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One Is Enough: Efficient Modeling of RTP Traffic
for QoS Predictions in Real-Time Communications

Tailai Song , Member, IEEE, Paolo Garza , Member, IEEE, Michela Meo , Senior Member, IEEE,
and Maurizio Matteo Munafò

Abstract—In recent years, we have witnessed an unprecedented
upsurge in popularity and advancement of Real-time Transport
Protocol (RTP)-based real-time communication (RTC) applica-
tions. For the sake of their optimizations, Quality of Service
(QoS) prediction serves as a viable venue for enhancing network
monitoring and enabling preemptive solutions. However, existing
methodologies are typically tailored and constrained to individual
traffic flows and QoS metrics, lagging in correlation capturing
and computational efficiency. In light of this, we argue that
“one model is enough” to conquer these challenges, and propose
a novel deep learning (DL) framework namely Oh, employing
a teacher-student scheme with two training stages. The first
(teacher) involves a sophisticated Long Short-Term Memory
(LSTM) neural network (NN) empowered by a customized
attention structure, and the second (student) comprises simple
feedforward NNs to distill knowledge and reduce complexity.
Specifically, Oh leverages a multi-task learning paradigm, map-
ping extracted features to four key QoS indicators. It is capable
of simultaneously handling unlimited amount of concurrent RTP
flows with packet-level information and performing end-to-end
predictions of multiple QoS metrics in one single shot. Our
work is based on massive traffic collected during real video-
teleconferencing calls using various software, and benchmarked
against multiple other machine learning (ML)/DL algorithms.
As a result, Oh-teacher yields superior prediction performance,
whereas Oh-student achieves distinctly enhanced temporal effi-
ciency with comparable forecasting outcomes.

Index Terms—Real-time communications, real-time transport
protocol, QoS, deep learning, machine learning.

I. INTRODUCTION

REAL-TIME communications (RTC) based on Real-time
Transport Protocol (RTP) [1] have undergone unparal-

leled development, becoming indispensable tools for services
such as video-teleconferencing, online gaming, live streaming,
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and more, across professional, recreational, and educational
domains. The proliferation of RTC applications can be
attributed to the widespread adoption of remote work, together
with the boosted needs for enhanced lifestyles in the post-
pandemic era. Today, consumer expectations and preferences
diversify progressively, pursuing a satisfying overall expe-
rience characterized not only by high audiovisual quality
but also by seamless, uninterrupted communication. Hence,
ensuring the delivery of an enhanced user experience across
multifarious contexts entails further comprehensive and effec-
tive technologies in RTC systems that go beyond conventional
approaches.

In this context, there is a persuasive necessity to culti-
vate intelligent, robust, efficacious technologies, and to refine
present solutions to further improve Quality of Experience
(QoE) and network performance. Notably, the Quality of
Service (QoS) metrics, such as bitrate, serve as key per-
formance indicators, where their monitoring holds critical
values [2], [3], [4], and their prediction plays an instrumen-
tal role in strengthening network observability and fostering
proactive strategies [5], [6]. Predicting QoS metrics can sig-
nificantly empower traffic and application management by
enabling real-time network optimizations such as adaptive
streaming, congestion control, resource allocation, and beyond.
These predictions proffer the possibility of anticipating quality
degradation and network oscillations to allow for preemptive
corrective actions and mitigate adverse effects of fluctuating
network conditions, thus ensuring consistent user satisfaction
and reducing latency and packet loss. Despite the substan-
tial attention QoS prediction has garnered in research, most
existing solutions are limited only to a single QoS metric or
an individual RTP flow at a time. In order to gain thorough
insights into network performance through multiple metrics
of all flows, it necessitates either sequential inference for
each individual target (one metric/flow) or parallel computing
via multithreading. Nonetheless, both modes are inefficient
and resource-consuming, especially in the context of RTC
where temporal and computational limitations are prevalent,
not to mention that many scenarios require complicated data
processing and feature engineering, which further aggravates
the challenge. More importantly, the restriction to a single
target prevents these methodologies from exploiting the inter-
dependencies among different metrics and flows to optimize
predictions.

In this paper, we introduce an innovative end-to-end deep
learning (DL) framework named Oh, signifying that one model
is enough to predict multiple QoS metrics for all RTP flows
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in a single shot, with minimal time consumption and without
relying on extra computational threads. Oh operates exclu-
sively on packet-level information devoid of costly feature
construction, and employs a knowledge distillation approach.
It is composed of a feature extraction component and a multi-
task learning block, in which the former constitutes of a Long
Short-Term Memory (LSTM) neural network (NN) augmented
by customized attention mechanism for the teacher model and
basic feedforward neural networks (FNNs) for the student
model, and the latter consists of parallel task-specific FNNs
that map the extracted packet features to various predicted
QoS metrics. Our work is grounded in abundant traffic col-
lected during numerous real video-conferencing sessions under
diverse conditions. We formulate a time-series problem, target-
ing four key QoS metrics regarding bitrate, jitter, packet loss,
and frame per second (FPS). We create two distinct datasets
and compare with multiple machine learning (ML) and DL
algorithms. As a result, Oh-teacher yields premier outcomes,
demonstrating an optimum candidate for knowledge distilla-
tion, and Oh-student can achieve comparable performance in
negligible time regardless of the computational environment.

The remainder of the paper is organized as follows:
Section II provides necessary context regarding problem back-
grounds, and our motivations and contributions. Section III
formulates the problem and introduces the datasets. Section IV
delineates our proposed solution. Section V first introduces the
experimental setup, and then exhibits the outcomes, including
quantitative results, overhead evaluation, ablation study, and
sensitivity analysis. Section VI discusses specific challenges,
and Section VII summarizes related works. Finally, Sec-
tion VIII concludes the work and explores future directions.

II. PROBLEM CONTEXT

In this section, we present the necessary background, moti-
vations, and overall contributions of our work.

A. Background
RTC applications can generally be categorized into two

types: HTTP (Hypertext Transfer Protocol)-based and RTP-
based, in which the former paradigm, exemplified by
commercial video-streaming service providers like Netflix, is
well-suited for delay-tolerant scenarios thanks to its stateless
and reliable nature. Our work focuses on RTP over User
Datagram Protocol (UDP), which fundamentally underpins
a wide range of RTC applications, particularly for services
like video-teleconferencing and online gaming, where minimal
latency and near-instantaneous responsiveness are paramount.
In the case of web browsers and numerous mobile devices
(Android applications), an open-source framework built atop
RTP, namely WebRTC [7], remains as the globally recognized
standard. RTP traffic consists of multiple individual RTP
flows, each encapsulating a specific media type (e.g., audio),
and determined by a tuple composed of (IPsource, IPdestination,
Portsource, Portdestination, SSRC, Typepayload).

B. Motives
Why do we need to predict QoS? In addition to the

merits discussed in the literature, QoS metrics are essen-
tial objective measurements used to quantitatively evaluate

the network/application performance and reliability in RTC.
They are indispensable components of utmost significance
for stakeholders including end-users and network operators,
enabling full-stack observability to monitor streaming quality,
and providing critical feedback for decision-making strate-
gies. Traditionally, the Real-time Transport Control Protocol
(RTCP) packets are transmitted periodically to provide quality
reporting and controlling mechanism for an RTP session.
Modern RTC applications offer runtime QoS monitoring (e.g.,
Zoom statistics dashboard) and post-session logging (e.g.,
WebRTC logging). However, all of them are historical obser-
vations with relatively outdated information, thereby hindering
the implementation of preemptive techniques. Therefore, there
is a growing interest in forecasting QoS, which could facilitate
various network functionalities: improving dynamic adaptive
streaming or encoding [8], [9], providing beforehand valuable
feedback for congestion control [10], enabling anticipated
QoE mapping [11], [12], contributing to software-defined
networking (SDN) as key indicators for network management,
such as bandwidth allocation [13], and beyond.

