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Sparse Linear Prediction for Packet Loss
Concealment in Networked Music Performances
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Abstract—We present a sparse linear prediction algorithm for
real-time audio packet loss concealment. The method iteratively
selects non-contiguous lags to model periodic signals using
an Orthogonal Matching Pursuit (OMP)-based approach for
lag selection. Implementation on ARM hardware achieves sub-
millisecond processing time for model fitting and prediction times
of a few tens of nanoseconds per sample, making the algorithm
well-suited for networked music performance applications.

Index Terms—Packet Loss Concealment, Networked Music
Performance, Linear Prediction, Autoregressive Models, Orthog-
onal Matching Pursuit

I. INTRODUCTION

Many applications rely on real-time audio streaming over
the Internet. As the purpose varies, latency requirements of
such applications vary too. Networked Music Performances
(NMP) have particularly strict latency constraints: prior studies
show that the acceptable end-to-end delay for a remote musical
session is generally at most 30 ms [1]. Beyond such threshold,
latency significantly impairs ensemble synchronization.

Several factors contribute to end-to-end latency in NMP ap-
plications, primarily packet transit time and buffering delays.
Packet jitter and loss, being inherently unpredictable, can cause
audio gaps when data is unavailable for playback. Receiver
buffers can mitigate gaps due to late packets by absorbing
timing variations, at the cost of added queuing delay, thus
leading to a trade-off between latency and packet loss rate.
Moreover, packets discarded by intermediate routers remain
unrecoverable, regardless of the receiver buffer size.

To mitigate this issue, various strategies can be employed
— one of the most widely used being Packet Loss Conceal-
ment (PLC). PLC techniques aim to generate substitute audio
samples to mask missing data in a way that is imperceptible
to human listeners. While extensive research exists on PLC,
most approaches have been tailored for speech applications
such as VoIP or videoconferencing and thus hardly applicable
in NMP scenarios.
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To bridge such gap, we introduce an algorithm specifi-
cally designed for PLC in the context of NMP applications,
addressing the unique challenges of real-time, high-fidelity
audio performance over the Internet. The method consists of
a Sparse Linear Prediction algorithm that selects a subset of
previous noncontiguous lags, enabling modeling of periodic
signals while maintaining computational efficiency suitable
for real-time constraints. The algorithm relies on a sparse au-
toregressive model for signal reconstruction, ensuring smooth
transitions through alignment-optimized cross-fading. Thanks
to its simplicity, the algorithm is lightweight even when imple-
mented on computationally-limited hardware: preliminary tests
prove that it can fit the underlying data in some hundreds of
microseconds on a Raspberry Pi 4, and predict each missing
sample in some tens of nanoseconds on the same hardware.

The remainder of the paper is organized as follows: sec. II
presents a brief literature review on PLC techniques, sec. III
describes the proposed algorithm, and sec. IV provides some
implementation details. Preliminary results are provided in sec.
V, whereas sec. VI concludes the manuscript.

II. RELATED WORK

A. Early studies

Early packet loss recovery methods can be broadly cate-
gorized into sender-based and receiver-based strategies [2].
Sender-based approaches, such as Forward Error Correction
(FEC) and packet retransmission, add data redundancy at the
cost of increased bandwidth and latency [3]. Using sender-
based approaches, packets are usually fully recovered. Con-
versely, receiver-based methods operate only on successfully
received packets and consist in filling the missing audio
portion with artificially-generated samples. PLC techniques
fall under the latter category.

An historical approach proposed in the ITU-T G.711 stan-
dard [4, Appendix I], named pitch waveform replication, uses
a pitch detection algorithm to identify periodic segments and
replicates them during loss periods. However, it may produce
artifacts when the signal characteristics change abruptly, or in
the case of non-periodic signals.

B. Linear Prediction Based Methods

Linear Prediction (LP) has been widely adopted for PLC
due to its ability to model the spectral envelope of speech



signals efficiently. Gunduzhan and Momtahan [5] proposed
an LP-based PLC algorithm for PCM-coded speech that ex-
tracts residual signals through linear prediction analysis and
uses periodic replication for excitation generation. Kondo and
Nakagawa [6] extended this approach by using bidirectional
LP, i.e., predicting lost segments based on both preceding and
succeeding packets. This enhancement improved reconstruc-
tion quality, particularly for longer loss bursts, achieving mean
opinion scores similar to those obtained by [4, Appendix I] for
packet loss rates up to 10%.

