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Abstract—As modern network applications (e.g., large data
analytics) become more distributed and can conduct application-
layer traffic adaptation, they demand better network visibility to
better orchestrate their data flows. As a result, the ability to pre-
dict the available bandwidth for a set of flows has become a fun-
damental requirement of today’s networking systems. While there
are previous studies addressing the case of non-reactive flows,
the prediction for reactive flows, e.g., flows managed by TCP
congestion control algorithms, still remains an open problem. In
this paper, we identify three challenges in providing throughput
prediction for reactive flows: throughput dynamics, heterogeneous
reactive control mechanisms, and source-constrained flows. Based
on a previous theoretical model, we introduce a novel learning-
based prediction system with a key component named fast factor
learning (FFL) model. We adopt novel techniques to overcome
practical concerns such as scalability, convergence and unknown
system parameters. A system, Prophet, is proposed leveraging
the emerging technologies of Software Defined Networking (SDN)
to realize the model. Evaluations demonstrate that our solution
achieves significant accuracy in a wide range of settings.

I. INTRODUCTION

The last decade has witnessed the rapid development of in-
frastructures for distributed applications such as public Cloud
platforms [1]–[3]. For many of these distributed applications,
such as Content Delivery Networks (CDN) [4] and large-scale
data analytics systems [5], [6], knowing the network perfor-
mance in advance helps them to make scheduling decisions for
better performance. Hence, predicting network performance
has become a fundamental functionality for today’s high
performance distributed applications.

While many existing studies [7]–[11] work on predicting
network performance, they tend to focus on reserved resources
and not consider the case of best-effort, reactive flows (e.g.,
flows that are managed by TCP congestion control). Best-
effort, reactive flows can have multiple benefits, including
full resource utilization with fairness guarantees, and hence
contribute a large portion of total traffic in many networks [12].
As a result, predicting network performance involving such
flows is an important problem but remains open.

Despite the importance, the problem is difficult due to
several challenges.

1Prof. Yang (yry@cs.yale.edu) and Prof. Bi (junbi@tsinghua.edu.cn) are
the corresponding authors of this paper.

• First, the prediction system must handle the dynamics of
reactive flows. A fundamental difference between predicting
the throughput of flows with bandwidth reservations and
reactive flows is that reactive flows are adaptive. In a system
with reactive flows, throughput of existing flows will change
when flows arrive and die. Thus, the available resources
cannot be computed by simply observing current state.

• Second, the prediction system must handle heterogeneous
reactive mechanisms. In particular, the widely used reactive
flow control mechanism, TCP, is host-based congestion
control, which allows different hosts to use different im-
plementations. For example, Linux kernel has a kernel
option tcp_congestion_control and a socket option
TCP_CONGESTION to set congestion algorithms system-
wide and for each flow [13]. Such heterogeneity complicates
the throughput prediction of TCP flows [14], [15].

• Third, the prediction system must handle source constraints.
Throughput of a reactive flow is constrained by not only
network resources but also application-level factors such
as flow preferences or data availability. Thus, bandwidth
estimation methods operating at the transport layer, as
proposed in many previous TCP designs [16]–[18], does
not suffice the need.
To handle both dynamics and heterogeneous reactive mech-

anisms, we take advantage of a previously proposed uni-
fying theoretical model for heterogeneous reactive mecha-
nisms [19]–[21].

Although the model provides a solid starting point, it leaves
two key issues unaddressed. First, the theoretical model has
a key parameter which is unknown in advance. We call this
parameter a scaling factor as discussed in Section III-A and
refer to the issue of computing the scaling factor as the scaling-
factor computation challenge. Second, the theoretical model
does not include source constraints which are important in real
settings but introduce substantial complexity, as the constraints
of background flows are not even known.

In this paper, we solve the scaling-factor computation chal-
lenge by deriving a novel method called Fast Factor Learning
(FFL). While a naive approach which requires a unique
variable for each individual flow can introduce scalability and
convergence issues in practice, FFL uses 1) a novel technique
based on equivalence classes, to substantially reduce the num-
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ber of variables, improving scalability, and 2) a novel method
based on gradient descent using sampling guidance, to achieve
accelerated convergence. To address the source constraint
challenge, we use learning to infer source constraints and
extend our design to compute accurate throughput prediction.

Our main contributions in this paper are three-fold:
• We formally define the problem of predicting throughput for

reactive flows with source constraints. A simple solution is
first proposed for the most basic setting and we introduce
two novel approaches to extend the solution to more general
settings. In particular, we have adopted a novel learning
component based on historical traffic samples to provide
accurate (relative errors less than 10%), fast (responses in
less than 0.05s) throughput prediction.