Why do we target multiple per-flow QoS metrics? Through-
out an RTC session, multiple RTP flows coexist concurrently,
each originating from an individual sender, encapsulating a
unique media type, and traversing diverse network paths.
First, QoS metrics are generally derived separately for each
flow, e.g., packet loss is assessed based on sequence incon-
sistency, as the sequence number increases monotonically for
an individual flow, and the bitrate of a single video stream is
determined by the encoding conducted on each distinct source.
Second, per-flow QoS evaluation could endow us with nuanced
insights into the network status and performance from varied
granular standpoints, enabling network operations to intervene
locally or globally as needed. Furthermore, multiple metrics,
rather than a single one, could operate either separately or
in combination, contributing to numerous application and net-
work optimization functions and unlocking more possibilities.
Additionally, we envision that our utilization of the multi-task
learning paradigm could unearth the underlying interdepen-
dencies among different metrics, e.g., the occurrence of packet
loss might denote bitrate decline, to further enhance the
prediction performance. The synchronized and coordinated
optimization of all loss functions during model training could
perceive and incorporate the interactions between different
tasks, enabling predictions to surpass those of single-task
learning, where the influence of other factors is absent. More
significantly, notwithstanding the disparities among flows and
the predominant interactions entwining packets within an
individual flow, different RTP flows may still share a portion of
common sources, centralized servers, bandwidth bottlenecks,
and network conditions, manifesting interconnected relation-
ships, which could be factored in during the processing of
coexisting flows to boost prediction performance.

Why do we need efficiency? Following the motivation
mentioned above, it is unfortunate that most existing works
are task-specific, handling only an individual metric or flow at
a time. In order to predict multiple QoS metrics for multiple
concurrent flows, one is compelled to perform sequential
or parallel computing, which, though feasible, is ineffi-
cient. Today’s RTC applications often confront temporal and



SONG et al.: ONE IS ENOUGH: EFFICIENT MODELING OF RTP TRAFFIC FOR QoS PREDICTIONS IN RTC 2591

computational constraints, given their real-time nature and
restricted control over devices: (1) the execution of predictions
must be swift so that there is enough time left to enact respon-
sive operations, otherwise the QoS can be already observed,
and (2) the number of available threads can be determined by
a variety of factors such as the device capacity and competing
programs, and thus the prediction can only leverage limited
computational resource, whereas parallel flows may be dozens.
Therefore, we aim to devise a model capable of efficiently
predicting unlimited flows and metrics in a single shot without
consuming excessive time and extra computational threads,
which is also necessary for the all-flow processing to discern
flow-wise correlations. We strive to achieve elevated efficiency
in terms of time consumption without compromising predic-
tion accuracy. Thus, we resort to knowledge distillation [14] to
transfer knowledge from the best-performing, complex model
to a simpler yet more efficient one.

Why do we choose packet-level information and attention-
based LSTM? As the most fundamental network element
with the finest granularity, packets encapsulate the rapidly-
changing dynamics and intrinsic characteristics of network
traffic [15], which can facilitate models built based on them to
effectively apprehend nuanced traffic patterns, and thus gain an
enhanced performance [16]. Moreover, extracting packet-level
data requires minimal effort, circumventing extra overhead
incurred by costly feature extraction and construction. Addi-
tionally, our model exclusively relies on RTP header attributes
that are readily accessible, bypassing potential complexities
associated with packet encryption. In short, we perform
streamlined end-to-end predictions directly from raw packets
without any intermediate procedures. Nonetheless, to reach
our goals of modelling packet-level flow-based traffic while
comprehending the interconnections among packets as well
as predicted QoS metrics, a simple model might not be
competent. The sequential nature of packet flows (analogous
to sentences) and the various attributes within each packet
(analogous to tokens) parallels problems found in Natural
Language Processing (NLP), a domain revolutionized by the
Transformer architecture [17]. However, it has been argued
that Transformer may not be ideal for time-series problems
[18], and therefore, we harness the core component instead
of the intact Transformer, i.e., the multi-head self attention
mechanism, to intuitively grasp the inherent and intricate
correlations interweaving packet-level features, RTP flows,
and QoS metrics. Meanwhile, the attention-based LSTM NN,
that has been proved to be effective [19], [20], emerges as a
promising candidate for our purpose to further improve the
performance.

C. Our Contribution
The principal contribution of our work embodies a simple

yet efficacious pure MLP-based NN that distills knowledge
from a tailored Transformer encoder, facilitating accurate pre-
dictions of multiple QoS metrics for all concurrent RTP flows
in a single pass. While conforming to a common paradigm of
a feature extraction stage followed by downstream modules,
and leveraging established model architectures such as LSTM,
the novelty of Oh lies in two key aspects: 1) the renovation of
the attention mechanism, which meticulously captures packet-

and flow-wise correlations to surpass the vanilla Transformer,
and 2) a refined pipeline incorporating per-flow process-
ing and multi-task learning, which adeptly predicts multiple
fine-grained QoS metrics with minimal time to tackle the
temporal constraints of RTC. We fill the gap where alternative
approaches exhibit excessive complexity and lack the flexi-
bility to handle anything beyond individual flows or metrics,
by proficiently extracting shared features directly from raw
packets. We transcend ordinary feature representation/multi-
objective learning schemes, which, while possibly efficient,
often yield suboptimal performance, by incorporating hetero-
geneous relationships and adopting knowledge distillation. In
summary, our work constitutes a pioneering effort, endowing
RTC with advanced QoS observation that is comprehensive,
multidimensional, real-time, and preemptive, criteria that pre-
vailing solutions fail to satisfy.

III. PROBLEM STATEMENT

This section formulates the problem and introduces the
dataset utilized throughout our works.

A. Problem Formulation
Our objective is to forecast multiple near-future QoS metrics

for RTP flows based on previous packets. At time t, for RTC
traffic consisting of M flows, we predict N QoS metrics
per flow (M × N metrics in total) over the upcoming time
window of length ∆t, using the preceding L packets for
each flow and K packet-level features for each packet. We
formulate an irregular multivariate multi-target time-series
problem as Q̂t = f(Xt), Q̂t ∈ RM×N ,Xt ∈ RM×L×K .
Let Q̂t denote the matrix of predicted QoS in the window
from t to t + ∆t, wherein each element Q̂t

m,n represents the
nth type of QoS metric for the mth flow. The feature matrix
Xt consists of the packets precedent to time t, where each
entry, Xt

m,l,k, corresponds to the kth packet-level attribute
of the lth preceding packet in the mth flow. Our goal is to
develop a model that learns a function f(·), mapping input
features to the estimated QoS metrics that converges closely
to actual values, Qt. In our work, we target N = 4 QoS
metrics: Bitrate (Q̂t

m,1 = Rbps)—the amount of traffic, i.e.,
the total size of all packets, in a given flow; Average jitter
(Q̂t

m,2 = Rjitter)—the mean value of all inter-arrival jitters,
each computed according to the protocol; FPS (Q̂t

m,3 =
Rfps)—the number of video frames per second for video
flows, determined by counting the unique RTP timestamps
in the time window; Loss condition (Q̂t

m,4 = yloss)—the
presence of packet loss in the time window, i.e., a binary class
label (0:lossless, 1:lossy), determined based on the consistency
in the sequence numbers. In summary, we formulate a com-
bination of 3 regression problems and 1 binary classification
problem. We follow a moving-window schema, forwarding ∆t
each time post a prediction, and assimilating new packets with
old ones discarded.

We initially consider a duration of ∆t = 500 ms for
the predicted time window, and define active flows for each
window based on two criteria: an RTP flow is deemed active
if (1) it has at least L = 128 preceding packets and (2) the
latest packet in the past is no more than 1 second prior to
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TABLE I
SUMMARY OF DATASETS

the start of the time window (t). In other words, inactive or
interrupted traffic flows are ignored. Notice that both ∆t and
L are modifiable parameters, and we elaborate on alternative
scenarios in Section V-E. Furthermore, we select K = 7
packet-level attributes as features: x1, absolute inter-arrival
time (IAT): the interval between the arrivals of two successive
packets; x2, relative IAT: the time elapsed from the first
packet in the L-packet series to a given packet; x3, lead
time: the duration between a packet’s arrival and the start
of the predicted window, time t; x4, packet length: the total
size of a packet, including both header and payload; x5, RTP
timestamp: a 32-bit value in the RTP header that provides
several specific functions such as aiding to maintain the correct
timing order of incoming packets; x6, RTP marker: a 1-bit
flag in the RTP header indicating significant events, such as
frame boundaries; x7, sequence difference: a binary label that
is 0 if the sequence number pattern between two consecutive
packets is regular, and 1 otherwise. The first 3 features capture
both local and global timing behaviors, and the fourth feature
directly reflects the volume of transmitted bits in the past.
The remaining features represent RTP-event factors, bringing
in potential influence arising from specific network events
like prior packet loss. Collectively, these features incorporate
manifold facets from temporal, spatial, and RTP-related com-
ponents.

