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Abstract

Real-time communication (RTC) is integral to modern digital
life. However, high-quality RTC services still experience tail
latency spikes. A primary cause of this issue is the sender’s
slow adaptation to network fluctuations – when network band-
width drops, the sender needs to quickly reduce the sending
rate to avoid bufferbloat. Existing solutions focus on acceler-
ating reactions in the network, transport layer, or sender-side
buffer management, but often overlook a critical component:
the reaction of the video encoder. The encoder serves as the
content source, where slow convergence to new bitrates can
still result in bufferbloat after the encoder. With the increasing
video bitrate in high-quality RTC, our measurement shows
that the encoder’s reaction is critical. To address this limi-
tation, we propose More Adaptive Encoder(MAE), a frame-
work that enables encoders to dynamically adapt to network
changes with finer-grained network information. On the en-
coder side, MAE adaptively adjusts the internal encoding
parameters to quickly converge to the target bitrate without
affecting the video quality. On the network side, MAE probes
the internal state of current congestion control algorithms to
preemptively react to potential bandwidth drops, without wait-
ing for the late, backpressured bitrate updates. Trace-driven
emulation and real-world experiments demonstrate that our
solution, MAE, reduces stall rates by 86.2% while maintain-
ing superior visual quality compared to the state of the art.

1 Introduction
Real-time communication (RTC) has become an essential
part of modern digital life, such as videoconferencing, cloud
gaming, and virtual reality. Given its widespread adoption,
reducing stalls in RTC would yield significant benefits for a
large portion of users [24, 27]. However, with the increasing
demand of high-quality RTC services, such as cloud gaming
or VR, where the bitrate can be 30 to 100 Mbps [22, 30], the
current stall experiences are still far from satisfactory due to
the occasional increase in the tail latency. As well studied in
the previous literature, one of the root causes of stalling is that
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response to bandwidth changes
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Figure 2: Comparison of differ-
ent codecs’ reaction time when
bandwidth drops and simulated
delay.

the sender’s sending rate cannot quickly react to the network
fluctuations.

These network fluctuations are very common even in the
most advanced wireless access networks such as WiFi-6 and
5G: network capacity can drop by 50× in 200 ms with a
non-trivial frequency of 1% [28]. If the sender’s sending rate
cannot adapt to the new network capacity quickly, it will lead
to detrimental accumulated latency, a.k.a. bufferbloat. For
instance, if the sender delays adapting its bitrate by just one
RTT after a 10× bandwidth drop, 9× RTT of latency accumu-
lates immediately. This problem grows increasingly serious
as video bitrates rise – a larger range for bandwidth to de-
crease amplifies the latency caused by the slow adaptation.
Therefore, numerous research efforts have been devoted to ac-
celerating the reaction, from router feedback [28], congestion
control [3], and sender buffer management [21].

However, a critical but largely overlooked component in the
video streaming pipeline is the reaction of the video encoder.
For the end-to-end latency in real-time video streaming, only
by reducing the bitrate of the video encoder can the latency
ultimately be under control – this is because video encoder is
the source (generator) of the content, as illustrated in Figure 1.
For the acceleration of reaction at other components, it will
help to mitigate the latency after that component. Yet, the
accumulated bufferbloat simply shifts from downstream to
upstream, still resulting in a high end-to-end delay during the
fluctuation. Unfortunately, when the target bitrate changes,
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the current video encoder cannot quickly converge to the
new bitrate. It not only relies on a slow backpressure mech-
anism from the congestion control or rate control, but also
suffers from the internal quality control mechanisms inside
the encoder. We tested with a variety of different encoders. As
illustrated in Figure 2, for commercial off-the-shelf encoders
such as libx264 or libav1, it takes five frames (more than 100
ms) to converge. When the bitrate is reduced by a factor of 10,
this will result in a huge bufferbloat, leading to severe stalls
of up to 800 ms.

There have been efforts to make the encoder strictly follow
the bitrate, but always at the cost of quality. For example,
frame dropping can quickly address overshoot issues [16, 40],
but the loss of consecutive frames can lead to severe stalls.
Another approach involves strictly limiting frame size to pre-
vent overshooting the target bitrate, such as constant bitrate
(CBR) [35] and scalable video codec (SVC) [36]. But this
strategy will significantly reduce the compression efficiency
when the target bitrate is not fluctuating, therefore hardly
adopted in practice [12].

Our key insight is this: for consistent low latency in real-
time communications, video encoders must be able to quickly
adapt to network fluctuations, rather than slowly converge
to the new bitrate derived from the downstream congestion
control. However, as discussed above, it is challenging to
maintain the video quality and strictly follow the target bitrate
at the same time.

Therefore, we want to make the encoder adaptive – it still
maintains the high video quality when the target bitrate is sta-
ble, and switches to the mode of strictly following the bitrate
when the bandwidth drops. To this end, we propose MAE
(More Adaptive Encoder), a framework to quickly adapt to
network bandwidth change, achieving low tail latency and
stall ratio while maintaining the overall quality. Since the
bandwidth only drops in a small portion of the time, the over-
all video quality will hardly be affected. Yet, the tail latency,
which is mostly caused by the slow reaction when bandwidth
drops, can be well controlled.

Translating this straightforward idea into practice poses
two core challenges. The first is how to adjust it without com-
promising quality. Unlike directly modifying the encoder’s
target bitrate (which drastically degrades quality by capping
overall output), we regulate the bitrate overshooting of the
encoder without slashing the target rate. We, therefore, adap-
tively adjust the size of the encoder’s internal virtual buffer,
an internal encoding mechanism that manages the number of
remaining bytes a video frame can use. We reduce the buffer
size when a potential bitrate drop is detected, and quickly
restore the buffer to its original size once the congestion has
been mitigated.

The second challenge is determining when the encoder
should adapt, or how to identify that a network drop is occur-
ring. Passively waiting for the update of the target bitrate from
the rate control is insufficient – when bandwidth drops, even

the delay of one video frame can result in a drastic bufferbloat.
Therefore, to mitigate the bufferbloat, we need to ensure that
the encoder can immediately converge to the new bitrate when
the bitrate drops. We choose to probe the internal states of
congestion control algorithms (CCAs). Before CCA reduces
the sending rate, some internal states must have already in-
creased, just not enough to trigger the rate reduction (e.g.,
due to a moving average or not reaching a threshold). MAE
probes those internal states to get prepared for the potential
rate reduction. Note that CCAs have already done their best in
reacting at the earliest time – those mechanisms are to denoise
the measurements since the cost of mistakenly reducing the
rate is also high [1]. On the contrary, getting prepared for a
potential rate decrease in the video encoder is not too costly
– the false positive can be tolerated since it only affects a
small portion of frames. This bridges the gap between CCA’s
stability and the encoder’s timely reaction.

