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ABSTRACT
For dedicated private WANs we propose a new congestion control
algorithm based on Model Predictive Control (MPC) to produce
flows with predictable rates and round trip times (RTTs). We model
the bottleneck link as a queue, and based on a first order model
relating the sending rate and the RTT we have designed and im-
plemented (as a Linux kernel module) a MPC based congestion
control algorithm that avoids the extreme window (which trans-
lates to rate) reduction that exists in current control algorithms
when facing network congestion. Through simulation and experi-
mental analyses, we have shown that our algorithm achieves the
goals of a low standard deviation of RTT and pacing rate, even
when the bottleneck link is fully utilized. In the case of multiple
flows, we can assign different rates to each flow and as long as the
sum of rates is less than the bottleneck rate, they can maintain their
assigned pacing rate with low standard deviation. In this paper,
we study the impact of network buffer size on the performance.
Simulation analyses show that with a buffer size of at least 25% of
the bandwidth delay product (BDP), the flows equally share the
bottleneck link capacity and achieve full link utilization. Increasing
the buffer size has an impact on the variance of the sending rate
and RTT which is studied with respect to the number of flows.
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1 INTRODUCTION
The target domain of our work is an SDN-enabled softwarized pri-
vate/dedicated WAN such as those interconnecting geo distributed
data centers [10, 21] or an overlay network [5] inter-connecting dis-
tributed instrument facilities, HPC systems, storage, and researchers
in the SuperFacility model [22]. In such networks, there is a need
for sources (end-systems) to transfer data at an assigned rate pre-
dictably (i.e., with very low variance). This need may arise not only
to meet deadlines (which are increasingly tight) [8, 11, 12, 23] but
also to achieve high network utilization [10, 21].

One approach to achieve predictable data transfer is to use a
rate based congestion control algorithm [4, 16]. These algorithms
use a qDisc such as FQ/pacing and HTB [1] or a scalable traffic
shaping function (potentially implemented on a programmable
NIC) such as Carousel [19] to maintain a determined/assigned rate.
The underlying control algorithm that determines the rate could
be a delay-based algorithm [4, 16] that uses the RTT (time between
when a packet is sent and the acknowledgement is received) to
detect the congestion. These are opposed to loss-based algorithms

that use loss to indicate congestion [7, 13]. There are also algorithms
that use both delay and loss for control [14].

One of the earliest delay-based congestion control algorithms is
TCP-Vegas [3].More recently, BBRTCP [4] forWANand TIMELY [16]
for data centers have been proposed. In WANs, the key issue is that
using a loss based approach pushes the control to operate at full
buffer utilization, which can have negative consequences with large
buffers. In BBR TCP, the control attempts to determine the rate
that maximizes power, which is the ratio of throughput to the de-
lay. This is referred to as Klienrock’s optimal operating point as it
achieves maximum throughput while minimizing the delay [4, 9].
In data center networks, studies show that changes in RTT are an
accurate indication of congestion [16]. In our proposed algorithm
we implement a delay-based congestion control algorithm.

We started with the goal to design and implement a congestion
control algorithm from scratch following a formal control theoretic
approach. We adopted model predictive control (MPC) and to the
best of our knowledge, there are only limited prior studies on its
use in the design of a congestion control algorithm [6]. MPC [2] is
advantageous over other control strategies (like PID) when dealing
with complex systems [18]. The main advantage is that unlike ad-
ditive increase/multiplicative decrease controls, MPC can enable
us to estimate our control as a continuous function. This in turn
leads to smoother transmission rate and RTT. One caveat is that
MPC methods require a system’s reactions to correlate directly to
the actions taken by the controller, and thereby also require that
stochastic noise be relatively low. This makes it suited to the rel-
atively quite dedicated WANs (our target domain) but not to the
general Internet (which can be very noisy and unpredictable). Con-
sequently, if successful, an MPC based rate control algorithm can
lead to improved performance for long-lived, large data transfers
(aka elephant flows) in dedicated WANs.