B. Dataset
Traffic Introduction: Our traffic was collected from numer-

ous real-world video-teleconferencing calls conducted over
two different periods using various RTC applications for the
purposes of [21] and [22], as summarized in Table I. Each
session involves 2 to 6 participants geographically located
across Europe, connected via either WiFi, mobile networks
(4G/5G), or Ethernet cable. Traffic was captured on the client
side and stored in pcap format. Notably, we focus exclusively
on incoming streams, aiming to predict QoS metrics of RTP
flows sourcing from each sender, traversing through the net-
work, and affected by all intermediate links and nodes.

Dataset Construction: We construct the dataset by creating
multivariate time series of continuous time windows for each
session. For each window, we identify active flows, and then
for each flow, we extract preceding packets as features, and
calculate corresponding QoS metrics in the window: aggre-
gating all packet sizes to derive bitrate, averaging jitters of

all packets, counting unique RTP timestamps, and detecting
sequence number discontinuities. Consequently, each time
window produces one or more samples (M active flows),
with each sample comprising the N = 4 QoS metrics as
prediction targets and its preceding L = 128 packets with their
aforementioned K = 7 elements as features (a total of L·M =
128 · M packets). Moreover, in order to comprehensively
evaluate the performance, our problem can also be framed as
a traditional regular time-series forecasting task, leveraging
historical observations as features, e.g., QoS metrics from
previous time windows. In our case, 128 packets merely
translate to 2.97 ± 0.06 seconds, i.e., roughly 6 windows in
the past, which is insufficient for typical time-series short-
term forecasting problem. Thus, we extend our consideration
to 10 s (20 500-ms windows) in the past, curating additional
equivalent datasets with prior QoS values as features for the
3 regression problems (e.g., a univariate time-series problem
where previous 20 bitrate values are used to predict the next
bitrate). Regarding the classification task of packet loss, we
refer to [23], creating datasets with traffic statistical features
calculated based on aggregated packets within each window,
and formulating a multivariate time-series problem. To sum
up, for the traffic of each video-call session, we generate two
similar datasets with identical prediction targets but different
features of either preceding packets or historical information.
With the same procedure, we construct two distinct compila-
tion of datasets based on different applications and collection
periods, aiming to evaluate the model’s generalizability and
versatility across different software and times.

Dataset Characteristics: To provide context and substanti-
ate the reliability of the data in our study, we briefly present the
traffic patterns, as indicated by the seven empirical cumulative
distribution function (ECDF) plots in Figure 1.

Figure 1a illustrates the number of concurrent RTP flows
in each window. Apparently, dataset 2 exhibits a significantly
lower number of parallel flows, with nearly half of the win-
dows containing only a single flow. This could be attributed
to the fact that the traffic was collected for the sake of
a basic analysis of video conferencing applications (VCAs)
[22], and thus the focus was on gathering data from various
apps with minimal participant involvement, resulting in fewer
streams generated. In contrast, dataset 1, which comprises
traffic generated during actual video-calls and closely reflects
real-world scenarios, features plenty of coexisting RTP flows
up to 11. On average, there are roughly four concurrent flows
per time window, with only around 10% of the windows
engaging 1 single flow, further underscoring our motivation.

For predicted targets, Figure 1b, 1c, and 1d outline three
QoS metrics, with several individual flows displayed. Both
datasets share similar trends across various metrics, with the
majority (around 75%) of bitrates and jitters remaining below
0.1 Mbps and 10 ms, respectively. Nonetheless, with a closer
peek at the randomly selected flows, diverse patterns emerge,
differing from one another substantially. For FPS, we observe
drastic ascents at 30 fps, which aligns exactly to the standard
settings of common video encoders in VCA. However, a range
of FPS values persists, justifying the presence of different
video types, e.g., low/high quality and screen sharing. Regard-
ing the packet loss, dataset 1 contains 28,614 lossy samples,
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Fig. 1. Traffic patterns (light-colored, dashed lines in b, c, d correspond to 10 randomly selected individual flows).

while dataset 2 has 14,133, accounting for merely 1.5% and
3.9% of their respective datasets, which highlights a class
imbalance classification problem.

Additionally, Figure 1e, 1f, and 1g provide insights into
the actual transmitted multimedia data by analyzing 3 types
of per-second packet statistics: total packet count, average
inter-arrival time, and average inter-difference between RTP
timestamps in each flow. Generally, they all show a notable
degree of statistical similarity, manifesting multiple marked
spikes in ECDFs, which can be ascribed to the presence
of various payload types, e.g., audio flows. Hence, it is
reasonable to infer that our dataset is composed of rich and
diverse media content rather than monotonous streams. All
of the aforementioned observations illustrate the diversity
and comprehensiveness of our traffic, affirming the datasets’
representativeness and relevance in capturing the multifaceted
nature of RTC traffic. Although such mixture of different
patterns may perplex somewhat the problem, it simultaneously
upholds the generalizability and versatility of our model.

IV. METHODOLOGY

In this section, we begin with a brief introduction to relevant
DL backgrounds, and then delineate our proposed solution.

A. Background

Our framework is rooted in knowledge distillation, a tech-
nique frequently adopted in ML/DL domains to transfer
knowledge from a computationally intensive model with high
capacity to a smaller yet efficient one. Typically, knowledge
distillation involves two models: the teacher, a capable pre-
trained large model, and the student, a comparatively smaller
model that aims to learn from the teacher by incorporating
auxiliary losses between itself and the teacher model. Although
the teacher model excels in performance, its complexity
hinders efficiency, making it unsuitable for hardware- and
time-sensitive scenarios such as RTC in our case. Conversely,
the standalone student model lacks the capacity to learn a
concise knowledge representation and thus needs guidance
from the teacher to steer itself, emulating expert behavior.

In our work, we employ an attention-based LSTM NN in the
teacher model. The attention mechanism serves a pivotal role
in sequence modelling, with the most influential and renowned
contribution being the introduction of the Transformer with
the multi-head self-attention [17]. It involves a series of
computation of the query (Q), key (K), value (V ) matrices
derived from the input sequence:

Attention(Q,K, V ) = Softmax
(
QKT

√
dk

)
V. (1)

However, Transformer presents 2 inherent issues for our
specific problem. First, the vanilla version of Transformer
supports only a fixed input length, whereas we deal with
an unfixed number of RTP flows, necessitating architectural
customization. It is worth noting that while certain variants of
Transformer can indeed handle unlimited input [24], they are
not implementable to our case. Second, despite the prolifer-
ation of innovative models, the applicability of Transformer
to time-series problems remains contentious [18], [25]. To
this end, rather than simply using Transformer, we opt for
a hybrid approach, integrating multi-head self-attention with
LSTM, thus combing the strengths of both architectures.
LSTM NN [26] is a special type of recurrent neural network
(RNN) that conquers the problem of vanishing gradient, and
demonstrates efficacy in time-series tasks [27], [28]. Although
LSTM has lost its competitiveness against other more sophis-
ticated ensemble models, it is still an auspicious option
as an individual component for sequence modelling [29],
[30]. It is characterized by one or more LSTM layers, each
comprising a three-gate cell that sequentially processes the
input and updates its parameters accordingly. Notably, unlike
most approaches that leverage attention mechanism to assign
weights to the output of LSTM, we first apply attention to
refine packet sequence and then inject them into LSTM layers.

B. Proposed Framework

Overview: We propose Oh, a DL framework as depicted
in Figure 2, which adheres to a teacher-student scheme. The
teacher is a large model capable of effectively apprehending
knowledge representation, while the student is a simpler model
tasked with supplementary objectives to distill knowledge from
the teacher. Generally, at a given time instant, we extract and
combine preceding valid traffic flows, passing packet-level
attributes to the packet enrichment process. The output of this
process is subjected to a feature extraction module responsible
for sequence (RTP flow) modelling and then a multi-task learn-
ing block that maps extracted features to various QoS metrics.