• We propose Prophet, a novel system to provide the service
of throughput predictions for reactive flows, based on our
theoretical findings.

• We implement a prototype and evaluate it extensively. It is
demonstrated that Prophet can provide accurate estimation
results even in multiple scenarios.
The rest of the paper is organized as follows. In Section II

we formally define the problem of throughput prediction
for reactive flows. Theoretical analysis is conducted and we
design novel approaches to solve the prediction problem in
Section III. In Section IV, we propose Prophet, a system
to provide the flow query service based on the theoretical
results and advanced monitoring. The evaluation results are
presented in Section V. Finally, we compare with related work
in Section VI and summarize our paper in Section VII.

II. PROBLEM STATEMENT

A. Motivation
Unlike predicting throughput for non-reactive flows which

can be achieved by checking the available reservation, pre-
dicting throughput for reactive flows is much more difficult.
Consider the example in Fig. 1, there are two flows in the
original network, denoted as background flows f1 and f2. The
two flows are fully utilized, meaning they do not have any
source constraints and consume all available bandwidth.

Consider the prediction for a new flow q1 arriving at the
network. If the flow is not source-constrained, it can get 1/3
of the total bandwidth, i.e. 200 Mbps as in Fig. 1(b). In the
general case, the new flow can be source-constrained, and the
preceding result is only an upper bound. Assume the source
limit is 50 Mbps, q1 will only consume 50 Mbps as in Fig. 1(c).

The ability to predict the throughput is more important for
a set of flows. Specifically, consider two simultaneous flows
q1 and q2. If the two new flows are not source-constrained,
they will both achieve 150 Mbps. However, if one flow, say
q1, is source-constrained, the result becomes more complex.
As shown in Fig. 1(d), assume that q1 is source-limited to
60 Mbps, one may compute that q2 will achieve 180 Mbps
(=(600-60)/3). If q1 is limited to 180 Mbps, on the other hand,
both q1 and q2 will receive 150 Mbps. In general settings with
complex networks and complex flow source constraints, the
prediction service must be able to respect source constraints.

600 Mbps

600 MbpsExisting flows

(a) {}, no constraints

600 Mbps

400 MbpsExisting flows

200 MbpsNew flows

(b) {q1}, no constraints

600 Mbps

550 MbpsExisting flows

50 MbpsNew flows

(c) {q1}, q1 ≤ 50Mbps

600 Mbps

360 (300) MbpsExisting flows

240 (300) MbpsNew flows

(d) {q1, q2}, q1 ≤ 60(180)Mbps

Fig. 1: Throughput for Different Flows and Source Constraints.

B. Problem Definition

Network: We consider a data center network with N full du-
plex edge connections where network congestion only happens
at these edge connections [22]. The network core can be seen
as a non-blocking switch and each connection can be seen as
two separate links. The links are numbered from 1 to 2N and
the set of links is denoted by L. The k-th link is represented as
lk, and we use ck to represent its capacity. The capacity vector
c is defined as a column vector that c = 〈c1, . . . , c(2N)〉T .
Background flows: There are K running reactive flows in
the network. We number these “background” flows from 1
to K where the i-th flow is denoted by fi whose source is
denoted by si and destination by di. F is a set consisting of
all the background flows. The throughput of the i-th flow is
denoted as xi and the throughput vector x = 〈x1, . . . , xK〉T .
The i-th flow fi may have a source rate limit of τi, where
τ = 〈τ1, . . . , τK〉. We also abuse the symbols F and fi
in the general case when there is no need to distinguish
between background flows and queried flows.
Flow query: We consider a flow query Q which consists of
M reactive flows numbered from 1 to M . We refer to the i-th
flow as qi, and denote its throughput by yi. The throughput
vector y is a column vector defined as y = 〈y1, . . . , yM 〉T .
The i-th flow qi may have a source rate limit of πi, where
π = 〈π1, . . . , πM 〉.
Routing: We consider the case that routing is already known.
The routing matrices A and B are binary matrices of size
2N × K and 2N × M respectively, which represents how
flow fi and qi traverses the network. In particular, aki = 1
if and only if fi traverses lk and bki = 1 if and only if qi
traverses lk.

Based on the network system model, we define the problem
of predicting throughput for reactive flows.

Problem 1 (Throughput Prediction for Reactive Flows). Given
a network with reactive flows and a flow query Q with source
constraints π, return the predicted throughput ŷ.