We implemented MAE in WebRTC [6] and conducted
both real-world traces driven emulation and real-world ex-
periments to validate its effectiveness. Results demonstrate
that, compared to the status-quo WebRTC, MAE reduces the
stall rate by 86.2% while keeping overall quality degradation
within 2.1%.

Our main contributions are summarized as follows:
• We highlight the necessity of encoders adapting dynami-

cally to network conditions.
• We identify key challenges in developing MAE and pro-

pose a novel approach to address these challenges.
• We implemented MAE 1 in WebRTC and conduct exten-

sive performance evaluations via trace-driven emulations
and real world experiment, validating its practical effec-
tiveness.

2 Background
2.1 Tail Latency in RTC: Growing Importance and At-

tention
Real-time communication (RTC) applications have become
essential in modern digital life. Due to their widespread adop-
tion, both academia and industry have focused significantly
on optimizing a key metric for RTC quality of experience
(QoE): tail latency (i.e., the higher percentiles of latency dis-
tributions). High tail latency often leads to stalls in the system.
It has been widely acknowledged that the tail latency is im-
portant to the user experience [5, 17, 26, 37, 38]. For instance,
with a 99.9th percentile tail latency, the video stream will
experience that latency once every 1000 frames, usually no
more than 30 seconds. These cumulative effects illustrate why
even "rare" latency spikes have a greater impact than stable
average latency during long sessions.

This can also be validated from a notable trend in re-
cent years: as shown in Figure 3, the attention of the com-
munity has shifted from lower tail latency percentiles (e.g.,

1Code Repository: https://github.com/hkust-spark/sparkrtc
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Figure 3: The focus of tail latency percentile over the last 20 years
in NSDI and SIGCOMM. There has been an increasing focus on
the 99th and 99.9th percentile in recent years.

the average or median tail latency) to increasingly higher
targets, culminating in a focus on the 99.9th percentile.
[2, 4, 10, 11, 13, 14, 16, 19, 21, 23, 25, 28, 32, 33, 39, 42, 43].
As RTC applications become more immersive and mission-
critical, tolerance for tail latency spikes narrows. Conse-
quently, controlling tail latency is a fundamental requirement
for effective RTC systems.

2.2 The Root Cause of Latency Spikes: Reaction

The increase of tail latency often comes from the buffer in the
delivery pipeline of RTC. In the end-to-end delivery pipeline
of RTC, there are a series of buffers between every two com-
ponents. For example, as shown in the simplified architecture
in Figure 4, when a frame has been encoded, it will be put
into the buffer before the packets are allowed to be sent out
by CCA or rate control, such as GCC [7]. Although each indi-
vidual component can also contribute to the end-to-end delay
(e.g., video decoder or wireless channel), it rarely contributes
at the magnitude of hundreds of milliseconds [30].

The buffer gets accumulated, a.k.a. bufferbloat, due to the
mismatch between the arrival rate and outgoing rate of the
buffer. For example, when the downstream network capacity
drops, if the sender still sends at the original rate, the excessive
packets will be blocked in the router buffer. The time to drain
the buffer is always multiple times of the reaction time, since
the draining rate (the dropped one) is lower than the filling
rate (the original one) [28]. Going further, when the buffer
is full, packets (or frames) can also be dropped, which will
further result in a long end-to-end delay. Given the recent
study [20] that up to 88% of RTC packet loss is driven by
congestion, the consequence will only be drastic.

Existing solutions have tried to control the buffer at the
downstream, yet the bufferbloat will shift to the upstream
rather than disappear. For example, end-network coordina-
tion helps the sender to know the network conditions ear-
lier [15, 18, 28] and sophisticated rate control algorithms aim
at estimating the sending rate more accurately [3, 7]. They
help to alleviate the bufferbloat on the routers, but since now
the socket only allows a small amount of traffic to go out,
the data will start to accumulate in the buffer at the sender.
Subsequently, there have been research efforts in manag-
ing the sender buffer (socket buffer, pacing buffer) [9, 21].
Nonetheless, the bufferbloat keeps moving upstream to the
video codec since the video codec needs some time to react
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Figure 4: The demonstration of reasons that lead to stalls.

(§3.1). Therefore, as shown in Figure 4, only when the en-
coder quickly adapts to the new bitrate can the bufferbloat be
fully eliminated from the pipeline. Figuratively, only turning
off the first water tap can we fix the water overflow in a pipe.

The latency spikes will be amplified with the recent pursuit
of high bitrate in RTC applications such as VR/AR and cloud
gaming. For example, the video bitrate goes up from hun-
dreds of kbps in traditional video chats to tens of Mbps. Yet,
when network fluctuates, the available bandwidth might still
decrease to hundreds of kbps [28]. The increased dynamic
range of bitrate makes the bufferbloat issue more severe.

2.3 Existing Solutions

There have been some efforts, intentionally or unintentionally,
to make the video encoder adaptive. However, it always comes
at the cost of video quality.
Drop some data when overshooting. One straightforward
idea to control the bufferbloat when the encoder has not con-
verged to the target bitrate is just dropping the excessive
data. For example, scalable video coding (SVC) [36] and loss-
resilient codecs [8] allow a portion of a frame to be dropped
while the frame remains decodable. Other works propose to
wholly skip the oversized frames [16, 40] until the frame size
is low enough to send. However, all these methods sacrifice
the video quality to maintain its ability of partial decoding, or
significantly increase the complexity of the encoder in a non-
standard way. For example, a 4-layer SVC coding method
demands 2.5 × more bits per pixel than its H.265 counter-
part [12]. Therefore, it is difficult to deploy them in the wild
at scale.
Strictly follow the bitrate all the time. Another method is
to force the encoder to generate the video frames that im-
mediately satisfy the target bitrate, such as constant bitrate
(CBR) [35]. However, this reduces the flexibility of the video
encoder in encoding dynamic content. The reason why the en-
coder needs a long time to react is that the contents are always
dynamic – some complex and some simple. Flexibly allo-
cating bits to different contents can maximize the encoding
efficiency. CBR, however, significantly reduces such encoding
efficiency by up to 18% by taking away the flexibility [21].

