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Abstract

Immersive virtual reality (VR) experiences require transmission
and rendering of large-scale 3D content, often represented as point
clouds or polygon meshes. Unfortunately, existing networked VR
systems often fail to fully exploit the flexibility of VR data represen-
tations. To address this problem, we propose a cross-layer design
that elevates a network data unit to a usable rendering unit for
VR applications. Our aim is to bridge the gap between networks
and applications in order to enhance visual quality, especially over
constrained and variable networks. Our approach, Rendering Unit
that is Network-aware (RUN), with two variants, RUN-Packet and
RUN-Hybrid, includes mechanisms to effectively utilize network
data units when encoding, transmitting, decoding, and rendering.
Specifically, we develop additive detail refinement mechanisms and
address streaming challenges such as head-of-line (HoL) blocking.
We prototype our system in Unity 3D and evaluate it using syn-
thetic network environments and real network traces. Our results
with both static and dynamic point clouds demonstrate that RUN
significantly reduces stalls and delivers smoother frame updates,
enhancing visual quality.
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1 Introduction

Virtual reality (VR), extended reality, mixed reality, and augmented
reality have important applications well beyond gaming and en-
tertainment. VR supports immersive and realistic simulations that
allow for safe practice in high-risk scenarios such as driving, avi-
ation, and military training [13]. In the education sector, VR en-
hances student engagement and learning by providing interactive
experiences [2, 9]. In healthcare, VR aids in medical training and
patient care, offering a controlled environment for practice and
treatment [40]. VR also supports mental health through therapy,
and fosters social interaction in realistic virtual environments [52].

In this paper, we design a cross-layer approach for networked
VR applications, and apply it to the case of streaming VR environ-
ments represented as point clouds. Tremendous efforts have been
made in streaming point clouds over networks, both for dynamic
clouds or volumetric videos (e.g., ViVo [14], GROOT [24], YuZu [53],
DTP [56]) and static point clouds (e.g., Potree [41], Cesium [6]). A
point in this context is the minimal rendering unit. Point clouds are
typically organized into data structures to facilitate data manage-
ment and reduce overhead. The most commonly used data structure
is an octree [24, 41], though 3D tiles are also used [6, 14]. A data
“chunk” such as an octree node is considered to be the smallest
operational unit for rendering.

Most prior systems [6, 14, 24, 30, 41, 53] transmit each data
chunk over a network using HTTP running over reliable transport
protocols (e.g., TCP or reliable QUIC streams [23]). Transport pro-
tocols run on top of the Internet Protocol, which divides data into
network packets. A common packet size is 1460 Bytes of payload,
corresponding to a typical 1500-Byte Maximum Transmission Unit
(MTU). A data chunk such as an octree node can contain as many
as 10K to 50K points [42]. For uncompressed data, assuming 27
Bytes to represent one point (LAS format [1]), and 10K points per
chunk, each HTTP response would be divided into approximately
185 packets, where each packet encodes approximately 54 points.

Our work is founded on the following key observation: reliable
transmission of data chunks is not required. This is because ren-
dering can often tolerate a certain number of missing points. As
with 2D video streaming, where dropping certain frames is tolera-
ble [34], losing some points can also be acceptable. In fact, point
cloud transmission over a wireless network is often lossy, and re-
transmissions delay rendering on the client device, e.g., headset,
potentially causing cybersickness. Reliable transport protocols such
as TCP and reliable QUIC streams [23] enforce in-order delivery
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of data to the application layer. This creates a head-of-line (HoL)
blocking problem: points contained in packets that arrive after a
packet loss remain blocked in the receiver buffer until missing
packets are retransmitted and received, preventing their use by
the application and causing stalls and visual quality degradation.
Additionally, broadcast or multicast transmission, which can be
beneficial in multi-user VR scenarios [30, 55] is not easy to use with
reliable transport.

Figures 1a and 1b illustrate the HoL blocking problem by com-
paring how a rendered point cloud appears to the user at the exact
same moment in time in the case of HoL blocking (Figure 1a), ver-
sus without HoL blocking (Figure 1b), where clearly more of the
received points have been rendered. In this experiment, we detect
HoL blocking by monitoring each packet arrival time and position.

(a) With HoL blocking (b) Without HoL blocking

Figure 1: Sample visualization of HoL blocking effect: 10330
points (left) and 16000 points (right).!

Our goal in this work is to bridge the gap between the network
and the VR application. We propose a cross-layer approach, Render-
ing Unit that is Network-aware (RUN), where the application on the
client device utilizes network data units immediately when they
arrive.