We have implemented the MPC-based congestion control algo-
rithm in the Linux kernel. Through simulation and experimental
results we have demonstrated that our algorithm achieves the goals
of low standard deviation for pacing rates and RTT, while maxi-
mally utilizing the bottleneck rate. Our implementations allow per
flow rates to be set. Our experimental results show that if this is
used to cap flows so that their sum is less than the bottleneck rate,
then we can achieve low standard deviation even among multiple
flows that may have different RTTs.

In this paper we investigate the impact of buffer size on the
bottleneck link utilization and the predictability of the proposed
algorithm. Through simulation analysis we show that varying the
bottleneck link buffer size has four major impacts. First, increasing
the buffer size to a very large mutiple of the buffer-delay product
(BDP) causes losses to increase. Second, decreasing the buffer size
causes the rate and RTTs to become more stable. Third, decreasing
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or increasing the buffer size to extremely small or large inhibits the
algorithm frommatching the bottleneck rate. Fourth, increasing the
buffer size causes the algorithm to reach the bottleneck rate faster.
These four aspects should be considered when setting a buffer size.
Generally, a buffer size of 1/4 BDP may be preferable for long lived
flows (i.e., those that last several minutes), while a larger buffer size
(upwards of 4 times the BDP) is preferable for shorter lived flows.

2 MPC-BASED CONGESTION CONTROL
In MPC, the goal is to set a variable (called the response), which we
can only indirectly manipulate using a value (called the control)
that we control directly, such that it matches some desired value
(called the target value)[15]. What makes MPC special is that it
predicts the response for several time steps in the future, and tries
to optimize the control for each of these time steps to match the
response. This process is repeated at each time step, and is thus
called the receding horizon (the idea being that the horizon of
prediction recedes into the future as we gain more information).
Below we describe the three core pieces of MPC as they apply to
our control algorithm.

Model: The model or the physics of the system is used to predict
and to optimize the control. We assume the network is a simple
queue, and that our round trip time (RTT) increases as the queue
becomes larger. From this we can establish several key parameters
for the model. The first is the propagation latency lP , which is the
minimum RTT of the network, and corresponds to an empty queue.
The second is the bottleneck rate rB , which is the pacing rate that
when exceeded leads to an increase in RTT, and corresponds to
processing rate of the queue. The third is the bottleneck latency
lB , which is the maximum RTT for the network, and corresponds to
a full queue. Taking these three parameters into account the model
is as follows.

lbuf(n + 1) = lbuf(n) +
r (n) − rB

rB
∆t(n) (1)

l(n) = lP + lbuf(n) (2)

This is a discrete model indexed by n, where t(n) is the time at
index n, ∆t(n) = t(n + 1) − t(n), and r (n) and l(n) are the pacing
rate and RTT at time t(n). lbuf(n) is the portion of l(n) that comes
from network buffering (i.e., congestion). We must also impose the
constraint that 0 ≤ lbuf(n) ≤ lB − lP for all n.

Prediction: We let x̂ denote the predicted or estimated value of a
variable x , and x denote its average. For lP and lB we simply take the
minimum and maximum RTT with exponential back-off. The back-
off is necessary to account for changing or erroneous minimum
and maximum RTT values. Exponential back-off allows for quick
recovery while maintaining algorithmic stability. Mathematically,
the exponential back-off function fexp is given by

fexp(x,n) = x(n) +
l − x(n)

td
∆t(n). (3)

The above discrete function fexp(x,n) approximates the continuous
exponential back-off function l + (x(t) − l)e−t/td where td (a user
set parameter) is the time it takes for the estimation to decay to
0.37 of its original value. Based on the above function, ˆlP (n+ 1) and

ˆlB (n + 1) are determined as follows

ˆlP (n + 1) = min
{
l(n), fexp( ˆlP ,n)

}
(4)

ˆlB (n + 1) = max
{
l(n), fexp( ˆlB ,n)

}
. (5)

To better estimate lP and lB , we also periodically decrease and
increase the pacing rate to probe the RTT.

