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ABSTRACT: Over the past few years, video live streaming has gained immense popularity as a leading internet
application. In current solutions offered by cloud service providers, the Group of Pictures (GOP) length of the video
source often significantly impacts end-to-end (E2E) latency. However, designing an optimized GOP structure to reduce
this effect remains a significant challenge. This paper presents two key contributions. First, it explores how the GOP
length at the video source influences E2E latency in mainstream cloud streaming services. Experimental results reveal
that the mean E2E latency increases linearly with longer GOP lengths. Second, this paper proposes EGOP (an Enhanced
GOP structure) that can be implemented in streaming media servers. Experiments demonstrate that EGOP maintains
a consistent E2E latency, unaffected by the GOP length of the video source. Specifically, even with a GOP length of
10 s, the E2E latency remains at 1.35 s, achieving a reduction of 6.98 s compared to Volcano-Engine (the live streaming
service provider for TikTok). This makes EGOP a promising solution for low-latency live streaming.
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1 Introduction
Today, the emergence of advanced networking technologies like 5G [1] and 6G [2], alongside the

rapid growth of Over-The-Top (OTT) [3] content services (e.g., TikTok, YouTube, Bilibili, Douyin), and the
increasing user preference for internet-based video over traditional television, have made video streaming
the dominant internet traffic. Statistics reveal that live streaming drives peak internet usage in the United
States, and this trend is just beginning. In 2024, the top ten traffic peak days were linked to live streaming
events [4].

This paper focuses on the real-time demands of live streaming, where users are highly sensitive to end-
to-end (E2E [5]) latency [6]—the delay between a video scene’s occurrence and its display on a user’s screen.
To ensure a high-quality experience, live streaming platforms must deliver low-latency, stable video services.
E2E latency is influenced by factors like encoding, transmission, buffering, and decoding, with the Group of
Pictures (GOP) [7] length during video encoding being a critical element.

As illustrated in Fig. 1, a live streaming video source is a continuous sequence of GOPs. A typical GOP
begins with an I-frame (intracoded frame) [8], followed by P-frames (predicted frames) [9] or B-frames
(bidirectional predicted frames) [9]. Due to latency introduced by B-frames at both encoder and decoder
ends, live streaming often uses only I-frames and P-frames. Since GOPs are processed independently, current
systems manage operations at the GOP level [10].
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Figure 1: GOP structure of video source

To address the need for users to join live streams with minimal latency, live streaming systems often
recommend a maximum GOP length. This helps ensure that viewers do not encounter significant E2E latency
when accessing a stream. In practice, many live streaming platforms advocate for a GOP size of 2 s. However,
in scenarios demanding ultra-low latency for frequent interactions between hosts and viewers, a shorter
GOP size may be necessary. For instance, Alibaba-Cloud’s live streaming service suggests a GOP length of
1 s, Tencent-Cloud recommends a keyframe interval of 1 or 2 s during streaming, and Volcano-Engine (the
service provider for TikTok) advises setting the GOP length to 1 or 2 s.

Some solutions, such as LL-DASH [11] and HESP [12], have attempted to address this issue. They involve
creating multiple streams on the server side: one with a shorter GOP for new users and another with a
longer GOP for existing users, allowing a switch between them. While innovative, these methods have
limitations for large-scale commercial use. First, they raise computational and bandwidth costs by generating
and transmitting multiple streams with different GOP sizes across server nodes, while managing dual streams
for one channel adds complexity and reduces reliability. Second, they can lower encoding efficiency for videos
with little or no global motion. Finally, these solutions mainly focus on reducing the impact of GOP length
on E2E latency, rather than eliminating it entirely.

We introduce a novel approach called Enhanced GOP Structure (EGOP). Unlike conventional GOP,
EGOP not only includes key elements like I-frames and P-frames but also integrates image data for each
frame, as shown in Fig. 2. EGOP-based streaming servers offer several benefits. First, by allowing access to
the current frame at any time, EGOP ensures superior E2E latency stability compared to existing cloud-
based live streaming services. Second, the average E2E latency of EGOP is significantly lower than that of
cloud streaming. Lastly, EGOP is fully compatible with current live streaming environments, requiring no
modifications to traditional streaming clients.

Our main contributions are as follows:

• We provide a detailed analysis of the challenges faced by major Chinese cloud-based live stream-
ing providers [13], highlighting how E2E latency is consistently affected by the GOP length of the
video source.

• We present the design of EGOP and explain how it effectively reduces the impact of video source GOP
length on E2E latency.

• We evaluate the performance of an EGOP-based streaming media server. The results demonstrate that
our solution achieves a mean E2E latency of approximately 1.35 s across various GOP lengths, with
minimal correlation between GOP length and mean E2E latency. Specifically, when the GOP length
at the video source is 10 s, the mean E2E latency is reduced by 6.93, 9.04, and 13.17 s compared to
Volcano-Engine, Alibaba-Cloud, and Tencent-Cloud live streaming services, respectively.

• We conducted comparative experiments with LL-DASH and WebRTC [14], EGOP achieves a maximum
mean E2E latency reduction of 10.566 s compared to LL-DASH and 4.965 s compared to WebRTC.
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Figure 2: Overview of EGOP-Based streaming server

2 Background

2.1 Cloud-Based Live Streaming
As a pivotal application of cloud computing technology, cloud-based live streaming leverages cloud

infrastructure [15] to enable real-time transmission, storage, and distribution of video streams. Through
its distributed architecture, the cloud live streaming platform efficiently handles video data acquisition,
encoding, transmission, and playback. This setup ensures high-quality and low-latency live streaming
experiences, even under conditions of large-scale concurrent access [16].

To ensure generality, we selected three prominent Chinese commercial cloud live streaming platforms:
Alibaba-Cloud, Tencent-Cloud, and Volcano-Engine (see Table 1). For our experiments, we configured the
setup using the RTMP protocol with H.264 [17] for video pushing and adopted HTTP-FLV [18] with H.264
for live content streaming. To maintain compatibility in this study, the output video stream of EGOP is
formatted in HTTP-FLV, as demonstrated in the provided sample code.