The paper makes the following contributions: (1) We propose
RUN for alleviating the mismatch between the fine-granularity
data transmission unit and the coarse-granularity of the typical
VR application operational unit, elevating the transmission unit to
serve as the visual progressive refinement unit. We develop two
variants of RUN, RUN-Packet and RUN-Hybrid, where RUN-Hybrid
balances the data size versus rendering smoothness tradeoff, (2) We
demonstrate how using multiple concurrent transmission streams
and decoupling reliability from in-order delivery can mitigate the
head-of-line blocking problem in reliable transmission, and (3) We
prototype our proposed approach in Unity 3D, the standard soft-
ware platform for developing and deploying VR applications, and
demonstrate that it enhances streaming point clouds and volumetric
videos under real and synthetic network conditions.

2 Background and Related Work

In this section, we give the necessary background and discuss re-
lated work.

2.1 Virtual Reality Streaming Systems

VR and video streaming systems improve user experience through
several strategies, including carefully selecting data or quality levels

! Additional examples can be found at https://github.com/yufchen/MM25_RUN
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to stream [14, 15, 41, 49], applying compression or super-resolution
techniques [24, 25, 46, 53], and optimizing network communication,
such as through mmWave transmission [54, 55], Forward Error
Correction (FEC) [35, 36], and other techniques [15, 20, 21]. Our
work aims to increase the usefulness of each arriving network data
unit by enabling immediate rendering and progressive refinement.
Thus, our cross-layer approach, RUN, is complementary to exist-
ing systems and can serve as an enhancement to further improve
streaming performance.

2.2 Static and Dynamic Point Clouds

Despite the recent emergence of new VR representations (e.g., Neu-
ral Radiance Fields [31], Gaussian Splatting [18]), point clouds re-
main a widely-adopted format for representing 3D environments.
Our approach, RUN, uses point cloud streaming as a case study, but
it can be adapted to other VR data formats.

Streaming pre-recorded point clouds has been extensively stud-
ied, both for static point clouds (e.g., Potree [41], Cesium [6])
and dynamic point clouds or volumetric videos (e.g., ViVo [14],
GROOT [24]). Static point cloud datasets represent unchanging
3D scenes and objects. These datasets are usually large but remain
constant over time, allowing users to explore a scene freely without
temporal constraints. In contrast, dynamic point clouds capture
time-varying scenes, such as moving objects or changing environ-
ments. Our work is agnostic to the streaming type: we demonstrate
that RUN can enhance streaming for both static and dynamic point
clouds.

2.3 Point Cloud Encoding and Compression

We use point clouds in LAS file format (type 3) [1]. Each point
occupies 27 bytes, with coordinates stored as 32-bit integers, color
channels as 16-bit unsigned integers, and additional information
such as intensity, classification, and point source. We transmit all
point cloud data since we do not wish to make any assumptions
about the reconstruction algorithm on the client and do not know
which specific point attributes it may use.

Point cloud compression methods such as LasZip [16], Draco [12],
MPEG G-PCC/V-PCC [7, 27-29], and GeoCNNv2 [47] either do
not support point clouds with color and lossless compression, or
are not fully compatible with the Unity 3D pipeline. Moreover,
these methods do not always yield significant improvements in
compression efficiency. Therefore, in this paper, we adopt a simple
yet effective solution, Brotli [11] and Morton coding, that is easy to
integrate with Unity and provides competitive compression ratios.

2.4 Data Representation

Our starting point is the publicly available PotreeConverter 2.0 [42]
which constructs an octree to store any input set of 3D points. We
then use our own custom scripts to shuffle and compress points as
we will describe in Section 3.1.

Multi-resolution data structures, such as octrees, can be orga-
nized additively or non-additively. With the additive approach,
points at a coarse level of detail (LoD), i.e., higher in the octree
hierarchy, are added to those at finer LoD, i.e., lower in the octree,
during the refinement process [10, 43], instead of being replaced
by them [45]. The key advantage of the additive approach is that it
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eliminates redundancy, but its disadvantages are that it introduces
additional management overhead and requires in order tree tra-
versal. Note that spatially adjacent points may belong to different
octree levels. PotreeConverter employs an additive approach.

PotreeConverter uses a Poisson disk sampling algorithm. The
algorithm selects points by checking if the distance between a
new point and already selected points exceeds the smallest allow-
able distance (spacing), which prevents points from clustering too
closely together and creates a distribution with desirable blue-noise
properties [8, 41, 51]. Points within a node have a level-dependent
minimum distance (spacing) equal to ;—2 where Sy is the root spac-
ing (discussed below) and L is the level of the node in the octree.

