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Abstract—General-purpose congestion control algorithms
(CCAs) are designed to achieve general congestion control goals,
but they may not meet the specific requirements of certain
users. Customized CCAs can meet certain users’ specific re-
quirements; however, non-expert users often lack the expertise
to implement them. In this paper, we present an exploratory
non-expert customized CCA framework, named NECC, which
enables non-expert users to easily model, implement, and deploy
their customized CCAs by leveraging Large Language Models
and the Berkeley Packet Filter (BPF) interface. To the best of
our knowledge, we are the first to address the customized CCA
implementation problem. Our evaluations using real-world CCAs
show that the performance of NECC is very promising, and we
discuss the insights that we find and possible future research
directions.

Index Terms—TCP, congestion control, LL.Ms, code generation

I. INTRODUCTION

Many congestion control algorithms (CCAs), such as Reno,
Cubic, and BBR, have been proposed and deployed on the
Internet. These CCAs are designed by network experts to
achieve general congestion control goals, such as fairly allocat-
ing bandwidth among competing flows, maximizing network
utilization, and avoiding network congestion.

These general-purpose CCAs, however, may not meet the
specific requirements of certain users. For example, consider
the following scenario: a live-streaming user on platforms like
YouTube Live, Twitch, or Instagram Live. If the user wants
to guarantee 2K-resolution streaming from home, where the
bottleneck is the home Internet connection (i.e., the last-mile
link), the user may need a customized CCA that allocates a
sufficient amount of bandwidth to the 2K-resolution streaming
flow, with the remaining bandwidth allocated among other
flows. This is a customized CCA tailored for this specific user,
prioritizing the streaming needs over the general fairness goal.

Live streaming users may have basic video knowledge (e.g.,
Standard, High Definition, 2K, and 4K); however, they may
not possess other necessary expertise to model, implement, and
deploy the customized CCAs. In this paper, we refer to these
users as non-expert users, who may lack the following types
of expertise: 1) Non-expert users may not have the expertise
to model their streaming requirements into a customized CCA
design. 2) They may not have the expertise to implement the
customized CCA design into deployable CCA source code.
This process necessitates comprehensive domain knowledge
in networking and operating systems to effectively translate
ideas into functional source code. 3) They may not have
the expertise to deploy the customized CCA implementation

on their streaming computers. The CCA deployment usually
involves modifying kernel configurations and source code files,
compiling, and installing the new kernel — all of which
require expertise in kernel programming.

In this paper, we present a non-expert customized CCA
framework called NECC, which enables non-expert users to
easily model, implement, and deploy their customized CCAs
by leveraging Large Language Models (LLMs). While the
proposed framework is exploratory, it is the first step toward
automatic customized CCAs for non-expert users, and it shows
very promising performance. To the best of our knowledge, our
work is first to address this problem. The primary contributions
of this paper are as follows:

1) We propose implementing customized CCAs using the
code refinement method instead of directly generating the code
from scratch. Essentially, we treat customized requirements
as code refinement criteria, view the existing CCA code as
needing refinement to fully meet these requirements, and then
use an LLM to generate refined CCA code that aligns with
the customized requirements.

2) We propose several network domain-specific techniques
to address the potentially erroneous outputs of an LLM, such
as additional network safety requirements for safe deployment
on the Internet, network chain-of-thought (CoT) [1] prompts
to guide the LLM in refining the appropriate CCA functions
and adjusting the correct CCA variables using correct units,
and network feedback to iteratively refine the LLM outputs
based on CCA performance.

3) We evaluate our proposed framework and these network
domain-specific techniques for live streaming users using real-
world CCAs, such as Linux Cubic, Reno, and others. The
experimental results are very promising. Additionally, we
discuss the insights that we have found and possible future
research directions.

II. RELATED WORK

Automated CCA Design: Learning-based CCA studies use
machine learning (ML) algorithms to generate optimal so-
lutions, such as policy-switching strategies [2] and dynamic
variable control [3]. Different from those works that focus
on rule-level learning, we study the generation of system-
level executable code. [4] takes a step forward by synthesizing
objectives and proposing a provably effective heuristic CCA
design generation approach, which is subsequently imple-
mented using a third-party library. Unlike this work, our
approach conceals the CCA design stage from non-expert



users and directly implements the customized requirements as
Linux-compatible CCA code.