Table 1: Overview of the cloud live streaming providers under study

Cloud live streaming provider Push protocol Video Codec Playback protocol
Alibaba-cloud live streaming RTMP H.264 HTTP-FLV
Tencent-cloud live streaming RTMP H.264 HTTP-FLV

Volcano-engine live streaming RTMP H.264 HTTP-FLV

2.2 HTTP-FLV
HTTP-FLV is a video streaming format based on the HTTP protocol, widely used in low-latency

live streaming scenarios. By encapsulating FLV [19] within HTTP, it facilitates rapid video transmission,
making it a preferred choice for real-time streaming platforms. Its low-latency characteristic ensures excellent
performance in interactive live broadcasts. Currently, major platforms such as Douyin (the Chinese version
of TikTok), Kuaishou, and Douyu employ the HTTP-FLV format for live streaming. In this study, EGOP also
adopts this format.
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2.3 Video Coding
High frame rates [20] (typically, 30 frames per second suffice for representing motion, though fast-

changing content may require 60 FPS) and high-resolution uncompressed video data demand significant
bandwidth, often exceeding the capacity of public networks. Compression is therefore essential. Several
standards, such as MPEG [21], H.264, H.265 [22], and AV1 [23], enable comparable image quality with
fewer bits.

H.264, also known as AVC [24], is a widely recognized video encoding standard that employs both intra-
frame and inter-frame compression techniques. It achieves high efficiency through predictive coding and
transform coding [25]. This standard offers remarkable adaptability, supporting a broad range of resolutions
and bitrates, and is extensively used in video conferencing, streaming, and broadcasting. In our study, we
consistently utilize H.264 for video encoding.

2.4 E2E Latency
E2E latency in cloud-based live streaming refers to the total delay incurred during the entire process,

from content capture, encoding, and transmission to decoding and rendering on the user’s device. It serves
as a critical metric for evaluating the smoothness and responsiveness of the live streaming experience.

Fig. 3 depicts the primary process for measuring E2E latency. We employed Open Broadcaster Software
(OBS), one of the most popular streaming tools, to push video sources. OBS offers flexibility in adjusting GOP
length and supports concurrent streaming. For playback of the live video stream, we used the open-source
FFMPEG suite. Notably, both streaming and playback were conducted on the same personal computer (PC),
enabling a direct comparison of the time difference between the video source capture window and the live
stream playback window, thus facilitating accurate E2E latency measurement.

Figure 3: The methodology used to measure E2E latency

To achieve low E2E latency, cloud streaming providers often require users to set a smaller GOP size.
This is because the streaming server must transmit all video frames from the latest GOP to new viewers.
Upon receiving the first frame, the user must decode and display it immediately. However, subsequent frames
received from the server are placed into the playback buffer. In the worst-case scenario, E2E latency increases
by the full GOP duration. For instance, with a GOP size of 8 s, the streaming server may have already cached
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7.9 s of the latest GOP. When a new viewer joins, the server sends all 7.9 s of cached video frames, and the
viewer begins playback from the first frame of the GOP. Consequently, the E2E latency is extended by nearly
the entire GOP size, i.e., 7.9 s. In practice, to mitigate latency in live streaming, providers often recommend
setting the GOP size to 1 s.

Current cloud-based streaming platforms attempt to minimize the impact of video source GOP length
on E2E latency by enforcing a smaller GOP size, thereby achieving lower latency. However, this approach
does not fully eliminate the issue. Therefore, developing an enhanced solution to completely remove the
influence of the video source’s GOP length on live stream E2E latency remains a critical need.

2.5 Pearson Correlation Analysis
Pearson correlation analysis [26] is a widely adopted statistical method for evaluating the strength and

direction of the linear relationship between two variables. In this study, we employed the Pearson correlation
coefficient [27] to investigate the relationship between GOP length at the video source and E2E latency. The
formula for calculating the Pearson correlation coefficient is given in Eq. (1).

r = ∑n
i=1(Xi − X̄)(Yi − Ȳ)√

∑n
i=1(Xi − X̄)2∑n

i=1(Yi − Ȳ)2
(1)

where Xi and Yi denote the observed values of the independent and dependent variables, respectively; X
and Y represent the sample means of the independent and dependent variables; and n is the sample size.

The value of r ranges from −1 to +1, with the following interpretations:

• r = +1 signifies a perfect positive linear relationship between the two variables;
• r = −1 indicates a perfect negative linear relationship between the two variables;
• r = 0 suggests no linear relationship between the two variables.

3 Related Works
Research on low-latency streaming technology has driven the development of efficient streaming

server solutions, particularly for the gaming and interactive streaming industries. Recent studies have
predominantly focused on video transmission optimization [28] and GOP-related optimizations.

In the domain of video streaming transmission optimization, significant efforts have been made to
improve the overall quality of experience (QoE). Yang et al. [29] proposed a novel distributed HTTP
live streaming rate control mechanism. Their Distributed Multisource Rate Control Algorithm (DMRCA)
enables both video providers and consumers to dynamically select the optimal stream rate independently,
without the need for centralized control. Wang et al. [30] introduced DeeProphet, a system designed
to enhance low-latency live streaming performance through accurate bandwidth prediction. DeeProphet
leverages TCP state information to detect intervals between consecutive packet transmissions, thereby
collecting reliable bandwidth samples. It robustly estimates segment-level bandwidth by filtering out noise
samples and predicts significant changes and uncertain fluctuations in future bandwidth using time-series
analysis and machine learning-based approaches. Compared to state-of-the-art low-latency adaptive bitrate
(ABR) algorithms, DeeProphet improves the overall QoE by 39.5%. Additionally, Niu et al. [31] developed a
dual-buffer nonlinear model that provides a more objective and accurate evaluation of stalling in HTTP-FLV
live streaming videos.

DASH-IF et al. [11] proposed Low-Latency DASH (LL-DASH), introducing the concept of chunks,
which divide traditional DASH segments into smaller units. These finer-grained chunks can be downloaded
and buffered by the browser using HTTP/1.1 chunked transfer encoding, even before the complete segment
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is generated, thereby reducing live streaming latency. While this approach resolves the issue of segments
being unusable by clients during their generation, the E2E latency remains limited by the GOP length at the
video source.