Packet Enrichment: For a given targeted time window,
we arrange active RTP flows with their respective preceding
packets in chronological order, as illustrated in Section III-B.
All valid flows (the 128 packets with their 7 packet-level
features of each active flow) are concatenated, forming a
128 ·M × 7 matrix as the raw input for the packet enrich-
ment process. Next, we incorporate a linear layer namely the
packet embedding layer to transform the input into embedded
features, i.e., a 128·M×Nembedding matrix (7→ Nembedding),
mapping packet attributes to their latent embeddings and
thereby enriching the traffic features. Although each packet
has temporal components to indicate its order, we follow
the good practice of the original Transformer model, stack-
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Fig. 2. Oh: model architecture.

ing sine/cosine positional encoding on top of the embedded
features, and thus infusing positional information into other
packet entities. Consequently, the traffic sequence of embed-
ded packet features is then fed into the subsequent feature
extraction module for either model.

Teacher Model—Preliminary: The first part mirrors the
original Transformer, where each sample (enriched packet
embedding) in the sequence is fed into three independent
linear layers to generate the corresponding query, key and
value vectors. We then devise and customize a dual attention
architecture called the cross and neighborhood multi-head self-
attention, aiming to eliminate the restriction on input quantity
(variable M ) and correlate concurrent RTP flows. The initial
step in Equation 1 forms the attention weight matrix by
multiplying the query and key matrices (W = QKT ). As
exemplified by the top-left large grayish matrix (marked by
a in Fig. 2), the full (regular) self-attention yields a square
matrix (attention weights) with dimension 3M×3M , assuming
each of the M flows contains K = 3 packets. Specifically,
W3M×3M (1:3, 1:3) represents the attention weights acknowl-
edged within flow 1, e.g., W3M×3M (1, 1) and W3M×3M (1, 2)
are the attentions paid by the 1st packet in flow 1 to itself
and to the 2nd packet also in flow 1, respectively.1 In con-
trast, W3M×3M (1, 4:6) indicates the attentions paid by the
1st packet in flow 1 to packets from flow 2, and similarly,
W3M×3M (1, 3m − 2:3m) shows the attentions paid by the
same packet to mth-flow packets. Accordingly, entries in
W3M×3M (1:3, 4:3M ) reflect the attention weights assigned by
flow 1 to other flows.

Teacher Model—Flow-Wise Cross Attention: As portrayed
by the manipulation of a collection of matrices (marked by
b in Fig. 2), the 3-by-3 sub-matrices along the diagonal are
computed multiplying the query matrix of a certain flow by
the key matrix of the same flow, i.e., Q(3m−2:3m,:)·K(3m−
2:3m,:)T , and the sub-matrices off the diagonal is derived
based on different flows, i.e., Q(3m − 2:3m,:) · K(3n −
2:3n,:)T ,m 6= n. In this context, the diagonal sub-matrices

1For a matrix W , W (i, j) denotes the element in row i and column j, and
W (n:m, q:p) represent all entries from the nth to the mth row as well as
from the qth to the pth column.

stand for intra-correlations within individual flows, while other
off-diagonal square matrices with the same size represent inter-
correlations between different flows. As a result, it is viable
to scale up to a theoretically infinite amount of concurrent
RTP flows, thereby overcoming the obstacles associated to
Transformer’s input limitations by treating packets from all
flows as a collective input while processing them separately
for attention weight computations. Furthermore, the flow-wise
cross attention also facilitates the discovery of potential rela-
tionships among concomitant flows, in addition to the primary
intra-correlations interlacing packets within the same flow.
This is achieved by augmenting the focused diagonal matri-
ces with refined information from other flows (off-diagonal
square matrices). In particular, the attention weights rec-
ognized between different flows (flow-wise inter-correlation,
e.g., mth vs. nth) are represented by an off-diagonal sub-
matrix W3M×3M (3m − 2:3m, 3n − 2:3n),m 6= n, wherein
each row denotes the attentions paid by a certain packet in
the current flow (m) to all packets in another flow (n). In
order to incorporate the inter-correlations from other flows,
we first apply max-pooling to each row of these off-diagonal
sub-matrices, extracting the most influential factors. We then
aggregate the resultant max values from all other flows in
a row-wise manner and add them to each attention weight
on the corresponding row within the current flow (diagonal
sub-matrix), e.g., W3M×3M (1, 1:3) ← W3M×3M (1, 1:3) +∑M

m=2 max(W3M×3M (1, 3m−2:3m)). Afterwards, we retain
only the diagonal sub-matrices, abandoning the off-diagonal
ones entirely. In essence, the flow-wise cross-attention priori-
tizes and confines packet interactions to those localized within
the same flow, while still accounting for a certain degree of
impact from other flows.

Teacher Model—Localized Neighborhood Attention: We
further modify each sub-matrix of attention weights on the
diagonal, inspired by [31]. In our work, we initially employ
L = 128 packets per flow, which may span over several
seconds. We contend that the correlations are substantial
between adjacent packets, while minor between temporally
distant ones. This is especially relevant in RTC, where network
dynamics fluctuate swiftly, causing characteristics embodied
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by, for instance, early and late packets with a relatively
elongated duration in between to differ essentially, thereby
manifesting only trivial relationships. To this end, we deliber-
ately localize the attention paid by a packet only to itself and
its k-nearest neighbors within a flow, inserting prior knowledge
into the model rather than naively letting the NN to arduously
learn such a pattern at a risk of failure. The rightmost zoomed-
in 8-by-8 matrix with gray and white mixed (marked by c
in Fig. 2) depicts an example for a flow (sub-matrix) of 8
packets and a neighborhood degree of k = 2. We apply
masks to redundant entries (distant attention weights), only
retaining the diagonal region, where a minimum of 3 weights
(the edge packet itself and the its 2 immediate neighbors)
and a maximum of 5 weights (itself and 2 packets on each
side) per row are preserved. In other words, the retained
diagonal sub-matrix for an L-packet flow is an L× L square
matrix, where, in row l, the (l − k)th to (l + k)th elements
are preserved, while others are set to −∞. Consequently,
the localized neighborhood attention ensures the focus of the
model on closely related packets, alleviating noises produced
by irrelevant packets and improving the precision of the
attention mechanism.

Teacher Model—Remaining Parts: We finally integrate the
2 aforementioned operations, keeping only diagonal sub-
matrices enhanced by instrumental information retrieved from
discarded off-diagonal sub-matrices, to finalize the attention
weights for individual flows, each then multiplying its cor-
responding value matrix (V ) to obtain the attention score
(a 128 × Nembedding matrix). We concatenate scores of all
M flows to derive the final output, a 128M × Nembedding

matrix. The complete process is formalized in Equation 2, as
shown at the bottom of the page, where d is the head dimen-
sion (dNembedding/numheade), k is the number of confined
neighbor packets (i.e., neighborhood degree), and fq, fk, fv
represent three independent linear layers that convert the
packet sequence of the mth flow (Pm) into its corresponding
query (Qm), key (Km), and value (Vm). Subsequently, the
result of our customized attention mechanism is superimposed
on the original input (the sequence of enriched packet features)
through a residual connection. We also apply layer normal-
ization to standardize values dependently for an individual
packet to stabilize the data pattern. Consequently, we obtain
the final sequence of encoded features, which basically merges
the primary packet sequence with contextual information,
including the correlations among packets and RTP flows. To

further model the integrated sequence, we channel the encoded
features into an LSTM layer, and the last hidden states of all
flows, arranged in a matrix of shape M × dout where each
dout-long vector corresponds to the extracted features of one
of the M flows, are produced and then fed into the following
block.