According to Nyquist’s sampling theorem, the ideal spacing be-
tween projected points is 0.5 pixels for the signal, i.e., the image, to
be reconstructed from two samples, i.e., points, along each dimen-
sion. We estimate the desired target spacing at any given distance d
between the viewer and points and we determine the LoD needed at
different distances to be M, where DisW is the screen
display width and HFoV is the horizontal field of view (FoV). The
horizontal FoV controls the width of the visible scene along the
horizontal axis in the 3D projection. Most displays use square pixels
and the pixel aspect ratio is fixed, so the vertical field of view is
not a free parameter and can be computed given HFoV and the
display resolution DisW X DisH. The root spacing parameter Sy
can be empirically tuned. We set Sy to %, where the object size D is
the length of the diagonal of the object’s 3D axis-aligned bounding
box, and « is the point density.

3 Design

We now describe our cross-layer approach, RUN, that makes each
network packet an independently decodable and renderable unit.
RUN has two variants: RUN-Packet and RUN-Hybrid.

3.1 Data Representation and Rendering

In RUN, point distribution in octree nodes and the point size used
for rendering must be carefully managed to maintain visual co-
herence as packets arrive and the points contained in each packet
are rendered on the client device. We develop two mechanisms:
adaptive point size and uniform intra-node distribution for effective
rendering.

3.1.1  Adaptive Point Size. Figures 2a—2c compare three point sizing
strategies, each rendering the same number of points per quadrant:
(2a) fixed size, (2b) node-wise adaptive size, and (2c) point-wise
adaptive size. In the figure, the points are white, and the top-left
quadrant is 1% full, bottom-left is 10%, top-right is 40%, and bottom-
right is 80%.

Compared to the fixed-size strategy in Figure 2a, the node-wise
approach used in prior work [41] (Figure 2b) reduces visual gaps.
However, it still leaves noticeable artifacts. In this approach, the
point size within a node’s bounding box is uniformly set according
to the node’s spacing value, regardless of the actual fraction of
received data.

To address this limitation, we introduce a point-wise adaptive
point size rendering approach, to allow defining the size of each
point progressively and individually as data is received, and not
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just once per node. As seen in Figure 2c, all four quadrants are
almost solid white because the size of the white points is based on
the fraction of received points in a node.

Equation (1) shows how the spacing for node n, S, is computed.

{

where L is the node level, and R is the fraction of node n’s points
that have already been received.

_ iv—1
So - (R122L +ybte2hz >
S()'R7E L=0

Sn (1)
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Figure 2: a, b and ¢ show fixed, node-wise and point-wise
point size. d and e show original and shuffled point distribu-
tion. f shows the CDF of SSIM values over rendered points
for the “Longdress" dataset.

This resizing step introduces extra computation by the GPU
for every point to determine its current spacing value. We follow
Potree’s [41] strategy and construct a 2D RGBA32 format texture in
the CPU. RGB channels are used to locate the current node region
of every point. The alpha channel is used to record the received
ratio of each node and is updated every frame.

3.1.2  Random Intra-node Point Distribution. Points in an octree
node are typically ordered according to how they were scanned and
captured. To ensure that representative points are obtained when
only partial octree node data has been received, we randomly shuffle
the points in a node as a preprocessing step. This way, each packet
contains a mix of points that provide more visual information while
waiting for the remaining points of the node. Figure 2d shows the
original sequential ordering and Figure 2e shows the order after
adding the shuffling step. In these figures, all points are rendered
at the same fixed point size. We observe that shuffling ensures that
arriving points are more evenly distributed, thereby covering a
larger portion of the view.

3.1.3  Evaluation. Figure 2f demonstrates that the two methods
discussed above (Sections 3.1.1 and 3.1.2) indeed improve the quality
of the rendered image for the “Longdress" dataset [19]. Specifically,
the CDF curve for the combination of point-wise sizes and random
point distribution lies furthest to the right, indicating that higher
rendering quality is achieved with fewer rendered points. In other
words, this approach efficiently utilizes the set of points received
early on, resulting in higher SSIM values even at lower rendering
densities. We conducted similar experiments on other datasets and
observed consistent trends.
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It is worth noting that when points are occluded, increasing the
rendered point size may sometimes degrade quality due to overlap-
ping points. In this paper, we assume there is little or no occlusion
and leave this issue for future study. In the experiments presented
in the remainder of this paper, we adopt randomly shuffled point
clouds and point-wise size rendering.

3.2 Data Transmission and Delivery

Prior systems for streaming static point clouds (e.g., Potree [41])
or dynamic point clouds (e.g., ViVo [14] and GROOT [24]) use
reliable streams to transport VR data to clients. Unfortunately, the
“stream” abstraction implemented by transport protocols such as
TCP or QUIC [23] couples reliability with in-order delivery, creating
a head-of-line blocking (HoL) problem. Specifically, lost packets
prevent points in packets that arrive later from being delivered to
the application and rendered.

Figure 3a shows how a single packet loss blocks subsequent data
when using a single reliable stream and in-order delivery at different
link rates (round trip time (RTT)=50 ms, frames per second=60 in
this experiment). Points are delayed by multiple frame durations
waiting for loss recovery of earlier packets.