Pieter-Jan et al. [12] introduced HESP, a protocol that employs two streams for each video source: an
initialization stream and a continuation stream. The initialization stream consists solely of I-frames, allowing
new viewers to join at any time. Subsequently, viewers are switched to the continuation stream, which can
be encoded with a larger GOP size.

Unlike LL-DASH, EGOP is built on the HTTP-FLV protocol, enabling live video streaming to users
without relying on segment-based transmission. Moreover, EGOP eliminates the impact of GOP length at
the video source on E2E latency by utilizing an auxiliary decoder, a minimal buffer, and a temporary encoder.
In contrast, LL-DASH has yet to address the latency issues caused by GOP length.

The primary distinction between EGOP and HESP lies in their design and implementation. HESP is
a proprietary commercial streaming protocol that achieves low-latency live streaming by combining two
video streams, necessitating licensing and support from the HESP Alliance. Conversely, EGOP is based on
RTMP and HTTP-FLV, ensuring compatibility with existing live streaming ecosystems without the need for
auxiliary streams or additional infrastructure.

The proposed EGOP reduces E2E latency by leveraging an auxiliary decoder to build a small cache
during streaming and using this cache with a temporary encoder to return the current frame upon a new
playback request, thereby avoiding the need to retransmit the entire GOP.

EGOP effectively tackles the challenge of balancing low-latency live streaming with large GOP sizes at
video sources, without modifying the existing transmission methods of the video source. Most live streaming
platforms that rely on RTMP and HTTP-FLV can benefit from this approach. To the best of our knowledge,
no prior work has implemented a similar method.

4 Impact of GOP Length on Cloud-Based Live Streaming E2E Latency
To gain a deeper understanding of how video source GOP length affects the E2E latency of main-

stream cloud-based streaming platforms, we conducted a two-part evaluation. This evaluation examines the
fluctuations in E2E latency under a fixed GOP length and analyzes the impact of varying GOP lengths on
E2E latency.

4.1 Dataset
To investigate the effect of GOP length on E2E latency in traditional cloud-based live streaming,

we selected three commercial cloud streaming providers—Alibaba Cloud, Tencent Cloud, and Volcano
Engine—to construct our dataset. As illustrated in Fig. 3, we collected E2E latency data using the following
procedure: First, we set the GOP length of the video source to 1 s in the OBS software and initiated the stream.
Then, for each streaming platform, we used FFmpeg to play 150 live streams and record the corresponding
E2E latency. Subsequently, we adjusted the GOP length to 2 s and repeated the process. This procedure was
iterated until the GOP length reached 10 s (Note: Alibaba Cloud rejects video streams when the GOP length
exceeds 10 seconds; therefore, in this study, the maximum GOP length was limited to 10 s.) Through this
method, we compiled a comprehensive dataset. Our dataset has been made publicly available on GitHub
(https://github.com/zhoukunpeng504/EGOP-dataset) (accessed on 18 August 2025).

https://github.com/zhoukunpeng504/EGOP-dataset
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4.2 Fluctuations in E2E Latency
To evaluate the variability of E2E latency under fixed GOP lengths, we analyzed the results of 150 E2E

latency measurements for video source GOP lengths of 1, 2, and 3 s.
Fig. 4 illustrates the performance of various cloud streaming platforms under fixed GOP lengths.

We observed that the E2E latency data exhibit fluctuations within a specific range across all platforms,
including Alibaba-Cloud, Tencent-Cloud, and Volcano-Engine. Furthermore, Fig. 4a–c reveals that, while
the fluctuation ranges vary among cloud service providers for the same GOP length, the range of fluctuation
tends to increase significantly as the GOP length increases.

Figure 4: E2E latency performance of different cloud-based live streaming platforms with GOP lengths set to 1, 2, or
3 s, featuring 150 E2E latency data points for each configuration
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The underlying cause of the inherent fluctuations in E2E latency in traditional cloud-based live
streaming platforms lies in the requirement for the streaming server to transmit the complete cached
GOP [32] when a viewer joins a stream. Without the entire GOP, the viewer cannot decode the video frames
correctly. Typically, the first frame received by the client upon playback is the initial frame of the current
GOP, known as the I-frame. As illustrated in Fig. 5a, when the cached GOP length is short, the E2E latency
tends to be near the lower bound of the fluctuation range. Conversely, as depicted in Fig. 5b, when the GOP
length is longer, the E2E latency often approaches the upper bound of the fluctuation range.

Figure 5: Video frames received by viewers when joining cloud-based live streaming at different time points

As shown in Fig. 4, an increase in GOP length is associated with a corresponding rise in E2E latency,
suggesting a potential relationship between these two factors. A comprehensive analysis of the impact of
varying GOP lengths on latency will be provided in the subsequent subsection.

4.3 Impact of GOP Length Variation on Mean E2E Latency
Referring to Section 4.2, in traditional cloud-based live streaming platforms, although the GOP length

at the video source remains constant, the measured E2E latency exhibits fluctuations within a specific range.
To provide a more accurate evaluation of E2E latency, we define Latenc y150, which represents the average of
150 E2E latency measurements (see Eq. (2)).

Latenc y150 =
1

150

150
∑
i=1

l atenc yi (2)

Here, l atenc yi denotes the E2E latency recorded during the ith experiment. Throughout this paper, all
mentions of mean E2E latency refer to Latenc y150.

Fig. 6 presents the variation in mean E2E latency for three major cloud-based live streaming platforms
as the GOP length ranges from 1 to 10. The horizontal axis indicates the GOP length at the video source (in
seconds), while the vertical axis represents the mean E2E latency (in seconds). The results demonstrate that,
for each cloud streaming provider, the mean E2E latency consistently increases with longer GOP lengths.
To quantitatively evaluate this relationship, we computed the Pearson correlation coefficient, with the results
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summarized in Table 2. The table indicates a strong positive linear correlation between the GOP length at
the video source and the mean E2E latency.