One can prove that when there are non-reactive flows in the
network, i.e. a set of flows S where any flow f ∈ S has a fixed
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TABLE I: Symbols

Scope Symbol Meaning

Network N # of access ports/links
L Set of links where |L| = 2N
lk The k-th link
ck Link capacity of lk

Background K # of running flows in a network
Flows F Set of running flows where |F | = K

fi The i-th running flow
si/di Source/destination host of fi
xi Throughput of flow fi
τi Source constraint for fi

Flow Query M # of flows in a flow query
Q Set of flows in a query where |Q| = M
qi The i-th flow
yi Throughput of flow qi
πi Source constraint for qi

Routing aki aki = 1 indicates fi traverses lk
bki bki = 1 indicates qi traverses lk

Monitoring ρi Utility scaling factor for fi or qi
& pi Equivalent class index for fi or qi
Learning† ρ̄j ρi = ρ̄pi

αi Utility parameter for fi or qi
x∗i Equilibrium throughput for fi or qi
ˆsym Estimated result of sym (xi, yi, . . . )
˜sym sym (xi, yi, . . . ) for the sampled flows

† Unless explicitly stated in the context of flow queries, ρi, pi, . . . and x∗i
are associated with fi.

bandwidth guarantee, throughput estimation for the reactive
flows can be converted to the problem of throughput prediction
for reactive flows by subtracting the reserved bandwidth from
ck. Thus, we only consider reactive flows in this paper.

III. DESIGN FOUNDATION

In this section, we start with the most basic setting (i.e.,
homogeneous reactive mechanism and no source constraints)
to form a fundamental understanding of how to predict
throughput for reactive flows. We then increase the com-
plexities by considering heterogeneous TCP implementations
in Section III-B and handling source-constrained flows in
Section III-C, as demonstrated in Fig. 2.

A. Starting Point

Our throughput prediction solution is based on the Network
Utility Maximization (NUM) [20] which is the theoretical
foundation for many TCP designs. Let Ui(xi) denote the utility
when the throughput of fi is xi, the allocation for each flow
is a solution to the following optimization problem:

System max
∑
fi∈F

Ui(xi) (1)

Subject to Ax ≤ c.

The problem of throughput prediction for reactive flows can
then be solved by finding the optimal solution of the following
optimization problem:

Staring Point
(Section III-A)

Scaling Factor Computation
(Section III-B)

Prediction with Source
Constraints (Section III-C)

Fig. 2: Design Road Map.

System

ŷ = arg max
y

∑
fi∈F

Ui(xi) +
∑
qi∈Q

Ūi(yi)

 (2)

Subject to (
A B

)(x
y

)
≤ c.

To solve this optimization problem, it is essential to know
the utility function. In particular, our method is based on
the unifying model introduced by Srikant [19] where utility
function of a TCP flow is modeled as:

U(x) = ρ · x
1−α

1− α
. (3)

The parameter α is determined by the TCP congestion
control algorithm. For example, the values of α for TCP Vegas
and Reno [19] are 1 and 2 respectively. Existing works [23]–
[25] have proposed sophisticated solutions on how to identify
the TCP implementations, which means that we can assume
that the α of each flow is already known. Thus, given x,
the value of a utility function is proportional to the unknown
parameter ρ, which we refer to as the scaling factor.

B. Scalable, Fast Scaling Factor Computation

In this section, we describe how to reduce the scale of the
estimation problem and propose the theoretical foundation of
estimation the scaling factors ρ = 〈ρ1, . . . , ρK〉 where ρi is
the scaling factor for flow fi.

For a given ρ, the optimization problem (1) has a unique
optimal solution since the utility functions are concave. Thus,
we consider x as a function of ρ, as in Lemma 1.

Lemma 1 (Optimality of Equilibrium Bandwidth). Consider
a network system where each running TCP flow fi has its
scaling factor ρi. If the equilibrium bandwidth of all running
flows x∗ fits the condition Ax∗ = c, it should be the maximal
point of the following Lagrange function:

L(A, c,ρ;x,λ) =
∑
i

ρi
x1−αii

1− αi
− λT(Ax− c).

Proof. This lemma can be trivially proved by substituting
Ui(xi) with ρi

x
1−αi
i

1−αi in the Lagrangian of the optimization
problem (1).

The best estimation of ρ maximizes the likelihood between
the actual bandwidth allocation (x) and the one (x̂) estimated
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from ρ. In particular, we use the least square to measure the
error of x̂(ρ), i.e.,

E(ρ) = ‖x̂− x‖2. (4)

In this paper, we make a mild assumption that a host uses
the same TCP implementation throughout our prediction. This
is a rational assumption since hosts typically do not change
the TCP algorithms very frequently.