3 Motivation and Challenges
3.1 Motivation: Slow-Reacting Encoder

Observation: The root cause of tail latency spikes lies in
slow-reacting encoders. Our analysis led to a clear conclu-
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Figure 6: Details of a single bandwidth
drop reaction.

sion: the majority of tail latency spikes stem from the en-
coder’s slow reaction to CCA-recommended bitrate changes.
To measure the reaction time of existing RTC systems, we
executed WebRTC over five simulated bandwidth drop traces
(10→1 Mbps, 10→2 Mbps, 10→5 Mbps, 5→1 Mbps, 2→1
Mbps). Using the output logs, we extracted three key times-
tamps: when the CCA first detected a potential drop, when the
CCA initiated a reaction, and when the encoder consistently
operated below the target bitrate for two consecutive frames.
We define the overall reaction time as the total duration span-
ning these three key timestamps. Based on this, we calculate
the ratio of the encoder’s reaction time to the total reaction
time. The results, presented in Figure 5, show that over 77%
of the total reaction time to bandwidth drops is attributed to
the encoder’s response latency.

More specifically, Figure 6 breaks down the time over-
head of each component in a single test trial, enabling us to
compare the response times of network components and the
encoder to a bandwidth drop. For instance, when bandwidth
drops from 10 Mbps to 1 Mbps, the CCA detects the trend
and initiates a reaction in only 140 ms. In contrast, the en-
coder requires 377 ms to converge—accounting for 65.3% of
the total reaction time—and this prolonged encoder response
leads to significant latency accumulation.
Why does the current encoder take a long time to adapt?
As noted in §2.3, current encoders are designed to allow
temporary overshoots of the target bitrate for dynamic con-
tents. As shown in Figure 7, even under a stable target bitrate,
19%–35% of frames still overshoot. This causes transient in-
creases in latency, but does not lead to latency accumulation.
Encoders implement this feature with a virtual buffer regulat-
ing these deviations to keep long-term output aligned with the
target. This buffer is typically sized as a fixed fraction of the
current target frame size – for example, often set to 50% in
libx264. In scenarios with a stable target bitrate, this configu-
ration works well: the buffer absorbs minor overshoots with-
out causing issues, as the network can accommodate small,
transient spikes.

The problem emerges during bandwidth drops. Consider a
typical configuration: the buffer is sized to 50% of the target
bitrate, which—for a 30fps stream—translates to a headroom
equivalent to 15 frame size. As shown in Figure 8, when band-
width drops, the buffer does adjust to 50% of the new, lower
target bitrate, but this still leaves a headroom of 15 frame
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Figure 8: How the virtual buffer works
in the encoder.

sizes relative to the reduced bandwidth. Besides, encoders
predict frame sizes based on past content complexity and bit
usage, leading to temporal coherence in frame sizes—they
adjust gradually rather than abruptly. This gradualism, com-
bined with the 15-frame buffer headroom, means that during a
bandwidth drop, successive frames continue to consume most
of the buffer’s capacity. Over time, this depletes the buffer’s
margin, causing the encoder’s output to overshoot the new
target bitrate and exacerbate delays.
Why does a slow-reacting encoder become the root cause?
First, the network layer has reached practical optimization
limits. While CCAs typically exhibit a reaction time of 100 –
150ms due to the measurement window and reaction thresh-
old, further reducing this window is not feasible. Given the
fact that many RTC CCAs (e.g., GCC) have already been
known for being too sensitive [1], further reducing the reac-
tion would make the network layer overly sensitive to tran-
sient fluctuations, triggering unnecessary rate reductions that
underestimate actual bandwidth and waste network capacity.

Second, current codecs inherently lag in adapting to rate
changes at the default settings. We test the reaction time for
three mainstream codecs – H.264, VP8, and AV1 – when
the target bitrate is reduced from 30 Mbps to 3 Mbps, using
their default low-latency settings. Recall the results in Figure
2, they all require 5–9 frames to align with new target bi-
trates at 30fps, translating to a reaction latency of 210–270ms.
Critically, during this lag, the encoder continues producing
frames at the higher rate, which exceeds the network’s re-
duced capacity. This mismatch exacerbates queue buildup,
pushing cumulative latency beyond 300–600ms. With the net-
work layer’s reaction time already minimized, the encoder’s
slow adaptation emerges as the primary bottleneck driving
tail latency spikes.
Choice: A More Adaptive Encoder. Building on the preced-
ing discussion, we propose to leverage more network informa-
tion and enhance encoder-internal adaptation to address slow
reaction during bandwidth drops. The goal is to develop a
more adaptive encoder(MAE) that mitigates the gap between
the network and codec layers.

Currently, CCAs treat encoders as black boxes: they only
send target bitrates and initial parameters at the start, then
leave encoders to self-regulate. To resolve this, encoders need
to obtain more real-time network information from CCAs.
This information would help encoders identify whether a
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buffer size.

bandwidth drop is occurring. The encoder could use this con-
text to adaptively adjust its internal state, enabling rapid adap-
tation when a bandwidth drop happens.

3.2 Challenges

Nevertheless, it is non-trivial to make the encoder quickly
follow bitrate drops without affecting the video quality, in a
scalable manner for diverse network conditions.

How could MAE adapt to follow the bitrate drops? First,
we need to determine which internal parameter in the encoder
should be adapted. A straightforward idea is to directly scale
down the target bitrate by a certain ratio. Yet, this approach
is neither scalable nor efficient. Determining the appropriate
ratio is non-trivial, as too aggressive a scaling would over-
constrain the encoder, while too mild a scaling would fail
to address overshoot, as shown in Figure 9. More critically,
directly modifying the target bitrate would create an over-
sensitivity issue—just like with reactive CCAs, at the cost of
overall quality degradation.

To enforce strict adherence during bandwidth drops and
preserve overall quality, MAE selects the encoder’s virtual
buffer size to regulate such adherence. Details are provided
in §4.1.

How should MAE adapt to network changes? The next key
challenge is how to balance the strict bitrate control and qual-
ity preservation. Current encoders already adjust the virtual
buffer size to adapt to changes in the target bitrate, but this
adjustment follows a fixed rule—the buffer size is always set
to 0.5× the target bitrate, no matter the network’s stability.