Figure 6: Mean E2E latency across various cloud-based live streaming platforms. (a), (b), and (c) illustrate the mean
E2E latency for Alibaba-Cloud, Tencent-Cloud, and Volcano-Engine, respectively, under different GOP lengths at the
video source

Table 2: Pearson correlation between GOP length at video sources and mean E2E latency

Cloud Platform r
Alibaba-cloud live streaming 0.998
Tencent-cloud live streaming 0.994

Volcano-engine live streaming 0.999

Furthermore, we explore the relationship between GOP length and mean E2E latency using unary linear
regression analysis [33]. Eq. (3) models the relationship between GOP length (x) at the video source and
mean E2E latency (y) for Alibaba-Cloud. Similarly, Eqs. (4) and (5) represent the corresponding relationships
for Tencent-Cloud and Volcano-Engine, respectively.

y = 0.5x + 5.31 (3)
y = 1.39x + 1.64 (4)
y = 0.5x + 3.26 (5)

Our analysis confirms a strong positive linear correlation between mean E2E latency and GOP length
at the video source across these cloud-based live streaming platforms. As GOP length increases, the mean
E2E latency rises significantly.
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4.4 Summary
Here, we analyzed the impact of GOP length at the video source on the E2E latency of cloud-based live

streaming platforms. Before delving into the detailed description of EGOP, we outline the primary design
objectives of EGOP as follows:
• To reduce fluctuations in E2E latency
• To achieve superior E2E latency performance, ensuring that E2E latency remains independent of

GOP length.

5 EGOP Design

5.1 Overview
As discussed in Section 4, for current live streaming services offered by cloud providers [34], both the

stability and the average value of E2E latency are significantly affected by the GOP length at the video source.
Therefore, exploring methods to mitigate or even eliminate this dependency is of great importance and poses
a substantial challenge.

5.2 Construction of EGOP
In a conventional GOP, only video frames are included. In contrast, the EGOP structure incorporates

corresponding image data for each frame, as illustrated in Fig. 7.

Figure 7: Comparison between EGOP and GOP. EGOP includes additional image information for each frame
compared to GOP. Ii j and Pi j represent the I-frame and P-frame of the i-th GOP, respectively, while I′i j and P′i j denote
the decoded image objects generated from Ii j and Pi j , respectively

As outlined in Algorithm 1 and illustrated in Fig. 8, the construction of EGOP requires an auxiliary
decoder and a minimal memory buffer. The EGOP is constructed through the following steps:

(1) Upon receiving the video stream (denoted as input_stream) from the video source, the streaming
service initializes an empty buffer (denoted as egop) for EGOP and an auxiliary video decoder (denoted as
v_decoder).
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Figure 8: Flowchart of the EGOP construction process

(2) For each new frame received (denoted as f rame), the streaming service decodes it into an image
object (denoted as f rame_image).

(3) If the frame is an I-frame, the egop buffer is cleared, and a tuple containing f rame and
f rame_image is appended to egop. If the frame is a P-frame, the tuple is directly appended to egop.

The egop variable in Algorithm 1 represents a small memory buffer. For instance, with a video source
configured in OBS with a GOP length of 10 s and a frame rate of 30 frames per second, the maximum length
of the EGOP buffer would be 300 frames.

Algorithm 1: Generation of the EGOP structure from the video source stream
Initialize: target EGOP structure egop, video source stream input_stream
1: egop = []
2: v_decoder = create_video_deocder()
3: while input_stream is not Finished do
4: f rame = input_stream.demux()
5: f rame_image = v_decoder.decode( f rame)
6: if frame.type is I-Frame then
7: egop.clear()
8: end if
9: egop.append([ f rame , f rame_image])
10: end while
11: egop.destroy()
12: v_decoder.destroy()

5.3 Frame Generation with EGOP
By leveraging the image information associated with each frame in the EGOP structure, we enhance the

process by which the streaming server delivers frames to new viewers upon joining. EGOP delivers video
frames sequentially to new viewers, as described in Algorithm 2. A temporary encoder is instantiated for
each playback request and is terminated upon receiving the first I-frame from the memory buffer (denoted
as egop in Algorithm 1), typically operating for only a few seconds.
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Algorithm 2: Utilize EGOP to directly return the current frame to new visitors, thereby avoiding additional
delays caused by GOP length
Initialize: target EGOP structure egop, the stream for new visitor out_stream
1: tmp_encoder = create_video_encoder()
2: f irst_gop_ended = f al se
3: while out_stream is not Finished do
4: current_ f rame , current_ f rame_image = egop.pop()
5: if current_ f rame .type is I-Frame then
6: if f irst_gop_ended is false then
7: f irst_gop_ended = true
8: tmp_encoder.destor y()
9: end if
10: end if
11: if f irst_gop_ended is true then
12: target_ f rame = current_ f rame
13: else
14: target_ f rame = tmp_encoder.encode(current_ f rame_image)
15: end if
16: out_stream.mux(target_ f rame)
17: end while

To aid in understanding Algorithm 2, we will detail the step-by-step process of generating the first I-
frame and subsequent frames using EGOP when a new visitor arrives and both the current and next frames
are P-frames (as shown in Fig. 9).

1. The EGOP-based streaming service receives a new request and creates a video stream object named
out_stream for the new visitor.

2. The streaming service creates a temporary encoder named tmp_encoder and initializes a variable
f irst_gop_ended to mark whether the first GOP has been processed.

3. The streaming service retrieves the current frame (P11) and its corresponding image object (P′11) from
EGOP, naming them current_ f rame and current_ f rame_image, respectively.

4. The type of current frame is obtained using the current_ f rame .type method, which indi-
cates that it is a P-frame. The tmp_encoder.encode method encodes the corresponding image
current_ f rame_image), resulting in target_ f rame, which is now an I-frame (the encoder always
returns an I-frame when encoding the first image object).

5. The target_ f rame is written to out_stream, allowing the user to see the first frame.
6. The streaming service retrieves the next frame (P12) and its corresponding image object (P′12) from

EGOP again, naming them current_frame and current_frame_image.
7. The current_ f rame .type method indicates that it is a P-frame. The tmp_encoder.encode method

encodes current_ f rame_image, resulting in target_ f rame, which is now a P-frame (the encoder
typically returns a P-frame when encoding the second image object).