For rB we use gradient descent to minimize the error between
previous predictions for l and the measured value of l . It can be
shown that

ˆrB (n + 1) = ˆrB (n) − η
δ (δ − µ)

ˆrB (n)3
(6)

δ = r (n)∆t(n) (7)
µ = (l(n) − l(n − 1) + ∆t(n)) ˆrB (n) (8)

where η is the learning rate, and δ and µ are terms that come out of
the derivation. We then plug these equations into Eq.(1) and Eq.(2)
to get the predicted latency l̂(n + 1).

Optimization: To optimize the pacing rate we first establish a
target latency lt (usually set by the user somewhere between lP
and lB ). We then set the rate to minimize the difference between
the predicted latency l̂ and target latency lt , the predicted variance
in l , and the variance of the pacing rate. These three objectives
are given the weights 0 < 1 − c1 − c2 < 1, 0 ≤ c1 < 1, and
0 < c2 < 1, respectively. These weights are set by the user. The
resultant formula is

r (n + 1) =
c3l2P r (n) − ∆t(n) ˆrB (n)Λ

c3l2P + ∆t(n)
2(αc2 + c1)

(9)

Λ = (αc2 + c1)
(
l(n) − ∆t(n)

)
−c1lt − αc2l(n) (10)

where α is the weight used for the exponentially weighted moving
average of l , i.e., we compute l(n + 1) = (1 − α)l(n) + αl(n). We
set α to 1

8 . Λ is a common value that comes out when deriving the
formula, and represents the RTT part of the optimization.

3 SUMMARY OF EXPERIMENTAL RESULTS
We have implemented the MPC based congestion control algorithm
as a Linux Kernel module. The algorithm only requires changes
at the sender side. Using the implementation we ran tests over
a 10 Gbps link to ESnet’s test servers [5]. For these tests the 10
Gbps link was the primary bottleneck. We used the pschedular tool,
which is part of the perfSonar suite [20]. One important feature of
pschedular is that it ensures that we are not in contention for the
server before starting an iPerf3 [17] session to measure network
performance. Target servers were selected to give a broad range
of RTTs; it included servers in Sacramento, Denver, and New York.
Overall, the results, some of which are discussed below, were similar
to those observed from the simulation analysis.

For a single flow between Davis, CA and Denver, COwe achieved
rates and RTTs that were stable and did not show a saw tooth pat-
tern as found in other AIMD-based congestion control algorithms.
Results using multiple flows to Denver, CO showed stable rates and
RTTs as well, and the flows would equally share the bandwidth.
This equal sharing occurs when flows have the same RTT. When
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testing different RTTs we used New York, NY as a destination in
addition to Denver, CO. The results showed that Denver would dom-
inate the bandwidth usage, showing that the algorithm favors lower
RTTs, at least for the parameters we set. Preliminary experimental
results with detailed explanations are available in [15].

Overall, the experimental results demonstrated four things. First,
for a single flow we can achieve near bottleneck rates while also
maintaining a smooth RTT. Second, when we specify rate caps we
can maintain the rate with low standard deviation and achieve a
smooth RTT. Third, with multiple uncapped flows with the same
RTT, the flows approximately equally share the bottleneck capacity.
Fourth, with multiple uncapped flows with different RTTs, one flow
dominates.