Our proposed adaptive approach retains this core mecha-
nism but modifies the ratio used for this adjustment. In stable
bandwidth conditions, we keep the conventional 0.5× ratio,
which allows controlled overshoot and preserves video quality
as intended. When a bandwidth drop is expected, we lower
the ratio, which forces the encoder to adhere more strictly.

Additionally, we avoid the overuse of a low buffer ratio to
avoid degrading overall video quality. As shown in Figure
10, the trade-off is clear: A permanently low ratio avoids
excessive delay but causes persistent quality loss. The optimal
approach, therefore, is to restrict the low ratio to only the short
period of the bandwidth drop. This approach aims to reduce
delay when it is most critical, while minimizing long-term
quality loss throughout the entire stream.
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4 Design
4.1 Encoder Adaptation

We choose the virtual buffer size in the encoder’s rate con-
trol module to adapt. The encoder’s output size is shaped by
multiple internal states and parameters, but virtual buffer size
stands out as the most suitable for adaptive adjustment. To
clarify this choice, we first contextualize the encoding work-
flow as shown in Figure 11: During encoding, the encoder
first calculates a frame’s compression ratio based on its con-
tent complexity (current and historical), used bit budget, and
target bitrate. The rate control module then validates whether
this compression ratio meets the bitrate requirement. In this
process, there are several parameters influencing this final
output.

Take the x264 encoder as an example: parameters tied to
encoded size include max bitrate, compression ratio step limi-
tation, and buffer size. However, the first two are unsuitable
for adaptive adjustment due to distinct limitations: Max bi-
trate, when adjusted to respond to bandwidth drops, faces the
same challenge as direct target bitrate modification, becoming
either more sensitive or non-effective.

The compression ratio step limitation, which caps the max-
imum allowable difference in compression ratios between
consecutive frames, also falls short, because its influence is
confined to the "Ratio limitation check" phase. But in reality,
during bandwidth drops, the bottleneck lies in the "Remain
bytes check" phase. This means adjustments to the compres-
sion ratio step are overshadowed by rate control’s stricter
constraints, rendering them ineffective for timely adaptation.

By contrast, buffer size avoids these issues because it con-
trols the core of bit allocation in the rate control process.
Unlike max bitrate, which imposes a rigid, static upper bound,
buffer size simply narrows the allowable range of short-term
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Figure 12: There’s no big difference for different buffer size ratios
when the network is stable.

bitrate fluctuations. This is critical: even with a smaller buffer,
the encoder retains flexibility to allocate bits across frames
based on content complexity. For example, a high-motion
frame can still use more bits than a static one, as long as the
total usage stays within the adjusted buffer bounds. This pre-
serves the encoder’s ability to prioritize quality for visually
important frames, whereas rigid max bitrate limits would strip
it away.
Encoder only adapts to network changes. We focus exclu-
sively on network changes for three key reasons, grounded in
both mechanism and experimental observation:

Network bandwidth drops are the dominant cause of tail
latency spikes: Unlike content complexity fluctuations, band-
width drops reduce the network’s capacity to transmit data,
leading to queued frames and cumulative delay. This is the
primary source of tail latency in video streaming.

Optimal parameters for all network conditions or content
types are unnecessary: Across different network states and
content types, the conventional 0.5× buffer size already strikes
a good balance. As shown in Figure 12, in stable conditions,
delay is already low across all scenarios, and quality is pre-
served via controlled overshoots. For another, adapting the
ratio to every scenario would expand the scope and duration
of adjustments far beyond the narrow bandwidth drop window.
This extended intervention would introduce more quality loss
than needed, which contradicts our goal of balancing latency
and quality.

Thus, our final strategy is: using a conventional 0.5× virtual
buffer ratio under stable network conditions, switching to a
lower ratio only when a bandwidth drop is detected.

4.2 Pre-reaction from Congestion Control

To enable timely encoder adaptation to bandwidth drops, we
leverage the internal states of existing congestion control
algorithms (CCAs) to pass signals about bandwidth drops.
By lowering the threshold for triggering these signals, we let
the CCA notify the encoder slightly earlier, before it formally
confirms a bandwidth drop. This ensures the encoder can
prepare for the impending bandwidth constraint.
We use CCA internal states to signal bandwidth drop.

Relying solely on target bitrate and its historical trends
makes it hard to distinguish real bandwidth drops from tran-
sient fluctuations. Judging what counts as a "genuine" drop is
non-trivial.
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Figure 14: Changing encoder buffer size won’t influence quality
significantly, but missing potential drop will cause a severe delay
spike.

CCA internal states solve this by providing direct network
context: Metrics like queue delays, jitter, or bottleneck es-
timates clarify whether a bitrate change stems from actual
bandwidth constraints (not just encoder or content variations).
This extra network-specific information enables more accu-
rate identification of true drops.
Adopting pre-reaction for bandwidth drop signaling. To
signal bandwidth drops to the encoder effectively, we adopt
pre-reaction of the CCA. This choice is driven by two key
considerations tied to real-time video’s latency and Quality
of Experience(QoE) requirements.

Latency accumulation is exponential with delayed response:
As shown in Figure 13, for each frame of delayed adaptation
after a drop, latency increases significantly, which is far harder
to resolve than preventing them upfront. Furthermore, even
if the CCA sensed bitrate has not decreased, the pre-reactive
encoder can prevent overshooting a potential network drop,
thereby significantly mitigating latency during an actual band-
width reduction.

False positives are preferable to false negatives: A false
positive (pre-reacting to a non-existent drop) may briefly
tighten the encoder’s buffer constraints, causing minor quality
dips. However, a false negative (missing a real drop) allows
unchecked frame overshoots, leading to cumulative delay,

1422    23rd USENIX Symposium on Networked Systems Design and Implementation USENIX Association



0 10000 20000 30000
Time (ms)

0

2000

4000

6000

CC
A 

Bi
tra

te
 (k

bp
s) original

reduce

200 400 600
Tail 99 Delay (ms)

84

85

86

87

VM
AF original

reduce
MAE

Figure 15: Directly reducing the CCA threshold degrades bandwidth
utilization.

frozen frames, or packet drops—all of which severely harm
QoE (Quality of Experience) in ways users find immediately
noticeable. Figure 14(a) and 14(b) demonstrate that modify-
ing the encoding buffer size for less than 10% of frames does
not impact overall quality, regardless of the content type or
bitrate level. Also, Figure 14(c) indicates that, for the same
overall change duration, an increased frequency of changes
leads to a reduction in quality. Fortunately, in real network sce-
narios, the drops detected by the CCA are infrequent, which
minimizes the impact on quality. In contrast, Figure 14(d)
illustrates that failing to detect potential drops can result in
a latency increase of over 50%. Consequently, we prefer to
manage controlled false positives to mitigate the substantial
effects caused by false negatives.
Why can CCAs support pre-reaction? CCAs are well-suited
to enable pre-reaction to bandwidth drops because of two key
attributes rooted in the nature of network drops and the design
of CCAs themselves.