1) Improving scalability with equivalent classes: A first
issue to be resolved is to reduce the number of variables to be
estimated. In an arbitrary network, each flow potentially has a
unique link price (dual variables in the NUM problem) so that
its scaling factor ρ is also unique. For a network with K flows,
a brute-force approach has to solve a K-variable estimation
problem, which can be large in real world cases.

A key observation is that many flows have similar scaling
factors. In a classic Clos topology [26], any connection can
only have 1 out of 3 different hop count values, and respec-
tively 3 different propagation delays. Since scaling factors
usually depend only on TCP implementation and round trip
time, scaling factors of flows with the same source can be
approximately classified into three different groups.

For a network where there are P different scaling factors,
the scaling factor of each flow belongs to one of the P
equivalent classes. Let pi denote the equivalent class index
of flow fi, which is uniquely determined by the source host
and the routing matrix. Let ρ̄i denote the scaling factor value
of the i-th equivalent class, we have ρi = ρ̄pi . The problem of
estimating ρ is now reduced to estimating the scaling factors
of all equivalent classes ρ̄.

By grouping flows with similar scaling factors, we substan-
tially reduce the number of variables from N(N − 1) to 3N .
In a Clos topology where k = 4, our reduced model only has
48 variables while the brute-force method has 240.

2) Achieving fast convergence with gradient descent
method: The second issue is convergence. We derive the
gradient of ρ̄ to speed up the computation.

Proposition 1. Given a routing matrix A, a capacity vector c
and the equilibrium flow rates x, there is no neighbourhood
U(ρ̄0, δ) of the scaling factor ρ̄ which makes the following
formula always true:

∀ρ̄ ∈ U(ρ̄0, δ), det(AΛ−1AT) ≡ 0,

where Λ = diag(ρpiαix
−αi−1
i ).

Proof. Since det(AΛ−1AT) is a polynomial of ρ̄, if it is
always zero in the neighbourhood U(ρ̄0), it must be zero in
<P . But we can always find a diagonal matrix Λ which makes
det(AΛ−1AT) non-zero. So the assumption is not valid.

Now we show that the gradient of the error estimation
function E(ρ̄) can be computed very efficiently.

Substituting ρ with ρ̄ in Lemma 1, we have

L(A, c, ρ̄;x,λ) =
∑
i

ρ̄pi
x1−αii

1− αi
− λT(Ax− c),

where x and λ subject to the following equations:

∇xL = 0 ⇒ ∀j,
∑
k

akjλk = ρ̄pjx
−αj
j , (5)

∇λL = 0 ⇒ ∀k,
∑
j

akjxj = ck. (6)

The solution of the bandwidth allocation problem for a given
ρ̄ is a function of ρ̄. We denote it as x̂ and use the following
symbols for simplicity:

δxji =
∂x̂j
∂ρ̄i

, δλki =
∂λ̂k
∂ρ̄i

.

Now consider the partial derivatives for (5) and (6) at ρ,
we have

ρ̄pjαjx
−αj−1
j δxji +

∑
k

akjδλki = 0 ∀i,∀j s.t. pj 6= i,

ρ̄iαjx
−αj−1
j δxji +

∑
k

akjδλki = x
−αj
j ∀i,∀j s.t. pj = i,∑

j

akjδxji = ck ∀i,∀k.

It is equivalent to the following linear equation:(
Λ AT

A O

)(
Jx(ρ̄)
Jλ(ρ̄)

)
=

(
Γ

cJ1,P

)
, (7)

where
Jx(ρ̄) = (δxji),Jλ(ρ̄) = (δλki),

Γj,i =

{
x
−αj
j if pj = i,

0 if pj 6= i.

If the coefficient matrix of (7) is reversible, Jx(ρ̄) can be
computed very efficiently. From Proposition 1, we know there
is no continous ρ̄ making the determinant of this coefficient
matrix det(O − AΛ−1AT ) always zero, which means we
can always generate the next ρ̄ iteratively or make a small
disturbance to get a reversible coefficient matrix.

Now we can use the gradient descent method to minimize
the error. To eliminate the drawback of using a fixed step with
Cartesian coordinates, we choose spherical coordinates and the
gradient is calculated as follows.