More recently, Ohidujjaman et al. [7] proposed to replace
the traditional autocorrelation method with a modified covari-
ance method for LP coefficient estimation, considering both
the forward and backward prediction error in the optimization
phase. This approach mitigates the ill-conditioning issues of
traditional autocorrelation-based Autoregressive (AR) models.

In the context of NMP, Sacchetto et al. [8] proposed to
implement LP leveraging the Burg model, due to its higher
numerical stability in comparison to the more widely adopted
Yule-Walker model. They demonstrated that AR models can
effectively predict missing audio segments with computational
requirements suitable for real-time processing, outperforming
silence substitution and pattern replication methods commonly
used in NMP systems.

The application of AR models to music signals presents
unique challenges compared to speech, as music exhibits more
complex harmonic structures and longer-term dependencies.
The pitch-invariant properties of musical instruments make
sparse representations particularly attractive for this domain.

C. Deep Learning Approaches

The advent of deep learning has opened new avenues for
PLC. Mohamed et al. [9] provided a comprehensive survey
of deep learning methods for speech PLC, highlighting the
potential of generative models. Lee et al. [10] proposed a
hybrid approach combining generative and predictive models,
using a neural vocoder conditioned on features predicted by a
separate model.

Deep learning methods typically require significant com-
putational resources and introduce latency that may exceed
the strict requirements of NMP applications. The ICASSP
2024 Audio Deep PLC Challenge [11] and the IEEE-IS2
2024 Music PLC Challenge [12] emphasized the importance
of computational efficiency alongside reconstruction quality.
Research on Deep PLC techniques has led to methods that
perform well with a number of parameters in the order of
105, as in [13].

III. PROPOSED METHOD

PLC implementations for NMP applications should process
audio frames within a time depending on the size of the de-
jitter buffer. Such time is typically limited to a few ms, to
meet the latency constraints imposed by NMP.

The objective of our proposed algorithm is to leverage the
strengths of LP, which inherently supports low-latency opera-
tion, while addressing common limitations of AR approaches

in long-term predictions. An AR model is a statistical frame-
work that forecasts future values in a sequence based on its
past observations. In this sense, the proposed method remains
an AR model; however, it introduces two key enhancements:

• enforcing sparsity by using a limited number of parame-
ters, so that predictions rely only on the most informative
past values;

• mitigating error accumulation by excluding short-term
predictors, which are more prone to compounding pre-
diction errors.

A. Problem Formulation

Given a time-discrete signal s[t], we seek to model it as:

s[t] =

K∑
i=1

ϕis[t− di] + ϵ[t] (1)

where {di}Ki=1 are sparse lags and {ϕi}Ki=1 are the correspond-
ing coefficients, with ϵ[t] being an error term. The key idea
is the iterative selection of lags based on their correlation
with the prediction residual, achieved through heuristics aimed
at keeping processing times low while ensuring accurate
enough predictions. This method is equivalent to an Orthog-
onal Matching Pursuit (OMP) where the dictionary of atoms
corresponds to the lagged versions of the signal itself.

1) Sparse Representation and OMP: OMP, introduced by
Pati et al. [14], has found applications in various signal pro-
cessing domains. In audio processing, sparse representations
have been particularly successful for source separation and
compression tasks [15]. OMP evolves from matching pursuit
with the key advantage of the re-optimization of all selected
coefficients at each iteration, leading to better approximation
quality at the cost of increased computational complexity.

Furthermore, under the assumption that the audio signal is
weakly stationary, OMP equations can be expressed in terms
of autocorrelation values, avoiding the issue of dealing with a
potentially large design matrix.

2) Method description: Given the signal s[t], we define:
• r[d] as the autocorrelation value of s at lag d,
• ϕd as the coefficient of the model relative to lag d,
• s̃[t] =

∑
i ϕis[t − di] as the predicted version of the

signal,
• ϵ[t] = s[t]− s̃[t] as the error signal,
• ρϵ,s[d] as the cross-correlation between the error signal

and the signal itself.
At each iteration, we try to select an informative lagged
version of the signal s[t− di] by choosing di such that:

di = argmax
d

ρe,s[d] (2)

We initialize the model by considering s̃[t] = 0, thus ϵ[t] =
s[t], and ρe,s[d] = r[d]. The assumption of stationarity permits
to simplify computations. The ordinary least squares (OLS)
optimizer for simple linear regression is expressed as per eq.
3:

ϕ = (XTX)−1XTy (3)



