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Abstract
The satellite-ground integrated network is highly heterogeneous with diversified applications. It requires congestion
control (CC) to achieve consistent high performances in both
long-latency satellite networks and large-bandwidth terrestrial
networks and cope with different application requirements.
However, existing schemes can hardly achieve these goals,
for they cannot balance the objectives of CC (i.e., throughput,
delay) adaptively and are not objective-configurable. To address these limitations, we propose and implement a novel
adaptive CC scheme named AUTO, based on Multi-Objective
Reinforcement Learning (MORL). It is environment-adaptive
by training a MORL agent and a preference adaptation model.
The first can generate optimal policies for all possible preferences (i.e., the relative importance of objectives). The latter
automatically selects an appropriate preference for each environment, by taking a state sequence as input to recognize the
environment. Meanwhile, AUTO can satisfy diversified application requirements by letting applications determine the
input preference at will. Evaluations on emulated networks
and the real Internet show that AUTO consistently outperforms
the state-of-the-art in representative network environments
and is more robust to stochastic packet loss and rapid network changes. Moreover, AUTO can achieve fairness against
different CC schemes.

1

Introduction

To achieve global coverage and meet the excessive custom demand for data access, the satellite-ground integrated network
has attracted intensive research interest [1]. It is highly heterogeneous where a node can send data to different peers through
both satellite networks located at different orbits, and ground
networks including the Internet and cellular networks [2]. To
achieve consistent high user experiences in all these environments with widely varying packet loss rates, round-trip
time (RTT) and available bandwidth, adaptive Congestion
Control (CC) is one of the key technologies [3]. Basically,
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(a) Inter-datacenter network

(b) Satellite network

Figure 1: Sending rates of two CC schemes that adopts two
different preferences. A fixed preference can only achieve
high performance in specific types of environments.
it determines sending rates, convergence speeds, and the reactiveness to network fluctuations of underlining flows. It
has two competing objectives, i.e., optimizing link utilization
(high throughput) while avoiding congestion (low queuing
delay) [4].
The two objectives have to be balanced adaptively in different environments [5], since a fixed preference (i.e., the
relative importance of the objectives) can only achieve high
performance in specific types of environments. To illustrate
this phenomenon, we conduct an experiment by first training
two Reinforcement Learning (RL) based CC schemes using
the same training ground with two different preferences. We
evaluated their performances in the emulated inter-datacenter
network and the satellite network WINDs [6] based on Pantheon [7]. The former is high-speed and has a short buffer
while the latter has a long latency. As shown in Figure 1,
putting higher weight on “throughput” achieves good performance in the satellite network but meanwhile suffers from
severe packet loss in the ground network. The main reason is
that a saturated buffer only has little punishment on the final
reward and the trained model cannot detect the congestion. In
contrast, putting higher weight on “delay” suffers from slow
convergence in the satellite network because it is too sensitive
to delay variation.
Meanwhile, a CC schemes for the integrated network
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will serve diversified applications at the same time. Delaysensitive applications such as online meetings require higher
weight to be put on “delay”, while throughput-sensitive applications such as file synchronization require higher weight to
be put on “throughput”. To cope with all these requirements,
the CC scheme should be able to let applications determine
the preference at will.
Lots of CC schemes have been proposed in recent years,
which can be classified into heuristic-based or learning-based
schemes. Unfortunately, they cannot achieve the consistent
high performance in all environments nor cope with diversified application requirements [7]. We analyze the reasons in
what follows.
Heuristic-based methods hard-wire actions with predefined
events or signals (e.g., packet loss, delay variation) based on
the analysis of network characteristics. However, the analysis
is not suitable for all kinds of network environments [8]. For
example, loss-based methods such as TCP Cubic [9] take
packet loss as the sign of congestion and is not suitable for
unreliable lossy scenarios, while the delay-based methods
such as Copa [4] don’t work well in the short buffer scenarios
for the delay fluctuates in a very small range [10]. Meanwhile,
the hard-wire mapping fundamentally limits the objective
configurability.
Existing learning-based methods can only achieve high performance in specific network environments [5, 8]. One of the
main reasons is that they convert the objectives into a single
reward function (RL) [5, 11–15] or utility function (online
learning) [16–18] by introducing fixed empirical preferences
and determine actions accordingly. Although training a series
of models with different preferences to cope with different
environments may alleviate this problem, the lack of an environment recognition method makes them unable to switch
models adaptively.
Based on above analyses, we in this paper propose an Adaptive congestion control method based on mUlTi-Objective reinforcement learning, abbreviated as AUTO. It first divides
time into consecutive monitoring intervals and formulates the
CC as an extended version of the multi-objective Markov decision process. It then trains a MORL agent and a preference
adaptation model, based on which it adjusts the sending rate at
the end of each interval. Compared with existing approaches,
it has following characteristics.
Firstly, AUTO is environment-adaptive. It automatically
balances the two objectives in different environments where
the preference adaptation model can adaptively select an
environment-adaptive preference for users, by taking a state
sequence as input to recognize the network environment.
Meanwhile, the policy agent can generate optimal policies for
all possible network states and preferences. Combining the
two components, AUTO achieves the consistent high performance in different environments.
Secondly, AUTO is objective-configurable. Since the
MORL agent only needs to be trained once and can deal
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with any input preferences, AUTO can cope with diversified
application requirements.
Moreover, AUTO is competitive-configurable. The input
preference determines the AUTO’s delay-sensitivity and further influence its competitiveness against other flows. Therefore, AUTO can achieve fairness against different competing
CC schemes and allows users to explicit adjust the priority of
different flows, by adjusting the preference.
Main contributions are summarized as follows.
1. We propose an efficient and practical Multi-Objective
Reinforcement Learning (MORL) framework. It trains a
single MORL agent that can recover optimal policies for
all possible preferences.
2. We propose a novel environment-adaptive preference
selection method. We first propose a policy similarity
model, based on which we find the best preference for
each training environment by comparing with the expert
policy. Then we train a preference adaptation model to
automatically select preferences.
3. We propose and implement AUTO based on the above
framework and method. It is easy to deploy for it requires
sender-only modification. It consistently outperforms
than the state-of-the-art in representative scenarios and
is more robust to network changes and packet loss. Moreover, it can achieve fairness against other CC methods.
4. We develop an emulation-based training suite PantheonGym for MORL-based CC. It eases the training by providing standard OpenAI Gym interfaces for researchers.

