio stream of an NMP pair, while the offset 

head takes paired inputs and estimates the relative lag between them. 

The onset head detects distinct musical events such as a note being struck, a drum 

hit, or a chord change. The beat head is the structural equivalent of the onset head but 

tuned for beat-level periodic events. The tempo head estimates audio speed (how fast 

events are happening), while the chord head decides which of the 26 types of chords mu-

sicians play. The fidelity head estimates a quality score for each NMP audio pair, and the 

offset head estimates the delay between them. 
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3.2.3. Training Procedure 

We trained the MTSN model in two stages. In the first stage, we performed multi-

source multi-task pre-training using the AAM structure dataset, a synthetic AAM offset-

pairs dataset, and the PMQD fidelity dataset. Each input consisted of a fixed-length 512-

frame Mel spectrogram segment computed at a sampling rate of 44.1 kHz using 𝑛fft =

2048, a 256-sample hop size, 80 mel bins, and a frequency range from 30 Hz to 17 kHz. 

For batches drawn from AAM, the model optimised four tasks at once: chord classification 

over 26 classes using cross-entropy loss [29], beat detection using frame-wise binary cross-

entropy with logits, onset detection using 31-channel frame-wise binary cross-entropy 

with logits, and tempo regression using mean-squared error [30]. Since onset labels are 

sparse in frame-wise music representations, we used an automatically estimated positive-

class weight to reduce class imbalance. We normalised tempo targets by dividing by 240 

BPM. For PMQD batches, the fidelity head minimised mean-squared error against a qual-

ity target normalised to [0, 1] using (rating − 1)/4. For synthetic offset batches, the offset 

head learned to predict the lag between two windows over a bounded set of delay classes. 

At each training step, the model samples a data source, generates predictions for the 

relevant head(s), computes the corresponding losses, and aggregates them into a single 

weighted objective. We drew 60% batches from AAM to train beat, onset, tempo, and 

chord classification, 20% from synthetically generated offset pairs to train timing offset 

estimation, and 20% from PMQD to train the fidelity head. We used batch sizes of 64 for 

AAM, 64 for offset pairs, and 128 for PMQD. 

We optimised all parameters jointly with the AdamW [31] optimiser using a fixed 

learning rate of 3 × 10−4 and weight decay of 1 × 10−4. We clipped gradients to a global norm 

of 1.0 to stabilise parameter updates and used mixed precision training to improve com-

putational efficiency. We trained for 10 epochs, each with 2000 optimisation steps, and 

selected the checkpoint with the lowest aggregate training loss to initialise the offset-head 

fine-tuning in the second training stage. 

3.2.4. NMP-B Offset Calibration 

When we first applied the Stage-1 MTSN to live NMP recordings (NMP-B dataset), 

the offset head produced unstable lag estimates. It frequently collapsed to 0 ms or to val-

ues near the search boundary. Because OSI heavily penalises large misalignments and 

saturates beyond 150 ms, these failures reduced the offset sub-score and, consequently, 

lowered the overall OSI. 

We considered two complementary alignment strategies. A physics-style [32] delay 

estimation is effective when the two recordings share enough of the same underlying 

waveform (e.g., loopback of instruments through headphones), enabling direct delay es-

timation. A structure-based alignment [33] aligns recordings using shared rhythmic land-

marks (onsets/beat patterns) across different instruments in the NMP audio pairs. How-

ever, NMP recordings mix multiple regimes and confounds, such as capture topology and 

pipeline processing, which can create multiple lag candidates and make it difficult to iden-

tify the true delay under either approach. 

For stage 2, we extended the offset estimator with a waveform-based sub-branch and 

calibrated the resulting fused-offset component on NMP-B, a dataset reserved exclusively 

for offset calibration and completely disjoint from the live NMP dataset (NMP-A) used in 

OSI computations. We collected NMP-B in a different NMP study with 18 musicians and 

seven delay conditions (12, 22, 32, 42, 52, 62 and 72 ms). We used these nominal delay 

conditions as supervised offset targets for each Musician A/Musician B NMP pair and 

converted them into the model’s frame-based lag representation. We excluded pairs when 

Musician A/Musician B files could not be resolved and restricted the remaining windows 

to the model’s offset-calibration lag window, approximately ±160 ms. 

https://doi.org/10.3390/app16125919


Appl. Sci. 2026, 16, 5919 10 of 23 
 

https://doi.org/10.3390/app16125919 

To build the offset-calibration dataset, we partitioned NMP-B at the session level be-

fore window extraction, using a fixed-seed greedy grouped split that kept delay-condition 

histograms approximately balanced. In the final run, this split assigned 8 of the 10 NMP-B 

sessions to calibration training and 2 sessions to validation, yielding 108 directed training 

pairs and 28 directed validation pairs. We assigned every window from a given session to 

the same partition, which prevented leakage between calibration training and validation. 

We used the held-out validation split to select the fused-offset and waveform-refinement 

epoch counts. After model selection, we refit the final offset-calibrated checkpoint on the 

full NMP-B calibration corpus, comprising 136 resolved directed Musician A/Musician B 

pairs. 