£ 400 Il —— 10Mbps | 5 | EEE Longdress .
<, ! ‘ 20 Mbps 2 = Soldier E
23001 [i4 Q 100 =
2 i \ —~+-- 40 Mbps @ (,.é
o 4 . 2 z
£ 200 / \ 60 Mbps E] §-
3 | —+— 80 Mbps 2 5
5 100+ g 8
.SE: g 25
E 8 B
Z 0 A
4 8 12 16 20 24 28 32 36 40
Frames Node level Packet level
(a) Blocked data (b) Size/Rendering tradeoff

Figure 3: a shows the impact of a single packet loss at dif-
ferent link rates. b shows the size and rendering flexibility
tradeoff for two datasets (solid bars represent decodable and
rendering unit size, where lower is better; hatched bars rep-
resent number of Bytes per point in this unit, i.e., how well
we can compress points, where lower is better).

Two strategies, namely out-of-order delivery and multi-stream
transmission, can alleviate the HoL blocking problem. Out-of-order
delivery allows the transport layer to immediately pass newly ar-
riving packets on to the application, regardless of gaps caused by
earlier losses, thus eliminating the need to wait for retransmissions
of lost packets. Multi-stream transmission mitigates HoL blocking
by distributing data across multiple concurrent streams; packet
loss in one stream only delays data within that stream, while other
streams continue to progress.

Table 1 compares TCP, QUIC (streams and datagrams), UDP,
and SCTP (Stream Control Transmission Protocol [44]) in terms of
whether they provide reliability and whether they support out-of-
order (unordered) delivery to the application.

We evaluate SCTP, TCP and QUIC-stream performance in Sec-
tion 5.2.1. Although SCTP with the out-of-order feature avoids
HoL blocking, it is not widely deployed, especially on non-Linux
platforms. Additionally, SCTP lacks native support for modern con-
gestion control algorithms such as BBRv2 [5] which dictate loss
recovery methods. In contrast, QUIC and TCP are widely utilized
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Table 1: Protocol comparison.

l Protocol

TCP
SCTP
QUIC-streams
QUIC-datagram, UDP

[ Reliability [ Unordered Delivery

FARNEANEN
SUX S X

in the Internet. We use multi-stream transmission with QUIC to
mitigate the HoL blocking problem in RUN.

3.3 Variants of RUN

Prior work [24, 41, 43] encodes, compresses, and transmits complete
data chunks, in the format of octree nodes or 3D tiles, later split into
multiple network packets. We implement a similar approach, which
we name the Node method, serving as a baseline in our evaluation.

Packets provide more flexibility and impose no reliability require-
ments in terms of being able to immediately decode and render
points in each packet as they arrive, regardless of packet loss. We
therefore utilize units of packets in an approach we name RUN-
Packet.

Using packets, however, prevents compression of larger data
units and hence consumes more bandwidth, compared to the tra-
ditional approach of compressing and transmitting entire nodes
reliably. Figure 3b validates the observation that the node-level
method (on the left) is better for compression (yields smaller sizes
as shown by the hatched bars), whereas the packet-level method
(on the right) allows finer-grained rendering (very small decodable
unit size as shown by the solid bars) which gives higher visual per-
formance. Nodes achieve better compression (hatched bars), with
decodable units in the range of 60 ~ 80 KB, whereas packets enable
much finer-grained decoding and rendering (solid bars) with 1.5
KB as decodable unit size.

To balance this tradeoff, we design a hybrid approach, RUN-
Hybrid, given in Algorithm 1, that may use packets or nodes based
on priority. In RUN-Hybrid, we send high priority points in the
point cloud as independently decodable and renderable packets,
and the remaining points as nodes. We follow prior work [41] and
assign each node a priority based on the projected size on the
screen. Without occlusions, nodes with larger projected size will
contribute more to the rendered image quality. We use a parameter
7 as a threshold on the priority to determine whether to use packets
or octree nodes as independent units. Although 7 is currently a
static input parameter, we will explore setting it dynamically based
on network conditions in our future work. Our evaluation will show
that RUN-Hybrid outperforms simply using all nodes (Node) or all
packets (RUN-Packet), especially under lossy conditions.