Let x̂(ρ̄) denote the estimated value of x by ρ̄ and (r,φ)
be the spherical coordinate transform of ρ̄, x̂(ρ̄) = x̂(φ). Let
e be the unit vector of ρ̄, i.e. e = ρ̄

‖ρ̄‖ . e is also a function of
φ. Let Jρ̄(φ) be the Jacobian matrix of e(φ). We can get:

∇φE = 2(x̂− x)TJx(ρ̄)Jρ̄(φ)T. (8)

C. Prediction with Source-Constrained Background Flows

We now consider the more general problem of throughput
prediction for source-constrained flows. Two major challenges
are raised: 1) how to compute the scaling factors with source
constraints, and 2) how to obtain the source constraints for
background flows.

For the first challenge where τ is already given, we extend
the optimization problem in (2) to include source constraints in
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our prediction framework. The throughput prediction problem
is equivalent to solving the following optimization problem:

System
max

∑
fi∈F

Ui(xi) +
∑
qi∈Q

Ui(yi)

 (9)

Subject to
A B
I O
O I

(x
y

)
≤

cτ
π

 .

Thus, the throughput estimation in the FFL model is tran-
formed to a new format using the augmented routing matrix
and constraint vector.

For the second challenge where τ is also unknown, the
problem is further complicated. Instead of taking the naive
approach by augmenting the original FFL model with τ as
variables, we use a much simpler method. Our solution is
based on the following observation.

A fundamental difference between source-constrained flows
and non-reactive flows, even though they may appear similar
because flows of both types may have a fixed transmission rate,
is that source-constrained flows only transmit at a fixed rate
when its throughput is less than the equilibrium throughput.

Proposition 2 (Hard Constraint). Let 〈x′,y′〉T be the optimal
solution of (2) and 〈x′′,y′′〉T be the optimal solution of (9).
We have the following conclusion:

x′′i = τi, ∀i, x′i > τi

y′′j = πj , ∀j, y′j > πj .

Proof. Consider the Lagrangian of optimization problems (2)
and (9) (denoted as L(2)(x,α,β;λ) and L(9)(x,α,β;λ,µ)
respectively). Without loss of generality, we consider a specific
i such that x′i > τi. First, consider the derivatives of xi, we
have

∇xiL(2) =
∂Ui
∂xi

(·)−
∑
k

akiλk (10)

∇xiL(9) =
∂Ui
∂xi

(·)−
∑
k

akiλk − µi. (11)

Since x′′ also satisfies the constraints of (2), consider the
gradient of xi at x′′ and the corresponding λ′′. Since x′i >
τi ≥ x′′i , ∇xiL(2)(x

′′,λ′′) > 0 but ∇xiL(9)(x
′′,λ′′) = 0.

Thus, µi > 0 and according to the Karush-Kuhn-Tucker
conditions, x′′i = τi.

Similarly we can prove ∀j, y′j > πj , y′′j = πj .

Our identification method on τ is based on Proposition 2
but uses it in a reversed way. If the estimated equilibrium rate
x̂i is “significantly larger”1 than the actual throughput xi, we
consider this flow being source-constrained with a rate limit of
xi and use it in future computations. In a series of samples, the
source constraint of a given flow fi cannot be “significantly
smaller” than the average actual throughput, x̄i.

1We allow a 10% relative error, i.e., if x > (1 + 10%)y, we say x is
significantly larger than y.

Prophet Server

Hosts

Fast Factor Learning

Flow Query Engine

Flow Monitor (Agent)

Flow Monitor (Server)

Flow Monitor (Agent)

Flow Sample Collection

Parameter Estimator  
( )

Flow Information
Extractor

Throughput Predictor ( )

Parameter Updater 
( )

Fig. 3: The Prophet System Overview

IV. THE PROPHET SYSTEM

From the observations and analysis in Section III, we have
derived what kind of information is necessary to solve the
problem of throughput prediction for reactive flows. In this
section, we introduce the details of the Prophet system based
on the results.

A. System Overview

As demonstrated in the figure, Prophet consists of the
following components:
• Flow query engine: A flow query engine receives flow

queries from users. It uses the estimated parameters learned
by the FFL component and calculates the estimated through-
put prediction for flow queries based on (9).

• Fast factor learning: The fast factor learning (FFL) com-
ponent uses flow samples collected by flow monitors to
train a TCP utility function estimation model and learn
the parameters for each flow continuously. The component
iteratively updates the parameters once the information of
new flows is reported. Using the estimated parameters, the
FFL component can construct utility functions.

• Flow monitor: A flow monitor monitors the traffic for a
set of given hosts, extracts the header information which is
further processed by TCP classifiers. It is also responsible
for monitoring real-time traffic at the access switch.