Algorithm 1 OMP-based Sparse AR
1: Input: array of last w samples x, max iterations K, max

lag L
2: Initialize sets of lags and coefficients: D = ∅, ϕ = ∅
3: Build array of autocorrelations c of length L (up to lag

L− 1)
4: for j = 1 to K do
5: Compute the L-length array ρ according to eq. 5
6: Find dj = constrained argmax(ρ)
7: if stopping criterion met then
8: break
9: end if

10: Update set of lags: D = D ∪ {dj}
11: Construct Rij = c[|di − dj |]
12: Construct ri = c[di]
13: Solve Rϕ = r
14: end for
15: Output: Lags D, coefficients ϕ

where X is the design matrix, with each row being a sample of
the input regressors space, y is the array of scalar responses,
and ϕ is the array of parameters. There exist a trivial par-
allelism between eq. 3 and a modified version of the Yule-
Walker equation:

ϕ = R−1r (4)

In eq. 4, R is a matrix built such that Ri,j = r(|i−j|) and r is
a column vector such that ri = r(i). It can be proven that the
two formulations are equivalent for weakly stationary signals.
In our case, introducing sparsity, we define R such that Ri,j =
r(|di − dj |) and ri = r(di). Under the same assumption, ρϵ,s
can be computed without the need of explicitly calculating
ϵ[t], as it can be easily expressed in terms of autocorrelations
by means of eq. 5:

ρϵ,s[d] = r[d]−
∑
i

ϕir[|d− di|] (5)

These findings enable efficient iteration through the OMP
algorithm, where each step involves lag selection (equations 2
and 5) followed by model replacement (equation 4), with the
model size increasing by one at each iteration. Algorithm 1
presents a simple implementation of the proposed method.

IV. METHOD ANALYSIS AND IMPLEMENTATION
CONSIDERATIONS

A. Model fitting constraints and suggestions

The model inputs are: (i) an array of samples, whose
size can be fixed or dynamically determined based on signal
conditions; (ii) the maximum number of iterations, which
determines the maximum number of parameters in the model;
and (iii) the highest lag to consider, which determines the
number of autocorrelations to compute.

An effective implementation should incorporate several cri-
teria and hyperparameters to mitigate the possible drawbacks
of the model as-it-is:

1) The number of recent samples to be considered for
model fitting should be limited to a portion of the signal
that exhibits stationary properties. Events such as note
onsets may alter the local properties of the signal, and
signal portions immediately before or after such events
should be excluded.

2) The constrained argmax function (line 6 of Alg. 1) can
replace the standard argmax with additional policies,
such as:

• Excluding smaller lags to reduce error propagation
by preventing predicted values from serving as
predictors in subsequent predictions.

• Excluding or penalizing lags that are too close to
those already in D.

• Stopping if the correlation associated to the last
selected lag is too high or too low.

3) When constructing R, regularization can be applied. For
instance, Tikhonov regularization can be implemented
by solving the system using R′ = R + λI instead of
R at line 13. The computed coefficients can be further
refined using more complex objective functions (e.g.,
LASSO regularization [16]), which may be effective for
larger values of K.

4) The algorithm may terminate before K iterations, based
on appropriate stopping criteria 7.

B. Continuity at boundaries
The proposed method can predict multiple missing audio

samples without depending on previously predicted ones.
However, since the first predicted samples are independent
of the last samples in the input window, discontinuities may
appear where prediction starts, potentially causing audible
glitches that propagate to successive portions of generated
audio. These issues can be avoided by either predicting the
first samples with a model that guarantees continuity, or using
the proposed method to predict the few last present samples.
In either case, two versions of the same audio portion are
available, enabling cross-fading to mitigate discontinuity. The
same approach can be applied at the end of the predicted audio
portion, where real samples become available again.

Cross-fading can be used in fixed-sized regions at the
predicted section boundaries. However, it is advisable to iden-
tify sub-regions that maximize similarity between overlapping
portions and apply cross-fading there, following the overlap-
add procedure of the WSOLA algorithm [17].

C. Stability
Without any regularization, the output of the model is often

unstable. Taking the z-transform of eq. 1, where S(z) =
Z{s[t]} and E(z) = Z{ϵ[t]} we obtain:

S(z) =

K∑
i=1

ϕiz
−diS(z) + E(z) (6)

which can be rewritten as:

S(z)[1−
K∑
i=1

ϕiz
−di ] = E(z) (7)



Therefore:

S(z) = E(z)/Φ(z)

where Φ(z) = 1−
K∑
i=1

ϕiz
−di

(8)

This represents an all-pole infinite impulse response filter. If
any pole of 1/Φ(z) lies outside the unit circle, the model is
unstable. Empirically, low-order models seem less prone to
exhibit early instability in their predictions. In any case, the
prediction output should be monitored for unstable resonances
or exponential growth.