After partitioning NMP-B, we computed and cached a Mel spectrogram for each 

unique NMP recording to avoid recomputing features during training. For each Musician 

A/Musician B pair, we then sampled multiple fixed-length examples consisting of paired 

512-frame Mel spectrogram windows and the corresponding waveform segments 

resampled to 16 kHz. Each sampled example retained the frame-based offset target de-

rived from the pair’s protocol-labelled delay condition. To focus training on musically 

informative regions, we computed a simple activity curve from mel energy and used it as 

a proxy reliability signal to weight training toward aligned windows more likely to con-

tain timing landmarks. 

We trained the offset component to predict delay as a discrete lag class. Rather than 

treating the supervised delay target as a single exact class, we represented it as a Gaussian-

shaped target distribution [34] over nearby lag classes, so that predictions close to the 

nominal lag were penalised less than predictions further from the target. We combined 

this soft Gaussian target with a standard hard cross-entropy term [29] on the exact nomi-

nal lag class, allowing the model to retain a sharp lag estimate rather than a broad, am-

biguous range. In the fused-offset calibration pass, we trained the fused, waveform, and 

rhythm offset outputs against these soft/hard lag targets, with a reliability weighting from 

the waveform-based offset gate. During the waveform-refinement pass, we also applied 

synthetic lag augmentation by adding a random extra lag within the model’s calibrated 

lag window, approximately ±160 ms, and updating the target accordingly, while ensuring 

that both audio windows remained valid within the bounds of each recording. 

We calibrated the offset component on the calibration dataset (NMP-B) in two steps. 

In the first step, we trained the fused offset component on the training partition and, after 

each epoch, evaluated the lag-prediction mean absolute error (MAE) on the validation 

partition. The best fused-offset checkpoint occurred at epoch 1, with a validation MAE of 

2.858 frames, approximately 16.6 ms. In the second step, starting from this selected fused-

offset checkpoint, we refined only the waveform-based offset branch using the same train-

ing/validation split and again selected the checkpoint with the lowest validation MAE. 

The best waveform-refinement checkpoint occurred at epoch 3, with a validation MAE of 

5.286 frames, approximately 30.7 ms. We then used the selected fused-offset and wave-

form-refinement epoch counts to refit the offset calibration on the full NMP-B corpus. Spe-

cifically, we reran the fused-offset calibration on all 136 directed NMP-B pairs, followed 

by waveform-branch refinement on the same full calibration set. We used the resulting 

full-data refit checkpoint as the final model for OSI inference. 

3.2.5. OSI Inference, Alignment, and Component Equations 

For each curated NMP Musician A/Musician B pair, we computed OSI by extracting 

model features from each recording, estimating the relative lag between the pair, aligning 

the time-dependent descriptors on each Mel spectrogram frame, and then computing 

bounded-similarity scores for each OSI component. For the time-based components (off-

set, onset, beat, and tempo), we defined saturation thresholds that determine what counts 
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as similarity for each component. Differences at or above the corresponding threshold are 

clipped to a component score of 0 (maximal dissimilarity). In contrast, differences below 

the threshold are mapped linearly to 1, with small differences (e.g., within 5% of the 

threshold) producing scores close to 1 (maximal similarity). Below, we describe how we 

computed the components of the timing-core OSI: 

We compute offset synchrony from the signed lag Δtms predicted by the offset head 

in milliseconds. For frame-wise descriptor alignment, we convert this lag into an integer 

frame shift s. 

𝑐offset = clip (1 −
min(|Δ𝑡ms|, τoffset)

τoffset

, 0,1)  

ℎms = 1000 ⋅
𝐻

𝑓𝑠

  

𝑠 = round (
Δ𝑡ms

ℎms
)  

In the offset formula, clip clamps the results to [0, 1]. Δt is the estimated effective lag 

between an audio Musician A/Musician B audio pair (typically in milliseconds), obtained 

from the offset head of the model. We set τoffset = 150 ms to saturate the offset compo-

nent slightly beyond the maximum experimental delay of 120 ms. Given the STFT hop 

size H = 256 samples and sampling rate fs = 44,100 Hz, each mel spectrogram frame corre-

sponds to ℎms  ≈  5.80 ms. Therefore, a lag of 150 ms corresponds to approximately 26 Mel 

spectrogram frames. 

We compute the offset score 𝑐offset from Δ𝑡ms while we use the integer shift 𝑠to align 

frame-wise descriptor sequences before computing beat, tempo, onset, and chord agree-

ment. An NMP audio pair has high offset synchrony when Δ𝑡ms is small, and low offset 

synchrony when Δ𝑡ms approaches the 150 ms threshold. 

Beat synchrony measures frame-wise similarity between the aligned beat probability 

sequences 

cbeat  =  clip ( 1  −  
1

T
  ∑

T

t=1

 | bA[t] − bB
(s)[t]|, 0,1)  

In the beat synchronisation formula, bA[t] − bB
(s)[t] is the difference between the beat 

probabilities of the in/out audio streams at frame (t) after applying the estimated effective 

lag (s). The estimated (s) reflect various latency factors, such as experimental delay and 

baseline end-to-end system latency, as well as the musician’s compensatory behaviour 

(e.g., lead/lag between the streams resulting from the experimental delay). 

