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Abstract: BBR v3 has recently emerged as the most sophisticated model-based congestion control. 

It measures different network parameters such as bottleneck bandwidth, round-trip time (RTT), 

packet loss rate, and explicit congestion notification (ECN) to get the true picture of the available 

network bandwidth and then sets its pacing rate. The goal is to operate near Kleinrock’s optimal 

operating point to prevent excessive queue formation in case of large buffers and to prevent 

overreacting in case of shallow buffers. However, there are still limitations that exist in properly 

setting up the pacing rate that matches the delivery rate at the receiver’s side. BBR v3 generally 

sets the pacing rate relatively high, as the pacing gain values are generally fixed in its probing 

for the bandwidth phase. In this paper, we have evaluated this issue using machine learning 

regression algorithms such as XGBoost, Random Forest, Neural Networks, Linear Regression, 

Support Vector Regression, Gradient Boosting, and Decision Tree by training these models and 

predicting its pacing rate. The machine learning (ML) regression models are then evaluated using 

various metrics such as Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R² 

score. Our results show that Linear Regression and XGBoost provide the best results in terms of 

lowest error and superior predictability of BBR v3’s pacing rate. 
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1. Introduction 

The network’s complexity is increasing with the passage of time, and more bandwidth is now 

available for it. This needs a rapid change in congestion control mechanisms, also, that can gauge this 

huge amount of bandwidth that is being made available by technologies like 5G, wired, and wireless 

broadband. The links are now more stable, especially in the case of wired scenarios, and the error rates 

have gone down. The traditional loss-based congestion control algorithms are not coping with this 

increased bandwidth, and they exhibit delays and bufferbloat issues. TCP BBR (Bottleneck Bandwidth 

and RTT), developed by Google [1], represents a significant shift in congestion control philosophy by 

estimating bottleneck bandwidth and round-trip time to regulate packet pacing. BBR v3 [2] is the latest 

version that has introduced refined mechanisms for probing, pacing, and fairness, making it a 

promising candidate to be used as the default congestion control for servers as well as end systems. 
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BBR which is model based, so it tries to build a model for the network pipe to gauge the available 

bandwidth in the shortest amount of time. It then controls its pacing rate of the packets being sent by 

the client side into the network pipe to ensure the data in-flight is optimum to keep the pipe just full 

but no fuller. It has always been difficult to model this pacing behavior analytically due to its dynamic 

response to varying network conditions. It gets more challenging in wireless environments, where 

variability in link quality and contention can significantly affect pacing decisions. To tackle this, data-

driven approaches such as machine learning offer a compelling alternative for modeling and predicting 

pacing rate behavior. 

In this study, we investigate the use of supervised machine learning techniques to predict the pacing 

rate of TCP BBR v3. The dataset was collected from a real-time physical testbed based on Wi-Fi 4 

wireless technology, configured with TCP BBR v3 and four concurrent upload streams. To reduce noise 

and isolate stream-specific behavior, only metrics from a single stream were used for training and 

evaluation. 

We apply and compare several regression models, including Linear Regression, Decision Tree, 

Random Forest [3], Gradient Boosting, Support Vector Regression, Neural Network [4], and XGBoost 

[5] to assess their effectiveness in predicting pacing rate. The models are evaluated using standard 

metrics such as Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Coefficient of 

Determination (R²). Our results demonstrate that ensemble and neural models outperform traditional 

approaches, offering accurate and interpretable insights into BBR v3’s pacing dynamics. 

The contribution of this paper is that it predicts an important functionality of BBR v3, which is the 

pacing rate. The rate at which it sends packets into the network. This is dependent on pacing gain as 

well as the current bottleneck bandwidth. We have tried to predict this pacing rate using different 

machine learning regression techniques and shared which techniques provide the least error and 

superior predictability. This paper highlights how machine learning can be used with model-based 

congestion controls to predict their pacing rate. 

 

2. Related Literature 

BBR has been in continuous development since its release in 2016. The scientific community is 

working meticulously in analyzing its fairness with loss-based congestion controls such as TCP Reno 

and TCP CUBIC [6, 7]. BBR v3, the latest iteration, introduces refined pacing and probing mechanisms 

aimed at improving throughput and latency in diverse network environments. Several studies have 

explored the behavior of BBR in wired and wireless networks [8-11], but very little work has been done 

in exploring congestion controls with machine learning. Google’s original BBR papers [12] laid the 

foundation for bandwidth and RTT-based control, while subsequent works have examined its fairness, 

responsiveness, and interactions with other flows [13]. More recent efforts have focused on BBR v2 and 

v3, analyzing their performance under varying queue disciplines, buffer sizes, and link conditions [9]. 

Machine learning [14] has increasingly been applied to networking problems, including traffic 

classification, anomaly detection, and congestion control modeling. Prior work has demonstrated the 

utility of supervised learning for predicting network metrics such as RTT, throughput, and queue 

occupancy. Ensemble models like Random Forest and XGBoost have shown promise due to their 

robustness and interpretability. 

However, to date, there is no work done that has applied machine learning specifically to model 

pacing rate behavior in BBR v3. This study addresses that gap by leveraging stream-specific metrics 

from a real-time wireless testbed based on Wi-Fi 4 to generate the dataset on which different regression 

models are trained for their evaluation in predicting the pacing rate for BBR v3. The focus on stream 

isolation and pacing rate prediction offers a novel perspective on understanding and optimizing BBR’s 

behavior in practical deployments. 
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3. Methodology 

The dataset used in this study was collected from a real-time physical testbed based on Wi-Fi 4 

wireless technology using Flent [15]. The testbed was configured to run TCP BBR v3 with four 

concurrent upload streams. To ensure precision and reduce inter-stream noise, only metrics from a 

single stream were selected for modeling. This allowed for a more focused analysis of pacing behavior 

in BBR v3. 