LLM in Networking: LLMs have been recently employed
in network management [5], network configuration generation
[6], etc. While existing networking code generation techniques
have primarily been utilized for bug fixing and enhancing man-
agement performance, our focus is on generating executable
CCA code that is compatible with the Linux kernel. Recent
studies [7], [8] have highlighted the potential of using LLMs
or Generative Al for various networking tasks, such as Al-
assisted data collection, congestion prediction, and network
design. Our work represents the first exploratory step in
utilizing LLMs to assist with customized CCA code, which
we believe is a promising avenue for future research.

Code Generation and LLM: Recent code generation re-
search has turned to evaluating LLMs for code generation
[9], [10]. Iterative feedback approaches have been proposed
to improve LLM output quality in [11]-[13]. These iterative
methods typically address general mathematical reasoning and
basic programming tasks. We focus on network-specific cod-
ing challenges and propose using emulation-based feedback in
iterative revision. [14] utilizes issue statements and codebases
as input to evaluate pull request patch generation. Our work
uses similar input but for a different purpose: we regard
customized requirements as issues to generate fulfilling source
code. [15] generates multiple patches for locally specific buggy
files. Our work generates multiple code candidates to address
the probabilistic output of LLMs.

III. PROBLEM STATEMENT

In this paper, we study how to design a framework to enable
non-expert users to easily model, implement, and deploy their
customized CCAs. As an exploratory framework, we consider
only live-streaming users in this paper, which is a popular
type of Internet users who have special requirements not met
by current general-purpose CCAs.

The framework interacts with a user to collect the specific
requirements and home network information. For example,
a user may request support for streaming a game with 2K
resolution in a home with an Internet connection speed of
60 Mbps. The framework outputs a script that automatically
installs customized CCA code on a computer.

The framework should achieve the following design goals:

o Goal 1: Non-expert Users. The users of the framework
should not need substantial expertise in modeling, imple-
menting, and deploying customized CCAs.

o Goal 2: Functional CCA Code. The framework should
generate functional customized CCA code according to
user requirements.

o Goal 3: Safe Network Deployment. The generated CCA
code should meet user requirements while being safe for
network deployment (e.g., without starving other flows in
the home network and leading to congestion collapse).
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Fig. 1: Framework of Non-Expert Customized CCA

IV. PROPOSED FRAMEWORK

In this section, we describe our proposed Non-Expert Cus-
tomized CCA framework, called NECC, illustrated in Fig. 1.

A. Framework Overview

NECC uses two LLMs. 1) A modeling LLM (at the top
of the figure) chats with a user in natural language to collect
the specific user requirements and homework network infor-
mation, and 2) An implementation LLM (in the middle of the
figure) automatically generates customized CCA programs.

The input to the implementation LLM is a prompt, which
consists of the following information: LLM parameter settings,
a customized CCA design including both specific user require-
ments and additional requirements for safe network deploy-
ment, existing CCA code and references, and instructions to
refine the existing code to meet all the requirements.

The output of the implementation LLM is a pool of
candidate CCA programs. Each candidate CCA program is
evaluated against all the requirements. If at least one candidate
CCA program meets all the requirements, NECC outputs such
a program. Otherwise, NECC iteratively asks the implemen-
tation LLM to refine these candidate CCA programs based on
the evaluation feedback.

B. Design Choices for Achieving Design Goals

NECC achieves the first design goal (i.e., non-expert users)
by leveraging LLMs in modeling, implementing, and deploy-
ing customized CCA code. Specifically, the modeling LLM
assists in collecting and modeling the specific user require-
ments, and the implementation LLM automatically generates
customized CCA code using the BPF interface. The NECC
framework also provides the user with an executable script to
deploy the generated CCA code. NECC adopts the BPF in-
terface because the BPF-based method deploys the user space
CCA code by attaching to the kernel, which is transparent to
the streaming applications. It also significantly simplifies the
compilation and deployment process compared to traditional
kernel-space methods.