An NMP audio pair (bA[t], bB
(s)[t]) has a high beat synchrony when the probability 

curves agree over time, and low beat synchrony as their mean absolute difference in-

creases. 

Tempo synchrony uses a clipped, normalised tempo difference, averaged over time 

𝑐𝑡𝑒𝑚𝑝𝑜 =
1

𝑇
∑ 𝑐𝑙𝑖𝑝 (1 −

|𝑇𝐴[𝑡] − 𝑇𝐵
(𝑠)[𝑡]|

τ𝑡𝑒𝑚𝑝𝑜

, 0,1)

𝑇

𝑡=1

  

In the tempo synchrony formula, 𝑇𝐴[𝑡] − 𝑇𝐵
(𝑠)[𝑡] is the absolute tempo disagreement 

of the in/out audio streams at frame (t) after alignment by the estimated shift (s). Absolute 

means only the magnitude of the difference matters. We set τtempo = 40  BPM so that 

tempo similarity saturates only under large tempo divergences, and remains robust to 

model-estimation noise. 
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An NMP audio pair exhibits low tempo synchrony when the tempo difference ex-

ceeds the threshold (dt ≥ 40 BPM), and high tempo synchrony when differences remain 

small relative to 40 BPM (dt < 40 BPM). 

Onset synchrony measures the alignment between onset time sequences. 

conset  =  clip ( 
2|Mτonset

|

|OA|  +  |OB
(s)

|
  ( 1  −  

median(dij)

τonset

 )  ,  0 ,  1 )  

𝑑𝑖𝑗 = |𝑡𝑖
(𝐴)

− 𝑡𝑗
(𝐵,𝑠)

|,  (𝑖, 𝑗) ∈ 𝑀𝜏𝑜𝑛𝑠𝑒𝑡
  

In the onset synchrony formula, OA is the set of onset times extracted from the input 

stream A, and OB
(s)

 is the set of onset times extracted from the output stream B after ap-

plying the alignment shift s. |Mτonset
| denotes the set of one-to-one matched onset pairs 

between the two streams (input 𝐴 and aligned output (𝐵, 𝑠 ) where matches are only 

permitted when onset times fall within the tolerance window 𝜏onset. For each matched 

pair |𝑡𝑖
(𝐴)

− 𝑡𝑗
(𝐵,𝑠)

|, (𝑖, 𝑗) ∈ 𝑀𝜏𝑜𝑛𝑠𝑒𝑡
provided the absolute time difference after alignment, i.e., 

how far apart are two matched notes in time. We set τonset  =  120 ms to match the max-

imum delay condition and to account for onset-detection uncertainty (e.g., small fluctua-

tions in detected onset times caused by the model or signal processing). 

An NMP audio pair has high onset synchrony when most onset events coincide (after 

alignment) and remain close in time. Conversely, a pair has low onset synchrony when 

few onsets can be matched, and they are far apart in time. 

For the extended (ensemble) OSI, we computed the following: 

Chord agreement measures the frame-wise match rate between predicted chord labels. 

𝑐𝑐ℎ𝑜𝑟𝑑 =
1

𝑇
∑ 𝐼 [𝑘𝐴[𝑡] = 𝑘𝐵

(𝑠)[𝑡]]

𝑇

𝑡=1

  

In the chord agreement formula, 𝑘𝐴[𝑡]  is the predicted chord class ID for input 

stream 𝐴 at frame 𝑡, and 𝑘𝐵
(𝑠)[𝑡] is the predicted chord class ID for the output stream B 

at frame t, after applying the alignment shift s. An NMP audio pair achieves high chord 

agreement when both streams predict the same chord for most aligned frames and low 

chord agreement when the predicted chord labels differ for most frames. 

Fidelity is a clip-level perceptual quality estimate predicted by the model that reflects 

the perceived audio quality of the received stream for each musician after transmission 

and processing. 

𝑐𝑓𝑖𝑑𝑒𝑙𝑖𝑡𝑦 = 𝑐𝑙𝑖𝑝 (
𝑓(𝑥𝐴→𝐵

𝑜𝑢𝑡 ) + 𝑓(𝑥𝐵→𝐴
𝑜𝑢𝑡 )

2
, 0,1)  

In the fidelity agreement formula, (𝑥𝐴→𝐵
𝑜𝑢𝑡 ) is the received audio corresponding to the 

transmission from A to B. This stream contains the degradation in the receiver’s sampling 

rate. 𝑥𝐵→𝐴
𝑜𝑢𝑡   is the received audio corresponding to the transmission from B to A. This 

stream also includes the sampling-rate degradation experienced by the transmitter. 

We computed the OSI and its associated component scores (above) for all curated 

NMP Musician A/Musician B pairs and aggregated the results by experiment. For the de-

lay study (Study A in Section 3.4.1), we computed condition-level means for each delay 

value (ms). For the quality study (Study B in Section 3.4.1), we computed condition-level 

means for each sampling-rate condition (Hz). 

