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Abstract

Residential access networks today often appear well provisioned on
paper, with high access speeds, modern Wi-Fi, and content served
from nearby caches. We investigate how such networks actually be-
have using packet-level traces from 33 residential buildings owned
and managed by Columbia University, hosting over 1,500 units. Our
methodology infers TCP loss and access RTTs to detect conges-
tion and estimates per-packet in-flight intervals to identify when
packets from different services overlap on shared buffers. Even
with low average utilization, we find that short traffic bursts can
cause substantial loss and queueing delay, and that services often
share capacity primarily with their own traffic. Pacing mitigates
this burst-induced congestion by adding delay between packets
and has been studied by YouTube and Netflix separately, but the
vantage point of a single service cannot observe the effects of pac-
ing on other services. We evaluate pacing through a real-world
experiment in which YouTube and Netflix alternately enable and
disable pacing for users in this network. Under pacing, each service
roughly halves its own median loss rate and reduces median access
queueing delay by about 30-40%, while sustaining similar traffic
volumes. For other services whose packets directly overlap paced
video, median loss and queueing delay also decrease, even though
pacing slightly increases the probability of such overlaps. Our re-
sults provide the first in-the-wild evidence that pacing is friendly
in such a well-provisioned network.
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1 Introduction

In many markets, residential Internet connectivity is increasingly
viewed as “good enough.” Even a decade ago, measurements showed
that individual homes often used far less than their provisioned
access capacity [38, 46]. Since then, both access link rates and
in-home Wi-Fi have increased significantly [7, 42], and content
providers now serve much of their traffic from caches and servers
deployed close to users [36]. Taken together, these trends suggest
that, on average, many residential access networks now offer ample
capacity for typical workloads, and one might expect congestion to
be largely a thing of the past for such networks.

To investigate what congestion looks like in practice, we study
one such well-provisioned network in detail. We collect traces of all
packets sent to and received from 33 off-campus residential build-
ings owned and managed by Columbia University, with over 1,500
units housing graduate students, faculty, and their families (§3.1).
This collection extends the residential access dataset introduced
in our prior work, which was based on 4 hours of traffic per day
from approximately 1,000 units [75]. This paper introduces a more
comprehensive view, with 24/7 collection across more than 1,500
units. Following the same data-sharing policy as our prior work, the
dataset used in this study—and 24/7 data from the 1,500 units going
forward in perpetuity—is also available upon request through the
dataset website [1]. The traces are collected at a shared aggregation
point, and give us visibility into many homes and many services
at once—a vantage that prior residential studies have lacked. From
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these traces we infer per-packet TCP loss, access RTTs, and overlap-
ping in-flight intervals as proxies for congestion and queue sharing
in the access network (§3).

With this in hand, the picture turns out to be more nuanced than
aggregate capacity suggests. Although hourly building utilization is
below 13% for 95% of building-hour pairs, traffic can still experience
considerable packet loss and queueing delay: hourly TCP loss rates
exceed 2% in 8% of hours, and 11% of packets experience more than
50 ms of access queueing delay (§4). An explanation is that modern
traffic is bursty. Video streaming often downloads chunks in short
bursts separated by idle periods, while web transfers are dominated
by short flows that send their data quickly and complete before
reaching a steady sending rate. Multiple devices and applications in
ahome can generate these bursts at the same time. Transport behav-
ior can further amplify variability: connection startup, changes in
congestion window, and imperfect pacing all create transient bursts,
even when congestion control aims to be ACK-clocked or explicitly
paced. When such bursts exceed network capacity—whether on a
home Wi-Fi link or a shared access or aggregation link—they can
lead to queueing delay or packet loss.

Prior work, especially in data centers, has identified burstiness as
a central challenge for congestion management and load balancing
[2, 4-6, 34, 35]. In residential networks, however, we still lack a
clear picture of how congestion episodes are shared across flows,
services, and homes. In our study, we find that congestion in this
network is overwhelmingly local and self-induced. Congestion is
driven more by sharing within a single residential unit than across
units in a building, and the great majority of a packet’s in-flight
neighbors come from the same connection to the same service,
rather than from competing connections or services. These patterns
suggest that interventions targeting individual services can have
meaningful impact (§5).

Recently, Netflix and YouTube (among the largest sources of traf-
fic on the Internet [58] and in this network) have been exploring
pacing to reduce the congestion caused by burstiness. Pacing inten-
tionally adds delay between packets. It is typically implemented
at the transport layer, where it is agnostic to application needs
[18, 31]. Netflix and YouTube have instead explored pacing traffic
based on application demands, at a rate closer to the video bitrate.
This reduces throughput well below available bandwidth while still
maintaining video quality [33, 63]. YouTube has paced all its video
traffic as of May 2025, while Netflix deployed pacing to nearly all
models of TVs, STBs, and game consoles starting in November 2025.

With large traffic sources exploring and adopting pacing, it is
crucial to understand how it performs in the real world. Yet all prior
real-world pacing experiments share a key limitation: the vantage
point of a single service. A service can measure how pacing affects
its own traffic, but not how pacing affects other services sharing the
same access network. For services whose packets share queues with
video, pacing might make a service more “friendly” by reducing
large bursts that cause congestion. But if the on-period of video
traffic is normally very short, smoothing it out could create overlaps
with neighboring services that would not otherwise have occurred.
Without visibility into an actual access network and the traffic from
multiple services it is delivering, it is difficult to reason about the
network-wide impact of pacing.
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We develop passive methods to infer congestion in the Columbia
network, and we combine them with a controlled experiment to
evaluate the impact of pacing (§6). During the experiment, YouTube
and Netflix alternately enabled and disabled pacing to conduct
a month-long switchback experiment. The experiment yields all
four combinations of {YouTube paced, unpaced} x {Netflix paced,
unpaced}, each sustained for a full week. This design allows us to
study how pacing affects both the paced service itself and other
traffic sharing the same network. This is a unique study: while
providers regularly experiment with their own traffic using A/B
tests, to our knowledge this is the first large-scale study that looks
at the impact of any rate-control treatment from a major traffic
source (or two) on other traffic sharing the same network.

Under pacing, each video service substantially reduces conges-
tion on its own traffic—median loss rates drop by roughly half
for both Netflix and YouTube, and median queueing delays fall by
about 30-40%. Total traffic volume remains similar across paced
and unpaced weeks, indicating that these congestion reductions
are achieved without reducing the volume or bitrate of video de-
livered (§6.3). For neighboring services, pacing slightly increases
the probability of overlapping with the paced video traffic, but it
substantially reduces the intensity of those overlaps. Congestion
metrics for other services are stable overall and improve signifi-
cantly when they directly overlap with paced video traffic. While
most packets do not overlap with video traffic, pacing provides
meaningful benefits to those that do (median loss falls 13-29% and
median queueing delay 16-36%) (§6.4).

In this network, our results provide concrete, in-the-wild evi-
dence that pacing largely improves performance for the pacer at
no observable cost to other services while providing improvement
to neighboring services during direct overlaps. Our results suggest
that other services whose users gain little from sending at uncon-
strained rates (e.g., video traffic, software updates, cloud sync, and
other bulk transfers) have a strong case for adopting pacing on
the same grounds. In other well-provisioned networks, we would
expect traffic to be similarly bursty and pacing to provide similar
benefits for both the pacer and its neighbors.

More broadly, we see our approach of combining controlled
modification of service-side configuration with packet traces from
access networks as a template other studies could use when evaluat-
ing congestion control and traffic-shaping mechanisms. Prior work
on algorithms such as BBR [18, 40] and service-side treatments
evaluated with A/B tests [62] has shown that behavior at scale
can differ markedly from what we expect from controlled settings,
especially in terms of fairness and interactions with other traffic.
We hope our work encourages similar studies that measure what
these interactions look like in other real networks.

2 Challenges

We aim to answer: (i) to what extent congestion exists in a well-
provisioned access network, (ii) how traffic shares network re-
sources in the network, and (iii) how enabling pacing for a service
changes congestion for that service and for other services that share
bottlenecks with it.

To answer these questions in a fully controlled way, one would
ideally have three capabilities. First, to study whether and where
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congestion occurs and how it is shared, we would like direct access
to all clients, servers, and buffers along the path to measure loss,
queueing delay, and buffer occupancy precisely. Second, to isolate
the impact of pacing on a given service, we would like the ability
to toggle pacing for arbitrary services to form clear treatment and
control groups. Third, to attribute differences between those groups
to pacing rather than to changes in demand, we would like to expose
them to identical traffic patterns.

In practice, the decentralized nature of the Internet precludes
such unified control. No single operator can observe all clients,
servers, and buffers, and, while individual services can toggle their
own pacing, they cannot control or even see other services’ traffic.
Moreover, simply replaying traces under different pacing configura-
tions does not faithfully capture the feedback between one service’s
pacing choices and the traffic of others. We therefore turn to a more
pragmatic design that combines cooperation from major services,
a rare multi-home vantage point, and inference techniques that
recover congestion and sharing from packet traces. The remainder
of this section outlines the main practical challenges this design
must address.

Loss and latency are not directly inferable for all traffic
from a single passive vantage point. It is challenging to infer
loss and RTTs for non-TCP traffic, as sequence or acknowledgment
numbers may be unavailable or encrypted depending on the proto-
col. To facilitate our pacing experiment, YouTube shifted Columbia
users from QUIC to TCP sessions during the study period. Conse-
quently, UDP accounts for 16% of traffic in the dataset we study.
While we do not infer loss for the remaining UDP traffic, we esti-
mate access RTTs, queueing delays, and in-flight intervals for UDP
packets based on adjacent TCP packets for the same residential unit
(see §3 for details).

Direct measurements of buffer occupancy are difficult.
Router buffer occupancy is hard to observe at fine time scales.
Standard monitoring tools such as SNMP have low resolution (Cisco
recommends polling at 60 seconds to limit CPU overhead [20]), and
high-resolution tools like P4-based monitoring are not available
on commodity devices found in most access networks. Our packet
traces record when packets arrive at the data collection point, but
not instantaneous queue states or which packets share a queue
at any given time. Simply counting packets within a fixed time
interval is also insufficient, as packets can remain in buffers for
varying durations, especially under congestion. To address this, we
infer per-packet in-flight intervals from TCP RTTs and study how
these intervals overlap, using overlap as a proxy for packets sharing
limited network resources (§3).