The challenge in achieving the second design goal (i.e.,
functional CCA code) is that the implementation LLM may
generate probabilistic and erroneous outputs. A probabilistic
output means that a generated CCA program may be different
at different times for the same prompt. An erroneous output
means that a generated CCA program does not work for
various reasons. NECC uses multiple techniques to address
this challenge and generate functional CCA code:

1) To lower the difficulty of code generation, NECC uses the
code refinement method to modify existing CCA code instead
of generating the code from scratch. This design choice is
explained in detail in Section V.

2) To address the potentially erroneous output of the im-
plementation LLM, NECC uses network domain-specific CoT
prompts to guide the implementation LLM in refining the
correct CCA functions and adjusting the correct variables with
the correct units. The CoT prompting is explained in detail in
Section VI.

3) To mitigate the impact of the probabilistic output of the
implementation LLM, NECC asks the LLM to generate a pool
of candidate CCA programs instead of only one CCA program.

4) To mitigate the impact of the potentially erroneous output
of the implementation LLM, NECC iteratively asks the LLM
to refine CCA code based on the network domain-specific
feedback. The feedback is explained in detail in Section VII.

To achieve the third design goal (i.e., safe network deploy-
ment), NECC adds additional network safety requirements to
the customized CCA design. These additional requirements
are explained in detail in Section VI.

V. REFINEMENT-BASED CCA GENERATION

We choose the code refinement method to generate cus-
tomized CCA code for the following reasons: 1) Recent code
generation studies [9], [10] show that direct code generation
using LLMs or traditional code generation models performs
worse in long, complex class-level coding tasks. 2) There is
already a rich body of CCA programs. For example, the Linux
kernel contains the code of more than 15 different CCAs.

We propose to change the customized CCA code generation
problem into a CCA code refinement problem. Specifically, we
treat customized requirements as a natural language descrip-
tion of code refinement criteria, view the existing CCA code
as needing refinement to fully meet these requirements, and
then use an LLM to generate refined CCA code that aligns
with the customized requirement.

NECC uses an LLM to conduct code refinement. This is
because LLMs are ready to use and recent studies [16] [17]
show that they have at least the same level of performance as
traditional code generation and code repair tools.

VI. PROMPT OF IMPLEMENTATION LLM

A prompt to the implementation LLM contains three types
of network domain-specific information: instruction, CCA
design information, and additional information.

A. Instructions

The instructions ask the implementation LLM to refine
the existing CCA code to meet all the requirements in the
customized CCA design. Our work is inspired by the CoT
prompting proposed in recent code generation works [18],
[19] that focus on translating coding intent into step-by-step
functional implementation descriptions. However, because we
do not have CCA refinement examples to teach an LLM, our
CoT prompts contain only domain-specific guidelines.

Our CoT prompts contain the following domain-specific
guidelines to mitigate the potentially erroneous outputs of the
implementation LLM: 1) A generated CCA program should
compile. 2) The generated CCA program can be attached to the
BPF interface. 3) The LLM should refine the appropriate CCA
functions. There are multiple functions in a CCA program,
each for a different purpose and called with possibly different
frequencies. For example, when controlling throughput, the
functions to be refined should impact throughput and be called
frequently for each acknowledgment packet. 4) The LLM
should adjust the correct CCA variables. For example, some
Linux CCAs control their throughput using only congestion
window size (snd_cwnd), whereas some others use both con-
gestion window size and the pacing rate (sk_pacing_rate). 5)
The LLM should determine the correct variable units. The
variables in a CCA program have potentially different units
and may also change in different versions of the same CCA.
For example, the Round-Trip Time (RTT) related variables
may have units of milliseconds, microseconds, shifted mil-
liseconds, or shifted microseconds.

B. CCA Design Information

The CCA design information contains specific user require-
ments and additional safe network deployment requirements.

1) RI: Minimum throughput requirement: is a specific user
requirement that specifies the minimum throughput that the
customized CCA should achieve. It is automatically calculated
by the modeling LLM according to the streaming requirement
of a user. For example, TABLE I shows some possible inputs
and outputs of the modeling LLM. The first input column
shows some possible streaming requirements of non-expert
users, and the first output column shows the corresponding
minimum bandwidth calculated by the modeling LLM.