4 IMPACT OF BUFFER SIZE
4.1 Simulation Methodology
To study the impact of buffer size on the performance of the algo-
rithm we have used a discrete-event simulation model. The net-
work is modeled with two buffers; one to model the bottleneck
link, and the other for the returning ACKs. The simulator allows
separate client processes representing end systems to be initiated
each running their own instance of the MPC algorithm, which is
near identical to the Linux kernel implementation. Three types
of events, namely, enqueue, dequeue, and ACK, are modeled. En-
queue represents a client sending a packet and enqueueing it on
the bottleneck link’s buffer. The enqueue events are specific to each
client; the event being scheduled at time intervals determined by
the rate set by the MPC algorithm and the size of each packet. If
an enqueue occurs and the bottleneck link buffer is full, a loss is
recorded. Dequeue corresponds to the bottleneck link processing
and transmitting the next packet in its queue. The dequeue events
are scheduled at time intervals determined by the rate set by the
bottleneck rate and the size of each packet. ACK is scheduled to
occur after one RTT propagation delay from dequeue time, with a
small added noise sampled from a bounded (negative) exponential
distribution with mean 1% and a max of 10% of the base RTT. When
an ACK is received the RTT is calculated and passed to the MPC
algorithm, which updates it’s sending rate. In our setup we used a
shared link of 40 Gbps with a base RTT of 25 ms.

4.2 Results
To evaluate the impact of buffer size we simulated different numbers
of flows that shared a 40 Gbps bottleneck link. We changed the bot-
tleneck link’s buffer size to varying percentages of the bandwidth-
delay product (BDP). Of the approximately 100,000,000 data points
we sub-sampled 1,000,000. Unless stated otherwise, all plots cor-
respond to a system with two simultaneous flows running. For
the box plots in this paper no points were considered outliers, and
the whiskers thus represent the full range of data. This was done
because the distribution is heavily tailed due to probing, and thus
using the 1.5 IQR method or a similar outlier detection method
would exclude a large portion of the data.

Figure 1 shows the effect of changing the buffer size on the
achieved rate. For buffer sizes less than 1/4 the BDP or greater than
2 times the BDP, the throughput rate starts to be limited to less
than the bottleneck rate. For small buffer sizes, since the RTT range

is more limited (see Figure 2), the algorithm is limited in the control
actions it can take and is thus more cautious. For large buffers
this is caused by a high RTT variance (see Figure 2), which causes
the algorithm to overreact, leading to high losses resulting in the
algorithm constantly backing off. As buffer sizes increase beyond
1/4 the BDP, the variation in the rate increases. This is because
as the range in RTT increases, the algorithm must take greater
control action to meet the target RTT (which is halfway between
the minimum and maximum RTT). The large range in rate is caused
by the algorithms probing cycle. The minimum whiskers in the
box plot correspond to the algorithm probing for the minimum
RTT, where it decreases the rate to empty the link buffer, which in
turn decreases the RTT. The maximum whiskers in the box plot
correspond to the algorithm probing for the maximum RTT, where
it increases the rate to fill the link buffer, which in turn increases
the RTT. One may notice that when probing for a maximum RTT
the pacing rate goes beyond the bottleneck rate. This is acceptable
because it only occurs for a short time span, and the buffer is able
to absorb the excess packets. We can see this in Figure 5, where
the spikes correspond to probing. The probing also immediately
stops when a loss is detected. The figure also demonstrates one
advantage the MPC based controller has over traditional AIMD
based controllers. Because the control acts as a continuous function,
when the algorithm is not probing we can produce a low variance
rate for moderate (≤ 1 BDP) buffer sizes that tracks very close to
the bottleneck rate. This is opposed to AIMD controllers, whose
pacing rate (a function of the window size) exhibits a saw tooth
pattern, leading to high variation in the rate.

Figure 2 shows the effect of changing the buffer size on the RTT.
We can see that as buffer size increases so does the range of RTTs.
This corresponds to the core idea of our algorithm that fuller buffers
result in larger RTTs. The explanation for this is that packets must
wait for the ones in front of them to be transmitted first before they
can be transmitted, and thus the packets’ RTTs increase. Note that
since the RTT set by our control algorithm is a function of the RTT
range, we will find that the median RTT increases with buffer size
as well. The whiskers again correspond to probing by the algorithm.
The lower end of the boxes end abruptly at 25 ms because that is
the propagation delay (i.e. the minimum RTT). As with the rate, at
a reasonable buffer size the algorithm can maintain a low variance
RTT and avoid the saw tooth pattern of AIMD protocols.