2

Related Work

We classify related work on learning-based CC methods into
the following three categories.
RL-based methods train a policy model with the goal of
maximizing a reward function. QTCP [13] adopted the QLearning framework and formulate the reward function as
the proportional fairness [19] of throughput and delay. RLTCP [12] adopted a SARSA [20] based RL framework and
added the packet loss rate in the reward function. Their actions
specify how to change the congestion window in response to
variations in the network environments and they are trained
on simulators NS2 [21] and NS3 [22] respectively. Aurora [5]
formulate the reward function as the weight sum of throughput
and delay. Meanwhile, it implements a simulation-based gym
environment. To train the agent on real network environments,
authors in [14] adopt the same reward function and designed
Park, which is an open platform for learning-augmented computer systems. Considering the delayed action phenomenon,
an asynchronous RL framework called MVFST-RL was proposed in [11]. To combine reinforcement learning and traditional CC schemes, TCP-RL [15] took different traditional
CC schemes as the action space and trained the model through
emulations built by the Linux tool. To solve the CC problem
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for multi-path TCP, authors in [23] proposed SmartCC, which
calculates the reward according to throughput, latency, and
delay jitter. Authors in [24] proposed DRL-CC, which adopts
the goodput as rewards. To solve the centralized congestion
control problem, Iroko [25] formulate the reward function as
a function of the bandwidth utilization and the latency of all
links. Its action is to regulate the sending rates of all nodes.
However, the trained policy model can only be applied to the
fixed network topology and is intractable for large networks.
Online learning-based methods try to fine-tune the sending rate and decide the adjustment direction according to a
utility function and they also split the time into consecutive
monitoring intervals. PCC-Allegro [16] formulates the utility
function as a function of the sending rate and the loss rate,
while Vivace [17] puts delay into consideration on this basis.
PCC Proteus [18] defines two kinds of utility functions. It can
behave as a primary protocol for primary flows or an effective “scavenger” that only utilizes the residue bandwidth of
primary flows. Compared with the RL-based methods, online
learning-based methods cannot learn the prevailing network
regularities and have been shown to have poorer performance
than RL-based methods [5].
Inverse RL-based methods seek to avoid the empirical preference setting by finding a reward function from the expert
demonstrations. Indigo [7] trained a model to adjust the sending rate every 10 ms by directly imitating expert behaviors.
This kind of method is not objective-configurable and cannot cope with different application requirements. Meanwhile,
both the RL-based and inverse RL-based methods cannot
achieve fairness against other flows [5], since their competitiveness is not configurable and strongly related to the training
environments.
To cope with the heterogeneity of the integrated network,
we in this paper propose a new kind of learning-based
method, i.e., MORL-based method. It addresses the limitations of existing methods and is environment-adaptive,
objective-configurable, and competitive-configurable. Thus,
it can achieve consistent high user experience for flows passing through different environments and with different performance requirements.

3

Multi-objective Reinforcement Learning
based Congestion Control

In this section, we propose practical methods for training
the MORL agent that can generate optimal policies for all
possible preferences.

3.1

Congestion Control Formulation

In order to apply the MORL framework, we first formulate
the congestion control as a Multi-Objective Markov Decision
Process (MOMDP) with delayed actions. Formally, it can be
described by a tuple (S , A , P , R , Ω, γ, fΩ ), where
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• S ⊆ Rn is the continuous state space;
• A is the discrete action set;
• P is the Markovian transition model;
• R : S × A → R2 is the set of two reward functions and
corresponds to the two objectives for CC;
• Ω ⊆ R2 is the preference space;
• γ ∈ [0, 1) is the discount factor;
• fΩ is the set of preference functions that convert the
reward vector into one scalar according to the chosen
preference ω ∈ Ω.
In this work, preference ω ∈ Ω is a vector of two values,
i.e, ω = [ωt , ωd ] is the weight on throughput and delay respectively. Meanwhile, we consider functions in fΩ are linear
functions, i.e.,
fω (R (s, a)) = ωT R (s, a), ∀s ∈ S , ∀a ∈ A

(1)

In the MOMDP, a policy π is associated to an expected
return for a given preference ω ∈ Ω, which is denoted as
"
#
T

Jωπ = Est ∼P ,at ∼π

∑ γ · fω (R (st , at ))

(2)

t=0

where st ∼ P means state st is sample from P and at ∼ π
means action at is selected according to policy π.
The goal for solving MOMDP is to find the set of Paretooptimal policies for all possible preferences, which is depicted
as
0
Π∗ = {π|∃ω ∈ Ω, @π0 : Jωπ > Jωπ }.
(3)
MOMDP with delayed actions is an extension of the
MOMDP, which means that actions won’t take effect immediately and therefore the state st+1 is not only influenced by
action at and state st , but also influenced by the previous actions and states. It is caused by two reasons. Firstly, the apply
of the action is delayed due to the policy lookup time [11].
Since the environment is running asynchronously, it would
keep transmitting data based on the old action at−1 during the
policy looking up. Secondly, the state observation is delayed
since the states are updated based on packet ACKs. After
action at is applied, it takes about 0.5 · rttt for receiver to
receive the packets sent based on at . It takes another 0.5 · rttt
to response the ACKs. Thus, the observed network state is
influenced by the action made rttt before.
In what follows, we describe the formulation of state space,
reward functions, the action set and the Monitoring Interval
(MI) in detail.
State space considering delayed actions (S ). To accurately identify the network congestion without explicit network information, we select the following features to model
network states. To further improve the robustness and generalization of the trained model, we try to use relative values
instead of absolute values such as latency and sending rate.
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t [19]. Latency ratio is the ratio of the
• Latency Ratio rlat
current MI’s mean latency to minimum observed mean
latency, which is one of the most important features to
detect congestion.
t
rsend

• Sending Ratio
[5]. Sending ratio is the ratio of the
number of sent packets to the number of acknowledged
packets. It helps agents adjust the sending rate.
t . The rt
• Packet Loss Rate rloss
send is influenced by the
inflight ACKs. To prevent the agent from overestimating
t
the congestion level, we add rloss
in the state.