3.4 Priority Merging

We use the calculated projected size of each node, s; as computed in
line 4 of Algorithm 1, to assign transmission priorities, in addition to
using it to decide on using nodes or packets as decodable units. The
QUIC protocol uses a strict priority scheduler to schedule packets
from different streams. When the sending window is smaller than
the node size, a single stream is being transmitted at a time. Lower-
priority streams must wait until all data in the highest-priority
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Algorithm 1: RUN-Hybrid

Input :e Current camera pose: T,
e Octree nodes: N = {ny,ny,...,nN}
e Hybrid threshold: 7 € [0, 1]
Output: e Packet priority queue Qp = {(n;,s;) }
e Node priority queue Q = {(n},s;)}
1 begin

Initialize max-priority queue Q « 0
foreach node n; € N do
L Compute projected size s; from T, n;

Qp—0,Q, <0
Get maximum projected size spmax < Q[0].s

2
3
4

5 Q.insert(n;, s;)

Initialize partition index k « 0
while k < |Q| and Q[k].s > 7 - spax do
| ke—k+1

Qp Q[0+ k], @ — Q[k : |Q|] return (Qp. Qn)

stream has been sent. In this case, HoL blocking occurs within
a stream as discussed earlier. Additionally, certain regions of the
point cloud may receive a larger number of points, creating spatial
imbalance.

To mitigate this problem, we group nodes with similar projected
sizes into priority categories. Specifically, we first identify the cur-
rent maximum projected size s}, ,,, among nodes that have not yet
been assigned to a category. Then, we assign the same priority to all
nodes n; whose projected size satisfies s; > s}, - 0. This process
is repeated until all nodes have been assigned priorities.

We use the parameter 6 to control how aggressively nodes with
similar projected sizes are grouped into the same priority class. For
static point clouds, where content remains useful over time, more
aggressive merging tends to perform better. In contrast, dynamic
point clouds change continuously, and finer-grained prioritization
helps ensure that the most relevant content is delivered. In our
experiments, we empirically set parameter 6 = 0.75, 0.92 for static
and dynamic point clouds, respectively. This parameter can be
adapted based on received data and network conditions, which we
plan to further investigate in our future work.

In the case when each packet is independently decodable, in-
creasing the number of transmission streams always improves per-
formance. In contrast, when nodes serve as decodable units, using
a large number of streams may delay the complete delivery of in-
dividual nodes, leaving partial data unusable. Therefore, we add
an upper bound (set to 5 in our experiments) on the number of
concurrent streams used when transmitting nodes to maintain a
balance between parallelism and data completeness. Our evaluation
in Section 5.2.3 will show that priority merging is beneficial.

4 Implementation

As with any streaming system (e.g., DASH [17]), two critical de-
cisions need to be made in the design: (1) what to request and (2)
when to request it. Making these decisions on the client side or on
the server side each has advantages and disadvantages. Server-side
intelligence offers centralized control for optimized resource alloca-
tion and scheduling when the virtual reality application supports
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multiple concurrent clients, and reduces client battery consumption.
In contrast, client-side intelligence is easier to implement and the
server scales better with an increasing number of clients, but it con-
sumes scarce client resources. In this work, we focus on single client
use cases, so we use client-side intelligence (as in DASH) in RUN
and use standard servers. We will explore server-side intelligence
in future work.

We prototype our RUN client in Unity 3D, making it easily adapt-
able to VR headsets. We have three main modules at the client: (1)
rendering, (2) request, and (3) network interface. The design of our
rendering module is inspired by prior work [14, 33, 34, 41, 50]. Our
implementation consists of approximately 6,373 lines of C# code,
232 lines of HLSL shaders, and Unity integration.

Rendering module. Unity 3D does not provide native support
for point clouds, but it allows rendering point cloud data as mesh
vertices without connecting them [50], which we utilize.

Request module. The client makes decisions on which nodes
to request, in what order, and how many requests can be sent
in parallel. These decisions are made after each traversal of the
octree structure. We use a Breadth-First Search (BFS) tree traversal.
We first examine if the node’s bounding box is within the view
frustum,; if not, we stop exploring its children. Then, we calculate the
projected size of the selected node. If it is smaller than the specified
minimum size, we stop exploring its children. After completing the
traversal, the request module sends node requests to the network
interface module, along with their priorities and a possible limit on
the number of concurrent streams.

Network interface module. The network interface module is di-
vided into a sending component and a receiving component. This
module supports the HTTP/1.1 (TCP), SCTP, and QUIC protocols.
The module sends requests to the server (with requested priorities
suggested by the request module). When receiving packets, if pack-
ets are treated as rendering units, the module will instantly attempt
to decode any newly received data; otherwise, it will wait until a
complete node is received before decoding.

5 Evaluation

Our evaluation aims to answer the following questions: (1) How well
do out-of-order delivery and multi-stream transmission mitigate the
HoL blocking problem? (2) How does RUN-Hybrid compare to only
node units and only packet units (RUN-Packet) for both static point
clouds and dynamic point clouds with real and synthetic network
traces? and (3) How does priority merging affect performance?