Complex equipment and opaque home routers limit topol-
ogy visibility. Modern access networks often use switches with
complex queueing structures and behavior, whose details are typi-
cally not exposed to researchers. The Columbia residential access
network uses chassis switches with shared packet-buffer memory,
and residents also bring their own home routers, which vary in
capacity, buffer sizes, and configuration and lie outside the oper-
ator’s direct control. Rather than attempting to reconstruct exact
buffer occupancy at each device under these constraints, we rely on
packet dynamics and overlaps of in-flight intervals to infer when
packets are likely to share queues (§3).
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Real traffic patterns are essential, but trace replay can mis-
represent pacing effects. Whereas concepts such as the friendli-
ness of congestion control algorithms can be evaluated in controlled
lab settings, understanding the nature of actual congestion and shar-
ing requires visibility into the traffic of a real network, as it depends
intimately on the behavior of users and the applications they use.
Further, a static trace of such behavior is not enough to understand
the impact of pacing (or other mechanisms) on congestion and shar-
ing. Replaying traces to emulate a different service configuration
can introduce bias [9], because pacing changes traffic dynamics in
ways that could impact behavior of other services, but such closed-
loop feedback is beyond our ability to model in replay. Instead,
YouTube and Netflix change their pacing configurations in produc-
tion, and we observe the resulting traffic—both their own flows and
those of other services—using a dataset that continuously collects
live packet headers from a residential access network owned and
managed by Columbia University. Covering over 1,500 residential
units, this large-scale dataset enables reliable conclusions that are
difficult to achieve in a typical lab setting. We discuss the dataset
and its sufficiency in further detail in §3.1.

Limited control over where and when pacing is used. In
contrast to an ideal setting where pacing could be toggled for any
application, production experiments require participation from ser-
vice providers. Our author team includes researchers from Netflix
and YouTube, both of which have studied pacing [33, 63], enabling
us to run an experiment where they enable and disable pacing in
a controlled manner (see Table 2). While this scope is limited to
two services, they are two of the three largest traffic sources in
the Columbia dataset, making them a meaningful case study for
understanding pacing at scale. By experimenting with both, we
measure not just the impact of pacing on their own traffic but also
how network conditions change depending on whether one or both
is pacing. We further justify our focus on these two services in §5.3.

3 Dataset and Methodology

In this section, we introduce the Columbia residential access dataset
used in this study, which extends the dataset published in our prior
work [1, 75], as well as our method to compute congestion metrics
and infer how services share network resources. As the inbound
direction carries the majority of traffic [24], for the remainder of
the paper, we focus on traffic from servers to clients.

3.1 Columbia Residential Access Dataset

We leverage a dataset originally introduced in our prior work [75].
At the time, we collected traffic for four hours per day from approx-
imately 1,000 off-campus residential units owned and managed by
Columbia University. Since then, we have expanded the deploy-
ment to continuous 24/7 collection across more than 1,500 residen-
tial units. Following the same data-anonymization policy as our
prior work, the collection pipeline anonymizes privacy-sensitive
fields and generally discards layer 4 packet payloads for privacy,
while retaining selected information used for service identification
such as DNS domain names and TLS Server Name Indication (SNI)
values. The collection and anonymization pipeline was approved
by Columbia IT and formally reviewed and declared exempt by
Columbia’s IRB as non-human-subjects research; further details are
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Figure 1: Network topology and data collection of the Columbia
residential access dataset (reproduced from a figure on the dataset
website [1]). NYSERNet is a Regional Research/Educational Network.
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provided in our prior work [75]. Following the same data-sharing
policy, the dataset used in this study is available upon request, with
details provided on the dataset website [1].

Topology. Data comes from 33 university-affiliated residential
buildings which house graduate students, faculty, and their families
in over 1,500 residential units. Figure 1 shows the topology of the
residential access network. Each residential unit has one Ethernet
wall jack, and residents can connect devices directly via Ethernet
or connect their own home routers for Wi-Fi access. As each Eth-
ernet port has its own IP address, we can associate packets with
a specific residential unit. However, a unit may contain multiple
devices connected in different ways, making it challenging to reli-
ably infer device identity and connectivity at this scale. We do not
attempt to distinguish devices or human users within a unit, or to
determine how individual devices connect. Ethernet ports in the
same building share a common subnet, which allows us to identify
packets traversing the same building. According to Columbia IT,
the residential buildings use chassis switches, many of which have
tens of megabytes of shared packet-buffer memory.

Packets are mirrored from four aggregation switches to the data
collection servers over four 10 Gbps fiber pairs, which were de-
ployed as part of the NSF COSMOS testbed fiber plant [19, 56].
Because the dedicated mirroring paths are lightly loaded relative to
capacity and the data collection servers, co-located with COSMOS
Sandbox 2, are 178 m from the aggregation switches, we assume
that the additional delay from mirroring is approximately constant
and negligible. We refer to the combination of the aggregation
switches and collection servers as the data collection point.

A well-provisioned network. Columbia’s network is relatively
well-provisioned. Based on Netflix’s internal data, the Columbia AS
is in the 92nd percentile of average per-session throughput. Most
residential-unit ports are provisioned at 1 Gbps, while some are
provisioned at 100 Mbps. The majority of residential buildings in
the dataset have a 1 Gbps uplink, while a substantial minority have
a 10 Gbps uplink. Across all building-hour pairs, the 95th percentile
of hourly building utilization rate, defined as the ratio of hourly
throughput to building uplink capacity, is only 13%.

Discussion of generalizability. Our study focuses on a single, well-
provisioned residential access network. While the residential units
house graduate students, faculty, and their families, rather than
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the predominantly student population captured in many campus-
network datasets, its network capacity and user population are
specific to this setting and may differ from those of many other
networks. For instance, Netflix data shows that Columbia users
more often stream with browsers rather than TVs, unlike users in
other networks. We acknowledge that these differences may result
in different congestion and sharing dynamics. We refer readers to
our prior work for a more detailed characterization of this network,
including its service usage and delivery [75].

Although not representative of the Internet as a whole, this
setting is a useful case study for observing real-world service in-
teractions. It offers visibility into interactions across many homes
and services that cannot be obtained from active measurements or
server-side logs of individual services alone. Some of the qualitative
insights from this setting may also apply to other well-provisioned
access networks. Studying such a well-provisioned network is in-
creasingly relevant given the growing deployment of fiber-to-the-
home [10] and broader industry trends toward higher bandwidths
[63]. For instance, the median Netflix session today has an average
throughput 15X its average bitrate, up from 13x in 2023.

Dataset. For this study, we specifically use the data collected
over four weeks, from September 30 to October 27, 2025. For pacing
analysis in §6, we use data from all four weeks, each with a different
pacing configuration. For all other analyses, we focus on the week
of October 14-20 when YouTube and Netflix do not use application
pacing, ensuring that our results reflect typical behavior without
application pacing. We also demonstrate in Appendix A.2 that using
one week of data is sufficient.

3.2 Map Flows to Services

As we are interested in understanding the performance and sharing
between services, we map traffic to services (e.g., YouTube, Net-
flix). We adopt the method from the paper that first introduced
the dataset [75]: We first group packets with the same 5-tuple (i.e.,
source IP, destination IP, protocol, source port, destination port)
into flows. We then pair flows with corresponding DNS domains
and TLS SNI. Finally, we map flows to services based on keywords
in domains. For flows with no keywords found in the associated
domains, we use the last two labels of the associated domains as
the service. For the remaining flows with no mapped domains,
we use the organization owning the server IP address as the ser-
vice. The granularity of service labels depends on the observable
flow information: domain-keyword mappings are more specific,
while fallback mappings identify only the last two domain labels or
server organization. We refer readers to our prior work for further
details and discussion of the limitations of domain-based service

mapping [75].

3.3 Compute Congestion Metrics

We use TCP packet loss and queueing delay as indicators of con-
gestion and develop a method to infer them.

Recall that we refer to the aggregation switches and collection
servers together as the data collection point (Fig. 1). An inbound
packet can be lost before reaching the data collection point (WAN
loss), at the data collection point, or between it and the end clients



Measuring Service Congestion, Sharing, and Pacing in a Residential Access Network

(access loss). Since our goal is to study congestion within the resi-
dential access network, we focus on access loss and access queueing
delay (i.e., queueing delay occurring between the data collection
point and the end clients). We also focus on inbound packets, as the
inbound direction carries most traffic.

Identify access TCP packet loss. We focus on TCP loss because
inferring non-TCP loss from transport headers is challenging. We
identify TCP retransmits and loss based on sequence numbers in
TCP headers. For each flow, we track the expected next sequence
number of inbound packets, defined as the current packet’s se-
quence number plus its payload length. We consider three cases. (1)
If a packet arrives with a sequence number equal to the expected
next sequence number, we treat it as the normal in-order case and
update the value accordingly. (2) If the packet’s sequence number is
less than the expected value, we classify it as a retransmission. For
each identified retransmission, if we previously observed packet(s)
whose sequence ranges are covered by the retransmission, we la-
bel those packets as lost within the access network (access loss).!
Otherwise, we infer that the original transmission was lost before
reaching our collection point (WAN loss). (3) If the packet’s se-
quence number is greater than the expected value, we infer that
some packets covering the sequence range between the expected
value and the current sequence number were lost upstream (WAN
loss).? We define the access TCP packet loss rate as the percentage
of TCP packets inferred as lost within the access network.

Infer access queueing delay. To infer access queueing delay, we
first estimate access RTTs—the round-trip time between the data
collection point and the end clients. Since a single ACK may ac-
knowledge multiple packets in a batch, we estimate access RTTs
accurately by identifying the most recent downstream packet cov-
ered by the ACK. Following the intuition behind Karn’s Algorithm
[44], we only compute RTTs for packets that were neither lost nor
retransmitted, ensuring the measured RTTs correspond to the orig-
inal transmission rather than a retransmission. We also incorporate
SACK information when available, mapping the end of each SACK
block to the corresponding packet and using the most recently
updated block when multiple SACKs are present. Finally, to avoid
including cases where a connection becomes idle for a long period
before a delayed ACK is sent, we remove RTT samples above the
99th percentile, which effectively filters out spurious values caused
by idle connections rather than network latency. We choose the
99th percentile as a conservative outlier threshold that removes only
the extreme RTT tail, where such artifacts are more likely to occur;
other high-percentile thresholds could serve a similar purpose. We
also apply a smoothing step as per RFC 6298 [54] to further stabi-
lize the values: RT Tgmoothed = RT Tsmoothed * (1 — @) + RT Tpew * @
with & = 1/8. The smoothing step allows us to characterize mean-
ingful congestion—delays that persist long enough to impact flow

!'This inference can overestimate access loss when TCP retransmits a packet that was
not actually lost, for example following a retransmission timeout. However, since we
use inferred loss as a signal of congestion, these cases still correspond to packets that
TCP treated as lost, even if the original packets were not technically lost.