First, bandwidth drops that cause latency spikes are inher-
ently continuous rather than transient. To avoid mistaking
fleeting fluctuations for real drops, CCAs typically rely on
sliding time windows to confirm a drop. This means by the
time a CCA formally decides to adapt to a drop, the band-
width reduction has already been ongoing for a period. Given
the continuous nature of such drops, this timing lag creates
an opportunity for pre-reaction: Since the drop does not van-
ish abruptly, this earlier response remains valid, making pre-
reaction theoretically sound.

Second, CCA design inherently incorporates delayed re-
sponsiveness to avoid overreactions. As noted previously,
CCAs typically use sliding time windows to aggregate net-
work data. Only when the aggregated trend in the window
exceeds the threshold will the CCA confirm a drop. This delib-
erate delay creates an opportunity for pre-reaction: by either
shrinking the window size or lowering the threshold, we can
trigger a signal to the encoder earlier in the trend, before the
CCA’s standard logic would formally confirm the drop.
Why do we not directly tune CCA thresholds to enable
pre-reaction? Adjusting CCA thresholds to trigger earlier
rate reductions would harm network utilization. As shown
in Figure 15, the unnecessary target bitrate drop at the 5th
second will cause overall quality degradation. In contrast, our
approach keeps CCA rate decisions intact but lets the encoder
prepare for impending drops by tightening buffer constraints.
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Figure 16: Based on CCA signal, the recovery is timely.

This separation ensures the CCA maintains high utilization,
while the encoder avoids overshoots that would force the CCA
into drastic rate cuts.

When should we recover from the drop state? Recovery
(reverting the encoder’s buffer ratio to its original setting) is
guided by CCA state transitions, ensuring timeliness without
premature relaxation. Here’s the mechanism:

When the CCA first detects potential congestion, it en-
ters an "overuse" state and signals the encoder to tighten
buffer constraints. This reduces the encoder’s frame size
overshoots, lowering the sending rate and allowing network
queues to drain. As queues empty, RTT (Round-Trip Time)
decreases—a change the CCA detects, transitioning to an
"underuse" state (indicating the sending rate is now below
available bandwidth). This "underuse" signal triggers the en-
coder to revert to its original buffer ratio, restoring quality
flexibility.

As illustrated in Figure 16, when recovery is triggered by
CCA signals, the CCA-sensed rate remains stable, and end-to-
end latency still exceeds 200 ms. However, due to the CCA’s
inherent bandwidth underestimation during congestion alle-
viation, the current frame size has already aligned with the
network’s actual capacity, which eliminates the risk of further
latency accumulation. This makes CCA-signal-driven recov-
ery a timely and straightforward approach: it leverages the
CCA’s mature network state awareness to avoid premature
or delayed adjustments. After recovery, the encoder can re-
activate its bitrate overshoot capability, allowing occasional
frame bitrate exceedances that enhance video quality.

The pre-reaction strategy is applicable to other main-
stream CCAs. This signal and pre-reaction strategy is gen-
eralizable to other mainstream CCAs, as they share a core
design trait: CCAs inherently use metrics and decision thresh-
olds (or time windows) to avoid overreacting to noise. By
tuning these thresholds or windows, we can extract earlier
signals for pre-reaction, making the strategy adaptable across
diverse congestion control algorithms. For example, Google
Congestion Control(GCC) uses a 100-200ms time window to
detect the bandwidth condition, COPA also employs queueing
delay and minimal delay in a specific past time period. These
give the potential to pre-trigger the signal for the encoder to
react. Details are introduced in §5.2
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5 Implementation
We implement our MAE within WebRTC (version m119), an
open-source framework widely used for real-time audio and
video communication, which integrates key components like
congestion control, media encoding, and transport.

5.1 Encoder side implementation.

x264 implementation By default, we utilize x264 (Version
0.164.3191M) as our encoder, which is a popular open-source
H.264 software encoder. Although native WebRTC uses
OpenH264 for H.264 encoding because of licensing issues,
we chose x264 for its superior rate control algorithms.

For real-time encoding, we utilize the recommended rate
control approach, which is Average Bit Rate(ABR) paired
with Variable Bitrate Video (VBV) buffer control. The VBV
functions as a theoretical decoding buffer, regulating the re-
maining available bytes for encoding.

We select the VBV buffer size as our adaptive parameter
to control the encoder’s fluctuation and sensitivity to bitrate
changes. Under normal network conditions, the VBV buffer
size is set to half of the current bitrate, which gives half fps
frame sizes flexibility. (e.g., 15 frames for 30 fps). When
the CCA detects a potential drop signal, we reduce it to one
frame size of the target bitrate, which can ensure that no
frame overshoots the sensed target bitrate. Specifically, during
bandwidth drops, the VBV buffer size is calculated using the
following formula:

V BV Bu f f erSize =
TargetBitrate

f ps
+1

TargetBitrate
f ps ensures the buffer size does not exceed one frame

size, and the +1 offset avoids floating-point rounding errors.
Notably, we revise the x264 encoder as well to implement

MAE. The modification still follows the standard so that the
video stream is still compatible with any decoder.

5.2 Network side implementation.

We test the performance of MAE with two CCAs, GCC [7]
and Copa [3]. Below we introduce how MAE probes the
internal states from these two CCAs.
GCC implementation WebRTC’s native GCC (Google Con-
gestion Control) incorporates both delay-based and loss-based
bandwidth estimators (BWE) to manage network congestion.
For our adaptive strategy, we focus on the delay-based BWE,
as it is the most responsive component for early detection of
incipient bandwidth constraints.