• Latency Gradient gtlat [17]. Latency gradient is the
derivative of latency with respect to time. The agent
can infer that the sending rate is greater than the capacity
if gtlat > 0.
• Action at . Considering that the state is influenced by
the previous actions (the delayed action phenomenon),
the action history should be put in the state to fasten
convergence [11].
The delayed action phenomenon makes the reinforcement
learning more challenging, since it is hard for agents to catch
the real transition for the MOMDP. Therefore, we let each
state be a history of the network statistics so that the agent
can capture the influence of previous action on future states.
We use h to represent the history length and the state st ∈ S
can be formulated as
t−i t−i
t−i
st = {rlat
, rsend , rloss
, gt−i
lat , at−i | i ∈ [0, h]}.

(4)

Multi-Objective Reward Functions (R ). The goal of the
CC is to achieve both high throughput and low queuing delay.
Correspondingly, we adopt the average throughput, denoted
as throughputt , and the negative mean RTT as reward functions, i.e.,
R (st , at ) = [throughputt , −rttt ].
(5)
RTT-adaptive monitoring interval. In AUTO, the state
and the rewards are calculated at the end of each MI. A short
MI is not enough for capturing the real transition in long-RTT
scenarios, while setting the MI too long reducing the real-time
responsiveness to the network dynamics in short-RTT scenarios. To cope with the heterogeneous network environment
and considering that each action takes about 0.5 · rttt−1 to
take effects, we adopt the RTT-adaptive MI and set the length
of each MI to
|MIt | = min{0.5 · rttt−1 , 1.5 · rttmin
r }

(6)

where rttmin
is the observed minimum RTT. It guarantees
r
that the MI is longer enough and meanwhile let CC be able to
quick react to congestion.
Action set (A ). In our proposed CC scheme, each action
corresponds to an adjustment on the sending rate. To adapt to
heterogeneous environments with variant bandwidth, we seek
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to adjust the sending rate proportionally and adopt an action
set containing seven discrete values:

A = {÷2, ÷1.3, ÷1.1, ×1, ×1.1, ×1.3, ×2}

(7)

where “÷x” means “dividing the sending rate by x”, and “×x”
means “multiplying the sending rate by x”.
Since the reward function is the combination of throughput
and delay, the agent will observe the equivalently bad rewards
when the sending rate raises to 50x or 100x bandwidth and
the buffer queue is saturated. In the training stage, bonding
the sending rate to reasonable limits will produce the same
transitions and meanwhile decrease CPU overheads caused
by packet generation and sending. Thus, we set the sending
rate in MIt , denoted as srt+1 , to
srt+1 = min(apply(srt , at ), 500Mbps)

(8)

where apply(srt , at ) is a function that applies action at on
sending rate srt .

3.2

Parallel MORL Training Framework

The goal of the MORL agent is to achieve consistent high
performance in diverse environments under different preferences. Since the optimal policy in these scenarios varies, the
MORL agent has to be trained in a series of environments
with different network characteristics and input preferences.
It results in the catastrophic forgetting problem [26] and extended training time, where catastrophic forgetting means that
the knowledge for previously learned environment is abruptly
destroyed by the training in the new environment.
To cope with these issues, we utilize an efficient parallel
MORL training framework as shown in Figure 2. Basically, it
is an extended version of the Asynchronous Advantage ActorCritic framework [27] and has three key points. Firstly, it is
asynchronous, which means multiple agents are used to train
actors in parallel and updates the global parameters periodically. To deal with the catastrophic forgetting problem, we
train the agent in different environments simultaneously, by
letting each agent interacts with a specific type of environment
(e.g., long latency, low bandwidth, high throughput weight).
Secondly, it is based on the actor-critic paradigm [28]. In the
training phase, the actor updates the policy parameters in the
direction suggested by the critic while the critic updates the
value function parameters. Thirdly, it uses the advantage function instead of the raw value of an action [29], which helps
us better compare the actions for a given state and makes the
training process more stable.
The adopted framework greatly improves learning efficiency. On the one hand, it fastens the interaction through
parallel training. On the other hand, it improves the sample efficiency by adopting the off-policy RL approach, which reuses
any past episodes through the experience replay mechanism.
Furthermore, it improves the exploration efficiency since the
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where s and s0 are the previous state and the current state, a
is the adopted action, r is the reward vector, ω0 is sampled
according to a fixed distribution, θk is the network parameters
at step k and Q(·; θ) is the MOQ-value function parameterized
by θ. Then, we can use the mean square error (MSE) between
the prediction returned by the neural networks and the target,
h
i
LA (θ) = Es,a,ω kyy − Q(s, a, ω; θ)k22
(11)
3.3.1

Homotopy optimization

Unfortunately, directly optimizing LA is challenging in practice since it is non-smooth considering that the optimal frontier contains a large number of discrete solutions. To solve
this problem, we adopt homotopy optimization [31] similar to
[30]. To be specific, we construct an auxiliary loss function
LB that directly optimize the scalarized Q value as,
Figure 2: MORL Training Framework.

LB (θ) = Es,a,ω [|ω| y − ω| Q(s, a, ω; θ)|].

adopted off-policy brings better explorations for sample collection, by following a behavior policy that is different from
the target policy.
Deep Neural Network Model. As shown in Figure 2, we
use two deep neural networks with state s and preference ω
as input and 2|A | Q-values as output. The first is the actor
network, which outputs the probability distribution over the
action space. The second is the critic network, which outputs
the utility value of the action. The parameters in two networks
are denoted as θπ and θv respectively.
The two networks share three fully connected layers, each
of which uses a rectified linear activation unit (ReLU) for
feature extraction from raw inputs. The extracted features
are then concatenated with the preference value and fed into
different fully connected layers for output.