Contrary to what is expected, a larger buffer size has little effect
on losses until it reaches 8 BDP, at which point the number of losses
starts to increase. For sizes less than 8 BDP, the number of packets
dropped is on the order of around 10 packets per 100,000,000. In
contrast, at 16 BDP we lose 176 packets. This increase is due to the
large range in RTT and the resulting instability. In order to meet
the target RTT the algorithm will set the pacing rate high in order
to fill the buffer. However, because the RTT can increase to a high
value, the feedback signal is significantly delayed. This causes the
algorithm to overshoot and incur high losses. Upon seeing these
losses the algorithm will cut the rate and repeat the process. This
leads to a high number of losses and a low median pacing rate.

A summary of how the rate, RTT, and losses change with respect
to the number of flow and buffer size is shown in Table 1. The
pacing rate is largely affected by buffer size, with the number of
flows having a greater impact with very small or large buffers. For
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small buffers, more flows leads to more competition, which pushes
the combined rate up even when an individual flow rate is low.
Conversely, for large buffers this effect magnifies the algorithmic
instability observer at these sizes, leading to lower median pacing
rates. For the RTT, low buffer sizes generally result in the RTT
being close to its base RTT for any number of flows. At higher
buffer sizes, the RTT for different numbers of flows diverge, with
more flows leading to a higher RTT. This is because packets from
each individual flow must wait for packets from every other flow to
be processed before it can be processed, leading to a higher average
RTT. Losses generally increase with the number of flows, which is
due to congestion caused by increased competition. At very high
buffer sizes, losses also increase due to algorithmic instability.

Results seem to indicate that a buffer size of 1/4 BDP is ideal. This
buffer size leads to a minimal increase in RTT, achieves maximum
throughput, has a low median RTT, and has the lowest variance
in both throughput and RTT. However, one thing these graphs
do not show is how long the flows take to reach the bottleneck
rate. If we look at Figure 4 and 5 we can see how changing the
buffer size affects how long the combined flows take to reach the
bottleneck rate. In general increasing the buffer size causes the
algorithm to reach the bottleneck rate faster. This is because, as
mentioned earlier, it does not need to be as cautious to avoid losses.
A different effect can be seen when flows start at different times.
Figure 6 and Table 2 show what happens when one flow starts
10 seconds after another one. The flows take a significant time to

Figure 1: Combined rates for 2 flows versus buffer size in
terms of BDP. Rates are most stable when the buffer size is
at 1/4 the BDP. Decreasing the buffer size far below or above
the BDP limits the rate to below the bottleneck rate. The
largewhisker range is due to probing for lP and lB , which cor-
respond to the minimum and maximum rates, respectively.
All boxes have a lower limit of 10 Gbps because each flow
was set for aminimum pacing rate of 5 Gbps (two flows thus
always use 10Gbps). Thewhiskers for buffer sizes of 4, 8, and
16 times the BDP have been cutoff to better present the box
plots, and they each extend up to 120 Gbps.

stabilize, and this time increases when the buffer size increases.
This increase is in part due to the higher RTT range making it
more difficult for the flows to separate the signals from their probes.
It is important to note that the flows will also stabilize faster if
they probe more frequently, although this increases the variance
of the pacing rate. A larger buffer size (upwards of 4 BDP) may be
preferable because it reaches the bottleneck rate faster. In general
smaller buffers (1/4 BDP) are preferable for long lived flows, where
the long startup time is offset by the increased stability. On the

Figure 2: The RTT as a mean among the flows compared to
buffer size in terms of BDP. The median and range in RTT
increase as buffer size increases. The large whiskers corre-
spond to probes for lP and lB . All boxes have a lower limit of
25ms because that is the minimum RTT lP . Note that a log
scale is used to accommodate the large variation in RTTs.