Multi-Task Learning Block: To efficiently predict various
QoS metrics, we incorporate a multi-task learning block,
sharing outputs of the previous stage instead of developing
independent task-specific features for each QoS metric. Specif-
ically, we implement four sub-blocks, each corresponding to
one of the target metrics, and comprising an identical FNN
architecture. The extracted features from each flow are passed
to all sub-blocks, generating the respective predicted QoS
metrics, and thus resulting in a total of 4M outputs. Moreover,
instead of simply summing the four losses during the training
phase, we refer to [32], implementing learnable weights that
dynamically adjust the relative importance of different tasks
and systematically blend losses:

Lteacher = e−w1 · Lbps + w1 + e−w2 · Ljitter + w2+

e−w3 · Lfps + w3 + e−w4 · Lloss + w4

with Lbps = `MAE(Rbps, R̂bps),

Ljitter = `MAE(Rjitter, R̂jitter),

Lfps = `MAE(Rfps, R̂fps),

Lloss = `wBCE(yloss, ŷloss, wclass), (3)

where Lteacher is the final loss for the teacher model, computed
by combining the individual losses of tasks (Lbps, Ljitter, Lfps,
Lloss) through 4 trainable parameters (w1, w2, w3, w4). For
regression tasks, we adopt the Mean Absolute Error (MAE)
loss function `MAE(·), while for the classification task, we
apply a weighted Binary Cross Entropy (BCE) loss function
`wBCE(·), with larger weights wclass assigned to the minority
class (lossy time windows) to tackle the issue of class imbal-
ance.

Student Model: The feature extraction component in Oh-
student is essentially distinct with a substantially simplified
architecture, comprising solely fully connected layers, while
other blocks remain unchanged. Knowledge distillation forms
the core of Oh-student, and we conform to the feature-based
paradigm [33], fetching knowledge from intermediate layers
of the teacher model. Specifically, we construct 2 FNN blocks,
in which the former one is designed to learn the feature

Cross-Neighbourhood-Attention(Q,K, V ) = Softmax
(
W√
d

)
◦ V

with W =


...

Wmask(128(m− 1) + 1 : 128m, 128(m− 1) + 1 : 128m) +[
. . .

∑M
i=1,i6=m max(W(128(m− 1) + n, 128(i− 1) + 1 : 128i) . . .

]T
...

 , n ∈ [1, 128],m ∈ [1,M ],W = QK,

Wmask(i, j) = mask(W(i, j)) = −∞; i ∈ [1 : 128], j ∈ [1 : i− k − 1] ∪ [i + k + 1 : 128],

Q = [Q1 . . . Qm . . .]T ,Qm = fq(Pm),K = [KT
1 . . . KT

m . . .],Km = fk(Pm), V = [V1 . . . Vm . . .]T ,Vm = fv(Pm). (2)
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representation from the attention mechanism, and the latter
one aims to imitate the LSTM NN. First, the enriched packet
sequence of each flow is fed into block 1, whose output is
directly compared with respect to the attention scores produced
by the cross and neighborhood attention in the teacher model.
As before, a residual connection is applied, adding the block’s
output back to the original input sequence. Next, the sequence
is processed by block 2, generating an output matrix with
dimension of M · dout × L, where dout represents both the
hidden state size of the LSTM in the teacher model and the
dimension of the last layer (number of neurons) in the FNN
block, and each sub-matrix of size dout×L corresponds to one
out of the M flows. Afterwards, we average on each L-long
vector along the first dimension, thereby condensing each of
the dout output projections across all L packets. As a result,
we obtain a vector of length M · dout as the final output of
sequence modelling, which is entailed to contrast the LSTM
output from the teacher model.

Student Model—Loss Function: The multi-task learning
block in Oh-student remains unaltered, with the exception
of introducing two additional losses related to knowledge
distillation. Instead of conducting a soft matching of output
distributions, we expect the student model to precisely con-
verge to the teacher model, i.e., the outputs of the two FNN
feature extraction blocks in the student model is anticipated to
closely approximate the corresponding outputs in the teacher
model. We aim to minimize the MAE losses between these
entities in tandem with the original task-related losses:

Lstudent = Lteacher + e−w5 · Lb1 + w5 + e−w6 · Lb2 + w6

with Lb1 = `MAE(outattention, outb1),

Lb2 = `MAE(outLSTM , outb2), (4)

in which Lstudent is the eventual loss of Oh-student, derived by
combing the loss of Oh-teacher (Lteacher from Equation 3) with
the losses from the two FNN blocks (Lb1,Lb2) through two
additional trainable parameters, w5 and w6. In other words,
we transform the 4-task learning problem into a 6-task one.
In consequence, the complicated as well as computationally
expensive components of the attention and LSTM are distilled
into two lean FNNs, resulting in a pure multi-layer perceptron
(MLP)-based student model.

V. EXPERIMENTAL RESULT

In this section, we first present experimental setup in detail.
Subsequently, we discuss the quantitative performance, and
showcase the time consumption across various environments.
Following this, we perform a series of ablation tests and
sensitivity analyses to further validate the superiority of Oh.

A. Experimental Setup

Model Training: Oh is developed on a single GPU of
NVIDIA Tesla V100-16GB, and Table II enumerates the
implementation details. We adopt a three-stage development
strategy, training firstly Oh-teacher in an usual way, sec-
ondly Oh-student with the guidance from the teacher model,
and thirdly Oh-student itself without auxiliary losses. During
the second stage, Oh-teacher remains frozen, acting as a

TABLE II
IMPLEMENTATION DETAIL OF OH

TABLE III
CONSIDERED MODELS FOR COMPARISON

pre-trained inference-only model to generate intermediate out-
puts. More critically, we subsequently discard completely the
teacher model during the third stage, continuing the training of
the student model based solely on the four task-specific losses,
with the knowledge already distilled. In this respect, it bears
resemblance to a self-learning paradigm, transcending the typ-
ical knowledge distillation scenario, where the student model
remains tethered to the teacher. Therefore, the parameters of
the “pre-trained” student model, now imbued with distilled
knowledge from the second stage, serve as an optimal starting
point to unleash potentials and further explore advantageous
solutions, thanks to the relaxed constraints devoid of the
interference from the teacher model.

Model Evaluation: As discussed in Section III-B, we
construct 2 dataset packs, called dataset 1 and 2, with the
same structure but different traffic sources. For dataset 1,
we intentionally and randomly partition the entire corpus
based on individual pcap files (video-call sessions) instead
of following the conventional ML paradigm of shuffling all
available samples. In particular, the 72 pcaps are divided into
3 independent groups (50, 10 and 12) to form the training
(1,406,398 samples), validation (162,472), and test (287,622)
sets, respectively. Moreover, the entire dataset 2 is used as
another test set, and we compute based on the training set the
statistics of mean value and standard deviation for features
and targets to standardize other datasets. In consequence, we
ensure that Oh is trained on traffic manifesting distinctive
conditions different from other datasets regarding software,
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TABLE IV

EXPERIMENTAL RESULTS OF THE TEST SET IN DATASET 1 AND THE ENTIRE DATASET 2

TABLE V

RESULTS OF ABLATION ANALYSES (DATASET 1: UPPER PART, DATASET 2: LOWER PART)

location, connectivity, time, etc., to avoid data leakage among
traffic, and obtain a more universal and versatile solution.

On top of that, to comprehensively assess the performance,
we compare Oh against an array of ML/DL algorithms,
either appearing in the literature or delivering state-of-the-art
performance in time-series problems. As listed in Table III,
V models are implemented for time-series features, while 6
are applied to packet-level features. Notably, we also examine
multiple other approaches such as DLinear [18], but they
do not align well with our specific problem. For each task
(QoS metric), an individual model is required, meaning four
independent models are built for each comparative algorithm.
Quantitatively, we evaluate 4 metrics between the ground truth
and prediction for regression problems: Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE), and the coefficient of determination
(R2 score). As for the classification one, we only employ

class recalls and the F1-score to measure both individual class
accuracy and overall performance, as some metrics, such as
precision, are highly skewed in the case of class imbalance
and thus not meaningful.

B. Quantitative Results

Table IV summarizes the experimental results for all models
and both datasets. Overall, Oh-teacher demonstrates superior
predictive performance on dataset 1, albeit slight overfitting on
dataset 2. Oh-student achieves comparatively decent outcomes,
with even enhanced performance for dataset 2.