2) R2: Maximum throughput requirement: is a requirement
for safe network deployment, which limits the maximum
throughput of the customized CCA. This ensures that the
streaming flow does not starve other flows sharing the home
network. It is calculated as a percentage of the Internet connec-
tion speed of the home network. For example, if the percentage
is 50%, the streaming flow can use up to 50% of the Internet
connection. The second input column of TABLE I shows some
possible Internet connection speeds, and the second output
column shows the corresponding maximum throughput.

3) R3: Mandatory throughput reduction with persistent
loss: is an additional requirement for safe network deploy-
ment, which overrides requirement R1 to avoid congestion
collapse in the case of persistent packet loss. Specifically, if



INPUT OUTPUT
User’s streaming requirement Home Req. Max throughput
upload speed throughput limit
“HD streaming” 30 Mbps 5 Mbps 15 Mbps
“1080p resolution streaming using h.265” 50 Mbps 8 Mbps 25 Mbps
“2K resolution 60fps streaming” 80 Mbps 16 Mbps 40 Mbps
“4K resolution 60Hz at 30Mbps bitrate” 100 Mbps 30 Mbps 50 Mbps

TABLE I: Possible inputs and outputs of the modeling LLM

the cumulative packet loss is higher than a threshold (say 5%
in our experiments), the customized CCA should reduce its
throughput as the original CCA.

C. Additional Information

A prompt contains additional information for setting LLM
parameters, such as the model and temperature. A prompt also
contains additional information about the existing CCA code
to refine and relate code references. The code references are
essential for code refinement and generation [9], including
the definition and declaration of functions, structures, and
variables. To choose the sufficient and non-redundant refer-
ence definitions for CCA generation, we choose to extract a
subset of the Linux network stack as our reference, which
is inspired by [20] and the legacy Linux Kernel BPF Cubic
implementation.

VII. FEEDBACK TO IMPLEMENTATION LLM

To fix the possible erroneous output of the implementation
LLM, NECC iteratively asks the LLM to refine the CCA code
based on the network domain-specific feedback.

A. Existing General Feedback

Reinforcement through iterative feedback [12] has been
used to improve output quality. Several feedback construc-
tion methods have been used in previous works, such as
performance assertion [13], problem detection request [12],
failed unit test result [11], and static analysis and runtime
results [21].

B. Networking Domain-Specific Feedback

We have identified three types of domain-specific feedback
that directly determine the code quality of generated CCA
programs. We also define the satisfaction score between 0%
and 100% to measure the code quality of a CCA program.
A satisfaction score of 100% means that the NECC generates
a functional CCA program that successfully compiles, passes
the BPF check, and meets all the user and network safety
requirements in all network experiments.

F1: Compilation Error Feedback contains the compilation
errors reported by the CCA compiler. The satisfaction score
of a program is 0% if it fails to compile; is 20% otherwise.

F2: BPF Error Feedback contains the BPF errors reported
by the BPF static analysis tool bpf-tool, which ensures that the
program is safe for the Linux kernel. The satisfaction score of
a program is 40% if it compiles and passes the BPF check.

CCA Performance Feedback contains the feedback on
the CCA performance obtained using the network emulator
Mininet. NECC runs three groups of network emulation ex-
periments to check the three requirements under short and

long RTT network conditions. F3: Feedback on requirement
R1. NECC emulates various congested networks to check
if the customized CCA program meets requirement R1; F4:
Feedback on requirement R2. NECC emulates various non-
congested networks to check if the customized CCA program
meets requirement R2; F5: Feedback on requirement R3.
NECC emulates various networks with persistent packet loss
to check if the customized CCA program meets requirement
R3. The satisfaction score of a program increases by 20% for
each passed group of experiments.

VIII. IMPLEMENTATION

We use Python to implement the proposed NECC frame-
work. The specific requirements and home network informa-
tion of a user are collected using Dify.ai. The implementation
LLMs are called via their APIs in Python. Additionally, we
choose Mininet for network emulation to check the user and
network safety requirements.

We maintain a group of existing Linux CCA programs,
including Reno, Cubic, Vegas, and Illinois, which are used in
our experiments. Currently, this group does not include BBR,
because there is currently no Linux BPF BBR program due to
the complicated BBR functions.