3.3

Agent Training Strategies

To train the MORL agent with multiple reward functions,
we update the neural network model according a generalized
version of bellman equation [30]




Qπ (s, a, ω) = 0E R (s, a) + γ 0E Qπ s0 , a0 , ω
(9)
s ∼P

a ∼π

where Q is the Multi-Objective Q-value (MOQ-value) function. Its key idea is to use the vectorized value function to
perform envelope updates. It allows our method to quickly
align one preference with optimal rewards and trajectories
that may have been explored under other preference. Thus,
it can learn a single parametric representation for optimal
policies over the whole preference space.
Based on the above equation, we can calculate the target
for a given transition (s, a, s0 , r ) at step k by
y = E[rr + γ argQ max[ω| Q(s0 , a, ω0 ; θk )]
ω0
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(10)

(12)

Thus, the overall loss function is formulated as
L(θ) = (1 − λ) · LA (θ) + λ · LB (θ)

(13)

where λ slowly increases from 0 to 1 in the training process
and shifts the loss function from LA to LB .
Finally, we can calculate the stochastic gradient of network
parameters by
1
dθπ =
Ti j
(14)
Nω Nτ ∑
i, j
dθv = (1 − λ) · ∇θv LA (θv ) + λ · ∇θv LB (θv )

(15)

where Nω and Nτ are the minibatch sizes for sampling transitions and preferences respectively and


V i j −V
V (s j , ω i ; θv )) ∇θπ log π(a j |s j , ω i ; θπ ).
Ti j = ω|i (V
Here, V (s j , ω i ; θv ) is the baseline for calculating the advantage [29] and V i j is the estimated optimal value, which can
be calculated by
(
r j if done
V i j = r + γ arg max ω|V (s , ω0 ; θ) o.w.
(16)
j
j+1
V
i
ω0 ∈W

3.3.2

Early termination trick

For training efficiency, the needle-in-the-haystack problem
[14] has to be solved, which is described as follows. In the
exploration stage of the training, the agent performs random
walks and may be trapped in congestion states, i.e., when the
sending rate is above the available network bandwidth and the
buffer is saturated, the agent can only observe equivalently bad
rewards (which is the combination of throughput and latency).
It provides meaningless gradients and results in extremely
inefficient training.
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To solve this problem and stabilize the training process, we
propose a simple but useful method called early termination
trick. The basic idea is to increase the training step length
according to the episode index. In this work, we adopt a linear
function to calculate the termination index of each training
step, which is depicted as
fet (i) = δa + (i mod δb )

(17)

where δa is the initiate step length and δb is the step growth
speed.
Algorithm 1: Agent Training Algorithm
Input: Minibatch sizes Nτ and Nω ; network parameters
θπ and θv ; λ for homotopy optimization; δa and
δb in the early termination trick.
Output: Trained parameters θπ and θv .
1 Initialize replay buffer Dτ = {}.
2 Set Dω = U{ωt + ωd = 1|ωt ∈ (0, 1), ωd ∈ (0, 1)}.
3 for episode = 1, . . . , M do
4
Synchronize parameters θ0v = θv and θ0π = θπ .
5
Sample a preference ω ∼ Dω .
6
for t = 0, . . . , N − 1 do
7
if t ≥ fet (episode) then
8
break
Calculate state st according to Eq. (4).
Sample an action at ∼ π(at |st , ω; θ0π ).
Get (rrt , st+1 , done) from the environment.
Set Dτ = Dτ ∪ (st , at , r t , st+1 ).
if |Dτ | ≥ Nτ then
Sample (s j , a j , r j , s j+1 ) ∼ Dτ .
Sample W = {ω1 , ω2 , . . . , ωNω } ∼ Dω .
Calculate dθπ and dθv using Eq. (14)(15)
Perform asynchronous update of θv using
dθv and of θπ using dθπ .

9
10
11
12
13
14
15
16
17

18

return θπ and θv ..

3.3.3

Training algorithm

Combine the above components, we get the agent training
algorithm as shown in Algorithm 1, which works as follows.
We first initialize the replay buffer as an empty set (line 1)
and adopt a uniform distribution for preference sampling (line
2). At the beginning of each episode, the agent synchronizes
the network parameters with the global parameters (line 4).
Next, it interacts with the environment to collect the trajectory
for the replay buffer (lines 5-12). Considering the needly-inthe-haystack problem, the step length is calculated based on
the early termination trick (lines 7-8). Then the stochastic
gradient of the parameters for the actor network (dθπ ) and
for the critic network (dθv ) are calculated according to the
sampled transitions and the homotopy update trick (lines 13-
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Figure 3: Pantheon-Gym architecture.
16). Finally, the global parameters are updated asynchronously
based on dθπ and dθv (line 17).
Essentially, Algorithm 1 is to iteratively apply the Bellman
optimality operator T on Q. Since T is a contraction mapping
on the complete pseudo-metric space, Algorithm 1 will finally
terminate with a MOQ-value function Q that is equivalent to
the preferred optimal value function Q∗ based on the MultiObjective Banach Fixed-Point Theorem [30].

3.4

Pantheon-Gym: MORL Training Suite
For CC

To train the models and to facilitate further research, we
present Pantheon-Gym, which is an asynchronous MORL
suite for CC based on the OpenAI Gym interface [32] and
Pantheon [7] as shown in Figure 3. It supports MORL by returning a reward vector rather than a single scalar. Meanwhile,
it interacts with the MORL agent with the standard OpenAI
Gym interface, letting researchers design their own agent in
an easy way.
Besides the features adopted in our state space, it also supports various kinds of features including 1) sending rate; 2)
receiving rate; 3) 95th percentile latency; 4) the exponentiallyweighted moving average (EWMA) of the queuing delay; 5)
the EWMA of the sending rate; 6) the EWMA of the receiving rate. Users can conveniently customize their own reward
functions and state space.
Compared with Aurora [5] which proposes a training suite
based on a simulated network environment, Pantheon-Gym
provides more realistic training data by adopting an emulated
network environment. To promote bandwidth utilization and
training efficiency, Pantheon-Gym trains models in an asynchronous fashion similar to MVFST-RL [11]. The agents,
Gym interface and the emulated network work in different
processes and communicate with each other through remote
procedure calls. Therefore, the environment steps are not
blocked by the policy lookup and the forward-pass in the
training stage.
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4

Environment-Adaptive Preference Selection Method

In this section, we propose a novel environment-adaptive
preference selection method by training the preference adaptation model with the help of the expert policy. When the
preference is not determined by the upper-level application, it
automatically selects a suitable preference by taking the state
sequences as input to recognize the network environment.