8. The target_ f rame is written to out_stream, allowing the user to see the second frame.
9. The streaming service retrieves the next frame (P13) and its corresponding image object (P′13) from

EGOP again, naming them current_frame and current_frame_image.
10. The current_ f rame .type method indicates that it is a P-frame. The tmp_encoder.encode method

encodes current_ f rame_image, resulting in target_ f rame, which is now a P-frame.
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11. The target_ f rame is written to out_stream, allowing the user to see the third frame.
12. The streaming service retrieves the next frame (I21) and its corresponding image object (I′21) from

EGOP again, naming them current_frame and current_frame_image.
13. The current_ f rame .type method indicates that it is an I-frame. At this point, the variable

f irst_gop_ended is set to true, and the temporary encoder tmp_encoder is subsequently
destroyed. The value of I21 is assigned to target_ f rame

14. The target_ f rame is written to out_stream, allowing the user to see the fourth frame.

Figure 9: When the current frame is P11 and a new visitor arrives, it is a P-frame, and the next frame is also a P-frame

5.4 How EGOP Reduces E2E Latency
This innovation ensures nearly constant E2E latency for video stream requests at any time, with the

underlying principle as follows:
We define the GOP length of the video source as x, which contains n video frames. Additionally, we

introduce l atenc ygo p to represent the additional E2E latency caused by the GOP structure.
As shown in Fig. 10, if a new viewer requests a video stream at time t1, since the current frame IFrame11

at this time in the EGOP is an I-Frame, the streaming service returns IFrame11 directly. The additional
latency introduced due to the impact of the GOP can be expressed as Eq. (6).

l atenc ygo p
t1
= t1 − t1 = 0 (6)

If the video stream is requested at time t2, since the current frame PFrame12 in the EGOP is a P-Frame,
we immediately retrieve the corresponding image object Image12 from the EGOP. An H.264 decoder [35],
denoted as Decoderh264, is then created to encode Image12 into IFrame′11, which is returned to the viewer.
Subsequently, using Decoderh264, the frames PFrame′12, PFrame′13, and PFrame′1n are returned in sequence.
The additional latency at this point is expressed as Eq. (7).

l atenc ygo p
t2
= (t2 − t2) = 0 (7)

Similarly, if the video stream is requested at time t3, the additional delay at this point is expressed
as Eq. (8).

l atenc ygo p
t3
= (t3 − t3) = 0 (8)
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Figure 10: EGOP structure and its practical application example. Viewer A begins requesting the live stream
at time t1; Viewer B starts requesting the live stream at time t2; Viewer C at time t3; and Viewer N at time tn

If a video stream is requested at time tn , and the current frame PFrame1n in the EGOP is a P-Frame,
the associated image object Image1n is retrieved from the EGOP for the first time. Subsequently, an H.264
decoder, represented as Decoderh264, is instantiated to encode Image1n into IFrame′′′1n , which is then
delivered to the requester. The additional delay incurred at this stage is formulated in Eq. (9).

l atenc ygo p
tn
= (tn − tn) = 0 (9)

When a new viewer joins, EGOP can instantly deliver the current frame without needing to transmit the
entire cached GOP, thus avoiding the additional E2E latency resulting from the video source’s GOP length.
However, theoretical justification alone is inadequate.Its outstanding performance is showcased through
experimental data in Section 6.3.

5.5 Privacy and Security Protection
Due to the integration of a temporary decoder in EGOP (as detailed in Algorithm 1), a limited number of

recent user video frames are briefly retained within EGOP. To safeguard security and privacy, EGOP adheres
to the following design principles:

• In single-process implementations, EGOP’s data are stored exclusively in runtime memory and are
strictly prohibited from being written to any form of persistent external storage. The implementation
employed in this study complies with this principle.

• For distributed implementations where distributed memory (e.g., Redis [36]) is required, the following
conditions must be met:
– The distributed memory must be protected with robust encryption mechanisms.
– EGOP’s data must be stored in an encrypted format.
– Memory blocks must support automatic expiration to ensure that data are automatically deleted

immediately after a user terminates their video stream.
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6 EGOP Performance Evaluation
Here, we assess the performance of the EGOP design with a focus on E2E latency metrics. We begin

by outlining the experimental setup employed to acquire the dataset. Subsequently, we provide a detailed
evaluation to determine whether EGOP’s E2E latency surpasses that of existing solutions.

6.1 Dataset
To assess the performance of EGOP, we developed a lightweight HTTP-FLV streaming service based

on the EGOP framework. The source code for this implementation is publicly available on GitHub (https://
github.com/zhoukunpeng504/EGOP-stream-server) (accessed on 18 August 2025). This service enables
video stream pushing via RTMP [37] and supports playback of live video streams through HTTP-FLV.

We evaluated the E2E latency using the methodology outlined in Section 4.1. Initially, we configured
the GOP length to 1 s in OBS and initiated the video stream push. The live stream was played 150 times, with
E2E latency recorded for each session. Subsequently, the GOP length was adjusted to 2 s, and the live stream
was played an additional 150 times, with latency measurements collected again. This procedure was repeated
incrementally until the GOP length reached 10 s, resulting in a comprehensive dataset.

6.2 Fluctuations in E2E Latency
The primary question addressed in this subsection is whether the E2E latency fluctuations of the EGOP-

based streaming service outperform those of traditional cloud-based streaming platforms.
To address this question, we analyzed the E2E latency data of the EGOP-based streaming server with

GOP lengths set to 1, 2, and 3 s at the video source, as illustrated in Figs. 4 and 11. Our observations indicate
that, with a GOP length of 1 s, the E2E latency data exhibited greater stability compared to that of traditional
cloud-based live streaming services. Moreover, this stability was consistently maintained even when the GOP
length was increased to 2 or 3 s.

To further evaluate the stability of E2E latency between the EGOP-based service and traditional
cloud-based live streaming platforms, we quantified the variance [38] of E2E latency, denoted as σ 2

l atenc y ,
using Eq. (10).