D. Relationship to Waveform Replication Method

The stopping criteria at line 7 can be implemented according
to several strategies. When it is based on high correlation
between predicted and original signals, strongly periodic
signals (e.g., sustained notes) may cause the algorithm to
terminate with a single lag. Setting the associated coefficient
to 1 maintains constant signal power, making the method
equivalent to pitch waveform replication [4].

E. Computational Complexity

The algorithm has been specifically designed to have a very
low complexity. Once the autocorrelation values are computed,
no more operations are performed on the historical samples.
Additionally, the number of selected lags, which is directly
linked to the number of iterations of the algorithm, is usually
very low. The overall complexity of the model fit phase can
be computed as follows:

• Autocorrelation computation: its complexity is
Θ(Nlog(N)) using a Fast Fourier Transform (FFT) -
based approach.

• Cross-correlation computation: Each iteration k re-
quires (k − 1)L operations to compute the error-signal
cross-correlation array, resulting in an overall complexity
of O(K2L). The additional lag selection phase is a linear
search on the array (O(L)), which makes it negligible
w.r.t. the array computation.

• System solution: Solving each linear system has a cubic
complexity, thus iteration k requires k3 operations. Note
that, contrarily to AR models, the R matrix is symmetric,
but it is not Toeplitz, so, unfortunately, the Levinson-
Durbin recursion is not applicable. Overall, this phase
has a O(K4) complexity.

It follows that the total complexity is O(K2L + K4 +
Nlog(N)). With K small and constant and L ≈ N , this
reduces to O(Nlog(N)), dominated by the FFT-based auto-
correlation computation.

V. RESULTS

The proposed method has been implemented in C++. FFT
operations and linear algebra operations are performed re-
spectively via the FFTW [18] and the Eigen3 [19] libraries.
Furthermore, the code is executed under FIFO scheduling on
a PREEMPT RT Linux kernel to better reflect its impact

Fig. 1. R2 comparison between Burg-based AR (model order p = 128) and
the proposed Sparse LP method

on a NMP application. Results are obtained by running the
implementation on a Raspberry Pi 4, on the same dataset
(29 files with heterogeneous musical content, each of them
corrupted by 100 lost portions of 128 samples each, randomly
inserted with uniform distribution) of our baseline (i.e., the
Burg-based AR model implemented in [20]1). The prediction
quality is assessed in terms of the coefficient of determination
R2 and reported in Fig.1, which highlights that the two
methods achieve comparable results.

The execution time does not exhibit a strong dependency
on model order, which has been limited to 3. In the pro-
posed method, continuity at the left boundary of the gap
is guaranteed by a lightweight Burg AR model (with order
p ≤ 8), implemented based on [21] and exploiting the
autocorrelation values already obtained with the FFT method.
Samples generated by the Burg AR model are cross-faded with
the LP-predicted ones. The median time to fit the whole model
based on a history of 2048 samples is 256 µs, the minimum
234 µs, the maximum 571 µs and first and third quartiles are
respectively 244 µs and 289 µs. This reduces by a factor of
three the time required to fit the Burg method with hybrid
denominator optimization, used as baseline, which requires
≈ 807 µs on the same hardware. Prediction time is between
some tens and some hundreds of nanoseconds per sample, i.e.,
at least one order of magnitude lower than the playout time per
sample, making it negligible in the majority of real application
scenarios.

VI. CONCLUSION

We presented a novel packet loss concealment technique
based on Sparse Linear Prediction, which allows for the
reconstruction of complex periodic signals while maintaining
computational efficiency. Our implementation demonstrates a
median model fitting time of 256 µs and per-sample prediction
time of tens of nanoseconds on a Raspberry Pi 4, thus
meeting the stringent latency requirements of networked music
performance applications while providing comparable recon-
struction quality compared to classic autoregressive models
on short predictions. Future work will focus on enhancing the
method’s adaptability to varying network conditions and signal
characteristics, conducting comprehensive perceptual evalu-
ations against existing packet loss concealment techniques,
and addressing stability issues to enable reliable longer-term
predictions.

1Dataset and code are available at https://github.com/matteosacchetto/burg-
implementation-experiments
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