The current NECC implementation makes the following
assumptions so that we can focus more on the framework
design instead of the framework development details: 1) We
assume that the bottleneck of a home network is the Internet
connection. 2) We assume that the streaming application of a
user runs on a computer with a customized CCA, while all
other computers and network devices use their original CCAs.

Potential overhead: According to the statements and ex-
perimental results from the Linux BPF developers, the per-
formance of using the BPF-format Cubic is not significantly
different from that of the kernel Cubic implementation [22].
Therefore, we believe that leveraging the BPF interface does
not introduce notable overhead.

The source code and prompts of NECC and all experiments
are published on GitHub at github.com/zmrui/NECC.

IX. EVALUATION

In this section, we run experiments to study the following
research questions about NECC:

e RQI: What is the impact of LLM parameters?

e RO2: How effective is CoT prompting compared to 0-
shot prompting?

e RQ3: What is the impact of the pool size?

o RQ4: How effective is the feedback?

e RQ5: Do customized CCA programs improve live
streaming quality?

We have evaluated multiple streaming requirements and
multiple home Internet speeds and observed similar conclu-
sions. Due to the page limit, we present only the experimental
results of 2K at 60 fps streaming and a home Internet speed
of 60 Mbps, unless otherwise noted.



Modify Change Only Incorrect Incorrect
. N Incorrect
Parameters | inappropr. only local adjust throughput R loss rate
. . . RTT unit
function variables pacing rate formula formula
T=0 30 30 0 24 19 0
T=0.5 22 4 0 27 6 0
T=1 25 6 4 25 8 12

TABLE II: Design Quality of Cubic. Temperature T=0.5
results have fewer design choice mistakes than T=0 and 1.
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Fig. 2: Code quality CDF in different temperatures: tempera-
ture 0.5 performs better than temperature 1.

A. RQI: Impact of LLM parameters

We study the impact of two LLM parameters: model and
temperature by using three popular LLM models: GPT-4o0 (gpt-
40-2024-08-06), GPT-40-mini (gpt-40-mini-2024-07-18), and
Claude-3.5-sonnet (claude-3-5-sonnet-20240620), and adjust-
ing their temperature settings from 0.0 to 0.5, and 1.0. For each
combination of model and temperature, we use the prompt
described in Section VI to generate a pool of 30 customized
CCA programs using Cubic, Reno, Vegas, and Illinois as
existing CCA. Below we present only the GPT-40 results,
because Claude-3.5-sonnet sometimes does not follow our
instruction, i.e. output the full source code after modification,
and GPT-40 always performs better than GPT-4o0-mini.

1) Design quality: We manually assess the design quality
of a generated CCA program and summarize our results in
TABLE II, where each row is based on 30 Cubic code candi-
dates. “Modify inappropriate function” indicates that the LLM
modifies an inappropriate function. For example, it is more
effective to modify cubic_cong_avoid() than bictcp_update(),
because cubic_cong_avoid() is called per ACK, whereas
bictcp_update() is executed only intermittently. “Change only
local variables” indicates that the LLM adjusts only function-
local variables that do not impact TCP throughput, rather than
TCP socket variables. “Adjust only pacing rate” indicates the
LLM adjusts only sk_pacing_rate but not snd_cwnd. This
modification is unsuitable for Cubic, as Cubic controls its
throughput primarily using snd_cwnd. “Incorrect throughput
formula” indicates that the LLM uses an incorrect formula to
calculate TCP throughput. For example, the formula does not
take the maximum segment size into consideration. “Incorrect
RTT unit” indicates that the LLM uses an incorrect unit for
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Fig. 3: CoT may or may not improve code quality compared
with O-shot prompting, mainly due to compilation errors.

an RTT variable. For instance, the unit of srtt_us is actually
1/8 microsecond instead of 1 microsecond. “Incorrect loss rate
formula” indicates that the LLM miscalculates the loss rate.
For example, the loss rate should be computed as the ratio of
lost packets to the total number of transmitted packets rather
than to the number of successfully transmitted packets.

We observe that non-zero temperatures are more likely to
generate CCA programs with more diverse designs than a
zero temperature for all LLM models. Specifically, an LLM
model with a zero temperature generates a pool of similar
CCA programs, all of which have poor design quality as they
modify the same incorrect functions, adjust the same incorrect
CCA variables, and/or use the same incorrect variable units. In
contrast, an LLM model with a non-zero temperature generates
a pool of different CCA programs, some of which have good
design quality. Furthermore, the LLM model with a high
temperature (T=1) generates more design mistakes, such as
using erroneous formulas or non-existent variables. Therefore,
we choose to select non-zero temperature parameters and
prefer parameters that lead to fewer design choice mistakes.