3.2.6. Analyzing the Sensitivity of OSI Thresholds 

We performed a sensitivity analysis of OSI to evaluate the hand-set scoring thresh-

olds for the offset, onset and tempo components (𝜏offset = 150 ms, 𝜏onset = 120 ms, and 

𝜏tempo = 40 BPM ). We varied the value of each threshold independently ( 𝜏offset ∈
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{120,135,165,180}  ms, 𝜏tempo ∈ {32,36,44,48   BPM, 𝜏onset ∈ {96,108,132,144   ms) and 

recomputed OSI while holding the model’s outputs fixed. 

We also varied the onset-event extraction settings to evaluate how sensitive OSI is to 

the way the model detects musical events. Specifically, we altered the initial peak detec-

tion threshold 𝜃onset ∈ 0.20,0.25,0.35,0.40 , which determines the model’s confidence in 

treating a time point as a valid onset (lower values are more permissive, and higher values 

are more conservative). We then varied the minimum inter-peak gap 𝑔onset ∈ 30,40,60,70 

ms, which controls how closely spaced peaks must be before they are treated as separate 

events (small gaps are treated as separate events, while large gaps are treated as a single 

event). In addition, we adjusted the temporal smoothing window 𝑤 ∈ {1,5}  frames, 

which affects how much short-term fluctuation is suppressed before onset detection 

(small values correspond to minimal smoothing while larger values produce a smoother 

curve). Finally, we tested alternative rules for combining instrument-level signals (31 in-

strument channels) into a single onset curve, including top-K aggregation (baseline), max-

imum, mean, and logical OR. 

To evaluate robustness, we measured rank stability relative to baseline OSI using 

Spearman’s ρ and computed absolute score deviation using MAE, separately for the de-

lay-based OSI and quality-based OSI variants (timing-core and ensemble). 

3.3. Correlation of OSI to Subjective QoE 

To evaluate the validity of OSI (and its constituent components) as a metric for QoE 

assessment, we used statistical correlations between OSI scores and musicians’ question-

naire responses collected in our experimental studies (see Study A and Study B in Section 

3.4.1). We correlated OSI and its components (offset, onset, beat, tempo, chord, and fidelity) 

with subjective ratings from questions assessing the musicians’ QoE. Because both studies 

used a repeated-measures design, we analysed associations using the repeated-measures 

correlation (rmcorr), which quantifies within-musician covariation while controlling for be-

tween-musician baseline differences. This approach ensures that correlations reflect how 

changes in objective synchrony within a musician’s track change their subjective experience, 

rather than being driven by individual differences in rating behaviour. 

For the delay condition (Study A), we examined the correlations between subjective 

ratings and the timing-based OSI and its components. For the quality condition (Study B), 

we analysed both the timing-core OSI and the extended ensemble OSI (which additionally 

incorporates chord agreement and fidelity). This approach enabled us to test whether sub-

jective QoE tracks temporal coordination alone or benefits from the inclusion of harmonic 

and signal-quality descriptors. We assessed robustness using Spearman-based repeated-

measures correlation, complemented by cluster bootstrap confidence intervals at the musi-

cian level. Where applicable, we also fitted random-intercept mixed-effects models to obtain 

interpretable effect sizes while accounting for repeated observations within musicians. 

3.4. Experimental Design 

We used two separate rooms on the same floor of the university building for our 

experiments. Musicians performed in pairs, each listening to and watching the other 

through headphones and a 32” monitor. Across both experiments, we used the same gen-

eral topology but with slightly different setups for each scenario. 

3.4.1. Factors and Conditions 

In the first experiment (Scenario A), we varied the audio delay (Table 1) while keep-

ing audio quality fixed. In the second experiment (Scenario B), we varied audio quality 

while keeping the audio delay fixed (Table 2). 
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Most studies on the impact of delay on NMP measure the Mouth-to-Ear (M2E) delay, 

which is the time between the microphone at one end and the headphones at the other. 

Measuring M2E requires precise clock synchronisation between those endpoints, which 

is only feasible using specialised equipment [35]. For this reason, in our study, we consider 

the My-Mouth-to-My-Ear (MM2ME) delay. MM2ME delay is the two-way version of the 

M2E delay (see Figure 2). Instead of measuring one-way transmission, however, it 

measures round-trip time: from when a musician plays a note into the microphone over 

the network to the other musician, and back through the headphones as a reply. Because 

musicians rely on quick feedback from fellow musicians to play in sync, MM2ME pro-

vides a meaningful measure of delay in the interaction loop. 

 

Figure 2. My-Mouth-to-My-Ear-delay. 

Table 1. Scenario A: MM2ME delays. 

Repetition 1 2 3 4 5 6 7 8 9 10 

MM2ME delay (ms) 10 25 35 30 20 0 40 60 80 120 

Table 2. Scenario B: MM2ME sampling rate. 