To handle out-of-order packets, we buffer those with sequence numbers greater
than the expected value for up to 3 ms before treating them as WAN loss signals. We
use this 3 ms threshold following the fallback default in Wireshark [73] to balance
measurement accuracy and processing complexity. We also account for TCP seq and
ack number wraparound when tracking.
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performance and congestion control decisions—rather than includ-
ing transient spikes caused by measurement noise (e.g., OS kernel
scheduling jitter).

We propagate the smoothed access RT T values to nearby packets
to increase coverage. By doing so, we can also infer smoothed access
RTT values for UDP packets. The key assumption is that packets
destined to the same unit within a short time interval should incur
highly similar access RTTs. Specifically, for each building unit, we
assign a packet the most recent smoothed RTT value associated
with another packet to the same unit, since different units within a
building may have different network configurations and so different
latency. We use packets from the same unit rather than from the
same device because we only know the unit identifier (destination
IP address) to which the packet is destined. If a packet has no
other packet within one second with a smoothed access RTT to use,
we leave it unassigned and exclude it from later steps. We select
this one-second RTT propagation window based on a sensitivity
analysis of coverage and estimation error (Appendix A.3.4). This
filtering step prevents assigning stale RTT values from temporally
distant packets.

For each residential unit, we compute its base access RTT, de-
fined as the minimum smoothed access RTT for that unit over the
four-week measurement period; we also compute its one-way prop-
agation delay as half of its base access RTT. Although access paths
can be asymmetric—e.g., DSL and cable links often have much lower
upstream than downstream capacity, leading to larger upstream
queueing delays—this network is all-fiber, and the access segment
between the data-collection point and the homes has short base
access RTTs (typically on the order of 1 ms). In this setting, propa-
gation delay is small compared to the queueing delays we observe,
so modest asymmetries in one-way propagation do not materially
affect our results. For every packet associated with a smoothed
access RTT, we define its queueing delay as the difference between
its smoothed access RTT and the base access RTT of the unit that
the packet is destined to.

Evaluation. To evaluate the accuracy of our congestion inference,
we conduct 1,100 controlled experiments on a lab testbed that simu-
lates the topology of the residential access network. We use iperf to
generate TCP and UDP flows with varying sending rates. Since we
lack ground-truth queueing delay and TCP packet loss, we validate
our method using ground-truth TCP retransmits. Across all experi-
ments, the R-squared values between our inferred and ground-truth
retransmissions per second have a median of 0.98. The close match
in TCP retransmissions provides evidence supporting the accuracy
of our congestion inference, as these metrics are computed from
the same TCP header information in a similar manner. We also
validate our RTT propagation method using held-out RTT samples,
finding a median absolute error of 0.89 ms (1% relative error) with
the 1 s propagation window. More details about the testbed setup
and evaluation results can be found in Appendix A.3.

Limitations. We acknowledge several limitations in our method-
ology. First, we do not infer loss for QUIC and other UDP packets,
which account for 16% of the dataset (e.g., traffic from Instagram,
Apple, and Facebook), because unencrypted sequence number in-
formation is not uniformly available. Prior work has developed
application-specific methods to infer loss for some UDP traffic, such
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as RTP/WebRTC [47, 61], and QUIC-specific signals such as the
optional spin bit can support passive RTT measurement [45]. These
approaches require application- or protocol-specific information
that is not uniformly available in our anonymized dataset. Incor-
porating such information to improve coverage is an interesting
direction for future work. Second, our inference of UDP queueing
delay relies on the presence of recent TCP traffic within the same
residential unit, which leads to low RTT coverage when TCP ac-
tivity is low and may introduce error when RTTs change rapidly
within short intervals. We select the 1 s propagation window based
on a controlled testbed evaluation (Appendix A.3.4), which may not
fully reflect real traffic loads and network conditions. Extending our
framework to incorporate QUIC-specific features remains an inter-
esting direction for future work, which would require modifying the
data collection pipeline to identify and store QUIC headers, as the
dataset currently discards payload after layer 4 for privacy. These
limitations do not affect the main pacing experiment, however, be-
cause during the experiment YouTube delivered traffic over TCP
(rather than QUIC) for users of Columbia’s residential network,
and Netflix’s video traffic also uses TCP. Third, we do not infer
whether devices within a residential unit use Ethernet or Wi-Fi. For
devices using Wi-Fi, wireless effects such as poor signal quality may
contribute to the loss and delay we observe, and our methodology
cannot distinguish these effects from congestion. Nevertheless, our
congestion signals increase with more concurrent traffic (§4.2), sup-
porting their use as indicators of congestion, and our main pacing
analysis focuses on relative changes across weeks with and with-
out pacing treatments. Last, we focus on downstream congestion
within the access network, while uplink traffic may exhibit different
loss and delay dynamics, particularly for applications such as video
conferencing. We consider a more detailed investigation of uplink
congestion as an interesting direction for future work.

3.4 Infer Sharing

We define the in-flight interval of a packet as the period starting at
its capture timestamp at the data collection point and ending after
the sum of its one-way propagation delay (half of the corresponding
base RTT) and its queueing delay. As inbound traffic dominates
volume and is thus the primary source of congestion in access net-
works [13, 24], we use this interval to represent when the packet is
expected to be traversing the network path from the data collec-
tion point to the user. We then infer how packets share network
resources based on overlaps between in-flight time intervals.

To quantify the degree of sharing, we count the number of over-
lapping packets for each packet. Specifically, to understand network
resource sharing within a unit, for each packet, we count the num-
ber of packets destined for that unit whose in-flight time intervals
overlap with its own (unit-level overlaps). Similarly, to understand
network resource sharing within a building, for each packet, we
compute the number of packets destined for the same building
(same or different unit) whose in-flight time intervals overlap with
its own (building-level overlaps). We compare sharing within and
across residential units in §5.1.

Furthermore, to understand sharing within and across services,
we categorize overlaps by source. For each packet, we classify its
overlapping packets as either same-service or cross-service overlaps,
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depending on whether those packets are from the same service.
Similarly, we distinguish between same-flow and cross-flow overlaps,
depending on whether those packets are from the same flow. We
analyze these sharing dynamics across flows and services in §5.2.

Evaluation. We rely on the same 1,100 controlled experiments
used for our congestion metrics evaluation, focusing on how well in-
ferred overlaps track ground-truth buffer occupancy. In the testbed,
the only relevant ground truth is buffer occupancy sampled at
1-second resolution. To compare against this, we estimate instanta-
neous buffer occupancy by counting, at each timestamp, how many
packets’ in-flight intervals include that time. We then sample this in-
ferred occupancy every 0.1 seconds and take the median over each
second to obtain a per-second estimate. Across all experiments, we
find that the R-squared values between inferred and ground-truth
buffer occupancy are above 0.82, with a median of 0.98. Because
our inferred buffer occupancy and overlapping-packet counts are
both derived from the same in-flight intervals, the close agreement
between inferred and ground-truth buffer occupancy provides evi-
dence for the accuracy of our overlapping-packet inference. More
details can be found in Appendix A.3.

Limitations. We acknowledge several limitations in our method-
ology. First, because we attribute queueing delay to the inbound
direction (where congestion most frequently occurs), we may over-
estimate the inbound in-flight time when congestion actually hap-
pens in the outbound direction. Second, our overlap metric includes
both packets captured before a given packet (which may contribute
to its congestion) and those captured after (which may be delayed
by that packet). We use this broader definition because we do not
assume that packet ordering is globally FIFO across the access
path. The path includes chassis switches and heterogeneous home
routers whose internal forwarding, queueing, and scheduling be-
havior we do not fully observe. To evaluate sensitivity to this choice,
we consider an alternative definition that counts only overlapping
packets captured before the packet under study. Although this alter-
native reduces absolute overlap counts, our main findings remain
qualitatively unchanged (Appendix A.4). Developing more gran-
ular, hardware-aware reconstruction techniques is a compelling
direction for future work.

4 Congestion in a Well-Provisioned Residential
Access Network

At first glance, the Columbia residential network appears “good
enough” The 95th percentile of hourly building utilization is just
13%, and its video throughput places it in the 92nd percentile of
networks Netflix serves worldwide. These statistics suggest sub-
stantial spare capacity, although they do not rule out congestion.
In this section, we examine what congestion looks like in such a
well-provisioned network. We focus on a baseline week (week 3),
during which both YouTube and Netflix run without their pacing
treatments. We apply our methodology of §3.3 to measure access
TCP packet loss and access queueing delay across all traffic. The
picture that emerges differs sharply from what aggregate capacity
suggests: TCP loss rates often fall in the 1-2% range, and queueing
delays of tens of milliseconds are frequent.



Measuring Service Congestion, Sharing, and Pacing in a Residential Access Network

-

—— P50 (typical scenarios)
p90 (bad scenarios)

CCDF of hours
N 2 o @
CCDF of Units
° o o
N > ®

°

1

3
Hourly TCP Packet Loss Rate (%) TCP Packet Loss Rate (%)

(a) Packet loss rates per hour (b) Packet loss rates per unit

Figure 2: Access TCP packet loss rate across hours and units.

4.1 Severity of Congestion

Despite the network’s low average hourly utilization, we still ob-
serve packet loss and queueing delay.

4.1.1  Access TCP packet loss rate: We measure access TCP packet
loss as described in §3.3, inferring loss from TCP retransmissions
and attributing it to the access network when the original packet
was seen at our collection point. Some loss is expected, since many
TCP congestion control algorithms rely on packet loss to adjust
sending rates, so we use established benchmarks for context: ITU
standards and Cisco guidelines treat 1% loss as the point where
interactive applications (e.g., VoIP) degrade noticeably [21, 43], and
Microsoft Teams considers 2% loss “poor” [49].