4.1

Expert Policy

In the training stage, since we know the link capacity, we can
construct an expert policy π∗ that adjusts the sending rate to
the link capacity as quickly as possible. More specifically,
assuming c is the link capacity, then the action produced by
the expert policy at each MI is depicted as
π∗ : at = arga∈A min(|apply(srt , a) − c| + c ∗ 1apply(srt ,a)>c )
(18)
where 1apply(srt ,a)>c is a binary function that outputs 1 if
apply(srt , a) is larger than the link capacity c. It guarantees
that actions that do not cause excessive sending rate will be
prioritized.

4.2

Policy Similarity Model

We next propose a policy similarity model based on the cumulative reward distributions [33], which is used to quantify the
similarity between the expert policy and the policy for a given
preference ω. Based on it, we find the best preference for
each training environment. Compared with ordinary methods
that only use the expectations to estimate the policy, such a
method achieves higher accuracy.
The cumulative reward for policy π is defined as
T

R̂ π = ∑ γ t R (st , at ).

(19)

t=0

Due to the transition probability, R̂π is a random variable in
For a given policy π, we further define its Markov chain
as M (π) = {S , A , P , R , π}. Then the cumulative distribution
of R̂ π can be formulated as,
R2 .

Pπ (εε | s, a) = Pr(R̂ π ≤ ε | s, a, M (π))

(20)

By assuming this distribution follows a multi-variable
Gaussian distribution G(εε; θ) parameterized by θ, and adopting a Monte Carlo sampling technique to collect dataset D ,
we can get the distribution parameters by,
Θ∗ = argΘ max ED (G(εε; Θ))

(21)

We then use the Kullback-Leibler divergence [34] between
the expert and the policy generate by different preference as
the similarity measurement, which is formulated by


Z ∞
G(εε; Θ∗ )
dεε (22)
DKL (G∗ kGω ) =
G(εε; Θ∗ ) log
G(εε; Θω )
−∞
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where G∗ = G(ε; Θ∗ ) and Gω = G(ε; Θω ) are the Gaussian
distributions for the expert policy and the policy generated by
preference ω. A larger DKL means that the similarity between
the two policies is lower.

4.3

Preference Adaptation Model

Based on the policy similarity model, we first find the
most suitable preference ω for each training environment,
under which the reward distribution is most similar to
that of the expert policy (i.e., DKL (G∗ kGω ) is minimized).
Then, by running a set of experiments using a indicator
preference ω̃, we can collect the training dataset D p =
{(SS 0 , ω∗0 ), (SS 1 , ω∗1 ), . . . (SS n , ω∗n )}, where S i is a state trajectory,
and ω∗i is the most suitable preference for S i .
Build upon this dataset, the policy adaptation problem can
be formulate as a classification problem where each candidate
preference can be seen as a class. To solve this problem, we
train a preference adaptation model named AdaM using supervised learning. AdaM is a three-layer neural network. The first
two layers of it are Long Short-Term Memory (LSTM [35])
layers that can efficiently handle the sequence data while the
last layer is a fully connected layer.
We adopt the cross entropy loss [36] to train AdaM, which
is formulated as
N

L = − ∑ ωi log(ω∗i )

(23)

i=0

where ω∗i is the ground truth for training sample i, while ωi is
the prediction. We omit the details of the training procedure
since it is a classical supervised learning.
Algorithm 2: Preference Adaptation Algorithm
Input: Trained model AdaM and π; indicator preference
ω̃; sample count SC.
Output: Optimal ω for the current environment.
1 Initialize sequence buffer S = {}.
2 Observe the current state s according to Eq. (4).
3 Get instruction policy πω̃
4 for k from 1 to SC do
5
Sample an action at ∼ πω̃ (s).
6
Observe a new state s0 .
7
Set S = S ∪ s0 .
8
Set s = s0 .
9

return ω = AdaM(SS ).

Once we train the AdaM, we can use Algorithm 2 to infer
the most suitable preference. It first initializes the state sequence buffer and observes the initial state (lines 1-2). Then,
it collects a state sequence by interacting with the environment using the policy generated by the indicator preference
ω̃ (lines 3-8). Finally, we infer the best preference using the
trained adaptation model AdaM (line 9).
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5

Implementation and Evaluations

5.1

mance in three real-world, representative, and very different
environments and a hybrid network environment.

System Settings

5.2.1

Model Training and AUTO Implementation. We adopted
the same training parameters as Aurora [5] to train the MORL
agent as shown in Table 1. All parameters are sampled uniformly except the queue size, for which the log is sampled
uniformly. The history length is set to 10. To train the preference adaptation model, we set the sample count SC to 10 and
set the indicator preference ω̃ to [0.3,0.7], i.e., the weights of
throughput and delay are 0.3 and 0.7 respectively.

Bandwidth
100-500 pps

Table 1: Training Parameters
Latency
Queue size
50-500 ms 2-2981 packets

Loss rate
0-5%

We train models with 16 workers in parallel with different
sampled preferences. It take around 7 days on a server with
Intel Xeon Gold 6148 CPU and 128G memory to converge.
The whole model takes about 0.5 milliseconds on our server.
Using the two trained model, we implemented a user-space
prototype on top of Pytorch [37] and the UDT framework [38].
It only requires modifications on the sender side and it works
smoothly when any other CC scheme on the receiver-side
sends per-packet ACK.
Evaluation environments. We evaluate performances in
both emulated environments and the real Internet through
following tools.
• Pantheon [7]. The Pantheon is a community evaluation
platform. It supports performance evaluations on the
Internet and meanwhile can generate calibrated network
emulators that capture the diverse performance of real
Internet paths. It only supports point-to-point topology
and can run one scheme at once.
• CoCo-Beholder [39]. The CoCo-Beholder is an emulator based on Pantheon. It emulates multiple flows with
different CC schemes on a dumbbell topology.
Compared CC algorithms. We compare AUTO with stateof-the-art methods that have been proven to achieve high performance in the heterogeneous network, including heuristicbased CC algorithms FillP [40], Copa [4], BBR [41] and LEDBAT [42], online learning based method PCC-Allegro [16]
and Vivace [17], inverse RL based method Indigo [7], RLbased method Aurora [5], and statistic-based method TaoVA
[43]. We further adopt classic TCP variants including TCP
Cubic [9] and TCP Vegas [44] as baselines.