2) Code quality: We use automatically measured satis-
faction scores as code quality, which measure the require-
ment satisfaction degree (e.g., compilation, BPF, and perfor-
mance) of NECC-generated CCA programs as described in
Section VII. Fig. 2 shows code quality results through the
Cumulative Distribution Function (CDF) of the satisfaction
scores, where the x-axis is the satisfaction score, and the
y-axis is the CDF F(z) = P(X < z). The CDF curves
approaching the bottom right are more desirable, indicating
that more programs achieve higher satisfaction scores and
thus better code quality. We observe that temperature 0.5 code
quality performs better than temperature 1, which is the same
as the design quality result preference.

3) Discussion: We choose the non-zero, intermediate value
of 0.5 as the temperature parameter based on the design quality
and code quality evaluation results.

B. RQ2: Effectiveness of CoT Prompting

We evaluate the effectiveness of CoT prompting by compar-
ing it with O-shot prompting. We use CoT or 0-shot prompting
to generate a pool of 30 customized CCA programs for each
of the following CCAs: Reno, Cubic, Vegas, and Illinois. We
measure both design quality and code quality.

We observe that CoT prompting effectively improves the
design quality of the generated CCA program compared with
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Fig. 4: A larger pool size improves the highest satisfaction
score of the pool, but it also leads to a higher cost.

0-shot prompting. With the guidelines contained in the CoT
promotes described in Section VI, the LLM is more likely
to select the appropriate CCA functions to modify, adjust the
correct CCA variables, and use the proper variable units.

We observe that CoT prompting may or may not improve
code quality compared with 0-shot prompting, mainly due
to potential compilation errors. Fig. 3 shows CDF of the
satisfaction scores of a pool of CCA programs using 0-shot
or CoT prompting. CoT prompting improves the code quality
for Cubic and Illinois, maintains the same code quality for
Reno, and degrades the code quality for Vegas compared
with 0-shot prompting. We find that the variability in code
quality with CoT prompting is primarily due to potential
compilation errors. Although our CoT prompts instruct the
LLM to generate CCA programs without compilation errors,
it may still occasionally generate CCA programs that fail to
compile. Even a single compilation error results in a zero
satisfaction score, regardless of the design quality.

C. RQ3: Impact of Pool Size

We use this group of experiments to study the impact of
pool size on code quality and cost. We generate 30 candidates
and sort their satisfaction scores incrementally, representing
n € [1,30] customized CCA programs. We then measure the
highest satisfaction score and assess the cost in U.S. dollars
for each pool size n.

Fig. 4 shows the results for Cubic using CoT prompting. We
observe that a larger pool size improves the highest satisfac-
tion score of the pool, but it also leads to a higher cost. This is
because a larger pool size yields more diverse candidates and
thus increases the likelihood of good candidates. However,
the cost of pre-trained LLMs must be taken into account.
For instance, an initial request containing the Cubic source
code and relevant references without any conversation history
costs $0.018, while a typical customized CCA program costs
$0.072 on gpt-40-2024-08-06; the sending and receiving call
process of pre-trained LLM via Python API costs about 40
seconds, and the emulation will cost about 5 minutes. In other
experiments, we use a pool size of 5 because this is the pool
size that balances the highest satisfaction score with the cost.
We also observe similar trends for other CCAs, such as Reno,
Vegas, and Illinois. However, even with a large pool size,
CCAs may not achieve the 100% highest satisfaction score.

D. RQA4: Effectiveness of Feedback

We evaluate the effectiveness of feedback by analyzing its
impact on code quality at each iteration. Fig. 5 shows the
satisfaction score CDF of a pool of CCA programs for Vegas at
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Fig. 5: Feedback effectively improves the code quality over
iterations.

multiple iterations. The pool in the initial iteration is generated
using CoT promoting. We observe similar trends for other
CCAs, though the extent of improvement varies.