The core of GCC’s delay-based BWE is its trendline esti-
mator, which analyzes the gradient of one-way delay varia-
tions over a sliding time window. In MAE, we set the sliding
time window to 100 ms to achieve a timely reaction to band-
width drops. By using this time window, we ignore transient
bandwidth fluctuations within it. This estimator calculates
a "slope" metric that reflects the rate at which queuing de-

lays are increasing—an early indicator of network congestion.
GCC then uses a predefined threshold to classify network
states: if the slope exceeds this threshold, the algorithm transi-
tions to an "overuse" state, signaling that the current sending
rate exceeds network capacity. By using another slightly lower
threshold, we can trigger another internal pre-reactive signal
for the encoder to achieve our pre-reaction. Critically, this
modification does not affect GCC’s original rate control pro-
cess; it only lets the encoder limit its overshooting capability.
Copa implementation Copa utilizes queueing delay to esti-
mate network conditions. It sets the target rate to 1

δdq
packets

per second, where δ = 0.5 by default and 1/δ is in units of
MTU-sized packets. Then, it adjusts the congestion window
based on its estimation of the sending rate and target rate.
Copa already responds to network drops quickly by decid-
ing the target rate based on the queueing delay. However,
by setting a lower threshold on queueing delay to signal the
encoder to reduce its virtual buffer size when this signal is
triggered, we can further reduce the spike in queueing delay
with a negligible drop in quality (VMAF).

6 Evaluation
This section evaluates the performance of our proposed MAE
to validate its effectiveness, robustness, and generality. We
first detail the experimental setup (Section 6.1) to ensure
reproducibility, then address the following core research ques-
tions via trace-driven and real-world experiments:

Q1 Can the MAE reduce tail latency under real-world
traces? Compared to the status-quo solutions, MAE can re-
duce 86.2% stall rate and 54.7% P99 tail latency compared
to the original WebRTC+x264 version.

Q2 Does the method reduce the video quality? No, while
reducing the tail latency, the adaptive encoder can maintain
non-perceptual quality loss, keep the quality loss within
2.1% as the VMAF score is within 2.

Q3 Does the performance of MAE scale well with CCAs or
network scenarios? We test the performance of MAE over
two different RTC CCAs (GCC and Copa), and three types
of access network traces (WiFi, cellular, and Ethernet).
Results consistently demonstrate the benefits of MAE.

Q4 What is the overhead of the proposed methods? We
further test the potential overhead in the video encoding
by MAE. Results show that MAE is mostly equal to the
original libx264 CPU and memory consumption, and also
consistent encoding time.

Q5 How does Adaptive Encoder behave in real-world sit-
uations? We further test the performance of MAE in the
real world, MAE outperforms WebRTC+libx264 by 15.3%
in stall number, with a quality loss of less than 2%.

6.1 Experiment Setup
Testbed. We have developed a testbed to automate the execu-
tion of experiments and analyze the results. The experiments
are carried out on a single server, where the configuration is
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Figure 17: Comparison of average VMAF scores and stall numbers or tail99 delay of our design and baselines.

Intel(R) Xeon(R) Gold 6430 CPU (32 cores, 64 threads), 503
GB DDR5, Ubuntu 22.04.5 LTS. The downlink conditions
of the receiver are managed using Mahimahi [31], a network
emulator that replays actual network traces to simulate varia-
tions in bandwidth. Throughout the experiments, timestamps
for frame transmission and reception (using the same time
reference) are recorded and utilized to calculate end-to-end
latency.
Video Dataset. We randomly selected 4 categories of videos
from YouTube UGC Dataset [41], including Lecture, Music,
Game and Vlog. The resolution is 1080p and the fps is fixed
to 30. The overall duration of the video is more than 200
seconds.
Traces. We evaluate our method using real world network
traces collected from diverse access networks (Wi-Fi, Cellular,
and Ethernet) to validate that MAE generalizes across envi-
ronments. These traces are sourced from Hairpin dataset [29],
covering common real-world usage scenarios (e.g., mobile
commuting, home Wi-Fi, wired office networks).
Metrics. In the evaluation, we focus on two core metrics to
balance technical performance and user-centric quality:

(1) Tail Latency: We measure the 99th percentiles (P99) of
end-to-end latency. These percentiles are standard for quanti-
fying rare but impactful latency spikes—critical for real-time
video.

(2) Stall Number: We adopt the definition of stalls from
GSO and AnchorNet [24, 27], which categorizes latencies
exceeding 200 ms as stalls. By utilizing this stall number
metric, we aim to more accurately reflect its impact on user
experience.

(3) Video Quality: We use Video Multimethod Assessment
Fusion [34] (VMAF) as the primary metric. Unlike traditional
metrics (e.g., PSNR, SSIM), VMAF incorporates human vi-
sual system models to align with subjective perception for the
video instead of individual images, making it more reliable
for evaluating noticeable quality changes to end users.
Baselines. We compare our Adaptive Encoder against 4 state-
of-the-art baselines, ensuring fairness by aligning resolution,
framerate, and initial bitrate across all:
• WebRTC-VP8: WebRTC’s default VP8 encoder, the status-

quo of the industry.
• WebRTC-X264: WebRTC with libx264 codec. We adopt

the implementation from [21]
• CBR (WebRTC + x264 Constant Bitrate). We force the

generated frames to follow the target size by turning on
the feature of CBR.

• Salsify [16]: A low-latency streaming system optimized for
real-time video. We implement Salsify following the setup
used in Grace [8], and integrate it into our WebRTC-based
testbed for a fair comparison.

Unless otherwise specified, we use GCC for these baselines.

6.2 Overall Performance

We replayed 1320 seconds of real-world network traces (cov-
ering Wi-Fi, Cellular, and Ethernet) to confirm the generaliza-
tion capability of MAE. Figure 17 presents key performance
trade-off curves, plotting the 99th percentile latency against
average VMAF scores across the three trace sets. Going to the
upper left indicates higher quality paired with lower latency
in the trade-off.