For dataset 1, Oh-teacher emerges as the top contender, out-
stripping predominantly other competitive models. It delivers
exceptional performance in terms of bitrate and FPS, being,
for example, the only model with an R2 score reaching 0.97
for bitrate and an MAPE lower than 5% for FPS. As for
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average jitter, it is important to note that all of the packet-
level models cannot surpass time-series ones, owing to the fact
that time-series features consist of historical jitters, enabling
models to capture recent jitter trends and thus operate in
an autoregressive manner. Packet-level features, on the other
hand, do not encompass the preceding jitter value for each
packet, relying on models to autonomously discern underlying
relationships between jitters and considered packet features.
We intentionally exclude jitter from packet-level features,
aiming to avoid the overhead incurred by jitter computation,
as jitter is derived iteratively for each packet. Although this
decision may limit jitter prediction, we remain committed to
our current approach instead of simply injecting jitter into
packet features, since the primary goal is to improve efficiency.
Meanwhile, Oh-teacher still outperforms other packet-level
models, exhibiting comparable performance with respect to
time-series models, exemplified by the second-best MAE.
Regarding packet loss predictions, Oh-teacher may not seem
to be the prominent choice with the best class recalls at a first
glance. Nonetheless, the degradation concerning class 0 is triv-
ial comparing to the top rank (XGB), which, however, suffers
a 13% lower recall for class 1, and RF misclassifies excessive
lossless time windows, yielding a subpar recall for class 0,
even it excels Oh-teacher by roughly 6% in class-1 recall.
On the contrary, Oh-teacher effectively identifies the majority
of lossy time windows without sacrificing the performance
of lossless ones, reaching a balance between both classes,
and thereby attaining a commendable F1-score. Meanwhile,
Oh-student inherits advantages of the teacher, managing to
achieve comparable performance even with certain slightly
better results, e.g., the highest F1-score for packet loss.

When it comes to dataset 2, Oh-teacher fails to output the
premier performance (though it remains among top ranks),
manifesting marginal overfitting, which could stem from the
fact that the effectiveness of Oh-teacher, trained by cap-
italizing on relationships among parallel flows, cannot be
fully unleashed due to the nature of dataset 2, where most
time windows contain no concurrent flows. However, this
is considered a minor issue, as the modern RTC landscape
typically features multiple coexisting flows to adequately sup-
port multidimensional multimedia content, functional traffic,
and an unlimited number of participants. Fortunately, Oh-
student mitigates the overfitting issue, producing outstanding
performance, especially for bitrate and FPS. Although we still
face the drawbacks on jitter prediction and a slight decline
for packet loss, the overall performance remains satisfactory.
Interestingly, all time-series models fall short in packet loss
prediction regardless of the dataset, e.g., 9 out of 10 F1-scores
are below 0.6.

To summarize, Oh-teacher stands as the optimal candidate
for knowledge distillation, while Oh-student, with its simplic-
ity, maintains robust performance without compromise.

C. Temporal Overhead Evaluation
The supremacy of Oh is justified by the quantitative out-

comes, but our primary objective lies on the model efficiency.
To this end, we examine the time consumption across 3
different computational environments, each with varying CPU
capabilities and without GPU acceleration. We evaluate the

inference time needed to predict all 4 QoS metrics for a range
of concurrent RTP flows, from 1 to 11, as in Figure 3.

All models experience a relatively linear growth (notice the
logarithm scale on y-axis) as the number of flows increases.
Remarkably, Oh-student demonstrates distinctly lower time
consumption, with a negligible magnitude of 1 ms irrespective
of computational environments. At the same time, it does not
scale up significantly with the addition of more flows, e.g.,
the time required for 11 flows even outpaces other models to
address 1 single flow, illustrating the feasibility of applying
our solution to complicated scenarios with more RTP flows.
Such merits arise from the simplest FNN-only architecture
and the mutual features for all tasks. Moreover, while Oh-
teacher characterizes a sophisticated structure that is supposed
to be temporally inefficient, it still generates relatively lower
time consumption, thanks to the simultaneous processing of
input in one shot and the shared features, unlocking the
potentiality of utilizing Oh-teacher when performance is pri-
oritized. As for other models, due to the inherent limitation of
sequentially predicting a single metric for an individual flow
each time, most of them fail to accomplish the task within
a reasonable duration in the context of the targeted 500-ms
time window, e.g., TimesNet takes up to 10 seconds for 11
flows. Additionally, although certain models such as PatchTST,
LSTM-ts, and MLP, exhibit acceptable time consumption,
their prediction performance remains insufficient. In essence,
the time conserved by Oh-student empowers predictions to
execute in a real-time manner, endowing us with a higher
degree of flexibility to enact network optimization operations
timely and promptly. Noteworthily, the performance herein
might be further improved, because we do not factor in any
other potential optimizations including well-known NN prun-
ing techniques [45] and other effective NN architectures [46].

D. Ablation Study
In the following, we perform a series of ablation tests in

order to understand and validate the contribution of specific
model designs. In general, Oh surpasses its alternatives accord-
ing to the results presented in Table V.

Ablation Test 1 — Regular Attention: We first substantiate
our customized cross and neighbourhood attention by substi-
tuting it with a standard multi-head attention while retaining
other components, including the LSTM NN. As elucidated by
the result comparison, the default attention mechanism, which
does not incorporate flow-wise correlations but considers the
entire packet sequence per flow, cannot achieve the same level
of performance as Oh-teacher for both datasets.

Ablation Test 2 — Transformer Encoder: Secondly, we
maintain the customized attention structure but omit the LSTM
NN, replacing it with a linear layer, whose output is also
involved with a residual connection and layer normaliza-
tion. As a result, we restore the general architecture of a
Transformer encoder that is commonly adopted for sequence
representation [47], [48], to assess the contribution of the
LSTM in our design. According to the results, Transformer
encoder with a customized structure delivers a comparatively
equivalent outcome for bitrate and FPS for both datasets,
demonstrating the innate capability of the attention mecha-
nism. In regard of packet loss, Transformer encoder encounters
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Fig. 3. Time consumption of different number of flows for all models in various computational environments.

a decline in dataset 2, while the performance gap is even more
widened for average jitter, e.g., a decrease of roughly 0.02 and
0.04 in R2 for datasets 1 and 2, respectively.

Ablation Test 3 — Plain LSTM: To evaluate the effec-
tiveness of the attention mechanism that augments packet
sequences with contextual information, we remove the cross
and neighbourhood attention, channelling the enriched packets
directly to the LSTM layer, and outputting the last hidden
state to the following multi-task learning block. Similarly, a
purely LSTM-based feature extraction block yields inferior
performance except for a marginally improved classification
result on dataset 2.

Ablation Test 4 — No Teacher Model: Here, we seek to
verify the necessity of the knowledge distillation process by
training from scratch an MLP with an architecture identical to
Oh-student, but without the intervention from a teacher model,
i.e., only the 4 task-specific losses are utilized. Apparently,
a student model trained without guidance confronts a cer-
tain degree of performance degradation albeit an unexpected
improvement for packet loss for dataset 2, indicating the
intrinsic defect of a smaller model in learning a concise
knowledge representation on its own, and underscoring the
crucial role played by Oh-teacher.

Ablation Test 5 — Separate Training of Tasks: Previously,
we affirm that the employment of multi-task learning aims not
only to obtain shared features for model efficiency but also to
capture the implicit correlations among different QoS metrics.
To this end, we conduct 4 independent single-task learning for
each prediction target, feeding the output of feature extraction
block into a single FNN, and thus solely optimizing one
task-related loss. The results from these experiments reveal
mediocre performance, especially in predicting packet loss for
dataset 2, where the model struggles to identify lossy windows.

E. Sensitivity Analysis

All results presented so far are derived based on a predicted
time window of 500 ms using the preceding 128 packets. In
this subsection, we evaluate the versatility and scalability of
Oh, by elaborating on 4 alternative scenarios with different
numbers of packets as features (L, 64 and 256 packets)
and durations of time windows (∆t, 300 and 1000 ms). To
compare the performance, we select 3 packet-level algorithms

that demonstrate acceptable performance in accordance to
Table IV instead of retraining all of the originally considered
models including those proving to be incompetent. Notably,
although time-series models exhibit adequate performance par-
ticularly for average jitter, they are still abandoned given their
deficiency regarding packet loss prediction. Additionally, we
only implement Oh-teacher herein, as the entire performance
comparison process focuses on identifying the best choice for
knowledge distillation. In other words, given that the student
model is heavily reliant on its teacher, the performance of Oh-
teacher across different scenarios can also reflect the potential
of Oh-student, and therefore, there is no need to retrain and
showcase the student model.