5.1 Testbed, Datasets, and Networks

Our experimental setup consists of one server, one client, and one
router. The server runs on a System76 Meerkat equipped with an
Intel Core i7 1260P 12-core processor and 64 GB of RAM. The client
runs on a Windows 10 desktop machine equipped with an AMD
Ryzen 5 5600X 6-core processor, 32 GB of RAM, and an NVIDIA
GeForce RTX 3060 Ti. For rendering, we use a similar setting as the
Meta Quest 3, with the resolution set to 2064 X 2208p, horizontal
FoV set to 110° and target frame rate set to 72 Hz. We use a Banana
Pi BPI-R3 router running OpenWrt 23.05.2.

Datasets. Table 2 lists the point cloud datasets we use. Unless
otherwise specified, we show results with the “Plane" dataset for
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static point clouds and the “Longdress” dataset for dynamic point
clouds. We have validated our findings on all datasets.

Table 2: Datasets used in experiments.

Name Source Point Cloud Type

Tikal Sketchfab [37] Static

CA21 OpenTopography [3] Static

Plane Open3D Static
Guanyin Sketchfab [38] Static
Longdress 8iVSLF [19] Dynamic

Soldier 8iVSLF [19] Dynamic

Network conditions. We connect the client, router, and server
through Ethernet cables and use tc and netem on the router or
mahimahi [26] to emulate different network conditions. We first
conduct experiments under controlled networks, where we vary
the link rate (bandwidth) and introduce random loss at certain rates.
Then, we replay real network traces, as summarized in Table 3, by
selecting multiple 10 s segments from each trace. For traces without
round trip time (RTT) information, we set RTT to 10 ms. We select
publicly available bandwidth traces representing the most common
types of networks: Wi-Fi, 4G cellular, and 5G cellular. We choose
three recent traces from each type of network. The Wi-Fi traces [32]
were collected in January 2021 using NemFi, a trace-driven Wi-Fi
emulator. The Orange 4G cellular network traces [22] were obtained
in January 2022 in Lannion, France, and the 5G traces [39] were
collected from a major Irish mobile operator in 2020.

Table 3: Traces used in experiments.

Network Average Downlink Coefficient of
Bandwidth (Mbps) | Variation (1 s interval)

Wi-Fi (Ideal) 117.32 0.04

4G (Trace B) 78.92 0.48

5G (Static) 121.02 0.73

5.2 Experimental Results

We now discuss our key experimental results. Each experiment is
repeated at least five times. All error bars in the figures represent
the standard deviation of the results of the experiments.

5.2.1 Hol Blocking. As discussed earlier, when packets are lost,
packets that are subsequently received are not delivered to the
application unless out-of-order delivery or multiple streams are
used. We quantify the impact of this HoL blocking by investigating
throughput and resequencing delay. Resequencing delay measures
how long a packet needs to wait at the receiver to be delivered
to the application. We also measure the number of bytes that are
blocked from delivery to the application every frame.

In this set of results, we use dataset “Plane" with Node as the
rendering unit. We emulate a network with a round trip time (RTT)
of 50 ms, random loss rate of 1% and a link rate of 50 Mbps.

We experiment with SCTP (Figures 4a, 4c, 4e) and with QUIC
(Figures 4b, 4d, and 4f).

SCTP supports both in-order and unordered (out-of-order) de-
livery and a Reno-like congestion control algorithm. We observe
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Figure 4: Comparison of SCTP and QUIC under HoL blocking
scenarios at 50 Mbps link rate and 50 ms RTT.
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that throughput is mostly similar for in-order and out-of-order
delivery under different numbers of SCTP streams. When data is
delivered in order to the application, the resequencing delay de-
creases as the number of streams increases. This is because packet
loss only blocks a subset of the streams, demonstrating the benefit
of using multiple streams. When data is delivered in order, with
a smaller resequencing delay, the number of blocked bytes is also
lower. When data is delivered out of order, ideally, the number of
blocked bytes should be zero. We observe a small value, though,
since there is a small delay between receiving data and delivering
it to the application, even without resequencing.

QUIC streams only support in-order delivery, and support dif-
ferent congestion control algorithms. We experiment with three
algorithms: NewReno, CUBIC, and BBRv2.

As expected, NewReno results are closer to the SCTP results
(which use a Reno-like algorithm) than the results with CUBIC
and BBRv2, which exhibit significantly higher throughput values.
The throughput results with NewReno and BBRv2 do not signif-
icantly increase as the number of streams increases. In contrast,
the throughput with CUBIC quickly increases when the number of
streams increases, especially between 1 and 4. This is because the
application may not fully utilize the available bandwidth when there
is a small number of streams. Depending on the point cloud dataset,
some nodes can be sparse and contain only a few hundred points,
resulting in small request sizes. When the request size is smaller



RUN: A Case for Cross-Layer Networked Virtual Reality

than the congestion window, it becomes difficult to efficiently use
bandwidth, and using multiple streams is highly beneficial.