Repetition 1 2 3 4 5 6 7 8 9 10 

Sampling Rate (kHz) 44.1 36 28 22 16 12 8 18 48 88.2 

3.4.2. Participants and Musical Material 

In a within-subjects repeated-measures design, we asked 22 musicians to play a mu-

sical passage of their choice in pairs, using the instrument of their choice. Within each 

scenario, each pair selected a musical passage of their choice and performed the same one-

minute passage 10 times, using the same instrument(s), under the variable delay condi-

tions shown in Table 1 or the variable quality conditions shown in Table 2. By allowing 

musicians to use pieces they already knew and preferred, we minimised practice effects 

and increased confidence that our data accurately measured the impact of delay and qual-

ity on the musicians’ synchrony and QoE. Although allowing musicians to use a piece and 

instrument of their choice introduced potential variability between pairs in repertoire and 

instrumentation, these factors were held constant within each pair across repeated condi-

tions within a scenario. 

3.4.3. Apparatus and Testbed 

In Scenario A (see Figure 3), we used an eight-channel mixing console to route, mon-

itor, and record audio in each room. Each musician listened to and watched the other 

through closed-type headphones and real-time HD video. We captured performances us-

ing condenser microphones. To achieve the lowest possible delay between musicians, we 

patched the monitor cables (shown as red lines in Figure 3) directly between the two 
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rooms, bypassing all network equipment. The visual delay between the HD camera and 

the TV monitor was 15 ms. 

 

Figure 3. Experimental setup for Scenario A for controlled MM2ME delay between two remotely 

interacting musicians. 

We also connected the two mixing consoles using direct cable patching, achieving a 

10 ms delay, which is difficult to achieve when computers and network devices sit in the 

signal path. To manipulate the delay in either direction, we used AD-340 audio delay units 

made by Hall Research, Tustin, CA, USA. 

We changed the configuration in the second study (Scenario B), as shown in Figure 

4. In this setup, we routed the audio signals from the mixing consoles to two Linux-based 

PCs running with i7 processors and 12 GB RAM. Both PCs ran our in-house Aretousa 

software, version 1.0 [5] to capture and play back audio streams from the mixing consoles 

at the desired sampling rate (see Table 2). We did not modify the video configuration; the 

visual delay remained at 15 ms in both directions. 

 

Figure 4. Experimental setup for Scenario B (variable quality), showing two remotely interacting 

musicians with controlled audio quality conditions while the MM2ME delay remained fixed. 

3.4.4. Procedure 

In Study A, each pair of musicians played the same one-minute passage at their own 

tempo and repeated it 10 times under different MM2ME delay conditions (see Table 1). In 

Study B, the same pair of musicians repeated the same one-minute passage 10 times under 

different sampling-rate conditions (see Table 2), while the audio delay remained fixed. At 

the end of each repetition, musicians completed a study-specific questionnaire assessing 

various aspects of their QoE, including synchrony. In the delay study (Study A), musi-

cians rated their anxiety, perceived audio/video quality, irritation, perception of delay, 

satisfaction, perceived synchronisation, and the extent to which they actively tried to fol-

low their partner. In the quality study (Study B), musicians rated their anxiety, irritation, 

perceived audio quality, and overall satisfaction. During the studies, we observed stable 
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performance across all musical groups, which gave us greater confidence that we had ac-

curately measured the impact of delay and quality on their QoE. 

4. Results 

4.1. Sensitivity Analysis of OSI Thresholds 

Across the three threshold sweeps (𝜏offset ∈ {120,135,165,180} ms , 𝜏tempo ∈

{32,36,44,48} 𝐵𝑃𝑀,  𝜏onset ∈ {96,108,132,144} ms)  OSI remained highly stable, with 

nearly identical pairwise rankings relative to the baseline. In the quality study outputs, 

the worst Spearman correlation was ρ = 0.991 for timing-OSI and ρ = 0.996 for ensemble-

OSI, with maximum mean absolute deviations of 0.0135 and 0.0102, respectively. The de-

lay-study OSI output showed similarly high stability across the same tolerance sweeps, 

with a worst-case Spearman correlation of ρ = 0.994 and a maximum mean absolute de-

viation of 0.0095. 

For the three scoring-tolerance sweeps, the largest threshold-related deviations came 

from the tempo-tolerance sweep, while the offset- and onset-tolerance sweeps remained 

highly stable. Varying the onset-detection threshold (0.2–0.4) had negligible effects on the 

quality-study outputs: thresholds from 0.20 to 0.35 produced no measured change, and 

the 0.40 threshold produced only very small deviations (timing-OSI: MAE = 0.0005; en-

semble-OSI: MAE = 0.0004). In the delay-study output, average deviations were also small 

(MAE ≤ 0.0018), and rankings remained highly stable (𝜌 ≥ 0.998), reflecting the relative 

robustness of the onset extractor under both delay and quality conditions. 

However, OSI was more sensitive to the structural choices for aggregating onset 

events. Alternative onset collapse rules led to larger deviations than the scoring-tolerance 

sweeps. For the quality-study timing-OSI, aggregation-rule variants produced MAE val-

ues of 0.0131–0.0394, while ensemble-OSI showed MAE values of 0.0098–0.0295. The de-

lay-study OSI output showed a similar pattern, with aggregation-rule variants producing 

MAE values of 0.0190–0.0469. These changes indicate greater sensitivity to how onset-

class evidence is combined, although the median shifts were mixed in direction rather 

than consistently inflated. Changes in the inter-peak gap produced only minor average 

effects (quality timing-OSI: MAE ≤ 0.0013; quality ensemble-OSI: MAE ≤ 0.0010; delay-

study OSI: MAE ≤ 0.0004), while changes to the smoothing window produced larger but 

still non-catastrophic changes (quality timing-OSI: MAE = 0.0220–0.0270; quality ensem-

ble-OSI: MAE = 0.0165–0.0202; delay-study OSI: MAE = 0.0287–0.0312). 