We compute the access loss rate for each hour and plot its dis-
tribution in Figure 2a. TCP loss rates are often substantial: 74% of
hours exceed 1% loss, and 8% exceed 2%. These packet loss rates
characterize the loss experienced by TCP traffic transmitted during
each hour, rather than how frequently loss occurs over time. To
examine the latter, we divide time into 1 ms intervals and find that
99% of milliseconds contain no inferred TCP loss. This loss is not
confined to a few unlucky units. For each unit, we calculate the
median and 90th-percentile loss rate over the week and show their
distributions in Figure 2b. Most units typically experience low loss
(76% have a median loss rate below 1%), but most do experience
elevated loss at some times: in each unit’s worst 10% of hours, 83%
of units exceed 1% loss and half exceed 2%.

4.1.2  Access queueing delay. Another metric we use to measure
congestion is access queueing delay (§3.3), defined as the excess
access RTT above a unit’s minimum. To contextualize these val-
ues, we borrow two thresholds from prior work [52]: AR/VR and
autonomous driving require latency below 5 ms, while gaming and
360-degree video typically require latency below 50 ms.

Figure 3a plots the CCDF of access queueing delay. A large
fraction of packets see significant delay within the access network:
76% of packets exceed 5 ms, and 11% exceed 50 ms. While these
thresholds are defined for end-to-end RTT, the access segment is
only one component of the end-to-end path, so exceeding these
thresholds within access alone means end-to-end delay can only be
worse, which is a particular concern for latency-sensitive traffic.

As with loss, these delays are not confined to a few units. For
each unit, we compute the median and 90th-percentile average
queueing delay over the week; Figure 3b shows their distributions.
For comparison, one-way latency across the continental US (west
coast to a Columbia University IP address) is about 30 ms, yet over
half of the units see access queueing delays above 30 ms in their
worst 10% of hours. A widely cited study [25] reports that a 100 ms
reduction in page load time can increase conversion rates by 8% for
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packet and congestion metrics.

retail sites; in our measurements, more than 5% of units see over
100 ms of access queueing delay in their worst 10% of hours.

4.2 Congestion increases with more traffic

We next examine how congestion varies with the amount of traffic
sharing a unit’s access path. For every packet (including retrans-
mitted and lost packets), we compute its unit-level overlap count as
defined in §3.4. Higher overlap means more packets are in flight to
the same unit at the same time, so we expect congestion to increase.

To visualize this relationship, we sort all packets by overlap
count and partition them into 20 equal-sized bins (quantile-based
binning). For each bin, we compute the average overlap count and,
over the packets in the bin, the TCP packet loss rate and average
access queueing delay. Figure 4 plots the congestion metrics against
average overlap. Both loss and delay rise sharply with overlap,
confirming that packets with higher levels of sharing are more likely
to see congestion. While this relationship is expected, verifying it
provides support for using these metrics in our subsequent analysis.

4.3 Traffic is Bursty

The packet loss and queueing delay we observe occur despite the
network’s low average utilization. A plausible explanation is higher
utilization at short timescales: even if an hour is under-utilized on
average, traffic may briefly exceed capacity and contribute to the
loss and queueing we see. We show examples where such short-
timescale bursts occur, and in §6 we show that reducing burstiness
causally reduces loss and delay in this network.

As one such example, Figure 5 illustrates a one-minute snapshot
of building traffic. Over the minute, the building’s 1 Gbps access
link is only 17% utilized on average. At a per-second granularity,
the link remains under-utilized, typically below 0.2 Gbps and never
exceeding 0.85 Gbps. But at the millisecond level, 2% of all millisec-
onds in this example reach or exceed capacity. Utilization rates
above 100% occur because we are measuring arrival rate, and bursts
above capacity may be buffered or dropped.

Looking beyond this building, we see traffic that is highly bursty
at short timescales and smoothed out at coarser ones. Figure 6
shows the CDF of utilization rates across (building, time-window)
pairs. For 1-second windows, 90% of points have utilization below
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10%, confirming that the network is well provisioned, but as we
consider smaller windows, an increasing fraction of periods hit or
exceed link capacity.

These patterns align with datacenter studies that identify
short-timescale bursts as a central challenge for congestion man-
agement and load balancing [2, 4-6, 34, 35], and with architectures
such as L4S [14] that aim to separate bursty, latency-sensitive
traffic from throughput-oriented flows.

5 Sharing Dynamics

The previous section showed that traffic can experience consider-
able loss and queueing delay in this well-provisioned access net-
work and that short-term bursts push links to capacity, motivating
our study of pacing. Prior work from YouTube [33] and Netflix [63]
showed pacing reduces congestion for their own traffic, but their
observation points were limited to their serving infrastructure and
clients, without visibility into how their traffic interacts with other
services in access networks. In this section, we characterize how
network resources are shared during the baseline week (week 3),
when YouTube and Netflix run without their pacing treatments;
this establishes the sharing context needed to evaluate pacing’s
impact on neighboring traffic in §6.

5.1 Sharing Within and Across Units

We compare sharing within a residential unit to sharing across
units in the same building. Using the Columbia dataset, we measure
both unit-level and building-level overlaps (defined in §3.4). Figure 7
plots the CDFs of both metrics, and we observe notable differences
between the two distributions. At the 50th percentile, the building-
level overlap count is approximately 2.3 times the unit-level count,
while at the 90th percentile, the gap narrows to about 1.6 times.
Despite these differences, the magnitude of the gap remains small
relative to the total number of units per building (typically in the
tens), suggesting that congestion is driven disproportionately by
interactions within the same unit, rather than by aggregate traffic
across the building. Because of this finding, the remainder of the
paper focuses on unit-level overlaps unless otherwise specified.
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5.2 Sharing Within and Across Services

We next study sharing dynamics across flows and services. For
each packet, we categorize its overlapping packets as same-flow or
cross-flow overlaps, depending on whether those packets are from
the same flow. For each packet, we calculate the fraction of its
overlaps that are same-flow and plot this distribution in Figure 8a.
We find that most sharing occurs within the same flow: for 81% of
packets, over half of the overlapping packets are from the same
flow (the blue marker). Since pacing is a flow-based technique, the
intensity of same-flow sharing confirms that pacing has a significant
opportunity to mitigate the bursts responsible for self-induced
congestion. These findings further motivate our investigation into
pacing in the next section.

Similarly, we classify overlapping packets as either same-service
or cross-service overlaps, depending on whether they are from the
same service. We calculate the fraction of same-service overlap for
each packet and plot this distribution in Figure 8b. We find that
most sharing occurs within the same service: for 96% of packets,
more than 50% of the overlapping packets are from the same ser-
vice (the orange marker). We further quantify the contribution of
same- and cross-service sharing with an attribution analysis. For
each packet, we attribute its observed loss or queueing delay to the
packets that overlap with it, and then aggregate these attributions
according to whether the overlapping packets belong to the same
or a different service. We find that cross-service sharing accounts
for only 5.2% of attributed loss and 8.3% of attributed queueing
delay (see Appendix A.5 for details). Given the strong correlation
between the number of overlapping packets and congestion (§4.2),
this intense self-sharing is likely responsible for the majority of
congestion experienced by a service. While this provides a clear in-
centive for services to adopt pacing to reduce their own congestion,
it also poses a potential risk: as cross-service sharing is currently
low, will spreading traffic over time via pacing increase this sharing
and impact neighboring services negatively?
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Service Type Service Traffic | Active Unit- | TCP Packet | Avg Queueing | Avg # Overlaps | Avg # Overlaps
(Ranking) (%) |Hours (%) Loss (%) Delay (ms) | (Same-Service) | (Cross-Service)
. YouTube (1 13 45.5 0.58 22.5 410 6
Video on Demand Netflix 23; 6.5 173 0.25 22.1 268 6
Game Steam (2) 6.9 46 3.76 413 13
PlayStation (18) 1 1.3 2.29 81.8 18
iCloud (6) 2.9 75.9 1.16 23.8 474 16

Cloud -
Microsoft 365 (36) 0.6 55.1 1.81 31.5 486 39
. . Instagram (8) 2.7 30.2 0.04 245 311 14
Social Media Facebook (27) 0.8 437 0.16 21.4 288 15
Real-time Zoom (23) 0.9 20.5 0.34 15.4 183 11
Streaming Twitch (35) 0.6 0.6 0.96 7.8 114 7

Table 1: Leading services by category (selected from top 50 by traffic volume). TCP packet loss rate and average queueing delay are defined in
§4.1. Same- and cross-service overlaps are defined in §5.2; the table reports their average number per packet. Cell shading follows a gradient
heatmap per column, where higher values are indicated by more intense colors.

5.3 Service-Specific Congestion and Sharing

Before diving into the effects of pacing, we summarize how the top
50 services by traffic volume experience congestion and share net-
work resources. For the baseline week (week 3), during which both
YouTube and Netflix run without their pacing treatments, we com-
pute for each service its TCP packet loss rate, average queueing de-
lay per packet, and the average numbers of same- and cross-service
overlaps per packet. Table 1 shows the top two services in five
categories (Video on Demand, Game, Cloud, Social Media, and
Real-Time Streaming; the full table appears in Appendix A.6).

Gaming and cloud services stand out with high loss and large
same-service overlap, consistent with their traffic being dominated
by bulk transfers such as game downloads and file synchronization.
In these cases, congestion is largely self-induced and self-shared
within the service. In contrast, real-time streaming services such as
Zoom and Twitch exhibit much lower queueing delays despite sim-
ilar loss rates, likely reflecting their latency-sensitive designs [39].
Video on Demand services sit between these extremes, with mod-
erate loss and queueing delay driven by bursty behavior. Overall,
beyond sharing metrics, service-specific communication patterns
and congestion-control choices play a major role in performance.
We next return to one such mechanism, pacing.

6 Pacing Effects

YouTube and Netflix account for 13% and 7% of downstream traffic
in the Columbia dataset, respectively, which is consistent with in-
dustry reports where they are the two largest video sources [58]. At
the time we designed the experiment, both services were exploring
pacing [33, 63] and were willing to toggle it for Columbia users on
a controlled schedule. This gave us a rare chance to observe, from a
vantage neither operator owns, how pacing by one or both of them
affects congestion on a real residential network—both for the paced
service itself and for others. Both YouTube and Netflix have since
deployed pacing in production.

Pacing is a natural lever to study. Short-term bursts can cause
considerable loss and queueing delay despite low average utiliza-
tion (§4), and most sharing occurs within a single flow or service
(§5.2). By smoothing bursts, pacing should thus ease self-induced
congestion. The impact on other services is less obvious: pacing

could shrink bursts that occasionally spill into neighbors, but be-
cause cross-service sharing is rare and bursts are short, it might
also create overlaps with traffic that would otherwise run on an
idle link—something prior single-service studies cannot see.