The resequencing delay decreases with more streams. With CU-
BIC, initially the delay slightly increases and the number of blocked
bytes increases as we add more streams, as bandwidth is not fully
utilized. As the number of streams increases beyond four or so, the
resequencing delay and the number of blocked bytes decrease.

As a comparison baseline, we also experimented with TCP. Since
our client runs on Windows 10, the non-disablable auto-tuning
receive window throttles throughput under high latency networks
with HTTP/1.1. Therefore, we do not use HT'TP/1.1 and directly con-
nect to the server with TCP. The responses are returned sequentially
on a single TCP connection, which is equivalent to the case when
the number of concurrent streams is equal to one. Thus, throughput
does not increase with the number of concurrent requests. Using
CUBIC, the throughput is 3.71 Mbps, while with NewReno, the
throughput is 3.12 Mbps. The corresponding throughput values
with QUIC are higher: 9.72 Mbps and 1.78 Mbps, respectively.

In summary, our results show that: (1) HoL blocking can bot-
tleneck point cloud streaming under packet loss, (2) out-of-order
delivery eliminates HoL blocking, while multi-stream transport
mitigates its impact by distributing data across multiple indepen-
dent streams, confining blocking effects to individual streams, (3)
congestion control algorithms play an important role: both BBRv2
and CUBIC maintain high throughput, and (4) multi-stream QUIC
with BBR or CUBIC performs well, and we therefore adopt it in our
RUN implementation.

5.2.2  Nodes, Packets, and Hybrids. We now evaluate how RUN-
Packet and RUN-Hybrid compare to using nodes as rendering units.
We begin by evaluating performance under random loss patterns
for both static and dynamic point clouds. Then, we examine per-
formance under different link rates and across various datasets
of static point clouds. Finally, we validate our findings using real
network traces.

For static point clouds, we make a single decision regarding
what data to transmit under packet and node granularities, whereas
dynamic point clouds require per-frame decisions and therefore
involve multiple transmission decisions over time.

We use the RUN data representation and rendering methods
discussed in Section 3.1 in the static point cloud case. Rendering new
points always improves visual quality in this case. Since later points
contribute little to perceived quality, we use the number of newly
rendered points as a direct metric for performance (abbreviated as
“Rendered” in the figures). Specifically, we consider both the average
and the standard deviation of newly rendered points per second.
The average indicates how quickly quality improves, whereas the
standard deviation reflects the smoothness of frame updates. We
use the value for the Node method as the baseline and normalize
the values for the other two methods accordingly.

For dynamic point cloud streaming, we assess quality and smooth-
ness using the average MS-SSIM [48] and the stall ratio. The aver-
age MS-SSIM reflects the visual quality across the entire sequence,
whereas the stall ratio, defined as the number of stalled frames
divided by the total frame count, reflects playback smoothness.

Figures 5a and 5b (link rate=50 Mbps, RTT=10 ms) show static
point cloud quality and smoothness under no loss, or 0.5% or 1%
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random loss rates, while Figures 6a and 6b (link rate=150 Mbps,
RTT=10 ms) present the corresponding results for dynamic point
clouds. The x-axis represents the hybrid threshold 7: when 7 = 0, the
method corresponds to sending independently decodable Packets
(RUN-Packet), whereas 7 = 1 corresponds to decodable Nodes.

The figures show that increasing 7 improves quality for the no
loss and random loss cases. The improvements are modest since
the compression ratio difference between Node and RUN-Packet
is relatively small. For smoothness, as 7 increases, the standard
deviation for static point clouds (Figure 5b) and the stall ratio for
dynamic point clouds (Figure 6b) increase noticeably. This suggests
that using packets as rendering units indeed improves smoothness.

In the following experiments, we select 7 = 0.6 to represent
RUN-Hybrid as it provides a fair balance between early rendering
and compression efficiency.

Figures 7a and 7b (RTT=10 ms, no emulated loss) illustrate the
performance for static point clouds under various link rates. RUN-
Packet and RUN-Hybrid achieve high smoothness (lower standard
deviation), especially at low link rates, at the cost of slightly re-
duced quality (fewer newly rendered points per second). As the link
rate increases, the difference diminishes because higher bandwidth
enables the application to receive complete nodes more frequently,
reducing the impact of granularity.
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Figure 7: Static point clouds at several link rates.
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Figures 8a and 8b (link rate=50 Mbps, RTT= 10 ms, no emulated
loss) further confirm these observations across multiple datasets.
However, we find that datasets with less uniformly distributed
points in the scene (e.g., Tikal and Guanyin) show reduced bene-
fits for RUN-Packet and RUN-Hybrid at higher link rates. This is
because these datasets feature relatively smaller octree node sizes
and higher variance, making it more likely for the Node method to
receive complete nodes within a frame time. Quantifying the im-
pact of point cloud characteristics remains an important question,
which we leave for future work.