Table VI illustrates all the experimental results for both
datasets. In general, Oh-teacher achieves overall distinguished
performance, albeit with an acceptable degree of overfitting
on dataset 2 and a similar performance for packet loss across
models. With a smaller amount of 64 packets, Oh-teacher can
still generate comparable outcomes with respect to the original
128 packets, demonstrating the possibility of further improving
model efficiency thanks to the reduced input size. Interestingly,
fewer packets advocate for lossless time windows for packet
loss prediction, yielding an enhanced recall for class 0 but a
diminished one for class 1, which is deemed a trivial issue,
since the model can be tuned by adjusting the classification
weight. Counterintuitively, using a large number of 256 pack-
ets does not lead to a better performance, possibly because
of the fact that temporally distant packets in the past are not
informative for capturing the latest network trends. In terms of
a short predicted time window, Oh-teacher achieves so far the
best performance for jitter prediction, with R2 scores of nearly
0.9 and 0.87 for dataset 1 and 2, respectively. Comparing
to other QoS metrics, we take an average of jitters of all
packets within a window as the prediction target. Thus, a
short time encompasses less packets, minimizing information
loss when averaging the highly volatile jitter variations, which
facilitates the model to more easily capture the most-recent
traffic evolution. On top of that, given the minimal time
consumption of Oh-student, the decent performance of 300 ms
highlights the feasibility of implementing our solution when
more frequent updates of QoS indicators are needed, not to
mention the superior performance on dataset 2. For 1000 ms,
Oh-teacher obtains further improved results regarding bitrate
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TABLE VI

EXPERIMENTAL RESULTS OF BOTH DATASET FOR SENSITIVITY ANALYSIS

and FPS, ascribed to an elongated duration that smooths out
fluctuations of metrics. More importantly, a longer time win-
dow affords an elevated degree of freedom to enforce network
optimization measures, despite of a minor performance decline
for average jitter. Notably, we also evaluate various edge
conditions (e.g., limited bandwidth availability) and observe
generally consistent performance, but these results are omitted
here due to space constraints. In a word, Oh-teacher appears to
be a satisfactory candidate regardless of system configurations,
although we observe instances of overfitting across domains
that prove to be solvable using established techniques such as
transfer [49] and incremental learning [50].

VI. CHALLENGES

Herein, we provide an in-depth discussion of particular
challenges and potential remedies.

A. Generalizability
In our work, we adopt two distinct datasets from ample

video-call traffic which, despite spanning different periods and
applications, may not offer exhaustive coverage for evaluating
model generalizability. Thus, we consider additional traces to

construct a general RTC traffic dataset, collected via Tstat
[51] that dumps application-agnostic RTP traffic at our campus
ingress node. It is based on traffic during a randomly selected
hour2 in late 2023 and contains over 200,000 samples.

By evaluating both teacher and student models, we attain
satisfactory performance for the majority of traffic (roughly
70%), while observing abnormal behaviors3 in a minor sub-
set (30%), as in Table VII. Given the broad coverage of
RTC applications across the entire campus, the competitive
performance achieved from abundant new traffic fundamen-
tally validates the model generalizability. Although abnormal
traces experience noticeable performance drop, we discover
peculiar patterns upon closer inspection. For example, the
oddly high MAPEs (around 40% higher than generalized
traffic) alongside acceptable R2 scores and relatively low
RMSEs/MAEs (merely about 0.02 higher) denote an over-
all ultra-low bitrate in abnormal traffic such that even tiny

2As it includes the entire population and all incoming RTP traffic of the
university, an hour of traffic is deemed representative and voluminous.

3Flows exhibiting subpar performance (e.g., those with a MAPE exceeding
20% for bitrate or 30% for jitter) are considered abnormal. The definition of
anomaly in this context is trivial, as the predictions evidently deviate from
the ground truth.
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TABLE VII

EXPERIMENTAL RESULTS ON THE GENERAL RTC TRAFFIC DATASET

prediction deviations result in disproportionately inflated
MAPE values. Moreover, the failure in jitter prediction origi-
nates from the inapplicability of standard jitter inference based
on session log or packet frequency, rendering the ground truth
for jitter in these cases unreliable. Taken together, these find-
ings suggest that anomalous traffic deviates from standard RTP
implementations, significantly modifying transmission patterns
and thus hampering the transferability of Oh. Nevertheless, this
is not deemed a critical issue, as abnormal traffic constitutes
a limited proportion, and the corresponding RTC applications
that appear to feature a low bitrate generally do not necessitate
sophisticated QoS predictions.

Indeed, model generalizability remains an arduous challenge
inherent in DL realm, and performance degradation is often
inevitable due to domain shift (e.g., audio and video can
be mixed in the same flow for cloud gaming traffic [52]).
Evidently, Oh manages to deliver satisfactory results for
numerous instances, with potential for further enhancement
through modern techniques—a direction worth pursuing in
future work.

B. Extension to Other QoS Metrics
Although the 4 targeted QoS metrics we select repre-

sent vital criteria in RTC, they remain imperfect due to
the absence of other informative indicators. Beyond metrics
deemed unsuitable, such as packet count that is highly cor-
related with bitrate, thus conveying redundant information,
the primary concern arises from the unavailability of special-
ized information in the dataset. Our dataset is intentionally
collected in a general way to utilize easily-accessible off-the-
shelf tools for the sake of generating ample traffic, whereas
additional QoS metrics such as end-to-end delay require a
more sophisticated (potentially prohibitive) experimental setup
or a tightly controlled environment, which falls outside our
current scope. Nevertheless, it is conceivable that our model
can be readily extended to predict other metrics by integrating
supplementary tasks, given that the task-specific NN oper-
ates in a plug-and-play fashion, leveraging shared features
without requiring substantial model reconstruction or feature
re-engineering.

C. Real-World Deployment
Our solution is envisaged to work in real time, facilitating

QoS-aware, proactive, and generalized RTC management. The
main challenges concerning real-world deployment stem from
two aspects: 1) Run-time overhead—while real-world deploy-
ment often entails more complex requirements, Oh-student
excels in efficiency, remaining a viable solution attributed not

only to the simplicity of its pure MLP architecture but also
to modern programming best practices and well-established
techniques such as DPDK [53] for prompt packet access. 2)
Dynamic network environments—while our model is trained
on extensive traffic, it is barely possible to achieve an exhaus-
tive and permanent fix in the long run given the ever-evolving
network dynamics, thus leading to subpar performance occa-
sionally. Fortunately, this issue (while perhaps not entirely
resolvable) can be substantially alleviated thanks to matured
ML pipelines and powerful MLOps. Despite being relatively
impractical in our current stage, it is still crucial to examine
the feasibility of eventual implementation, which warrants one
of our future directions.

VII. RELATED WORK

Understanding the performance of RTC applications is
always a critical effort [54], [55], [56], and numerous works
have sought to tackle the difficulties in QoS monitoring
in modern scopes [3], [57], [58], [59]. On top of that, a
considerable amount of research has explored QoS prediction
using ML/DL technologies in RTC [5], [6], [60], [61]. In [62],
the authors focused on video QoE estimation, predicting 5 key
indicators such as average bitrate, using a bidirectional LSTM-
based convolutional neural network (CNN) to investigate the
performance across 3 different scenarios. The studies in [63]
and [64] aimed to predict multiple QoS metrics, e.g., jitter
and packet count. The former framed a data mining problem
and introduced a Support Vector Regressor (SVR) that takes a
series of network key indicators as input. The latter centered
on the video quality under time-varying loads, and proposed a
load-adjusted learning scheme, wherein 4 conventional regres-
sion methods are implemented. Reference [65] examined an
array of ML algorithms, and proposed a group of DL models
like LSTM to predict various QoS metrics including latency,
received/sent packet counts, and download/upload traffic rates
for real-time videos. In terms of individual metrics, more
specialized and sophisticated models have emerged. For traffic
prediction, several works from [66], [67], and [68] adopted
various approaches to forecast bitrate. The first discussed an
online ML system to predict future average bitrate along
with resolution for encrypted video streaming, the second
integrated LSTM in a RL framework as the bitrate predictor
to optimize QoE, and the third employed the autoregressive
integrated moving average (ARIMA) method to forecast the
rate of upcoming packet sequences for video streaming in 4G
wireless networks. Meanwhile, multiple works have addressed
the problem of throughput prediction [69], [70], wherein the
authors intended to improve adaptive streaming by accu-
rately forecasting throughput, and they proposed a decision
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tree-based regressor and a CNN-augmented RL framework.
Moreover, delay prediction has also been studied by the works
of [71] and [72], with LSTM and Transformer-based NNs
being developed, respectively. Additionally, [73], [74] have
investigated the packet loss prediction in various scenarios
using a range of ML approaches, including random forest,
gradient boosting tree, artificial NN, etc. In summary, although
numerous works, which either incorporate QoS within broader
frameworks or focus exclusively on predictive purposes, char-
acterize different requirements, they typically rely on general
existing ML/DL technologies with minor customization under
the hood.