Figure 3: Total losses among all flows as a function of the
buffer size in terms of BDP. Losses as a fraction of pack-
ets sent remain consistently around 1× 10−7 until the buffer
size reaches 8 BDP, at which point the number of losses in-
crease due to algorithmic instability caused by a large range
in RTT.
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Flows Buffer Size (BDP)
1/16 1/8 1/4 1/2 1 2 4 8 16

Median Combined Rate (Gbps)
1 24.5 34.4 39.8 39.8 39.6 39.4 39.2 39.2 38.4
2 33.8 39.8 39.8 39.6 39.4 39.2 38.7 38.2 10.1
4 35.8 39.7 39.9 39.7 39.6 39.0 38.0 36.5 10.0
8 39.1 39.7 39.8 39.9 39.8 39.7 38.2 26.7 10.2

Median RTT (ms)
1 25.2 25.2 25.3 25.5 25.9 26.8 27.5 27.9 28.9
2 25.2 25.3 25.4 25.5 26.0 27.1 29.6 33.4 109.1
4 25.2 25.3 25.4 25.5 25.7 27.1 32.2 41.5 165.8
8 25.3 25.3 25.4 25.4 25.4 25.5 33.5 59.5 175.4

Losses (as Fraction of Packets Sent)
1 4.42e-8 3.42e-8 3.72e-8 3.51e-8 3.50e-8 2.77e-8 7.04e-9 2.84e-8 1.95e-7
2 9.54e-8 8.38e-8 9.13e-8 8.36e-8 9.11e-8 9.80e-8 5.01e-8 1.85e-7 1.23e-6
4 1.83e-7 1.55e-7 1.65e-7 1.30e-7 9.58e-8 1.48e-7 3.59e-7 5.05e-7 2.23e-6
8 4.09e-7 3.42e-7 2.40e-7 2.44e-7 2.31e-7 2.32e-7 4.88e-7 2.13e-6 3.47e-6

Table 1: The pacing rate and RTT are mainly affected by buffer size. For very small buffer sizes, increasing the number of
flows increases the median combined rate. For very large buffer sizes, increasing the number of flows decreases the median
combined rate, and increases the median RTT. Finally, an increased number of flows universally leads to greater losses, with
higher losses observed at very large buffer sizes.

other hand, larger buffers allow the algorithm to react quickly at
the expense of stability, which is preferable for short lived flows.

5 CONCLUSIONS
We have designed and implemented a rate-based congestion control
algorithm based on the principles of MPC for dedicated WANs. The
control algorithm uses a simple one time step queuing model of
the bottleneck link to control the pacing rate by using RTT as a
feedback mechanism. The formal MPC-based approach allows us
to achieve a stable and continuous pacing rate, and avoids the saw
tooth pattern that is typical in other AIMD-based algorithms. In
this paper we presented simulation results on how our algorithm
reacts to the bottleneck link buffer size. Results show the tradeoffs

Figure 4: As buffer size increases,the time it takes for the
algorithm to reach the bottleneck rate decreases. This is be-
cause the higher variability in the rate and RTT correlates
to a lower response time.

between buffer size, the predictability (variance) of the achieved
rate, bottleneck link utilization, the response time, and convergence
of bandwidth sharing. Generally, a buffer size of 1/4 BDP may be
preferable for long lived flows (i.e. those that last several minutes),
while a buffer size matching or larger than the BDP may be prefer-
able for shorter lived flows. More experimental results are need to
to further evaluate the benefits of our approach. Future work will
also focus on developing methods to allow the algorithm to react
faster and improve fairness while maintaining a low variability in
the rate . Nevertheless, our formal MPC-based framework can serve
as a benchmark for existing and new congestion control algorithms
for dedicated WANs and the impact of network buffer sizes on their
performance.
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