B. Throughput Prediction for Reactive Flow Queries

For a flow query Q, consider the throughput prediction
problem in (9). Background flows F and the routing matrix
A are provided by the network controller, the routing matrix
of queried flows B is computed from Q, source constraints
of queried flows π are (optionally) provided along with
Q, and finally source constraints for background flows τ ,
parameters of utility functions α and ρ̄ are provided by the
FFL component.

Thus, we can conduct throughput prediction for Q by
solving the problem of (9), as in Algorithm 1. The algorithm
constructs utility functions for background flows (Line 2-3)
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Alg. 1: Throughput Prediction for Reactive Flows
Input: F,A, c, τ ,ρ;Q,π
Output: ŷ - estimated equilibrium bandwidth

1 Function PREDICTTHROUGHPUT( F,A, c, τ ,ρ;Q,π)
2 α,p← IDENTIFYTCP(F )
3 foreach fi ∈ F do
4 Ui(x)← ρ̄pi

x1−αi
1−αi

5 α′,p′ ← IDENTIFYTCP(Q)
6 foreach qi ∈ Q do
7 Ūi(x)← ρ̄p′i

x1−α
′
i

1−α′i

8 B ← GETROUTINGMATRIX(Q)

9 U(x,y)←
(∑

fi∈F Ui(xi) +
∑
qi∈Q Ūi(yi)

)
10 A′ ←

A B
I O
O I

, c′ ←

cτ
π


11 ŷ ← arg maxU(x,y) subject to A′

(
x
y

)
≤ c′

12 return y

Alg. 2: Parameter Updates based on Flow Samples
1 Function ModelLearningDaemon

2 α← ∅, τ ← ∅, ρ̄← 1, S ← ∅
3 for k = 1, . . . ,+∞ do
4 for i = 1, . . . , |F̃ (k)| do
5 if f̃i /∈ F then
6 τi ← +∞,

7 α,p← IDENTIFYTCP(F̃ (k)), c← c0 −∆x(k)

8 F ← F̃ (k), A← GETROUTINGMATRIX(F )
9 S ← 〈A, c, F 〉

10 ρ̄← ESTIMATEPARAMETERS(τ , ρ̄, S)
11 x̂← PREDICTTHROUGHPUT(F,A, c, τ , ρ̄; ∅, ∅)
12 τ ← UPDATE(x̂, x̃)

and queried flows (Line 4-6) respectively. It then builds the
routing matrix for the queried flows in Line 7 and constructs
the optimization problem in (9). The estimated throughput is
calculated by solving the optimization problem.

C. Computing Scaling Factors and Source Constraints

In this section, we describe how the information required
by throughput prediction are learned from flow samples.

Let F̃ denote the sampled flows and ∆x as the aggre-
gated throughput of source-constrained small flows that are
considered as non-reactive flows as in Proposition 2. Given the
sampled flows F̃ and ∆x, we need to update five parameters
that are essential to predict throughput: active background
flow set F , its routing matrix A, source constraints τ , link
capacities c, and utility function parameters ρ̄.

We number the flow samples received from 1 incrementally.
Let F̃ (k) and ∆x(k) denote the k-th samples. Algorithm 2
describes how we process the samples.

For the i-th flow f̃i ∈ F̃ (k), α̃i is determined by the TCP
algorithm used by its source s̃i. We use mechanisms from

Alg. 3: TCP Parameter Estimation
Input: τ , ρ̄, S
Output: ˆ̄ρ - updated estimated parameters

1 Function ESTIMATEPARAMETERS(τ , ρ̄, S)
2 φ← CARTESIANTOSPHERICAL(ρ̄)
3 ε← ε0
4 while ε > tolerance do
5 E ← 0,∇φE ← 0
6 foreach < A, c, F >∈ S do
7 ρ̄← SPHERICALTOCARTESIAN(φ)
8 x̂← PREDICTTHROUGHPUT(F,A, c, τ , ρ̄; ∅, ∅)
9 E ← E + ‖x̂− x‖2

10 Jx(ρ̄)← SOLVE(Equation 7)
11 ∇φE ← ∇φE + 2(x̂− x)TJx(ρ̄)Jρ̄(φ)

12 φ← SGD(φ, E,∇φE)
13 ε← E∑

x dimx

14 ˆ̄ρ← SPHERICALTOCARTESIAN(φ)
15 return ˆ̄ρ

previous studies [23]–[25] to identify TCP implementations
and set the α for f̃i. The equivalence class index pi is identified
as a combination of s̃i (TCP implementation) and the distance
between s̃i and d̃i (link price). These steps are represented
using a function called IDENTIFYTCP.