Across four weeks of switchback experimentation, we corrob-
orate the substantial self-impact reported in those prior single-
service studies: median loss rates and queueing delays for the paced
service drop sharply (§6.3). For neighboring services, pacing slightly
raises the probability of overlapping with the paced traffic but sub-
stantially reduces the intensity of those overlaps; congestion metrics
for other services are stable overall and improve when packets di-
rectly overlap paced video (§6.4). Together these results show that
in this well-provisioned network, pacing is good for the pacer and
modestly beneficial for its neighbors.

6.1 Background on Pacing

Pacing mitigates burst-induced congestion by rate-limiting the
sender to smooth traffic. The pacing rate can be determined through
several strategies:

Fixed-rate pacing: A server enforces a fixed max transmission
rate regardless of application or network conditions.

Transport-informed pacing: The rate is set by the congestion
control algorithm. For example, BBR [17] paces based on its esti-
mate of the bottleneck bandwidth, which may far exceed actual
application requirements.

Application-informed pacing: The rate is set based on the
specific requirements of the content being delivered. For example,
YouTube’s Trickle dynamically bounds the congestion window us-
ing target streaming rate and the current round-trip time (RTT),
reducing loss by 43% and RTT by 28% [33]. Netflix’s Sammy inte-
grates adaptive bitrate (ABR) with rate control, allowing the system
to select both video bitrate and pacing rate based on network con-
ditions, reducing retransmissions by 36% and RTT by 14%, with
slight quality of experience (QoE) gains [63].

6.2 Experiment Setup and Validation

We conduct a four-week pacing experiment in October 2025
in which YouTube and Netflix alternately enabled and disabled
their pacing treatments for all users in Columbia’s network,
while keeping their congestion control algorithms unchanged.
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Date Ranges Netflix | YouTube
Week 1 | 2025-09-30 ~ 2025-10-06 | Paced Paced
Week 2 | 2025-10-07 ~ 2025-10-13 | Unpaced | Paced
Week 3 | 2025-10-14 ~ 2025-10-20 | Unpaced | Unpaced
Week 4 | 2025-10-21 ~ 2025-10-27 | Paced | Unpaced

Table 2: Pacing experiment schedule.

Throughout this section, we use “paced” and “unpaced” to refer
to whether these pacing treatments are enabled. Following the
switchback experimental design detailed in Table 2, this experiment
yields all four combinations of {YouTube paced, unpaced} x {Netflix
paced, unpaced}, each sustained for a full week. We use data from
week 3—during which neither YouTube nor Netflix uses its pacing
treatment—to study unpaced congestion and sharing dynamics (§4,
§5). We use data across all four weeks to study pacing effects (§6).

Both providers made changes to support the experiment. While
our method infers RT Ts for UDP traffic, we do not infer UDP packet
loss, as QUIC/UDP do not directly expose sequence or acknowledg-
ment numbers needed by our loss-inference method. To facilitate
our inference, YouTube switched Columbia users from QUIC to
TCP sessions for the duration of the experiment. YouTube uses
BBR as the TCP congestion control algorithm, and Netflix uses its
custom version of TCP NewReno. YouTube recently implemented a
new application-informed pacing algorithm (distinct from its prior
publication [33] and inspired by Sammy [63]) and used this algo-
rithm during the experiment. Netflix has focused its application
pacing deployment on TVs, STBs, and game consoles. To maximize
the power of this experiment, Netflix instead used a simple fixed
pacing rate of 30 Mbps that applied to all devices in the network
(including browsers, tablets, and phones). The 30 Mbps rate was
chosen to resemble the behavior of the production pacing algorithm
for the particular bitrates in this network.

To quantify the pacing effects observed, we use the metric of
on-period throughput per flow, defined as the number of bytes trans-
mitted by the flow divided by the duration of the union of all in-
flight intervals for that flow. We calculate this metric only for flows
larger than 1 MB to focus on sustained video playback. This filtering
excludes only about 2% of the corresponding traffic. The excluded
small flows are likely associated with service webpage loading or
other auxiliary traffic. Based on our operational experience, such
small transfers are also typically excluded from provider-side anal-
yses of video user experience. Our validation shows a distinct shift
in the distribution of on-period throughput per flow during paced
weeks, as shown in Figure 9. Specifically, for both YouTube and Net-
flix, the CDF of on-period throughput reveals a significant reduction
in the upper percentiles. As Netflix employs a fixed-rate pacing of
30 Mbps for this experiment, the on-period throughput for its flows
exhibits a much more substantial reduction than YouTube’s. The
median of Netflix’s on-period throughput decreases by 50%, from
60 to 30 Mbps. In contrast, YouTube’s pacing is more conservative,
decreasing median throughput by 25%, from roughly 67 to 50 Mbps.

We also verify that traffic volume remains similar across the four
weeks, indicating that observed congestion differences are likely
driven by changes in pacing behavior rather than user viewing
behavior. We computed the overall and Netflix/YouTube hourly
traffic volume for each residential unit and then plotted the CDF of
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the unit-hour traffic volumes across the four experimental weeks
(Fig. 10). The curves for each week are similar, with mean unit-
hour traffic volumes ranging from 26-27 MB for Netflix, 52-54
MB for YouTube, and 384-403 MB overall across the four weeks.
This suggests that base traffic demand did not change significantly
during the experiment.

6.3 Improved Performance for the Paced
Services

Previous papers from both YouTube and Netflix have shown that
pacing improves their own congestion metrics without sacrificing
their own user experience [33, 63]. Our experiment results corrob-
orate these congestion improvements in an independent network.

To avoid unreliable metric values when a unit-hour contains
too few packets, we restrict our analysis in this section to unit-
hours containing at least 10,000 packets for the corresponding
service. This is a relatively low threshold—10,000 packets represents
approximately two minutes of SD 480p video, based on a 1 Mbps
bitrate and a 1500-byte MTU [74]. This filtering excludes less than
1% of the corresponding traffic.

We first examine how pacing reduces the self-induced bursts
generated by the paced services. Specifically, for a packet sharing
network resources with traffic from its own service, we measure
how pacing reduces the number of same-service overlaps on av-
erage. To quantify this, we define the self-overlap intensity for a
given service as the expected number of same-service overlaps per
packet, conditioned on the occurrence of at least one overlap. This
condition allows us to focus on packets where sharing happens.

Mathematically,

Overlap Intensity(Vy, V2) = ]E[X;,/2 | p € Service V1,X;,/2 > 0]
where XI‘;Z represents the number of Service V, packets that

a packet p belonging to Service V; overlaps with. In particular,
self-overlap intensity is the overlap intensity when V; = V5.

We observe that pacing leads to significant reductions in Net-
flix’s and YouTube’s self-overlap intensity. Figure 11 plots the CDFs
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of self-overlap intensity over unit-hour pairs, with each line rep-
resenting a week. By analyzing the metric across unit-hours, we
capture the distribution over varying times of day and network
conditions, ensuring the results are not skewed by a few heavy
users and reflecting the traffic dynamics encountered by users. Pac-
ing decreases the median self-overlap intensity by 65% for Netflix
(from ~185 during unpaced weeks to ~65 during paced weeks) and
30% for YouTube (from ~170 during unpaced weeks to ~120 during
paced weeks). At the 90th percentile, the reductions are similarly
substantial, with Netflix decreasing by 46% and YouTube by 48%.

These reductions yield clear improvements in congestion metrics.
We compute the access TCP packet loss rate and the average access
queueing delay per unit-hour. Figure 12 and Figure 13 plot the CDFs
of these metrics across unit-hours. During paced weeks, the median
loss rate decreased by 51% for Netflix and 55% for YouTube (Fig. 12).
The average queueing delay followed a similar trajectory, decreas-
ing by 27% for Netflix and 39% for YouTube (Fig. 13). Although
YouTube had a much smaller reduction in on-period throughput
(Fig. 9), both services observed similar improvements in packet loss
rate and queueing delay, perhaps because both treatments reduced
on-period throughput, especially on the tail.

All observed differences are statistically significant, as deter-
mined by the Kolmogorov-Smirnov (KS) test. The full test statistics
are reported in Appendix A.7.

Regarding the impact on end users, both Netflix and YouTube
indicate that, based on their standard QoE metrics, they did not
observe meaningful changes during the experiment, consistent
with their previous findings that pacing can reduce congestion
without sacrificing user experience [33, 63]. This is also consistent
with our expectation, as the network is well provisioned, such that
reducing traffic burstiness through pacing need not degrade user
experience. The underlying provider-side QoE data and analyses are
internal to Netflix and YouTube, so we do not report the individual
metrics or detailed results here. We do not analyze the fine-grained
impact of cross-service sharing on QoE, because QoE is difficult
to infer reliably from network traces and the anonymized dataset
prevents Netflix and YouTube from reliably identifying sessions
with substantial overlap with other services. We leave such a QoE
analysis to future work.

6.4 Neutral to Beneficial Impact on Neighboring
Services

Our results (§6.3) and prior studies [33, 63] show that pacing ben-
efits the paced services, motivating it as a way to make a service
more “friendly” when services share the network. However, pacing
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Figure 12: Access TCP packet loss rate of Netflix and YouTube traffic,
per unit per hour, over all 4 weeks.
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Figure 13: Average access queueing delay of Netflix and YouTube

traffic, per unit per hour, over all 4 weeks.

can also spread traffic over a longer period of time, inducing over-
laps with other services that would not have occurred otherwise.
Studying the impact of pacing on neighboring services in the wild
therefore remains important.

To quantify these cross-service sharing dynamics, we introduce
two new metrics. First, we define overlap probability as the like-
lihood of non-Netflix (non-YouTube) packets overlapping with at
least one Netflix (YouTube) packet. Second, we define expected over-
laps as the expected number of Netflix (YouTube) packets that a
packet belonging to another service overlaps with, which is also
the product of overlap probability and overlap intensity. Intuitively,
expected overlap is the average number of concurrent packets a
single packet “sees” during its time in flight.

Similar to the previous subsection, to avoid unreliable metric
values when a unit-hour contains too few packets, we restrict our
Netflix (or YouTube) analysis in this section to unit-hours contain-
ing at least 10,000 Netflix (or YouTube, respectively) packets and
at least 10,000 concurrent packets from other services. We apply
this same threshold as previously justified. We compute overlap
probability, overlap intensity, and expected overlaps per unit-hour.