4.2. Objective OSI Under Delay Conditions 

We computed timing-OSI for the delay study (Study A) across 10 delay levels (0, 10, 

20, 25, 30, 35, 40, 60, 80, and 120 ms, 11 musician pairs). Mean OSI values ranged from 

0.365 to 0.459 across conditions, with the highest mean OSI observed at 10 ms (OSI = 0.459) 

and the lowest at 120 ms (OSI = 0.365) (see Figure 5). A Spearman rank correlation across 

the 10 conditions showed a strong negative association between delay and mean OSI (ρ = 

−0.52). This reduction was primarily driven by the offset component (offset mean range: 

0.680–0.958; ρ = −0.62), followed by the onset component (onset mean range: 0.111–0.147; 

ρ = −0.37). Beat synchrony remained consistently high across delay levels (0.962–0.970), 

while tempo synchrony varied modestly (0.432–0.510). These results indicate that under 

increasing delay, OSI is dominated by onset- and offset-level changes rather than beat- or 

tempo-based components. 
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Figure 5. Mean timing-OSI across MM2ME delay conditions (Study A). 

4.3. Objective OSI Under Quality Conditions 

We computed ensemble-OSI (timing-OSI and extended ensemble-OSI) for the quality 

study (Study B) across 10 sampling-rate conditions (8 kHz to 88.2 kHz; n = 11 pairs per 

level). Across the 8 kHz to 48 kHz range, ensemble-OSI was relatively stable (0.536–0.576), 

and timing-OSI showed similarly limited variation (0.536–0.576), with no monotonic im-

provement as the sampling rate increased. Figure 6 shows that the highest mean ensem-

ble-OSI occurred at 48 kHz (0.586), while the lowest occurred at 88.2 kHz (0.533), indicat-

ing that higher sampling rates did not correspond to stronger objective synchrony. Across 

conditions, beat synchrony remained consistently high (0.973–0.976), tempo synchrony 

varied moderately (0.513–0.602), and onset synchrony remained lower than the other tim-

ing components (0.131–0.225). 

 

Figure 6. Mean ensemble-OSI across sampling rate conditions (Study B). 

The ensemble components showed that chord agreement varied more substantially 

than fidelity (chord: 0.472–0.642; fidelity: 0.664–0.679), indicating that differences between 

timing-OSI and ensemble-OSI are more strongly influenced by chord agreement than by 

the fidelity score. 

4.4. Linking OSI to Subjective QoE 

To validate the OSI variants (timing-OSI and ensemble-OSI), we correlated their es-

timates (and components) with subjective QoE ratings. We computed repeated-measures 

correlations (rmcorr) between all questionnaire items and the objective OSI predictors. For 
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each study, we assessed within-musician covariation between the corresponding OSI and 

subjective ratings. This approach quantifies whether OSI can track musicians’ ratings, while 

controlling for individual differences in baseline rating behaviour. Below, we report rmcorr 

values with 95% cluster-bootstrap confidence intervals and associated 𝑝-values. Further-

more, for the quality study, we conducted a descriptive condition-level analysis of the OSI 

outputs to examine which sampling-rate manipulations best preserved synchrony. 

In the delay study (Study A), we found significant associations between timing-OSI 

and multiple QoE items (see Figure 7). Timing-OSI showed a strong association with per-

ceived synchronisation (Q6: r = 0.330, p ≤ 0.001, 95% CI [0.203, 0.445]) and a negative associ-

ation with reported effort to follow (Q7: r = −0.276, p < 0.001, 95% CI [−0.388, −0.146]). It also 

showed negative associations with irritation (Q3: r = −0.216, p = 0.002, 95% CI [−0.290, 

−0.112]) and perceived delay (Q4: r = −0.231, p = 0.001, 95% CI [−0.362, −0.085]), as well as a 

weaker positive association with satisfaction (Q5: r = 0.148, p = 0.037, 95% CI [0.001, 0.280]). 

 

Figure 7. Repeated measures correlations between timing-OSI and subjective QoE ratings (Study A). 

We also found strong component-level associations for offset and onset synchrony. 

Offset showed the strongest positive association with perceived synchronisation (Q6: r = 

0.379, p ≤ 0.001) and a significant positive association with satisfaction (Q5: r = 0.187, p = 

0.008). Offset also showed significant negative associations with irritation (Q3: r = −0.260, 

p < 0.001), perceived delay (Q4: r = −0.284, p < 0.001), and reported effort to follow (Q7: r = 

−0.300, p < 0.001). Onset synchrony also showed significant but weaker associations with 

synchronisation and effort (Q6: r = 0.168, p = 0.018; Q7: r = −0.173, p = 0.014). Beat and 

tempo components did not show reliable associations with the subjective ratings. 