Source constraint τ̃i is set to +∞ at the beginning (Line 6)
and is continuously updated throughout the life cycle of fi in
our prediction model. We use τ (k)i to denote the values after
k samples. Further processing on τ (k) is discussed later.

The link capacities are calculated by subtracting the total
throughput of source-constrained flows ∆x from the physical
link capacity c0 (Line 7). The active background flow set F (k)

is set to F̃ (k) directly (Line 8). We get the routing matrix A
from the network controller (Line 8).

The values of τ (k)i is updated using the methods introduced
in Section III-C. The steps are denoted as function UPDATE
(Line 11-12). In particular, we use the sampled throughput x̃i
as an estimation of actual xi.

The input of Algorithm 3 is a set of flow samples. Each flow
sample is formulated as a 3-tuple < A, c, F > where A and
c are as defined in Table I and F is a set of hash code. Each
hash code in F indexes a record of flow fi, which contains the
TCP identification result αi and pi, the measured equilibrium
bandwidth xi and the estimated source constraint τi.

Algorithm 3 first transforms initial scaling factor ρ̄ to
spherical coordinates φ. It then updates φ by the sample set
S iteratively and estimates the error ε until ε is less than a
given threshold. In each loop, the algorithm passes the current
ρ̄ to Algorithm 1 to get a bandwidth estimation for each
sample in S. Then it calculates the value of E and ∇φE
which are defined in (4) and (8). With this information, the
algorithm applies Stochastic Gradient Descent to update φ.
After the result is converged, the algorithm transforms φ back
to the Cartesian coordinates ˆ̄ρ, which minimizes the error of
bandwidth estimation E, and return it.

6

IEEE INFOCOM 2018 - IEEE Conference on Computer Communications



D. Extracting Flow Information

In this section, we describe how flow samples are collected
at flow monitors.

From the analysis in Section III, Prophet requires the actual
flow throughput to be collected. However, in a real world
scenario, some adjustment must be taken into consideration.

We use sampling to gather the information on the access
switches. Each flow is mapped to the TCP 5-tuple. The
throughput of a flow is estimated as the total bytes in a
sampling period divided by the sampling time. We construct
F̃ by selecting the flows with throughput larger than 5%
of the total bandwidth as sampled flows and the rest are
considered source-constrained with a small rate limit, whose
total throughput of the source-constrained flows ∆xk on link
lk is measured.

V. EVALUATION

We have developed a prototype of the Prophet system. In
this section, we conduct extensive experiments and evaluate
the accuracy of throughput prediction for reactive flows.

A. Settings

System configuration: We use Mininet 2.2.1 and Network
Simulator ns-2.35 to simulate the network. The prototype is
implemented in Python and evaluations are conducted on a
64-bit Ubuntu 14.04 LTS server with 4-core Intel(R) Xeon(R)
E5-2609 v2 (@ 2.50GHz) CPU, 32G memory.

Network setting: The network used in our evaluations is a
Clos topology with k = 4, i.e. 16 hosts. The link capacities
between core and aggregation, and between aggregation and
edge are set to 1 Gbps to ensure no congestion in the network
core. The link capacity between an edge switch and a host is
1 Mbps. All links have the same propagation delay of 2us.

Methodology: For each evaluation, we initiate some random
background flows and capture their real time throughput.
Then a random flow query is made for which we predict
the throughput. The flows in the query are then added to the
network. We capture their equilibrium throughput and compare
the results with our estimations.

Metrics: We measure the following metrics: 1) throughput
error between an estimation x̂ and the actual throughput x,
which represents the accuracy of a prediction and is calculated
as ‖x̂ − x‖ (absolute error) and ‖x̂−x‖

‖x‖ (relative error), 2)
scaling factor error, which indicates the convergence speed
of the training process, and 3) execution time of both the
training and the prediction stages.

B. Throughput Prediction for A Single TCP Implementation

We evaluate the performance of Prophet in the setting with
only one TCP implementation. In particular, we use TCP
Vegas in a Clos topology with K = 4, with the number of
flows in a query randomly picked in [10, 20]. We conduct
10 simulations on NS2. For each execution, an initial set of
flows is launched first and 50 queries are made consecutively.
For each query, we record the predicted throughput and add
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Fig. 4: Errors for Throughput Prediction.

the flows to the network. After the network has reached the
equilibrium, we record the throughput for the queried flows
and compare with the prediction.