σ 2
l atenc y =

∑150
i=1(l atenc yi − ¯l atenc y)2

150 − 1
(10)

This variance (σ 2
l atenc y) serves as a measure of E2E latency fluctuations. A smaller variance indicates

lower fluctuations and thus greater stability in E2E latency, whereas a larger variance suggests higher
fluctuations and reduced stability.

https://github.com/zhoukunpeng504/EGOP-stream-server
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Figure 11: E2E latency performance of the EGOP-based streaming server. (a) displays the E2E latency data for 150 trials
when the GOP length of the video source is 1 s. (b) and (c) depict the E2E latency data for GOP lengths of 2 and 3 s,
respectively

Fig. 12 and Table 3 present the E2E latency variance for major cloud-based live streaming platforms
alongside our proposed EGOP-based streaming solution. It is evident that the E2E latency variance varies
significantly across different cloud streaming platforms. In all evaluated scenarios, the EGOP-based live
streaming system demonstrates substantially lower E2E latency variance compared to traditional cloud-
based providers. Moreover, the EGOP-based solution proposed in this study maintains a variance close to
zero across all GOP lengths at the video source, indicating exceptional stability in performance.

These results confirm that the E2E latency stability of the EGOP-based system significantly surpasses
that of cloud-based live streaming platforms (e.g., Alibaba Cloud, Tencent Cloud, and Volcano Engine).
This superior performance is attributed to the innovative design of the EGOP-based streaming server, which
leverages the EGOP structure to enable instantaneous retrieval of the current frame at any given moment.
Consequently, it eliminates the need to retrieve an entire cached GOP, thereby avoiding additional delays
caused by GOP length at the streaming source and ensuring consistent performance.
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Figure 12: Variance of E2E latency performance for mainstream cloud-based live streaming platforms and the EGOP-
based streaming server proposed. (a) Variance of E2E latency for Alibaba Cloud live streaming at different video source
GOP lengths. (b), (c), and (d) correspond to Tencent Cloud, Volcano Engine, and the proposed EGOP-based live
streaming, respectively

Table 3: Comparison of variance and standard deviation of E2E latency for EGOP, Alibaba-Cloud, Tencent-Cloud, and
Volcano-Engine across different GOP lengths. The best results are emphasized in bold

GOP length Service provider σ 2
l ate nc y Standard deviation

1 Alibaba-Cloud 0.0908 0.3013
Tencent-Cloud 0.0782 0.2797
Volcano-Engine 0.0880 0.2967

EGOP 0.0010 0.0319
2 Alibaba-Cloud 0.3344 0.5782

Tencent-Cloud 0.3283 0.5730
Volcano-Engine 0.3442 0.5867

EGOP 0.0008 0.0291

(Continued)
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Table 3 (continued)

GOP length Service provider σ 2
l ate nc y Standard deviation

3 Alibaba-Cloud 0.7523 0.8674
Tencent-Cloud 1.5661 1.2514
Volcano-Engine 0.7429 0.8619

EGOP 0.0007 0.0260
4 Alibaba-Cloud 1.3279 1.1523

Tencent-Cloud 1.3576 1.1652
Volcano-Engine 1.3478 1.1609

EGOP 0.0008 0.0281
5 Alibaba-Cloud 2.0932 1.4468

Tencent-Cloud 2.0930 1.4467
Volcano-Engine 2.0653 1.4371

EGOP 0.0006 0.0253
6 Alibaba-Cloud 2.9659 1.7222

Tencent-Cloud 3.0153 1.7365
Volcano-Engine 3.0096 1.7348

EGOP 0.0006 0.0253
7 Alibaba-Cloud 4.0947 2.0235

Tencent-Cloud 4.1952 2.0482
Volcano-Engine 3.9053 1.9762

EGOP 0.0005 0.0233
8 Alibaba-Cloud 5.3570 2.3145

Tencent-Cloud 5.5526 2.3564
Volcano-Engine 5.3870 2.3210

EGOP 0.0006 0.0253
9 Alibaba-Cloud 6.8012 2.6079

Tencent-Cloud 11.1634 3.3412
Volcano-Engine 6.7402 2.5962

EGOP 0.0008 0.0289
10 Alibaba-Cloud 8.3517 2.8899

Tencent-Cloud 19.5138 4.4174
Volcano-Engine 8.3439 2.8886

EGOP 0.0005 0.0234

6.3 Impact of GOP Length Variation on Mean E2E Latency
As illustrated in Fig. 11, our initial observations suggest that the E2E latency of the EGOP-based system

is largely insensitive to variations in GOP length. This finding prompts the question of whether EGOP can
maintain nearly identical E2E latency across arbitrary GOP lengths. Addressing this question will further
reinforce our confidence in the substantial potential of EGOP to minimize E2E latency effectively.

To further explore the influence of the video source’s GOP length, we analyzed the mean E2E latency
values across various GOP configurations. As presented in Table 4, it is evident that EGOP achieves lower
E2E latency compared to cloud-based streaming solutions for shorter GOP lengths at the video source. This
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advantage becomes more pronounced as the GOP length increases. Additionally, we observed that the mean
E2E latency of EGOP remains consistently stable at approximately 1.35 s.

Table 4: Comparison of mean E2E latency between EGOP, Alibaba-Cloud, Tencent-Cloud, and Volcano-Engine across
different GOP lengths, all data in the table is expressed in seconds

GOP length EGOP Alibaba-Cloud Tencent-Cloud Volcano-Engine
1 1.353 5.799 2.774 3.779
2 1.356 6.345 4.321 4.262
3 1.348 6.802 5.432 4.745
4 1.343 7.411 7.249 5.265
5 1.351 7.796 8.778 5.713
6 1.352 8.342 10.323 6.230
7 1.352 8.605 11.988 6.620
8 1.352 9.381 13.229 7.192
9 1.351 9.804 14.113 7.771
10 1.357 10.396 14.520 8.283

We employed linear regression to model the relationship between mean E2E latency and GOP length,
where x denotes the GOP length of the video source (in seconds) and y represents the mean E2E latency. As
illustrated in Eq. (11), the analysis reveals that the effect of GOP length on mean E2E latency is minimal and
can be regarded as negligible.

y = 0.00024x + 1.35 (11)

The results confirm that variations in GOP length at the video source have negligible impact on the
mean E2E latency of EGOP. Consequently, EGOP exhibits superior low-latency performance compared to
existing cloud-based solutions.