When a service enables pacing, we observe a notable distribu-
tional shift in overlap probability, overlap intensity, and expected
overlaps of other services with the paced service. Because spread-
ing traffic over time makes the paced service more likely to be
encountered by neighboring packets, pacing does slightly increase
the overlap probability, particularly at the tail: the 90th percentile
of overlap probability with Netflix increases from roughly 12% to
18% (Fig. 14a), while for YouTube it increases from roughly 10%
to 11% (Fig. 14b). Conversely, because pacing reduces large bursts,
the reduction in overlap intensity is significant: the 90th percentile
for Netflix decreases from roughly 235 packets to 120 (Fig. 14c),
and for YouTube from roughly 135 packets to 100 (Fig. 14d). Ul-
timately, the reduction in overlap intensity offsets the increased
overlap probability, resulting in a slight decrease in expected over-
laps: the 90th percentile of expected overlaps with Netflix decreases
from roughly 38 packets to 31 (Fig. 14e), and for YouTube from
roughly 16 packets to 13 (Fig. 14f). These changes are less pro-
nounced for YouTube, consistent with the smaller reductions in
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Figure 14: Overlap probability, overlap intensity, and expected over-
laps of non-Netflix (or non-YouTube) packets, over all 4 weeks. The
reduction in overlap intensity offsets the increased overlap proba-
bility, resulting in a slight decrease in expected overlaps.

on-period throughput observed for YouTube (§6.2). This is likely
because YouTube’s application-informed pacing reduces its send-
ing rate less aggressively than the fixed-rate pacing employed by
Netflix for the experiment, and is applied on top of BBR’s existing
transport-informed pacing. These results suggest that, in the well-
provisioned network we study, smoothing traffic is slightly more
beneficial for neighboring services than allowing high-intensity
bursts, even if the probability of overlapping increases.

We then investigate how these sharing dynamics translate into
congestion. The dual effect of pacing (increased overlap probability
and decreased overlap intensity) prompts us to study congestion in
two scenarios: when sharing with the paced service actually
occurs and when sharing with the paced service can poten-
tially happen. Similar to the previous subsection, we analyze
congestion metrics across unit-hours to capture the congestion
experienced by users while preventing heavy users from skewing
the results.

First, to analyze congestion during actual sharing episodes, we
compute the access TCP packet loss rate and queueing delay for
non-Netflix (non-YouTube) packets that directly overlap with Netflix
(YouTube). Figure 15 plots the CDFs of these metrics across unit-
hour pairs. Pacing results in a clear reduction in congestion. For
the packets directly overlapping with the paced service, the median
access TCP loss rate decreases by 29% for Netflix (Fig. 15a) and
13% for YouTube (Fig. 15b). Similarly, the median average access
queueing delay decreases by 36% for Netflix (Fig. 15¢) and 16% for
YouTube (Fig. 15d). As with the overlap metrics, these changes are
less pronounced for YouTube, consistent with its smaller reductions
in on-period throughput (§6.2).

Looking only at packets that actually overlap with the paced
service is insufficient, because it does not capture pacing’s impact
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Figure 15: Access TCP packet loss rate and average queueing delay of
other packets that directly overlap with Netflix (or YouTube), over all
4 weeks. Pacing reduces congestion for packets that directly overlap
with the paced service.

on how many packets overlap. To address this, we study congestion
when sharing could potentially happen by introducing the concept
of potentially overlapping. A packet is potentially overlapping with
the paced service if it is within a specific time window of packets
from the paced service. This definition allows us to exclude packets
that are unlikely to be affected by the paced service, such as those
sent while a video is paused. We use a 4-second window, consistent
with the recommended MPEG-DASH segment duration [23, 53]. As
shown in Figure 16, congestion metrics for potentially overlapping
packets show only small changes, with minimal improvements in
some cases. We also evaluate a larger 300-second window (default
TCP idle timeouts for many servers [22, 48]) and obtain similar
results (omitted for brevity).

All comparisons between the paced and unpaced weeks are sta-
tistically significant, as determined by the Kolmogorov-Smirnov
(KS) test. The full KS statistics and p-values are reported in Ap-
pendix A.7. We also observe the same qualitative conclusions for
tail queueing delay, showing that these effects are not limited to
average delay (Appendix A.38).

In summary, our analysis of cross-service pacing effects comple-
ments prior studies from Netflix and YouTube, which focused on
the impact of pacing on themselves. For the network under study,
pacing produces a dual effect on sharing dynamics, resulting in
improved congestion metrics when direct overlaps occur while
maintaining at least stable congestion metrics overall. As our ex-
periment is limited to Netflix and YouTube in this well-provisioned
network, we consider studying pacing in other network and service
settings an important direction for future work.

7 Related Work

Residential and access-network measurement. Residential and
access-network performance has been studied with active and pas-
sive measurements [12, 26, 27, 29, 32, 38, 46, 50, 59, 60, 64—67]. These
methods are well suited to capacity, bottleneck localization, and
per-home utilization. Other work has used packet traces at home
gateways or access points to infer application-layer performance,
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Figure 16: Access TCP packet loss rate and average queueing delay
of other packets potentially overlapping with Netflix (or YouTube)
traffic, over all 4 weeks. Congestion for those potentially overlapping
packets from other services changes little across paced and unpaced
weeks, with slight improvements in some cases.

such as streaming video QoE [15]. To our knowledge, no prior resi-
dential measurement study has (i) had a packet-level vantage on
traffic from many homes behind shared access infrastructure, (ii)
studied per-packet congestion and how different services share a
residential queue as in §4.1 and §5, nor (iii) coordinated with con-
tent providers to toggle a rate-control mechanism in production
and observed the effect on the network as a whole.

The dataset we use is characterized in a prior paper [75], which
describes service usage, CDN delivery, and infrastructure for the
Columbia residential network. We focus instead on congestion,
queue sharing, and an in-the-wild experiment with pacing.

Burst-driven congestion in the datacenter. The bursts we see are
reminiscent of those in datacenters. Recent measurement work
characterizes the same short-timescale, application-shaped con-
gestion in production RDMA fabrics [35] and high-degree incast
[16]. Designs such as DCTCP [5], pFabric [6], CONGA [4], DRILL
[34], and Vertigo [2] attack the same underlying problem with con-
trolled fabrics and in-network mechanisms. The residential setting
has none of those affordances: no controlled fabric, no in-network
telemetry, and a much more heterogeneous traffic mix.

Application-informed pacing. We study application-informed pac-
ing which deliberately caps sending rate well below network ca-
pacity. This was proposed in Trickle and Sammy [33, 63], though
neither is the mechanism in our experiment. Application-informed
pacing is qualitatively different from classical TCP pacing [3, 37,
41, 51, 57, 68, 71, 72] or the pacing built into BBR [17, 18], which
smooths packets within an existing sending window.

Congestion control comparison, fairness, and in-the-wild experi-
ments. Much of what we know about CCA and service competition
comes from controlled lab studies of CCA fairness [8, 28, 69, 70] and
of service-level friendliness [55]. We instead observe many services
in the wild on a real residential network, and find that service-level
behavior is diverse. Steam packets, for instance, see roughly 17x
more same-service overlaps than Netflix (§5.3, Table 1).
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A complementary line of work evaluates rate-control mecha-
nisms through controlled production experiments, from inside in-
dividual services: BBR at Google [18] (later complemented by lab
evaluations of its interaction with Cubic [40]), Trickle and Sammy
[33, 63], and Ben-Ameur et al’s recent L4S field study at Comcast
[11]. These production experiments are typically run as random-
ized A/B tests: allocating flows randomly to treatment and con-
trol. This is natural from a single-service vantage but is biased in
congested networks by exactly the queue-sharing dynamics we
measure [9, 62]. Our multi-service vantage lets us use a switch-
back design with week-long blocks instead, avoiding this bias and
measuring cross-service effects directly. The same setup also lets
us study properties like cross-CCA fairness directly on residential
traffic, rather than separately in the lab and at one provider.

Abagnale [30] synthesizes algorithm-level behavior from packet
traces, which would further help investigate the service-level diver-
sity we observe in §5 and tie it to specific CCA behavior. We defer
this to future work.

8 Conclusion

We present a comprehensive study on congestion, sharing, and
pacing in a residential access network. We develop a method to
infer congestion metrics and measure network resource sharing by
identifying packets with overlapping in-flight time intervals. Even
in the well-provisioned network we study, bursty traffic causes
considerable congestion, and services often share capacity primar-
ily with their own traffic. We further show that, in this network,
pacing effectively reduces congestion for both the paced service
and other services when sharing occurs, suggesting that pacing
can be a practical strategy for improving performance in similar
well-provisioned access networks.

More broadly, this paper shows that combining packet-level visi-
bility across many homes, a methodology for inferring service-level
sharing, and experimental control over a rate-control mechanism is
feasible in an operational residential network. The dataset is avail-
able upon request [1], the methodology is documented in §3, and
the pacing experiment was run with content-provider cooperation
that other partnerships can replicate. We hope other researchers
and network operators will run analogous experiments, so that
the community can accumulate evidence about the network-wide
effects of rate-control changes.
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A Appendix
A.1 Ethics

This work uses a published dataset and does not attempt to de-
anonymize the dataset or understand behavior of individual users.
During the experiment, YouTube temporarily shifted Columbia
users from UDP to TCP sessions. In this well-provisioned network
with short RTTs to YouTube servers, YouTube did not expect this
shift to cause noticeable performance differences for users and was
comfortable enabling it for the duration of the experiment. We
believe that the real-world pacing experiment also raises no ethical
issues, since previous studies show that pacing does not harm user
experience [33, 63]. While the previous work demonstrates that
pacing improves congestion metrics for the service adopting it, the
impact on other services has not been studied due to limited visibil-
ity. Understanding this broader effect is essential for deployment,
motivating the need for our study.

A.2 Dataset Sufficiency

To demonstrate that the dataset we study provides sufficient cover-
age and that a week-long time window can capture typical service
usage behavior, we evaluate how service usage distributions esti-
mated from limited data differ from those computed over the full
four-week dataset. For example, the distribution for the first day
might be 30% Netflix and 70% YouTube, while the full four-week
distribution might be 40% Netflix and 60% YouTube (if there are
only two services). Specifically, we randomly select X consecutive
hours, compute the service usage distribution over those hours, and
compare it to the distribution computed using all hours. We vary
X from small values up to four weeks and quantify the difference
using the Bhattacharyya distance, a standard measure of similarity
between distributions. This process is repeated over 20 random
selections of consecutive hours.