As shown in Figure 17, WebRTC+x264 delivers the high-
est quality but also exhibits the highest latency among all
baselines. This is due to its slow adaptation to bandwidth
drops: while it can leverage more bandwidth to preserve qual-
ity, this comes at the cost of large latency spikes. In contrast,
Salsify exhibits the lowest latency but also the lowest VMAF
scores. This is because Salsify basically ensures nearly every
frame stays below the CCA-sensed bitrate, making it highly
sensitive to bandwidth drops and thus reducing latency. How-
ever, this strict constraint underutilizes available bandwidth,
limiting opportunities to enhance overall quality—resulting
in VMAF scores 10% lower than those of the original We-
bRTC+x264. MAE, however, breaks this inherent trade-off by
adaptively adjusting the encoder’s overshoot capability based
on real-time network conditions. As a result, MAE achieves a
substantial 54.7% P99 tail latency reduction compared to the
original WebRTC+x264, while keeping quality loss within
2.1%.
MAE outperforms all baselines across various network
traces and video contents on tail latency and stalls. Across
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Figure 18: Stall numbers vs VMAF quality over three network types.
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Figure 19: Comparison over video categories.

different network environments, MAE demonstrates consis-
tent superiority: it achieves 47-68% reductions in P99 latency
for Wi-Fi, Cellular, and Ethernet traces, respectively. This
consistent performance gain across diverse network types
confirms MAE’s robustness to varying network conditions.

Figure 18 further compares stall counts and VMAF scores
across the three network categories. For stall reduction, MAE
outperforms baselines by 75.9% (Wi-Fi), 86.1% (Cellular),
and 86.1% (Ethernet). Stall counts were measured per trial,
with each trial comprising 8,800 total frames. Collectively,
these results translate to a significant drop in stall ratio—from
the baseline’s 3.8% to MAE’s 0.69%.

Results over different videos. Figure 19 presents the perfor-
mance of MAE and baselines across four distinct video types:
low-motion content (LyricVideo), medium-motion content
Lecture and Vlog), and high-motion content (Game). For all
video categories, MAE achieves the lowest P99 latency while
maintaining comparable VMAF quality to baselines.

When compared to Salsify—one of the lowest-latency
baselines—MAE’s stall rate is slightly higher (by 0.18% on
average) but delivers a significant VMAF improvement of
6.5% overall. This quality gain is most pronounced in high-
motion game videos, where MAE’s VMAF score is 11%
higher than Salsify’s. Game content, which contains dense
motion information, is particularly vulnerable to bandwidth
under-utilization: Salsify’s strict frame size constraints waste
available bandwidth, while MAE’s adaptive overshoot control
preserves bandwidth for high-complexity frames, mitigating
quality loss in dynamic scenes.
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Figure 20: Latency distribution of all video frames.

6.3 Other QoS Metric
We further analyze five additional QoS metrics to compare
MAE with the baselines.
Latency Distribution. We present the Cumulative Distribu-
tion Function (CDF) of latency in Figure 20 to better un-
derstand how MAE controls the bufferbloat. Results show
that at the general (i.e., average) latency level, MAE outper-
forms WebRTC+VP8 and WebRTC+x264. For the stricter
P99.5 and P99.9 latency levels, MAE’s maximum latency is
capped at approximately 600 ms, while the maximum latency
of WebRTC+VP8 and WebRTC+x264 exceeds 1000 ms.
Frame Rate. We further investigate the impact of dropping
frames across different baselines. We measure the frame
rate here and present the results on frame loss rate in Ap-
pendix A.1. As a result, the average frame rates across all
experiments for Salsify, CBR, WebRTC+x264, and MAE are
all close to 30 FPS, matching the original video’s target frame
rate. In contrast, WebRTC+VP8 exhibits a lower average
frame rate of 27.7 FPS, which is attributed to VP8’s inter-
nal frame dropping.

6.4 Ablation Study
We want to understand the effectiveness of each design choice
in MAE. We decompose our method into two core compo-
nents to quantify their individual contributions:
• Adaptive VBV Buffer Only: No pre-reaction mechanism;

adjusts the virtual buffer size solely based on GCC’s native
overuse signals.

• Full-function MAE: Adaptively modifies the virtual buffer
size using pre-reaction signals.
We present the results over the Wi-Fi traces in Figure 21.

The results over cellular or Ethernet are similar. The "Adaptive
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VBV Buffer Only" variant (MAE-No-Prediction) shows that
even without pre-reaction, merely adjusting the virtual buffer
size can still reduce latency from 795 ms to 460 ms. The
full MAE further reduces latency by 19% while maintaining
comparable VMAF quality, confirming that both the adaptive
buffer adjustment and pre-reaction mechanisms contribute
effectively to performance improvements.

6.5 Parameter Sensitivity

We tested how key parameters influence performance to val-
idate MAE’s robustness against non-optimal settings, with
results as follows:

First, we evaluated the adaptive buffer ratio during band-
width drops—MAE uses a ratio of 0.04×. As shown in Figure
22, any reduction in the buffer size during bandwidth drops
can reduce latency to a certain extent. Since this adjustment
only affects a small subset of frames, it has minimal impact
on overall quality (resulting in similar quality across differ-
ent ratio settings). Among the tested ratios, setting the buffer
size to 0.04× achieves a significant latency reduction during
drops, making it outperform other parameter values.

Second, we analyzed the sensitivity of the pre-reaction
mechanism. For GCC, we first set the overuse threshold to
half of its original value. We later test the scaling factor over
the threshold that the current network trend must exceed to
trigger buffer adjustment. For example, if the scaling factor
is 0.5, buffer adjustment is triggered when the network trend
reaches 50% of the threshold (higher sensitivity). As shown
in Figure 23, higher sensitivity reduces latency but leads to
a 2.3% quality drop. Conversely, lower sensitivity yields a
slight quality improvement but increases latency. MAE selects
1 as the optimal trade-off value to balance latency control and
quality preservation.
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6.6 Microbenchmarks