Fig. 4a demonstrates the cumulative distribution of relative
errors of the queried reactive flows. As we can see, more
than 80% of the flow queries have a relative error of less
than 30% and more than 40% flows are less than 10%,
which demonstrates that our throughput prediction system can
achieve high accuracy from 70% up to 90%.

The curve in Fig. 5(a) demonstrates the relative errors
between estimated scaling factors ρ̄ after training with k
samples and the final scaling factors. As we can see, the
scaling factors converge very quickly with a relative error of
approximately 5% after around 20 samples.

The training time is presented in Fig. 5(b). Not surprisingly,
the training time increases as the number of samples increase.
However, the relatively large standard deviations and the
jitters indicate that the execution time depends heavily on the
actual flow distribution. From the previous analysis on the
convergence of scaling factors, a reasonable cut-off value is
20, where the training time is mostly less than 4 seconds.

The prediction time is demonstrated in Fig. 5(c). Since the
prediction is independent of sampling numbers, we are more
interested in their distributions. As we can see from Fig. 5(c),
the prediction for 10-20 flows is pretty fast. All queries are
responded in less than 0.15s and about 90% of the queries only
takes less than 0.05s. We conclude that Prophet can efficiently
predict throughput for reactive flows.

C. Throughput Prediction for Multiple TCP Implementations

We use the same methodologies as in the single TCP setting,
with the exception that now multiple TCP implementations are
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Fig. 6: Errors for Multiple TCP Implementations.

used in the experiments. We randomly select TCP implemen-
tation algorithms for all the hosts in the network and make all
flows from the same source use the same TCP implementation.

Again we demonstrate the throughput prediction results in
Fig. 6. As we can see, the prediction results are similar to the
single TCP implementation case that for 80% of the flows,
the relative errors are less than 30%. We can also see that for
different TCP implementations, Reno and Vegas in this case,
the prediction accuracy may vary slightly.

D. Summary

In our evaluations, we have demonstrated that Prophet
achieves accurate throughput predictions for reactive flows for
networks of either single or multiple TCP implementations.
We also demonstrate that the training model can converge with
a small number of samples (10-20), and provide fast responses
(90% responses in less than 0.05s).

VI. RELATED WORK

TCP throughput estimation. Throughput estimation, or
bandwidth estimation, is a widely-studied topic and is the
foundation of many TCP implementations. TCP Vegas [27]
estimates the throughput as the expected rate, defined by
cwnd/propagation delay. TCP Westwood [17] takes a series
of throughput samples and uses different low-pass filters for
throughput estimation. BBR [28] estimates the throughput by
finding the optimal operating point where throughput stops in-
creasing alongside RTT. These throughput estimation methods
are usually deployed on end hosts and can only provide the
estimation after a flow is instantiated. More importantly, they
cannot predict throughput for a set of flows. Instead, Prophet
predicts throughput both before flows are launched and for a
set of reactive flows.

Network performance prediction. Centralized network man-
agement systems, such as SDN, have enabled the ability to
provide network views to applications, which makes it possible
to predict network performance [7]–[11], [29]. However, exist-
ing solutions provide either a deterministic allocation or sim-
ple and static predictions for reserved bandwidth allocation.
Prophet is the first approach to predict the dynamic network
performance for reactive flows to the best of our knowledge,
especially with source constraint considerations.

The general bandwidth allocation framework for TCP has
been introduced in prior studies (e.g., [19]–[21]). While they
have laid down the theoretical foundation of our work, Prophet
takes one more step on designing an approximate but practical
prediction system with the advanced monitoring capabilities.

Modeling coexisting TCP flows. Many researchers have
studied the equilibrium of TCP flows when multiple different
congestion avoidance algorithms coexist. Vojnovic et al. [30]
have studied the fairness of TCP implementations based on
additive-increase and multiplicative-decrease. Tang et al. [15]
have proved that the equilibrium of mixed TCP flows still
exists. They also give the sufficient conditions for global
uniqueness of network equilibrium. Instead of developing an
accurate model for coexisted TCP flows, Prophet estimates
equilibrium rates for heterogeneous TCP flows based on model
learning and real-time monitoring.
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VII. CONCLUSION

In this paper, we systematically study the problem of
predicting throughput for reactive flows. We propose a novel
learning-based method to accurately predict the throughput for
reactive flow queries, based on both theoretical models and
advanced monitoring capabilities provided by SDN and NFV.
A system, namely Prophet, is proposed to provide reactive flow
query service for applications hosted in a data center network.
Evaluations have demonstrated that our prediction method
yields accurate throughput prediction for well-known TCP
implementations with fast convergence and quick responses.
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