In Figure 17, the blue line shows the median distance across
random selections as the dataset grows, and the red shading rep-
resents one standard deviation. We find that the median distance
decreases rapidly as X increases and exhibits diminishing reduc-
tions beyond approximately 100 consecutive hours. This indicates
that additional data beyond this point yields only marginal changes
in the estimated service usage distribution, suggesting that roughly
one week (168 hours) of data is sufficient to capture stable and
representative usage patterns in the network under study. This is
consistent with the operational experience of streaming services,
which often compare week-over-week traffic to detect anomalies.

A.3 A Testbed Evaluation of Our Methodology

A.3.1 Testbed. While obtaining ground truths from the residential
network is challenging due to limited visibility, we set up a testbed
that simulates the topology of the residential access network and
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Figure 17: Convergence of service usage distributions with increasing
observation time.
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Figure 18: Topology of the controlled testbed. Labels indicate the
role of each device in this simulated residential network.
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Figure 19: Our inference of TCP retransmits closely matches the
ground truth.

conduct controlled experiments to evaluate the accuracy of our
methodology described in §3.

As illustrated in Figure 18 (from right to left), we have a router
that represents "a campus router” connecting the residential network
to the Internet; a laptop is connected to this router and acts as "a
server"; a second router is connected to the first router and simulates
"the data collection point" (the aggregation switch plus the data
collection servers); a third router is connected to the second router
and acts as "a building router"; and two laptops are connected to
the building router and represent two different "units". Because
the routers are physically close, we introduce a 10 ms bidirectional
delay at the building router to better approximate realistic network
settings. We use OpenWrt routers so that we can ssh into them and
run commands. We also use 20 ms as the base RTT when inferring
performance and overlapping packets.

In each experiment, the "server” sends data to the client using
iperf. The "data collection point” captures packet traces using tcp-
dump. To configure the building’s maximum network capacity, the
"building router" throttles traffic to 10 Mbps and maintains a first-
in, first-out queue of 100 packets using Linux’s tc. We also use
tc to monitor the queue status, taking a snapshot every second.
Our testbed uses a lower-bandwidth link setting due to hardware
constraints of our commodity home routers, which make reliable
packet capture at multi-Gbps speeds challenging. We acknowledge
that traffic patterns in the real residential access network differ from
those in this testbed and that real services behave differently from

iperf traffic. Nevertheless, the controlled setting provides ground
truth for evaluating our inference method across a range of network

utilization levels.

Shuyue Yu et al.

To create different scenarios representing varying levels of build-
ing network utilization, the server sends X Mbps to one "unit" using
UDP, and sends TCP Reno traffic to the other "unit”, with its sending
rate determined by TCP Reno’s congestion control. We conduct 100
trials at each UDP iperf throughput: X = 1,2,3,4,5,6,7,8,9,10, 11
Mbps. In summary, we run a total of 1,100 experiments. For each
experiment, we collect the packet traces from the "data collection
point”, the tc queue logs from the "building router”, and the iperf
logs from the "unit" sending the TCP request. We apply our method
(§3) to the packet traces and compare our inference results with the
ground truths from the other two logs. To preserve the integrity of
our metric evaluation, we excluded 172 experimental trials where
RTT observations were absent for more than 25% of the experiment
duration. We impose this threshold because insufficient data points
preclude the reliable calculation of R-squared scores. This filtering
applies exclusively to the two highest UDP rates (X = 10, 11 Mbps),
where the UDP traffic saturates the bottleneck and starves the TCP
traffic used by our inference methodology.

A.3.2  Our inference of TCP retransmits matches the ground truth.
Ground truth of retransmits: The TCP iperf log records the
amount of transferred data, bitrate, the number of retransmissions,
and the congestion window at one-second intervals. We use the
number of retransmissions per second as the ground truth.

Our inference of retransmits: Applying the method described
in §3.3 to the packet traces collected from "the data collection point"
in the testbed, we identify the TCP packets that are retransmitted
and compute the number of TCP retransmits per second.

Across all experiments, the R-squared values between our in-
ferred and ground-truth retransmissions per second have a median
of 0.98. In Figure 19, we show our inferred TCP retransmits (red
line) and the ground truth (purple line) for a single experiment
(with UDP iperf sending traffic at 8 Mbps). The plotted lines start at
time > 0 because we issue the TCP iperf request a few seconds after
the beginning of packet trace collection. The two lines align closely,
and the R-squared value between them is 0.94, indicating that our
inference closely matches the ground truth for this experiment.

Although we can observe the number of dropped packets using
tc at "the building router”, these drops include UDP packet losses.
Since our method does not infer UDP packet loss from transport
headers as it does for TCP, we do not make this comparison because
it would not provide meaningful results. In addition, we do not have
ground truth for queueing delays. However, we believe that the
validation of TCP retransmits suggests that our congestion-related
metrics are likely accurate as they are computed using the same
TCP header information in a similar manner.

A.3.3  Our inference of overlapping packets matches the ground truth.
Ground truth of buffer occupancy: Since our OpenWrt routers
only support second-level time precision, we use tc at each second
to show the number of packets in the queue of "the building router”.
The value reflects the number of packets that could impact a packet
arriving at that moment.

Our inference of overlapping packets: As described in §3.4,
we infer access RTTs and in-flight time intervals for packets in
the collected packet traces. For each packet, we can compute the
number of overlapping packets based on in-flight time intervals.
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Figure 20: Our inference of overlapping packets aligns with the
ground truth.
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Figure 22: CDF of RTT estimation error (|Estimated — Actual|) across
packets for different propagation windows.

Because the OpenWrt routers provide queue snapshots with
second-level resolution, we cannot directly compare our inference
of overlapping packets with ground truths of buffer occupancy. To
address this, we infer the buffer occupancy at a specific timestamp
as the number of packets whose in-flight intervals include that
timestamp. To generate a comparable per-second value, we sample
this inferred occupancy at 0.1 s intervals (10 samples per second)
and use the median of these samples as the value for that second.

Across all experiments, the R-squared values between our in-
ferred and ground-truth buffer occupancy per second exceed 0.82,
with a median of 0.98. In Figure 20, we compare our inferred over-
lapping packets (red line) with the ground truth (blue line) for a
single experiment (with UDP iperf sending at 8 Mbps). The two
lines align closely, and the R-squared value between them is 0.94.
Since both the buffer occupancy and the overlapping packet counts
are derived from the same inferred in-flight intervals, we believe
that this high correlation provides evidence for the accuracy of our
overlapping packet inference.
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A.3.4 RTT propagation window selection and inference accuracy.
Propagation window selection. We perform a sensitivity sweep
across RTT propagation windows of 10 ms, 100 ms, and 1 s. For
each validation run, we withhold a random 10% sample of packets
with directly observed RTTs as a test set and treat their RTTs as
missing. We then apply our RTT propagation method and compare
the resulting estimates against the withheld RTTs. This held-out
evaluation allows us to test the propagation procedure we use to
assign RTTs to packets in our Columbia traces without direct RTT
observations, including UDP packets. We evaluate both estimation
error (the absolute difference between estimated and observed RTT)
and coverage (the fraction of test packets with an RTT estimate).

As illustrated in Figure 21, larger propagation windows substan-
tially improve coverage. A 10 ms window achieves a mean coverage
of 79%, whereas 100 ms increases this to 97%. The 1 s window
achieves 99% mean coverage. In contrast, as shown in Figure 22, es-
timation error changes little with the propagation window: median
errors are 0.82 ms at 10 ms and 0.89 ms at both 100 ms and 1 s. The
80th-percentile error increases by only 0.29 ms from 10 ms to 1 s
and changes negligibly between 100 ms and 1 s. Therefore, we use
a 1 s propagation window to maximize coverage while maintaining
similar accuracy.

RTT inference accuracy with the 1 s propagation window.
With the selected 1 s window, the median absolute error is 0.89
ms (1% relative error), while the 80th and 90th percentile errors
remain at 2.26 ms (3%) and 4.04 ms (5%), respectively. Overall, 77%
of estimates are within 2 ms of the observed RTT values. These
results show that our inference methodology introduces relatively
small estimation error. Nevertheless, because this evaluation uses
controlled testbed traffic, the coverage—accuracy tradeoff may differ
under real traffic loads and network conditions. Further evaluating
propagation-window choices under operational conditions is an
interesting direction for future work.

A.4 Sensitivity to the Overlap Definition

Our primary overlap metric counts packets whose in-flight intervals
overlap with that of the packet under study, including packets
captured both before and after it. We use this broader definition
because we do not assume globally FIFO packet ordering across
the access path. As discussed in §3.4, however, this definition may
count some later-captured packets that did not contribute to the
packet’s congestion. To evaluate the sensitivity of our results to
this choice, we consider a more restrictive definition that counts
only overlapping packets captured before the packet under study.
This alternative reduces absolute overlap counts, as expected, but
our main qualitative findings remain unchanged.

Figure 23 shows the relationship between unit-level overlaps
and congestion under this alternative definition. Both TCP packet
loss and average access queueing delay continue to increase with
unit-level overlaps, consistent with our finding in §4.2 that packets
with more sharing are more likely to experience congestion.

Similarly, Figure 24 compares unit-level and building-level over-
lap counts. While the absolute values of both are lower under the
alternative definition, their relative relationship remains similar to
that under our original overlap definition. Thus, our finding in §5.1
that sharing is disproportionately concentrated within the same
residential unit also remains unchanged.
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Service Cross-Service Cross-Service
Attributed Delay (%) | Attributed Loss (%)
youtube 0.42 0.21
AS: apple 0.27 0.16
icloud 0.25 0.21
applecdn 0.21 0.15
instagram 0.21 0.12
2label: apple.com 0.20 0.14
2label: googleapis.com 0.18 0.10
netflix 0.17 0.06
microsoftcloud 0.16 0.06
AS: google 0.15 0.08

Table 3: Top 10 services by cross-service attributed queueing delay.
Cross-service attributed queueing delay (loss) is reported as a per-
centage of total queueing delay (loss) across all traffic.
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Figure 23: Correlation between the number of unit-level overlaps
per packet and congestion metrics under the alternative definition.
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counts under the alternative overlap definition.