We observe that proposed feedback in Section VII effectively
improves the code quality progressively over the iterations.
For example, some programs have a score of zero due to
compilation errors in the initial iteration, and all programs
successfully compile without compilation errors after two
iterations. Additionally, the highest score of all programs in the
pool is 80% in the initial iteration, and it reaches 100% after
two iterations. By comparing different types of feedback, we
find that the compilation feedback (i.e., F1) and BPF feedback
(i.e., F2) are more effective than CCA performance feedback
(i.e., F3, F4, and F5). For example, all programs in the pool
successfully pass both the compilation and BPF checks after
two iterations, but some programs still fail one or more CCA
performance checks. This is because compilation and BPF
feedback are more specific (e.g., errors for specific functions
or variables) than CCA performance feedback.

E. RQ5: Impact on streaming experience

Finally, we study the impact of a customized CCA program
on the streaming experience. We use FFmpeg to emulate
the live streaming of a game with an average bitrate of 30
Mbps. The home has an Internet speed of 60 Mbps and an
RTT of 50 ms, which is shared by the streaming flow and a
additional TCP flows. The value of a varies from O to 4 to
emulate different levels of congestion (a < 1: not congested,
a = 2: lightly congested, a > 3: highly congested). The
streaming video is received and played using a VLC player,
and the streaming quality is measured using the Structural
Similarity Index Measure (SSIM). For live streaming users,
SSIM € [0.9, 1.0] is usually considered good, [0.8,0.9] is fair,
and [0.0,0.8] is unsatisfactory.

Fig. 6 shows the SSIM values of live streaming using a
customized Cubic generated by NECC or using the original
Linux Cubic. We observe that the customized Cubic achieves
significantly better SSIM than the original Cubic in congested
networks. The customized Cubic achieves good SSIM in both
lightly and highly congested networks, whereas the original
Cubic achieves unsatisfactory SSIM in all congested networks.

FE. Insights, Discussions, and Limitations

Our experiments show that CoT prompting is comple-
mentary to feedback because CoT prompting with general
guidelines is more effective in improving high-level design
quality, whereas feedback with detailed errors is more effective
in improving the actual code quality.
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Fig. 6: Customized Cubic achieves significantly better SSIM
for live streaming than the original Cubic in both lightly and
highly congested networks.

We also notice that there are some inherent reasons for the
erroneous outputs of LLMs. 1) Incomplete information: Lim-
ited by the size of a prompt and the extremely long source code
of the Linux kernel TCP, a prompt can contain only part of
Linux TCP code and thus the LLMs may misunderstand how
the CCA works (e.g., mistakenly adjusting only the pacing
rate sk_packing_rate but not the congestion window size
snd_cwnd). The incomplete information can be potentially
addressed by providing the LLMs with more domain knowl-
edge in a prompt. 2) Ambiguous information: Existing CCA
code may have some comments that are ambiguous to the
LLMs (e.g., << in comments of C programs may be used to
highlight text or used as a left shift operation). The ambiguous
information can potentially be addressed by generating a pool
of candidate CCA programs and setting the LLM temperature
to a non-zero value, as NECC does. By doing so, NECC can
explore different understandings. 3) Lack of performance input
and output examples: The LLMs may or may not correctly
refine CCA programs based on the performance feedback,
because they do not know exactly how and how much each line
of the code impacts the final performance. This can potentially
be addressed by providing the LLMs with a comprehensive
set of performance input and output examples, in addition to
performance feedback.

Current NECC considers only two network safety require-
ments and makes some assumptions about home networks.
We plan to consider more network safety requirements and
eliminate these assumptions so that the generated customized
CCA code can be widely and safely deployed on the Internet.
Current NECC considers only throughput requirements of live-
streaming users. In the future, we plan to explore other types
of user requirements, such as latency requirements, and other
types of users, such as gaming users. Current NECC considers
only four existing CCAs for Linux BPF. In the future, we plan
to extend NECC to more existing CCAs, such as BBR, and
other user-space CCAs, such as those with QUIC.

X. CONCLUSION

We presented a non-expert customized CCA framework
called NECC, which enables non-expert users to model, im-
plement, and deploy their customized CCAs. Our evaluations
using real-world CCAs show that the performance of NECC
is very promising.
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