In the quality study (Study B), ensemble-OSI did not show significant associations with 

any subjective rating (all 𝑝 ≥ 0.065), indicating that the ensemble-OSI, as defined, does not 

strongly track perceived QoE under sampling-rate manipulations. However, we observed 

modest but significant relationships for the following components (see Figure 8). 
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Figure 8. Component-level repeated-measures correlations between OSI components (Offset, Beat, 

Tempo, Chord, Fidelity) and subjective QoE ratings (Study B). 

Offset, Beat, and Tempo synchrony showed a small positive association with satis-

faction (r = 0.141, p = 0.047; r = 0.243, p = 0.001; r = 0.179, p = 0.012). When combined into a 

temporal synchrony composite, these components remained relatively strong across sev-

eral conditions, including 8 kHz, 16 kHz, 18 kHz, 36 kHz, and 44.1 kHz, and were weakest 

at 88.2 kHz and 12 kHz. Fidelity showed a positive association with satisfaction (r = 0.174, 

p = 0.014). Chord agreement was negatively associated with irritation (r = −0.145, p = 0.041). 

Fidelity was highest at 12 kHz and remained relatively stable across conditions. In con-

trast, chord agreement varied more substantially, peaking at 16 kHz and reaching its low-

est values at 22 kHz, 88.2 kHz, and 28 kHz. Onset synchrony did not show meaningful 

associations with any of the subjective ratings (all p ≥ 0.172). 

5. Discussion 

Overall, the results for the single OSI predictors suggest that timing-OSI showed a 

strong negative association with experimental delay. In contrast, the ensemble-OSI did 

not show a monotonic improvement with increasing sampling rate. We expected this di-

vergence, as OSI variants are weighted primarily toward temporal coordination cues. In the 

delay study (Study A), the systematic delay manipulation (10 levels, 0–120 ms) introduced 

phase-error into the musicians’ auditory feedback loop, limiting their ability to make rapid 

timing corrections [2,10] and reducing tight coordination. In contrast, in the quality study 

(Study B), the sampling-rate manipulation primarily reduced spectral detail (fine structure 

and, indirectly, harmonic clarity) while preserving the temporal envelope cues that drive 

timing (onset and periodic pulse cues supporting beat and tempo, and, indirectly, cues used 

for offset estimation). As a result, the timing components of OSI do not show a clear mono-

tonic trend across sampling-rate bands, keeping ensemble-OSI relatively stable. 

At the component level, timing-OSI in Study A shows that onset and offset capture 

reduced local timing coordination under delay, while beat and tempo reflect higher-level 

metrical stability, i.e., maintenance of a shared pulse and overall tempo coherence 

[2,14,15]. These findings are consistent with musicians maintaining a shared pulse even 

when fine-grained event alignment has degraded. In Study B, the timing components (off-

set, onset, beat, tempo) remained stable across sampling-rate manipulation, and the en-

semble terms (chord agreement and fidelity) did not increase monotonically with 
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sampling rate. Together, these component findings help explain why timing-OSI tracked 

delay effects more clearly than ensemble-OSI tracked sampling-rate changes. 

The subjective (QoE) results reinforce our interpretation above. Timing-OSI corre-

lated positively with perceived synchronisation and satisfaction. It correlated negatively 

with perceived delay, irritation, and reported effort to follow a partner; these relationships 

were most consistent for offset synchrony and more selective for onset synchrony. These 

findings align with the literature, which shows that temporal delay disrupts performers’ 

ability to maintain synchronisation [36], while onset cues remain perceptual cues for evalu-

ating ensemble togetherness [37]. The association with effort is also consistent with prior 

work: onset misalignment increases the predictive and corrective demands placed on musi-

cians, which have been linked to measurable increases in mental effort in rhythmic tasks 

[38]. Because beat and tempo synchrony remained high across delay conditions and exhib-

ited limited variance, they had limited explanatory power for subjective ratings. 

In the quality study, Ensemble-OSI as a single predictor did not show a significant 

association with any subjective (QoE) item. One possible interpretation for the positive 

associations between satisfaction and offset, beat, and tempo synchrony is that musicians 

experienced temporal coordination as broadly usable across most sampling-rate manipu-

lations. In this context, the positive association between fidelity and satisfaction suggests 

modest sensitivity to signal clarity: trials with slightly better acoustic detail were per-

ceived as more satisfying. In contrast, the negative association between chord agreement 

and irritation suggests that reduced harmonic coherence may have made the ensemble 

sound more perceptually unstable, leading to irritation. However, given the weak effect 

sizes and the absence of a significant overall Ensemble-OSI–QoE association, we consider 

these patterns exploratory rather than conclusive. 