Furthermore, QoS prediction can be generally formulated
as a time series forecasting problem, where inputs are either
univariate historical data or multivariate correlated features,
and an advanced DL model commonly serves as the predictor
[75], [76]. However, recent trends of long-term forecasting
[77] and LLM [78] are ill-suited to our context, while other DL
approaches tend to employ sophisticated yet costly architecture
[79], [80], or are tailored to canonical datasets that markedly
diverge from our scenario [81], [82]. Given the rapid evolu-
tion and sheer volume of deep time-series models emerging
in the vibrant community, identifying the most appropriate
solution for our problem is non-trivial. Therefore, we refer to
[83], selecting and implementing several top-performing and
applicable models, such as TimesNet [43] that disentangles
temporal patterns into multiple intraperiod- and interperiod-
variations and proposes a residual stack of TimesBlocks,
and Non-stationary Transformer [41] that incorporates series
stationarization and de-stationary attention modules to unify
sample statistics and reintroduce non-stationary signals into
temporal dependencies.

To the best of our knowledge, our work represents the first
endeavor that aims to efficiently predict multiple QoS metrics
on a per-flow basis. The conception originates from two key
factors: on one hand, we have previously explored employing
ML/DL techniques in RTP traffic predictions [84], [85], [86],
such as uncovering patterns for packet loss and throughput
prediction with emphasis on traffic extremes, which helped
us to recognize the limitations of developing isolated QoS
prediction methods and laid the groundwork for the inno-
vation of a more unified, versatile approach. On the other
hand, despite the effectiveness of solutions in the literature,
existing approaches are tailored specifically to a single tar-
get, but all QoS metrics, whether considered independently
or cooperatively, could offer instructive feedback to support
multitudinous network functions and a comprehensive man-
agement system, eliminating the need as well as redundancy of
implementing several standalone and incompatible prediction
techniques. Such a prospect becomes increasingly efficacious
and attainable, especially as our predictions are anchored in
each flow, proffering fine-grained information.

VIII. CONCLUSION

In this paper, we propose a DL framework, named Oh,
stating that one model is enough to predict various QoS
metrics for multiple concurrent RTP flows in RTC sessions.
Existing approaches, which can only handle one metric or
flow at a time, are inherently inefficient. To surmount the
challenges, Oh employs a teacher-student paradigm, wherein

the teacher model seeks to apprehend network intricacies by
modeling both flow- and packet-wise correlations, and distills
knowledge into a more efficient student model. Particularly,
the teacher integrates a custom attention mechanism that
augments an LSTM NN to extract traffic features, while the
student characterizes a simpler FNN-only architecture. To
predict various QoS metrics, we adopt a multi-task learning
scheme, mapping shared features to 4 target values, i.e., bitrate,
average jitter, FPS, and loss condition. Our work is based
on massive traffic collected during real video-teleconferencing
under diverse conditions. We formulate a multivariate, multi-
target time-series problem, comparing against a variety of
ML/DL algorithms. Meanwhile, we conduct thorough ablation
studies, and elaborate on additional experimental configura-
tions. Consequently, Oh-teacher achieves superior outcomes,
positioning it as a promising candidate for knowledge dis-
tillation, and Oh-student results in a negligible amount of
time consumption while guaranteeing a comparable level of
performance. In future work, we aspire to investigate the
possibility of applying our methodology to a broader range
of QoS metrics, contributing to an even more systematic and
comprehensive network observability and management.
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away prematurely shortly before the publication of this work.
His scientific insight, generous support, and friendship will be
deeply missed. This work was also supported by computational
resources provided by hpc@polito (http://www.hpc.polito.it).

REFERENCES

[1] R. Frederick, S. L. Casner, V. Jacobson, and H. Schulzrinne, RTP: A
Transport Protocol for Real-Time Applications, document RFC 1889,
Jan. 1996. [Online]. Available: https://rfc-editor.org/rfc/rfc1889.txt

[2] G. Carofiglio, G. Grassi, E. Loparco, L. Muscariello, M. Papalini, and
J. Samain, “Characterizing the relationship between application QoE
and network QoS for real-time services,” in Proc. ACM SIGCOMM
Workshop Netw. Appl. Integr. (NAI), 2021, pp. 20–25.

[3] K. MacMillan, T. Mangla, J. Saxon, and N. Feamster, “Measuring
the performance and network utilization of popular video conferenc-
ing applications,” in Proc. 21st ACM Internet Meas. Conf., 2021,
pp. 229–244.

[4] N. Rao et al., “Analysis of the effect of QoS on video conferencing
QoE,” in Proc. 15th Int. Wireless Commun. Mobile Comput. Conf.
(IWCMC), Jun. 2019, pp. 1267–1272.
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[64] O. Izima, R. de Fréin, and M. Davis, “Video quality prediction under
time-varying loads,” in Proc. IEEE Int. Conf. Cloud Comput. Technol.
Sci. (CloudCom), Dec. 2018, pp. 129–132.

http://dx.doi.org/10.1145/3530811


2604 IEEE TRANSACTIONS ON NETWORKING, VOL. 34, 2026

[65] L. Babooram and T. P. Fowdur, “Performance analysis of collaborative
real-time video quality of service prediction with machine learning
algorithms,” Int. J. Data Sci. Analytics, vol. 20, no. 2, pp. 1–33, Aug.
2025.

[66] S. Wassermann, M. Seufert, P. Casas, L. Gang, and K. Li, “Let me
decrypt your beauty: Real-time prediction of video resolution and bitrate
for encrypted video streaming,” in Proc. Netw. Traffic Meas. Anal. Conf.
(TMA), Jun. 2019, pp. 199–200.

[67] A. Lekharu, K. Moulii, A. Sur, and A. Sarkar, “Deep learning based
prediction model for adaptive video streaming,” in Proc. Int. Conf.
Commun. Syst. NETw. (COMSNETS), Sep. 2020, pp. 152–159.

[68] D. Kumar, S. Aishwarya, A. Srinivasan, and L. A. Raj, “Adaptive video
streaming over HTTP using stochastic bitrate prediction in 4G wireless
networks,” in Proc. ITU Kaleidoscope, ICTs Sustain. World, Nov. 2016,
pp. 1–8.

[69] G. Lv, Q. Wu, W. Wang, Z. Li, and G. Xie, “Lumos: Towards better
video streaming QoE through accurate throughput prediction,” in Proc.
IEEE Conf. Comput. Commun., May 2022, pp. 650–659.

[70] J. Yin, Y. Xu, H. Chen, Y. Zhang, S. Appleby, and Z. Ma, “ANT: Learn-
ing accurate network throughput for better adaptive video streaming,”
2021, arXiv:2104.12507.

[71] Z. Zhang, J. Huang, L. Tian, C. Yuan, and Y. Wang, “Delay prediction
for real-time video based on improved LSTM,” in Proc. IEEE 8th Int.
Conf. Comput. Commun. (ICCC), Dec. 2022, pp. 2053–2057.

[72] A. Dietmüller, S. Ray, R. Jacob, and L. Vanbever, “A new hope for
network model generalization,” in Proc. 21st ACM Workshop Hot Topics
Netw., Nov. 2022, pp. 152–159.

[73] I. Ali, S. Hong, and T. Cheung, “Congestion or no congestion:
Packet loss identification and prediction using machine learning,” 2024,
arXiv:2408.03007.

[74] A. Giannakou, D. Dwivedi, and S. Peisert, “A machine learning
approach for packet loss prediction in science flows,” Future Gener.
Comput. Syst., vol. 102, pp. 190–197, Jan. 2020.

[75] J. F. Torres, D. Hadjout, A. Sebaa, F. Martı́nez-Álvarez, and A. Troncoso,
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