5.2

Achieve Consistent High Performance in
Different Environments

We first show AUTO achieves consistent high performance
in different network environments by evaluating its perfor-
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Satellite network

The first representative environment is the satellite network,
where links typically have longer RTT. We evaluate the performance on Pantheon parameterized with the real-world measurements of the WINDs satellite system [6], replicating an
experiment from the PCC-Allegro paper [16]. The link has
800 ms RTT, 42 Mbps capacity, 0.74% stochastic loss rate,
and a queue size of 1500. Part of the comparison algorithms
have been shown to achieve high performance in this environment, including PCC-Allegro [16], Vivace [17] and Copa [4].
Figure 4(a) shows as expected, AUTO achieves different
trade-off results between delay and throughput by inputting
different preferences. Therefore, AUTO can cope with different application requirements. In contrast, other methods only
obtain a single trade-off result.
For each comparison algorithm, there is always a preference under which AUTO achieves a better performance.
Compared with methods that work well in satellite network
environments, AUTO (0.8, 0.2) 1 achieves similar throughput
but 14% shorter delay compared to PCC-Allegro, and 30.0%
higher throughput and 20.6% shorter delay than Vivace, while
AUTO (0.5, 0.5) achieves 6.9% higher throughput and 12.2%
shorter delay than Copa. Compared with Indigo, the throughput and the delay of AUTO (0.2, 0.8) are 19.9% higher and
5.0% shorter respectively. Compared with BBR, AUTO (0.2,
0.8) achieves 153.5% higher throughput and 5.7% shorter
delay. Compared with schemes that achieve short delay, the
throughput of AUTO (0.05,0.95) is about 1.1 times of FillP,
3.1 times of Aurora, 4.0 times of TaoVA, 15.3 times of TCP
Cubic, 29.2 times of TCP Vegas, and 86 times of LEDBAT.
In this environment, (0.5, 0.5) is selected as the default preference by the preference adaptation model. Its corresponding
packet loss rate is shown in the blue bar in Figure 5, which
is 79.0% and 85.9% lower than Copa and PCC-Allegro that
achieve comparable throughput. With much higher throughput, the packet loss rate of AUTO (0.3, 0.7) is also lower than
FillP, BBR, Vivace, and Aurora.
5.2.2

Cellular network

The second representative environment is the cellular network,
where the links have time-varying speeds and are usually
modeled as Poisson Point Processes (PPP). We emulate this
environment on Pantheon parameterized with the real-world
measurements of the path from Amazon Web Services (AWS)
in Brazil to the Colombia cellular network, replicating an
experiment from Pantheon [7]. The link has 260 ms RTT,
3.04 Mbps capacity, 0.6% stochastic loss rate, and a queue
size of 426.
With different preferences, AUTO outperforms other meth1 We use

AUTO (ωt , ωd ) to represent AUTO with preference set to [ωt , ωd ].

USENIX Association

(a) Satellite network

(b) Cellular network

(c) Wired network

Figure 4: Throughput v.s. 95th percentile one-way delay in three representative environments. AUTO achieves consistent high
performance and can cope with different application requirements by achieving a series the Pareto dominate results.

Figure 5: Packet loss rate in the satellite, cellular, wired, and hybrid network environments
ods in different aspects as shown in Figure 4(b). By setting the
preference to (0.6, 0.4), AUTO achieves the highest throughput. Compared with other methods that prefer high throughput,
it achieves 61.1%, 28.2% and 9.7% shorter delay than TCP
Cubic, TCP Vegas and FillP respectively. By putting more
weight on delay, AUTO achieves shorter delay at the expense
of lower throughput. Statistically, AUTO (0.3, 0.7) achieves
5.7% higher throughput and 16.3% shorter delay than Copa.
With almost the same throughput, it achieves 10.2% lower latency compared with Aurora. AUTO (0.1, 0.9) achieves 4.1%
higher throughput and 8.3% shorter delay than LEDBAT. For
other methods that achieve low link utilization in this environment, AUTO (0.1, 0.9) achieves 9.1%, 14.5%, 38.3% and
83.3% higher throughput than TaoVA, PCC-Allegro, Vivace
and Indigo respectively.
The default preference in this environment is (0.5, 0.5).
Under this preference, the packet loss rate of AUTO is 0.64%
and is lower than all other methods except Vivace, which
achieves 0.56% packet loss rate but very low link utilization.
5.2.3

Wired network

The third representative environment is the wired network,
where the links have higher bandwidth and shorter buffer.
We evaluate the performance in this environment on the real
Internet by utilizing two servers located at Shanghai and Hong
Kong respectively. The link between the two server has about
36.2 ms RTT and 80 Mbps capacity.
Although the link bandwidth in the evaluate environment is
far beyond the training range [1.12 Mbps, 5.6 Mbps], AUTO
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still achieves a set of Pareto dominant results as shown in
Figure 4(c). This is because the adopted state space achieves
a good generalization of the model. By setting the preference to (0.3, 0.7), AUTO achieves comparable throughput
as FillP, Copa, PCC-Allegro, Vivace and Indigo and meanwhile achieves shorter delay. Due to the stochastic packet loss,
TCP Cubic, TCP Vegas and LEDBAT have poor performance
in this test. Due to the slow convergence, the throughput of
Aurora is 38.5% lower than AUTO (0.3, 0.7).
In this test, the queuing delay fluctuate in a small range
because of the small queue size. If setting the throughput
weight too large (≥ 0.4), AUTO will neglect the small queuing
delay, which will result in high packet loss rate. Therefore, we
set the throughput weight no higher than 0.3. In contrast, the
delay-based method Copa cannot detect congestion correctly
and therefore has large packet loss rate as shown in Figure 5.
Similar to the previous results, the default preference setting (0.3, 0.7) achieves lower packet loss rate than other CC
algorithms that achieve the similar throughput. Quantitatively,
the packet loss rate of AUTO (0.3, 0.7) is 88.9% lower than
FillP, 96.0% lower than Copa, 42.1% lower than Indigo, 57.3%
lower than PCC-Allegro and is 2.7% lower than Vivace.
5.2.4