The component-level findings above should be interpreted in light of a limitation in 

the current MTSN model. Although we calibrated the offset head using a separate NMP-

B dataset, the non-offset heads were not directly validated against NMP-specific labelled 

annotations. To the best of our knowledge, no publicly available NMP-specific labelled 

corpus currently provides the frame-, event-, segment-, and clip-level annotations re-

quired to validate these heads directly. Creating such a corpus would be a substantial 

task. For example, validating the onset head would require paired musicians to perform 

under controlled NMP delay and audio-quality conditions, with separate Musician A/Mu-

sician B recordings manually annotated for onset events across instruments, musical roles, 

overlapping musical textures, performer adaptation strategies, and transmission-induced 

degradation. Therefore, we treated the onset, beat, tempo, chord, and fidelity outputs as 

model-derived descriptors within the OSI framework, rather than as independently vali-

dated NMP-domain measures. Component-level interpretations based on these model-

derived descriptors should remain cautious, since changes in their values may reflect syn-

chrony-related variation but may also be influenced by domain shift arising from live cap-

ture, instrument differences, room acoustics, network processing, and signal degradation. 

Finally, the sensitivity analysis indicates that both timing-OSI and ensemble-OSI are 

numerically stable to moderate variations in the scoring tolerances (𝜏offset, 𝜏onset, 𝜏tempo), 

while the largest sensitivity arises from structural choices in onset-event definition. These 

results indicate that OSI is robust as a metric under reasonable threshold variations, but 

also that onset aggregation is a design-critical factor in the metric definition. 

6. Conclusions and Future Work 

This paper presents an AI-driven objective metric to measure synchrony, a critical 

aspect of the Musician’s QoE in Network Music Performance (NMP) environments. The 

findings for each OSI variant highlight two important implications for its design. First, 

timing-OSI showed the clearest construct validity against subjective QoE under delay, 

https://doi.org/10.3390/app16125919


Appl. Sci. 2026, 16, 5919 21 of 23 
 

https://doi.org/10.3390/app16125919 

primarily because it measures timing misalignment (especially global lag and onset-level 

asynchrony) that musicians can readily notice and must actively compensate for during the 

study (Study A). At the component level, the main design implication is that offset syn-

chrony should remain central to timing-OSI, while onset synchrony should be treated as a 

more selective cue for perceived synchronisation and effort. Second, ensemble-OSI did not 

significantly track subjective QoE as a single predictor under sampling-rate manipulation, 

although modest component-level effects suggested that satisfaction was higher when tem-

poral stability and fidelity were preserved, whereas irritation was more closely related to 

reduced chord agreement. Ensemble-OSI may therefore require additional perceptual de-

scriptors such as harmonic clarity (the intelligibility of pitch and chord structure) [39] and 

transient-audibility (the perceptibility of note attacks and other rhythmic transients under 

degradation or masking) [40]. This would enable it to capture not only whether two streams 

are temporally aligned, but also whether the cues required for musicians to perceive and act 

on that alignment remain audible under degraded audio conditions. 

Future work will focus on releasing an open-source version of MTSN for both post 

hoc and real-time OSI analysis. We plan to design a low-latency streaming variant of the 

current architecture using sliding-window inference and shorter analysis windows to en-

able incremental estimation of the main OSI descriptors: onset, beat, tempo, chord, and 

fidelity. In parallel, we are exploring approaches for adapting the offset head and the OSI 

score-aggregation strategy for real-time deployment. Pairwise offset estimation is inher-

ently more difficult than the remaining descriptors because it requires direct comparison 

between two streams and reliable alignment between them. We will also prioritise NMP-

specific validation and further calibration of the onset component, since the sensitivity 

analysis showed that OSI is robust to scoring-threshold variation but more sensitive to 

structural choices in onset-event extraction and aggregation. We will also validate and, 

where necessary, recalibrate the remaining non-offset heads (beat, tempo, chord, and fi-

delity) using NMP-specific labelled data before treating them as standalone NMP-domain 

measures. Finally, we will explore which perceptual descriptors could enrich ensemble-

OSI and help it better capture synchrony under degraded audio conditions. 

Using the updated MTSN as a core synchrony mechanism for musical performance, 

we plan to conduct a larger empirical study with 50 musicians (25 pairs). This study will 

help us gain deeper insights into musicians’ perceived synchronisation and enable a more 

robust validation of OSI against subjective QoE, particularly for the weaker ensemble-OSI 

component effects observed under audio degradation. 

The second direction of future work focuses on learning the relative importance of OSI 

components directly from the data rather than using fixed weights. During asynchronous 

analysis, instead of specifying the relative importance of offset, onset, beat, tempo, chord, 

and fidelity, the extended framework will include a regression model to learn how each 

component contributes to predicting synchrony. Finally, we plan to introduce instrument- 

and role-aware modelling into the OSI framework. In NMP settings, musicians rely on dif-

ferent auditory cues for synchronisation depending on their instrument and musical role; 

for example, percussive instruments tend to prioritise transient timing cues, while harmonic 

instruments rely more on pitch and timbral clarity. Similarly, different musical roles (e.g., 

accompaniment or melodic) require musicians to rely on different coordination cues. 

We are currently building a prototype as a musician-specific feedback companion for 

real-time NMP environments. The prototype enables musicians to manually select their 

instrument type and role via a user interface before the performance. It also displays the 

descriptor-level and aggregate synchrony scores relative to the ensemble (two or more 

musicians), based on the learned OSI coefficients. 
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