From the collected dataset, features corresponding to stream 1 were extracted. These included pacing 

gain, bandwidth estimation, delivery rate, RTT, congestion window size, and other TCP metrics. 

Columns prefixed with TCP upload::1:: were used, excluding the target variable TCP 

upload::1::tcp_pacing_rate. 

The dataset was cleaned by removing rows and columns with missing values. Features were 

standardized using z-score normalization to ensure uniform scaling across models, particularly for 

Support Vector Regression and Neural Network models. Seven regression models were trained and 

evaluated. Each model was trained using an 80/20 train-test split. Hyperparameters were kept at default 

settings for baseline comparison, with random seeds fixed for reproducibility. Model performance was 

assessed using metrics Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Coefficient of 

Determination (R²), and Relative Absolute Error (RAE). Feature importance was extracted from the 

Linear Regression model to identify the most influential predictors of pacing rate. Metrics such as 

bandwidth estimation (tcp_bbr_bw), delivery rate, and RTT were found to be dominant. 

 

4. Results and discussion 

To evaluate the effectiveness of various regression models in predicting the pacing rate of BBR v3, we 

trained and tested seven widely used techniques using stream 1 features extracted from a multi-stream 

TCP upload dataset. The models include Linear Regression, Decision Tree, Random Forest, Gradient 

Boosting, Support Vector Regression (SVR), Neural Network (MLP), and XGBoost. Figs 1- 3 show the 

average magnitude of errors through MAE, RMSE chart that penalizes large errors more heavily, and 

the coefficient of determination (R²) that indicates how well the model explains variance in pacing rate. 

Feature importance analysis from the linear regression model, Fig 4, revealed that metrics such as 

tcp_bbr_pacing_gain, tcp_bbr_mrtt, tcp_bbr_cwnd_gain, were among the most influential in predicting 

pacing rate. This highlights the relevance of bandwidth estimation and delay metrics in BBR v3’s pacing 

behavior. The Linear regression model explains 98 % of the variance in the pacing rate data Fig 5, which 

is considered extremely accurate for regression tasks. 

Finally, the pacing rate prediction for each regression model is shown in Figs. 6 - 12. 

 
Figure 1. Mean Absolute Error 
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Figure 2. Root Mean Squared Error 

 
Figure 3. Coefficient of Determination 

 
Figure 4. Linear Regression model trained to predict TCP pacing rate for stream 1 
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Figure 5. Linear Regression with 98 % accuracy 

 
Figure 6. Linear Regression 

 
Figure 7. Decision Tree Prediction 
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Figure 8. Random Forest Prediction 

 
Figure 9. Gradient Boosting Prediction 

 
Figure 10. Support Vector Prediction 

 
Figure 11. XGBoost Prediction 
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Figure 12. Neural Network Prediction 

4.1.  Results Summary 

Table 1.   Evaluation results of various models 

Model MAE RMSE R² 

Linear Regression 2 10 0.98 

Decision Tree 10 40 0.92 

Random Forest 10 55 0.93 

Gradient Boosting 2 35 0.95 

Support Vector 120 175 0.02 

Neural Network 

(MLP) 30 90 0.65 

XGBoost 2 30 0.92 

Table 1 shows the results for MAE, RMSE, and R² analysis, with Linear Regression leading and 

XGBoost taking the second spot. From Figs 1-3, we see that linear regression achieved the lowest MAE 

and RMSE, indicating superior accuracy and robustness in predicting pacing rate. The Linear 

Regression also showed the highest R² score, suggesting strong generalization and the ability to capture 

non-linear relationships. Random Forest demonstrated consistently strong performance across all 

metrics, with a good balance between accuracy and interpretability. Its feature importance analysis 

revealed key pacing-related metrics such as bandwidth estimation (tcp_bbr_bw) and delivery rate as 

dominant predictors. Gradient Boosting closely followed Random Forest and XGBoost, offering 

competitive performance with slightly higher computational cost. Linear Regression, simple and 

interpretable, outperformed ensemble and non-linear models, indicating that pacing rate prediction 

benefits from simple rather than complex modeling. Decision Tree and Support Vector Regression 

offered moderate performance, with Decision Tree outperforming SVR and Neural Networks in terms 

of MAE and RMSE. 

 

5. Conclusion 

In this paper, we have presented a machine learning-based approach that can be used to predict 

pacing rate for BBR v3. The collected four stream datasets for Wi-Fi 4 based traffic in the uplink were 

trained using both traditional as well as modern machine learning regression models. In order to 

minimize noise due to redundancy, a single stream was extracted from the dataset. Multiple regression 

techniques were applied, including ensemble methods and neural networks. Among these, Linear 

Regression and XGBoost Regression demonstrated superior performance, achieving the lowest Mean 

Absolute Error (MAE) and highest R² scores. The results confirm that pacing rate in BBR v3 can be 

accurately predicted using stream-specific features, with simple as well as ensemble models offering 

both precision and interpretability. 
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This work highlights the potential of data-driven modeling in understanding and optimizing 

congestion control algorithms. Future research may explore cross-stream interactions, time-series 

modeling, and real-time adaptive pacing strategies using online learning techniques. 
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