6.4 Comparative Analysis with LL-DASH and WebRTC
To acquire comparative data on the low-latency performance of LL-DASH, WebRTC, and EGOP, we

conducted E2E latency experiments for both LL-DASH and WebRTC. The experimental setup closely aligns
with the methodology outlined in Section 4.1, with the key difference being the playback mechanisms: LL-
DASH utilizes dash.js [39] for live stream playback, whereas WebRTC is implemented using TCPlayer [40].
Detailed information regarding the LL-DASH and WebRTC providers is presented in Table 5.

Table 5: Details of LL-DASH and WebRTC streaming service providers

Cloud provider Streaming protocol Playback protocol Player
Byteplus [41] RTMP LL-DASH dash.js

TencentCloud WebRTC WebRTC TCPlayer

Table 6 presents a comparison of the mean E2E latency for EGOP, LL-DASH, and WebRTC across
varying GOP lengths. EGOP consistently outperforms both LL-DASH and WebRTC at all GOP evaluated
lengths, achieving a maximum latency reduction of 10.566 s compared to LL-DASH and 4.965 s compared
to WebRTC.
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Table 6: Comparison of mean E2E latency for EGOP, LL-DASH, and WebRTC across different GOP lengths

GOP length EGOP LL-DASH WebRTC
1 1.354 8.658 1.373
2 1.356 7.719 2.424
3 1.349 7.778 2.591
4 1.343 6.752 3.189
5 1.352 6.754 3.853
6 1.352 10.617 4.389
7 1.352 9.784 4.880
8 1.352 8.868 5.510
9 1.351 10.114 5.796
10 1.357 11.923 6.322

6.5 PSNR Evaluation
As described in Section 5.3 and Algorithm 2, when a new viewer joins a live stream and the current frame

is a P-frame, EGOP employs a temporary encoder to re-encode this P-frame as an I-frame. Subsequently, it
encodes all consecutive P-frames until the next I-frame is encountered.

To assess the impact of this encoding strategy on video quality, we used the video sources listed in Table 7
to simulate a scenario in which a user joins at the first P-frame. The configuration of the temporary encoder
utilized by EGOP is detailed in Table 8.

Table 7: The video source is used for PSNR evaluation and comprises 1800 frames, structured into Groups of Pictures
(GOPs) every 300 frames. Each GOP begins with an I-frame (the first frame), followed by 299 P-frames. The user
initiates playback at frame 2 and continues until frame 1800, thus receiving a total of 1799 frames. As illustrated in
Algorithm 2, the entire playback process requires the temporary encoder to encode 299 P-frames

Duration Frame rate GOP length Total frames Frame types Codec Bitrate
60 s 30 fps 10 s 1800 I-Frame, P-Frame H.264 1250 bps

Table 8: Temporary encoder configuration used by EGOP for PSNR evaluation

Encoder Tune Preset Frame rate Level CRF Threads Profile Bitrate
H.264 zerolatency ultrafast 30 fps 4.2 10 10 High 1250 bps

Fig. 13 illustrates the PSNR variations across 1799 video frames generated by EGOP under the evaluated
conditions. We observed that the PSNR for frames 1 to 299 is approximately 60 dB, with an average PSNR of
62.945 dB during this period. For frames 300 to 1799, the PSNR remains consistently at 100 dB.

Since images are considered visually indistinguishable from the original when the PSNR exceeds 50 dB,
we conclude that EGOP does not compromise the quality of the live stream during its operation.
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6.6 Player Compatibility Evaluation
The EGOP-based streaming server implementation used in this study outputs live streams in HTTP-

FLV format. Due to the high compatibility of HTTP-FLV, all players listed in Table 9 were subjected to
compatibility testing.

Figure 13: PSNR variation across 1799 video frames generated by EGOP for new viewers. A PSNR value of 100 dB
indicates that the image is identical to the original

Table 9: Compatibility evaluation results for the EGOP implementation using the HTTP-FLV protocol

Platform Players
Chrome 137.0.7151.122 flv.js [42]

jessibuda [43]
Safari 18.3 flv.js

jessibuda
Firefox 140.0.4 flv.js

jessibuda
Microsoft Edge 138.0.3351.83 flv.js

jessibuda
Windows 10 VLC [44]

ffmpeg
Macos 13.7.4 VLC

ffmpeg
Ubuntu 22.04 VLC

ffmpeg

Given the widespread support for HTTP-FLV among cloud-based live streaming providers in China, it
is theoretically expected that all modern browsers and FFmpeg-based players will pass compatibility testing.
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6.7 Computational and Storage Overhead Analysis
As described in Section 5.2, EGOP requires additional decoding operations, leading to increased

computational and storage overhead. To quantify these overheads, we deployed our EGOP server program
on a Linux server using Docker (Docker image: zhoukunpeng505/egop_rtmp:2025-0711, available on Docker
Hub) and monitored its CPU and memory usage in a real-world scenario.

The server configuration is detailed in Table 10, while the core configuration for OBS streaming is
presented in Table 11. The experiment proceeded as follows: We first started the server program, and one
minute later, OBS began pushing the video stream. At the fourth minute, the first viewer started playing the
live stream; by the seventh minute, a second viewer joined the stream; at the tenth minute, both viewers
simultaneously stopped playback; and the experiment concluded at the thirteenth minute. The experimental
data are illustrated in Fig. 14.

Table 10: Linux server configuration

Operating system CPU Memory Disk Docker version
Ubuntu 22.04 i3-10100 (4 cores, 8 threads) 32 GB (DDR4) 256 GB SSD 26.1.3

Table 11: Core configuration for OBS when pushing streams

Resolution Encoder Bitrate control Bitrate GOP length Profile Tune
1920 × 1080 ×264 CBR 1250 Kbps 10 s Baseline Zerolatency

Figure 14: CPU and memory overhead of the EGOP-based streaming server during video stream pushing and live
stream playback. (a) represents the CPU overhead, and (b) represents the memory overhead. The short-term peaks
within the red box indicate the additional CPU and memory overhead introduced by tmp_encoder in Algorithm 2

We observed that after OBS began streaming, both CPU and memory overheads increased significantly.
Each viewer playing the live stream incurs additional overhead, which dissipates automatically once the
viewer leaves.
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By analyzing the raw experimental data from the first to the fourth minute and from the tenth to the
thirteenth minute, we calculated the average CPU and memory overhead of Algorithm 1 during the pushing
of a 1080p video stream, as shown in Eq. (12).