Link Utilization. We further want to investigate the influ-
ence of MAE on link utilization and the potential interaction
with CCAs. We evaluate MAE’s link utilization against the
baseline WebRTC+x264, with results shown in Figure 24.
Because MAE only reduces the virtual buffer size for a small
portion of frames, its overall bandwidth utilization is nearly
identical to WebRTC+x264 across different target bandwidth
levels, especially at low target bandwidths. For higher target
bandwidths (e.g., 10 Mbps), at most 4% reduction in utiliza-
tion barely impacts video quality, while reserving bandwidth
headroom to mitigate potential bandwidth drops.
Encoding Time. Figure 26 presents the distribution of encod-
ing latency for various baselines versus MAE. On average,
MAE’s encoding time is slightly longer than VP8’s (by 0.3
milliseconds) but shorter than Salsify’s. Notably, Salsify uses
a custom-designed encoder, which incurs significantly longer
encoding time compared to commercial encoders (e.g., VP8,
x264). Comparison with x264 further shows that our adaptive
adjustments do not impact encoding time—MAE’s encoding
latency remains on par with WebRTC+x264.
Runtime Overhead. We evaluated the overall system over-
head of MAE, with results shown in Figure 25. MAE main-
tains CPU and memory usage at the same level as Salsify
and WebRTC+x264, and significantly lower than VP8. This is
because VP8 has lower encoding efficiency, which consumes
more computational resources. Among the three methods (Sal-
sify, MAE, WebRTC+x264), Salsify’s CPU usage is slightly
higher than MAE’s, while MAE’s is marginally higher than
WebRTC+x264’s. Corresponding to this trend, their encoding
complexity ratio follows Salsify > MAE > WebRTC+x264,
confirming that higher encoding complexity correlates with
increased CPU consumption.
Scalability to Other CCAs. To validate MAE’s generality,
we extended our method to the Copa CCA and tested it on the
Wi-Fi traces. As shown in Table 1, MAE still achieves a 47.5%
reduction in the stall ratio while maintaining VMAF quality
at the same level as the original libx264. This demonstrates
that our method can be extended to other CCA algorithms
and still deliver significant performance benefits.

6.7 MAE Deep Dive

To better understand MAE’s performance, we conduct an
in-depth analysis of the experimental results:

USENIX Association 23rd USENIX Symposium on Networked Systems Design and Implementation    1427



Table 1: Evaluation results over the Copa CCA.
Method Stall Ratio VMAF

WebRTC+libx264 0.19 83.12
WebRTC+MAE 0.10 88.36
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Figure 27: The statistical distribution when running MAE.

Adaptation Ratio. As noted in §4.1, MAE is designed to
only reduce the VBV buffer for a small portion of time. We
therefore analyzed the adaptation percentage (defined as the
share of adapted frames relative to total frames) for each trial.
Figure 27(a) presents the CDF of this adaptation ratio across
different network types. Results show that for Wi-Fi traces,
80% of trials have an adaptation ratio below 10%—the reason
why there is no noticeable quality loss. On the other hand, this
also demonstrates that the impact of false positive of bitrate
drops is limited. For Cellular and Ethernet traces, similarly,
the adaptation ratio maintains around 20% on average. This
difference arises because the Cellular and Ethernet traces used
in our tests are more fluctuating than the Wi-Fi traces, leading
to more frequent encoder adaptations.
Pre-reaction Time. We utilize a reduced threshold to en-
able pre-reactions, but how does this mechanism perform in
practice? We measured the pre-reaction time across all real-
world traces to quantify its effectiveness. We define a "real
network drop" as an event where the trend of five consecutive
frames exceeds the threshold. Based on this definition, we
analyzed how often pre-reactions successfully anticipate real
drops. Figure 27(b) shows that across all network types, over
20% of drops are pre-reacted to more than 100ms in advance.
This pre-reaction window creates valuable buffer headroom
to mitigate the impact of impending bandwidth drops.

6.8 Real-World Experiments

We further conduct real-world experiments to evaluate the
user-centric QoE of MAE. We set up an RTC server and
a client with WebRTC, and they are connected over Wi-Fi.
The videos from 4 categories (Lecture, Music, Game, and
Vlog) in YouTube UGC Dataset [41] are concatenated into a
video clip and streamed from the server to the client in real
time. To ensure fairness, we rotate through different encoders,
including MAE and the four baselines, each for ten minutes.
The total testing time is 6 hours.

We measure the frame latency by calculating the timestamp
difference between the video sent and the video received. The
VMAF is also evaluated by comparing the received video and

Table 2: Performance of MAE in real-world experiment.
Method Stall Number VMAF

WebRTC+vp8 131 96.44
Salsify 7 86.92

WebRTC+libx264 65 97.46
MAE 55 95.28

the original video. As shown in Table 2, MAE outperforms
WebRTC+libx264 by 15.3% in stall number, with a quality
loss of less than 2%.

The results indicate that MAE provides enhanced QoE in
real-world environments.

7 Discussion
Scenario Limitation. This work limits encoder adaptation
ratio to a small portion, ignoring content complexity fluc-
tuations. Yet content variations (e.g., high-motion frames)
can also cause overshoots. Future work may integrate con-
tent prediction to distinguish network- vs. content-induced
overshoots.
Encoder Generalization. Validated on x264, the MAE ap-
proach can extend to VP8, AV1, etc. These encoders share
similar rate control mechanisms (e.g., token buckets, rate win-
dows). Its adaptive buffer and pre-reaction logic can be ap-
plied to most modern RTC encoders. We leave these imple-
mentations as our future work.

8 Conclusion
In this paper, we identify an issue that the bufferbloat shifts to
the video encoder in the delivery pipeline. We later introduce
MAE, which is a novel adaptive framework that optimizes
video transmission latency and quality by combining dynamic
virtual buffer size adjustment with pre-reaction to network
bandwidth trends. Experiments across Wi-Fi, Cellular, and
Ethernet traces, plus diverse video types, show MAE out-
performs baselines consistently: it cuts stall rate by 86.2%
and P99 latency by 54.7%, while keeping VMAF quality
loss within 2.1%, with minimal CPU/memory overhead and
strong scalability to other CCAs and encoders. MAE aims
to provide insights into an often-ignored part of the entire
RTC pipeline—encoder—arguing that the content source also
needs to be more adaptive to network bandwidth.
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A Supplementary Experiments
A.1 Frame Skipping Rate
Enabling frame dropping would introduce significant bias in
video quality assessment. To ensure consistency and fair-
ness across all measurements, we disabled network-level
frame dropping. As a result, WebRTC+x264, Salsify, CBR,
and MAE all exhibit a 0% loss rate; the loss rate of We-
bRTC+VP8 is presented in Figure 28. This loss rate stems
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Figure 28: WebRTC+VP8 loss rate in different network type.

purely from VP8’s intermittent frame dropping, as VP8’s rate
control mechanism automatically drops frames to match the
target bitrate. However, as overall results show, such frame
dropping degrades quality: despite being one of the most
advanced encoders in our baselines, VP8’s frame dropping
causes its overall VMAF score to be lower than MAE’s.
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