Hybrid network

To show AUTO can cope with the heterogeneous satelliteground integrated network, we next evaluate the performance
on an emulated hybrid network path using Pantheon. The
hybrid path contains a satellite link with 800 ms RTT and 42
Mbps bandwidth, and a terrestrial link with 40 ms RTT and
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suffers from unacceptably high packet loss in the satellite
environment, Vivace suffers from low throughput in both
satellite and cellular network environments, while Aurora
has poor performance in the satellite and the wired network
environments.
In contrast, AUTO adapts to different network environments
by automatically adjusting the preference. Although we adopt
a relatively small training range, the trained policy model
achieve high performance since there is no absolute value
in the state space. Its performance can be further improved
by adding more training environments. Further, by finding
the Pareto-optimal frontier, AUTO can cope with different
application requirements.
Figure 6: Throughput v.s. 95th percentile one-way delay in
the hybrid network environment.
60 Mbps bandwidth.
For congestion control, the hybrid path can be abstracted as
a single special link. Its delay and packet loss rate are the total
delay and the overall packet loss rate of the path respectively,
while its bandwidth is the bandwidth of the bottleneck link
on the path. Since the bandwidth-delay ratios of hybrid paths
are covered by representative environments, AUTO can well
cope with it. As shown in Figure 6, AUTO achieves both high
throughput and low latency. With similar latency, AUTO(0.01,
0.99) achieves 14.36 Mbps throughput, corresponding to a
gain of 52.2×, 30.9×, 18.9×, 2.9×, 1.9×, and 12.5% over
LEDBAT, TCP Vegas, TCP Cubic, TaoVA, Aurora, and FillP
respectively. With similar throughput, it also improves the delay by 30.7% compared with BBR. AUTO(0.1, 0.9) achieves
similar delay with Vivace but its delay (507.2 ms) is 29.8%
shorter. Compared with Copa, AUTO(0.3, 0.7) improves the
throughput and delay by 18.6% and 3.9% respectively. Meanwhile, it achieves 22.5% higher throughput and 6.9% lower
delay compared with Indigo.
From the perspective of packet loss rate, the default preference setting (0.3, 0.7) performs better than all other methods
that achieve a link utilization rate higher than 15%. As shown
in Figure 5, it still achieves 15.0%, 16.9%, 18.9%, 57.0%,
65.5% lower packet loss rate than FillP, Vivace, BBR, Copa,
and Indigo respectively. Although PCC-Allegro achieves the
highest throughput in this scenario, it fails to detect congestion
since the chosen preference is not suitable for this scenario. It
suffers from 55.11% packet loss rate, which is 13.3× higher
than AUTO(0.3, 0.7).
5.2.5

Summary

Existing CC methods cannot adapt to diversified environments. For example, BBR and FillP suffer from low throughput or long delay in the satellite, cellular, and the hybrid network environments. Due to the fixed monitoring interval and
lack of consideration on delayed action phenomenon, Indigo
can only achieve high performance in the wired network environment. Due to the empirical preference settings, PCC
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5.3

Adapt to Rapid Network Changes

We next show AUTO achieves high reactiveness and adapts to
the rapid network changes by emulating a link with dynamic
available bandwidth, which changes every 5 seconds with a
uniform distribution ranging from 2 Mbps to 10 Mbps. The
link delay and loss rate are set to 50 ms and 1% respectively.
Figure 7(a) shows that AUTO achieves highest average
throughput. Quantitatively, it reaches 5.95 Mbps and 92.3%
link utilization, corresponding to a gain of 2.6%, 5.1%, 7.0%,
11.8%, 16.9%, 37.4%, 45.5%, 75%, 1.58×, 2.79×, 3.92× over
FillP, Vivace, BBR, Copa, TaoVA, Indigo, PCC-Allegro, Aurora, LEDBAT, TCP Vegas and Cubic, respectively. To further demonstrate AUTO’s reactivity, we show AUTO achieves
shorter delay comparing to other algorithms that achieve
comparable throughput in the blue bar. More specifically,
compared with FillP, Vivace and BBR, the delay of AUTO is
25.4%, 96.6%, and 74.7% shorter.
Figures 7(b)-(m) illustrate the behavior of different CC
methods across time. As shown in Figure 7(b), AUTO’s sending rate fluctuates around the available bandwidth since it
adjusts the sending rate mainly according to delay variation.
It tries to increase the sending rate when the latency ratio is
small and to decrease otherwise. FillP and BBR also achieve
good performance but have longer converge time when the
bandwidth suddenly increases. Although Vivace achieves high
throughput, it cannot cope with the bandwidth decrease and
result in extremely long delay and high packet loss rate. Due
to the slow convergence, Aurora has low reactiveness and suffers from poor bandwidth utilization. Other algorithms such
as Copa, Indigo, Cubic, Vegas, and LEDBAT cannot cope
with the varient bandwidth or misestimate the network status
due to the stochastic packet loss rate. Their and suffer from
low throughput.