⎧⎪⎪⎨⎪⎪⎩

Costc pu = 0.516 cores
Costmem = 0.039 GB

(12)

As shown in Fig. 14, brief peaks in CPU and memory usage occur when new viewers join, attributed to
the CPU and memory consumption during the operation of tmp_decoder in Algorithm 2. We calculated
the CPU and memory consumption during this phase, as shown in Eq. (13).

⎧⎪⎪⎨⎪⎪⎩

Cost′c pu = 0.344 cores
Cost′mem = 0.025 GB

(13)

Although EGOP introduces a small amount of additional CPU and memory overhead, this can be
further mitigated by using efficient programming languages and hardware decoding techniques. We plan to
focus on minimizing these overheads in future work.

6.8 Summary
The evaluation results of the EGOP-based streaming server can be summarized as follows:
With a fixed GOP length, the E2E latency remains stable, with variance approaching zero. This stability

surpasses that of cloud-based live streaming solutions.
When the GOP length varies, the mean E2E latency remains constant at approximately 1.35 s, unaf-

fected by changes in GOP length, ensuring superior real-time performance compared to cloud-based live
streaming solutions.

In experiments conducted with EGOP, each 1080p video source incurs a CPU overhead of 0.516 cores
and a memory overhead of 0.039 GB. Considering the significant improvements in low-latency performance,
EGOP demonstrates substantial engineering potential.

7 Discussion

7.1 How to Apply EGOP
We provide a Python-based implementation of EGOP, supporting video stream pushing via OBS

and playback through the HTTP-FLV protocol. The code is open-source on GitHub (https://github.com/
zhoukunpeng504/EGOP-stream-server) (accessed on 18 August 2025). To facilitate rapid deployment and
reproducibility, a Docker image is also available (https://hub.docker.com/r/zhoukunpeng505/egop_rtmp)
(accessed on 18 August 2025).

This implementation includes the complete workflows described in Algorithms 1 and 2, with all code
publicly accessible. We recommend using this implementation as a reference for adapting existing streaming
infrastructures to mitigate additional E2E latency caused by GOP length on the publishing side.

7.2 Building a Scalable EGOP Application
When applying EGOP to live streaming scenarios with large-scale audience loads, we recommend

adopting the architecture depicted in Fig. 15. This design helps mitigate potential performance bottlenecks
while ensuring on-demand scalability. The core components of this architecture are described below:

https://github.com/zhoukunpeng504/EGOP-stream-server
https://hub.docker.com/r/zhoukunpeng505/egop_rtmp
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• Scalable Decoding Service: This service delivers general decoding capabilities for the v_decoder
component in Algorithm 1. It is deployed across multiple instances and provides a unified access point
via a load balancer to ensure efficient resource distribution.

• Redis Cluster: This cluster offers high concurrency and substantial storage capacity. It supports Algo-
rithm 1 in writing EGOP data and Algorithm 2 in reading EGOP data, achieved through a multi-instance
deployment of Redis for enhanced performance and reliability.

• Scalable RTMP Service: This service enables users to push video sources via the RTMP protocol.
Deployed in multiple instances with a unified access point, it fully implements Algorithm 1, supported
by the scalable decoding service and the Redis distributed memory cluster for seamless operation.

• Scalable Encoding Service: This service provides general encoding capabilities for the tmp_encoder
component in Algorithm 2. It operates across multiple instances and offers a unified entry point through
a load balancer to handle encoding demands efficiently.

• Scalable HTTP-FLV Service: This service supports the HTTP-FLV protocol and is designed to handle
large-scale audience loads. It utilizes the capabilities of the scalable encoding service and the Redis cluster
to fully implement Algorithm 2. Deployed in multiple instances, it provides a unified access point via a
load balancer to ensure optimal accessibility.

Figure 15: Architecture of EGOP for large-scale load scenarios
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7.3 Limitations
EGOP introduces the decoder v_decoder and a small-sized cache egop in Algorithm 1, while Algorithm

2 incorporates a temporary encoder tmp_encoder. These additions increase computational and storage
costs, limiting EGOP’s applicability in cost-sensitive scenarios. Due to experimental constraints, this study
does not investigate the potential reduction of CPU and memory usage through hardware decoding.

In this research, EGOP is implemented only for the HTTP-FLV live streaming protocol based on Algo-
rithms 1 and 2, without adaptation for other protocols such as WebRTC or LL-HLS. However, theoretically,
these algorithms have the potential to integrate with other video streaming protocols and reduce E2E latency.
This issue will be explored further in future research.

8 Conclusions
In this paper, we conducted an in-depth investigation into the performance of prominent cloud-based

live streaming platforms in China, uncovering notable variations in E2E latency across different GOP lengths.
Building on these insights, we introduced the EGOP structure as a novel solution and validated its efficacy
through rigorous experimentation. The key findings from our research are summarized as follows:

• For cloud-based live streaming services, including platforms such as Alibaba-Cloud, Tencent-Cloud,
and Volcano-Engine, E2E latency demonstrates inconsistent behavior at fixed GOP lengths, character-
ized by significant fluctuations. Furthermore, as GOP length increases, the average E2E latency rises
correspondingly, exhibiting a clear linear positive correlation.

• In contrast, live streaming services leveraging the EGOP structure achieve remarkable stability in E2E
latency at fixed GOP lengths, with variance approaching zero, thereby surpassing the consistency of con-
ventional cloud-based solutions. Additionally, when GOP length varies, the mean E2E latency remains
steady at approximately 1.35 s, unaffected by alterations in the video source’s GOP configuration. This
insensitivity to GOP length changes ensures superior real-time performance compared to traditional
cloud-based live streaming systems.
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