Finally, as shown in Table 4, we compare the performance of
the Node method with RUN-Packet and RUN-Hybrid on real Wi-Fi,
4G, and 5G traces. The results are consistent with our previous
findings: RUN-Hybrid achieves a good balance between quality and
smoothness. We make two additional observations. First, for 4G
traces, the Node method exhibits poor smoothness. This is because
the available bandwidth cannot meet the demands of point cloud
streaming. In this case, RUN-Packet and RUN-Hybrid allow the
application to proceed without waiting for an entire node, leading
to significant improvements in smoothness. Second, although 5G
traces exhibit high bandwidth variance, which we expected would
amplify the benefits of RUN-Packet and RUN-Hybrid, we do not
observe significant improvements with dynamic point clouds. We
attribute this to the congestion control algorithm used (BBRv2)
which estimates bottleneck bandwidth and RTT to adjust its sending
rate, rather than relying solely on packet loss as a congestion signal.
This design helps BBRv2 maintain high throughput and low latency
in networks with fluctuating bandwidth, by preventing excessive
queue buildup and reducing the likelihood of bufferbloat [4, 5].
We still observe that, in trace segments where packet loss indeed
occurs (i.e., bandwidth drops to zero), RUN-Packet and RUN-Hybrid
achieve significant improvements in smoothness.

In summary, RUN-Packet and RUN-Hybrid consistently achieve
high smoothness while maintaining good quality for both static
and dynamic point cloud streaming.

5.2.3  Priority Merging. We evaluate the impact of the priority
merging feature in terms of both quality and smoothness for static
and dynamic point clouds. In our experiments, when priority merg-
ing is disabled, nodes are assigned different priorities, and due to the
strict priority scheduling, a single active stream is being transmitted
most of the time.

Figures 9a and 9b demonstrate that quality and smoothness
improve with priority merging for both the static and dynamic point
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Table 4: Performance of Node, RUN-Packet, and RUN-Hybrid
(r 0.6) with wireless traces. Each cell shows Quality /
Smoothness (Average Rendered / o(Rendered) in static point
clouds; Average SSIM / Stall Ratio in dynamic point clouds).

Trace Static Point Cloud (M point/s)
Node RUN-Packet RUN-Hybrid
Wi-Fi 1.676 / 1.172 (-30.08%) / | 1.420 (-15.31%) /
(Ideal) 0.903 0.625 (-30.74%) 0.721 (-20.13%)
4G 1372/ 0.987 (-28.08%) / | 1.141(-16.84%)/
(Trace B) 0.853 0.568 (-33.39%) 0.365 (-44.54%)
5G 1.450 / 1.067 (-26.41%) / | 1.270 (-12.41%) /
(Static) 0.913 0.600 (-34.24%) 0.655 (-28.31%)
Dynamic Point Cloud
Trace n
Node RUN-Packet RUN-Hybrid
Wi-Fi 0.970 / 0.964 (-0.58%) / 0.963 (-0.66%) /
(Ideal) 0.337 0.295 (-12.41%) 0.310 (-8.04%)
4G 0.941/ 0.940 (-0.04%) / 0.940 (-0.04%) /
(Trace B) 0.513 0.367 (-28.45%) 0.365 (-28.97%)
5G 0.944 / 0.943 (-0.09%) / 0.946 (+0.25%) /
(Static) 0.470 0.395 (-15.88%) 0.415 (-11.71%)

cloud cases. However, the gains are modest, and the results show
high variance, as evidenced by the error bars in both directions.
This is because the severity of HoL blocking depends on packet
loss location. If a loss occurs early on, more packets are likely to
be blocked, increasing the impact. Conversely, if the loss happens
towards the end, fewer packets are affected.
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Figure 9: RUN-Hybrid (z = 0.6). RTT=10 ms, loss rate=1%, link
rate=50 Mbps (static) or 150 Mbps (dynamic).

6 Conclusions and Future Work

We have shown how a cross-layer approach, RUN, that elevates a
network data unit to a unit usable by a point cloud streaming appli-
cation, can enhance user experience under constrained and variable
networks. Our experimental results demonstrate how rendering
smoothness can be increased and the head-of-line blocking prob-
lem can be mitigated by using finer-grained units for transmitting
important data and using multiple concurrent streams.

We plan to extend our work as follows. In terms of design, we
plan to add methods to dynamically tune the parameters of RUN
(i.e., 7 and 6) to adapt to network conditions. In terms of evaluation,
we plan to conduct experiments with wirelessly-connected VR
headsets and experiments with changing user positions and view
directions. Finally, beyond point clouds, we plan to extend our
approach to other virtual environment representation methods.
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