5.4

Resilient to Stochastic Packet Loss

Then, we show that AUTO is resilient to stochastic packet loss,
which is challenging for CC algorithms since the stochastic
packet loss caused by poor link quality could let CC algorithms mistakenly think that congestion occurred and further
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(a) Average throughput and delay

(b) AUTO

(c) FillP

(d) Copa

(e) Indigo

(f) BBR

(g) Cubic

(h) LEDBAT

(i) PCC-Allegro

(j) TaoVA-100x

(k) Vegas

(l) Vivace

(m) Aurora

Figure 7: Performance evaluations in the rapidly changing network scenario.
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Figure 8: Link utilization v.s. stochastic loss rate.
decrease the sending rate. We test AUTO against other algorithms under an emulated link with a rate of 12 Mbps bandwidth and an RTT of 200 ms. To further test the robustness
of the trained policy model, we let the stochastic loss rate of
the link range from 0% to 8%, which is beyond our training
range [0%, 5%].
As shown in Figure 8, AUTO achieves consistent high
link utilization under all stochastic loss rates. Even when the
stochastic loss rate is set to 8%, which is outside the training
range, AUTO achieves 88.25% link utilization, which is 6.9%
higher than the second-highest method FillP. The main reason
is that AUTO judges whether congestion occurs by jointly
considering the latency ratio, the latency gradient, the sending
ratio, and the loss rate. Since the stochastic loss rate only influences the last two features, AUTO still can detect congestion
accurately. With a similar reason, Indigo also achieves high
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link utilization. In contrast, the link utilization of Aurora falls
sharply when the stochastic loss rate larger than 2% due to
the fixed preference. BBR adjusts the sending rate according
to the estimated bandwidth and minimum latency, thus, it is
less affected by the stochastic loss rate. Since packet loss is
not considered in the packet arrival model, the performance of
Copa degrades when the stochastic loss rate is larger than 3%.
TaoVA fails to consider lots of real network parameters such
as stochastic loss rate and link buffer size and its link utilization ranges from 35% to 55%. For PCC-Allegro and Vivace
that adopt the fixed weight on the packet loss rate in the utility
function, their performance is poor when the stochastic packet
loss rate is large since the calculated utilities are always low.
As for TCP Cubic, TCP Vegas and LEDBAT, they are designed for reliable network environments and are sensitive to
packet loss. They achieve relatively high link utilization when
there is no stochastic packet drop on the link, and their link
utilization drops to about 3% when the stochastic loss rate
increases to 8%.

5.5

Fairness Against Different CC Schemes

Last, we show that AUTO is competitive-configurable and
can achieve fairness against different CC schemes with different competitiveness, which solves the pain point of existing
offline learning-based CC methods [5]. We first set up two
flows on a dumbbell topology using CoCo-Beholder [39] with
one flow using AUTO and competing with another flow using
other CC schemes. The bottleneck link has 100 ms RTT, 20
Mbps capacity, and a queue size of 200. After 30 seconds
running, we evaluate the Jain’s Fairness Index (JFI) of the
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(a) AUTO v.s. FillP

(b) AUTO v.s. BBR

(c) AUTO v.s. Cubic

(d) AUTO v.s. Copa

(e) AUTO v.s. Vegas

(f) AUTO v.s. PCC-Allegro

(g) AUTO v.s. TaoVA

(h) AUTO v.s. Indigo

(i) AUTO v.s. Vivace

(j) AUTO v.s. Aurora

Figure 9: JFI between AUTO and other CC schemes v.s. the throughput weight (ωt ). The delay weight is set to 1 − ωt .
two flows, which is calculated by x 2 /xx2 and x = [xAUTO , xc ]
is the throughput of AUTO and the competing scheme respectively. The JFI ranges from 0.5 (worst case, the throughput
of one flow is 0) to 1 (best case, the two flows have the same
throughput).
As shown in Figure 9, the JFI first increases with the
throughput weight and then decreases. This is because the
competitiveness of AUTO increases along with the throughput
weight so that the JFI increases before AUTO achieves the
same competitiveness as the competing flow and decreases after. More specifically, with a small throughput weight, AUTO
is extremely delay-sensitive and tends to decrease the sending rate when the competing flow causes the increase of the
queuing delay. On the contrary, if higher weight is put on
throughput, AUTO will be more competitive and decrease the
sending rate only if the latency ratio is large.
Therefore, AUTO can always find a suitable preference
such that the two flows achieve comparable throughput on
the shared link. When competing with CC schemes with high
competitiveness, AUTO achieves the fairness by increasing the
throughput weight. For example, FillP, BBR and TCP Cubic
have high competitiveness for the first two adjust the sending
rate based on the estimated bandwidth and the last reduces
the congestion window size only when there is packet loss.
As shown in Figures 9(a)-(c), by setting preference to (0.9,
0.1), (0.95, 0.05) and (0.95, 0.05), AUTO achieves the fairness against FillP, BBR and TCP Cubic respectively. In contrast, by putting higher weight on delay, AUTO can play well
with delay-sensitive CC algorithms. Among the selected CC
schemes, Indigo, Vivace and Aurora are more delay-sensitive
due to their selected features or the rate adjusting mechanism. As shown in Figure 9(h)-(j), AUTO achieves the fairness against these three algorithms by setting the preference
to (0.2, 0.8), (0.25, 0.75), and (0.3, 0.7) respectively.
Meanwhile, the competitive-configurable characteristic
also supports users to explicitly set the priority for different
flows. For example, users can adjust the throughput weight
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of flows that require high bandwidth (e.g., file downloading)
to larger than that of delay-sensitive flows (e.g., online meeting). By doing so, the performance of delay-sensitive can be
guaranteed while other flows only use the residue bandwidth.

6

Conclusion

We proposed AUTO, an adaptive CC algorithm based on
multi-objective reinforcement learning for the heterogeneous
satellite-ground integrated network. It doesn’t target at finding
the optimal result for a single preference, but instead aims
for finding optimal policies for all possible preferences. Thus,
AUTO can cope with heterogeneous network environments
and diversified application requirements using a single agent,
by taking different preferences as input. To adjust the preference adaptively in different environments, we next proposed
an environment-adaptive preference selection method by training a preference adaptation model. To train the agent on emulated environments and to facilitate further research, we developed a training suite Pantheon-Gym for MORL-based CC.
Evaluation results show that AUTO achieves consistent high
performance in representative network environments, adapts
to rapid network changes, is resilient to stochastic packet loss,
and can achieve fairness against different CC schemes.
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