A.5 Attribute Congestion to Shared Network
Resources

To better understand how congestion is associated with traffic
sharing network resources, we perform an attribution analysis
that distributes packet loss and queueing delay across overlapping
packets. We acknowledge that this analysis is approximate, as it
assumes that congestion can be distributed evenly across packets
with overlapping in-flight intervals. The true contribution of indi-
vidual packets may depend on factors we cannot observe, such as
queue position, scheduling, and buffer dynamics. Yet it provides a
quantitative way to estimate how congestion is distributed across
sharing traffic.

Specifically, we attribute the loss and queueing delay experienced
by each packet evenly across its overlapping packets. For example,
consider packets A, B, C, X, D, E, and F, where X is a lost packet
and its in-flight interval overlaps with all seven packets, including
itself. We attribute one seventh of X’s loss to each of these packets.
We apply the same procedure to queueing delay.

For each packet, we define its attributed loss as the sum of the
fractional loss attributed to it by all packets whose in-flight intervals
overlap with it. Similarly, we define its attributed delay as the sum
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of the fractional queueing delay attributed to it by overlapping
packets. Since each packet is associated with a service, we aggregate
these packet-level attributions by service and distinguish between
same-service and cross-service attribution. An attributed fraction is
classified as same-service when the packet experiencing the loss or
delay and the packet receiving the attribution belong to the same
service, and as cross-service otherwise.

We find that cross-service attributions account for only 5.2% of
total packet loss and 8.3% of total queueing delay. Thus, more than
90% of both attributed loss and delay is associated with packets
from the same service. This result is consistent with our earlier
observation that network resource sharing in this network occurs
predominantly within services rather than across services.

We also examine which services account for the most cross-

service attributed congestion during the baseline week (week 3).
We report the top ten services by cross-service attributed queue-

ing delay in Table 3. The percentages reported are relative to the
total queueing delay and total packet loss across all traffic, rather
than only to the cross-service portions of these metrics. YouTube
has the largest cross-service attributed queueing delay, accounting
for 0.42% of total queueing delay and 0.21% of total packet loss.
Netflix accounts for 0.17% of total queueing delay and 0.06% of
total packet loss through cross-service attribution. Several Apple-
related services also rank highly, which may partly reflect their
prevalence across residential units and therefore greater opportuni-
ties to overlap with other traffic. Overall, cross-service attribution
is distributed across many services, and these cross-service attri-
bution values reflect both a service’s prevalence in the network
and its traffic delivery patterns: services carrying more traffic have
more opportunities to overlap with other services, while differences
in burstiness and sending behavior can also affect the amount of
attributed congestion.

A.6 Behavior of Top 50 Services

Table 4 provides a complete list of the top 50 services and their
statistics, ranked by total traffic volume. As described in §3.2, “2la-
bel: ” denotes service names derived from the last two labels of
the associated domain, and “AS:” denotes the organization of the
associated autonomous systems. For each service during the base-
line week (week 3, when both YouTube and Netflix run without
their pacing treatments), we report: its percent of overall traffic
volume, its own TCP packet loss rate, the average queueing delay
experienced by the service, the average number of same-service
and cross-service overlaps for each of its packets, and the fraction
of unit-hours containing packets from this service.

A.7 Kolmogorov-Smirnov Tests for Pacing
Effects

We use two-sample Kolmogorov-Smirnov (KS) tests to assess the
paced-versus-unpaced distributional differences reported in §6.3
and §6.4. For each service and metric, we compare the unit-hour ob-
servations from weeks when that service uses its pacing treatment
with those from weeks when it does not, using the same filtering
and conditioning as in the corresponding analyses.

Impact on the paced services. For the analysis in §6.3, we
test the paced-versus-unpaced differences in self-overlap intensity,
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Service Traffic TCP Packet | Avg Queueing | Avg # Overlaps | Avg # Overlaps | Active Unit-
(Ranking) Volume (%) | Loss Rate (%) | Delay (ms) | (Same-Service) | (Cross-Service) | Hours (%)

youtube (1) 13.0 0.58 22.5 410 6 45.5

steam (2) 6.9 3.76 41.3 4631 13 4.6

netflix (3) 6.5 0.25 22.1 268 6 17.3

applecdn (4) 3.6 0.95 20.6 539 15 72.0

disneyplus (5) 3.1 0.84 19.5 460 6 2.8

icloud (6) 2.9 1.16 23.8 474 16 75.9

2label: apple.com (7) 2.8 0.79 15.2 425 11 78.9

instagram (8) 2.7 0.04 24.5 311 14 30.2

primevideo (9) 2.3 0.86 23.6 427 7 9.5

applestore (10) 1.9 0.76 19.8 518 17 63.2

AS: google (11) 1.8 0.65 23.4 466 13 62.4

AS: apple (12) 1.7 0.63 24.5 311 18 74.4

cloudfront (13) 1.5 1.09 16.6 439 13 27.0

2label: akamai.net (14) 1.5 1.48 26.2 543 32 26.4

tiktok (15) 1.3 0.92 20.3 305 12 15.0

2label: pv-cdn.net (16) 1.2 0.64 22.1 512 5 1.0

peacock (17) 1.0 0.85 21.8 497 8 1.1

playstation (18) 1.0 2.29 81.8 1130 18 1.3

hbomax (19) 1.0 0.56 245 388 6 2.5

appletv (20) 0.9 0.68 23.7 565 5 0.6

AS: amazon.com (21) 0.9 1.06 25.9 311 14 85.3

2label: akamaized.net (22) 0.9 2.62 213 439 23 9.8

zoom (23) 0.9 0.34 15.4 183 11 20.5

AS: akamai international b.v (24) 0.9 1.53 23.2 454 19 32.0

2label: akadns.net (25) 0.8 0.81 19.5 463 12 67.4

AS: microsoft (26) 0.8 0.54 28.5 225 27 77.7

facebook (27) 0.8 0.16 21.4 288 15 43.7

xiaohongshu (28) 0.8 3.65 26.2 286 9 6.1

2label: fastly.net (29) 0.7 0.64 25.1 543 15 24.0

2label: real-debrid.com (30) 0.7 1.30 6.7 776 8 0.1

AS: fastly (31) 0.7 0.68 23.0 564 20 19.6

AS: cloudflare (32) 0.7 0.75 21.1 286 15 25.5

twitter (33) 0.7 0.89 16.1 215 7 10.9

reddit (34) 0.7 0.38 25.2 613 11 10.3

twitch (35) 0.6 0.96 7.8 114 7 0.6

microsoftcloud (36) 0.6 1.81 31.5 486 39 55.1

spotify (37) 0.6 1.49 25.5 391 13 27.1

googleupdates (38) 0.6 0.67 23.8 553 12 26.0

AS: datacamp (39) 0.6 0.52 23.6 395 25 11.0

AS: facebook (40) 0.6 0.11 22.6 231 19 244

gmail (41) 0.5 0.83 16.9 59 13 59.4

2label: akamaihd.net (42) 0.5 1.01 23.8 384 17 4.5

2label: googleapis.com (43) 0.5 0.72 24.6 325 27 74.0

bilivideo (44) 0.5 1.29 12.7 99 37 3.0

googleusercontent (45) 0.5 0.72 21.1 406 33 50.6

hulu (46) 0.4 1.12 14.1 442 9 3.1

2label: google.com (47) 0.4 0.46 25.0 325 32 71.4

newyorktimes (48) 0.4 0.70 31.9 741 15 8.7

nvidiagrid (49) 0.3 0.00 26.6 280 7 0.4

AS: clouvider (50) 0.2 0.18 22.7 341 13 1.6

Table 4: Top 50 services by traffic volume.
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Figure 25: p99 access queueing delay of other packets that directly
overlap with Netflix or YouTube (top) and potentially overlap with
Netflix or YouTube (bottom), over all 4 weeks. Pacing reduces tail
queueing delay when direct sharing occurs, while having little effect
on potentially overlapping traffic overall.

TCP packet loss rate, and average queueing delay. The KS statistics
for Netflix and YouTube are, respectively, 0.4430 and 0.1843 for
self-overlap intensity (Fig. 11), 0.2037 and 0.1208 for TCP packet
loss rate (Fig. 12), and 0.2780 and 0.2134 for average queueing delay
(Fig. 13). All comparisons have p < 0.0001.

Impact on neighboring services. For the analysis in §6.4, we
test the paced-versus-unpaced differences in cross-service sharing
and congestion experienced by neighboring traffic. For the sharing
metrics, the KS statistics for Netflix and YouTube are, respectively,
0.0823 and 0.0211 for overlap probability (Fig. 14a, Fig. 14b), 0.2182
and 0.0737 for overlap intensity (Fig. 14c, Fig. 14d), and 0.0955 and
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0.0411 for expected overlaps (Fig. 14e, Fig. 14f). These comparisons
have p < 0.0001.

For congestion among packets directly overlapping with Netflix
or YouTube, the KS statistics are 0.0902 and 0.0373 for TCP packet
loss rate (Fig. 15a, Fig. 15b) and 0.1867 and 0.0926 for average queue-
ing delay (Fig. 15c¢, Fig. 15d), respectively. These comparisons also
have p < 0.0001.

For potentially overlapping traffic, the differences are smaller.
The KS statistics for TCP packet loss rate are 0.0342 and 0.0101 for
Netflix and YouTube, respectively, with p < 0.0001 and p = 0.0013
(Fig. 16a, Fig. 16b). For average queueing delay, the corresponding
KS statistics are 0.0480 and 0.0236, respectively, with p < 0.0001
for both comparisons (Fig. 16¢, Fig. 16d).

A.8 Pacing Effects on Tail Queueing Delay

In §6.4, we use the average access queueing delay within each
unit-hour to characterize congestion. We additionally examine tail
queueing delay to understand whether the observed effects of pac-
ing also hold in the tail of the queueing-delay distribution. Specifi-
cally, we repeat the analyses in Figure 15 and Figure 16 using the
99th-percentile (p99) access queueing delay within each unit-hour,
with the same filtering and conditioning.

Figure 25 shows qualitatively similar results. For packets that
directly overlap with Netflix or YouTube, pacing reduces p99 queue-
ing delay, consistent with the average queueing-delay results in
Figure 15. For potentially overlapping packets, p99 queueing delay
changes little across paced and unpaced weeks, consistent with
Figure 16. In summary, the overall takeaway remains unchanged:
pacing reduces tail queueing delay when direct sharing occurs,
while having little effect on potentially overlapping traffic overall.
We also repeat the analysis using p90 and p95 access queueing delay
and observe the same qualitative patterns (omitted for brevity).
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