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Abstract— We introduce a new congestion control algorithm,
called TCP-Illinois, which has many desirable properties for
implementation in (very) high-speed networks. TCP-Illinois is
a sender side protocol, which modifies the AIMD algorithm of
the standard TCP (Reno, NewReno or SACK) by adjusting the
increment/decrement amounts based on delay information. By
using both loss and delay as congestion signals, TCP-Illinois
achieves a better throughput than the standard TCP for high-
speed networks. To study its fairness and stability properties,
we extend recently developed stochastic matrix models of TCP
to accommodate window size backoff probabilities that are
proportional to arrival rates when the network is congested.
Using this model, TCP-Illinois is shown to allocate the network
resource fairly as in the standard TCP. In addition, TCP-
Illinois is shown to be compatible with the standard TCP when
implemented in today’s networks, and is shown to provide
the right incentive for transition to the new protocol. We
finally perform ns-2 simulations to validate its properties and
demonstrate its performance.

Keywords: Congestion Control, TCP, Reno, NewReno, SACK,
AIMD, packet loss, queueing delay, throughput, fairness, sta-
bility

I. I NTRODUCTION

TCP-Reno [17], TCP-NewReno [12], and SACK TCP
[25] are the standard versions of TCP congestion control
protocols currently deployed in the Internet, and they have
achieved great success in performing congestion avoidance
and control. The key feature for the standard TCP is its
congestion avoidance phase, which uses the additive in-
crement multiplicative decrement (AIMD) algorithm [16].
Being a window-based algorithm, TCP controls the send
rate by maintaining a window size variableW, which limits
the number of unacknowledged packets in the network from
a single user. This window size is adjusted by the AIMD
algorithm in the following manner:W is increased byα/W
(α = 1 for standard setting) for each ACK, and thus is
increased by a constantα/b per round trip time (RTT) if
all the packets are acknowledged within an RTT, whereb is
the number of packets acknowledged by each ACK (b = 1
for original TCP, andb = 2 for delayed ACK [30]). On
the other hand,W is decreased by a fixed proportionβW
(β = 1/2 for standard setting) once some packets are detected
to be lost in the last RTT1. Under this algorithm, senders
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1Within one RTT, W may decrease multiple times in Reno and can
decrease only once in NewReno and SACK.

gently probe the network for spare bandwidth by cautiously
increasing their send rates, and sharply reduce their send
rates when congestion is detected. Along with other features
like slow start, fast recovery, and fast retransmission, TCP
achieves congestion control successfully in the current low
speed networks.

However, the current TCP can perform poorly in networks
with high bandwidth-delay product (BDP) paths, since the
AIMD algorithm, being very conservative, is not designed
for large window size flows. First, it takes too long time
for a large window size user to recover after a backoff and
the bandwidth is not effectively utilized [11]. Second, TCP’s
time average window sizēW is related with the loss event
probability2 p in the following manner [27]

W ≈
√

3/2bp or p≈ 3/2bW2 . (1)

Since TCP interprets all packet losses as congestion sig-
nals, W is upper bounded by

√

3/2bpt, where pt is the
transmission error rate [11].pt is around 10−7 in optical
fiber networks, and even higher in other lossy networks,
like wireless networks. So TCP, and its AIMD algorithm
in particular, should be modified in high bandwidth delay
product networks.

Several alternatives to current versions of TCP have been
proposed for implementation in high-speed networks. Some
require the modification to router algorithms also, like XCP
[19], and some modify the sender side only, like HS-
TCP [11], Scalable TCP [20], TCP-Westwood [35], H-TCP
[22], BIC-TCP [34], TCP Vegas [9] and FAST TCP [18].
Although each of these has shown advantages over TCP in
some aspects, none of them have yet provided convincing
evidence that they are overwhelmingly better than TCP and
are suitable for general deployment. In this paper, we first
list some desirable design specifications that a high speed
TCP variant should meet, and then introduce and analyze
a new TCP variant called TCP-Illinois, which satisfies all
the requirements and outperforms the current TCP and some
other variants.

II. BACKGROUND AND MOTIVATION

As we have mentioned above, several new protocols have
been introduced to replace the standard TCP in high speed
networks. To compare these protocols and to provide insight
into the development of an ideal protocol, we list below some
requirements that a new protocol should satisfy. This list

2All the losses within one RTT are regarded as one loss event. Loss event
probability is the number of loss events divided by the number of packets
sent.



broadens and makes more complete, a list of requirements
that can be found in [22].

Intra-protocol requirements: The requirements that the
protocol should satisfy in a network consisting of a single
protocol are the following:

1) Efficiency. The average throughput for the new pro-
tocol should be larger than that of TCP-Reno in high
speed networks.

2) Intra-Protocol Fairness. Network resources should be
fairly allocated to all flows. The fairness here does
not necessarily mean that all flows sharing the same
link achieve the same throughput. Instead, this means
that the new protocol should not be significantly more
unfair than the current TCP. For example, under the
current TCP, flows with different RTTs achieve similar
average window sizes, and their average throughput are
inversely proportional to their RTTs. The new protocol
should not be significantly more biased against long
RTT flows.

3) Stability and Responsiveness.The congestion control
system formed by the new protocol should converge to
the unique equilibrium state quickly, starting from any
initial state.

4) Heavy Congestion3 Avoidance. A simple idea to
achieve a larger average window size for a given loss
event probability is to choose a larger value forα
and a smaller value forβ . However, a faster increase
and a smaller decrement may cause heavy congestion
more frequently, and thus lead to some undesirable or
even catastrophe consequences. First, heavy congestion
causes more timeout and makes TCP enter slow start
phase more often, and causes under-utilization. For
example, HS-TCP, as to be demonstrated later, faces
timeout regularly if SACK is not used. Second, heavy
congestion causes synchronization more often, which
makes the resource allocation very unfair for large RTT
users, as will be discussed later. Finally, if all the users
choose the more aggressive policy, congestion collapse
is more likely to happen. By the consideration of this
requirement, we should not pickα andβ values in a
manner that leads to behavior which may be counter-
productive.

5) Router Independence.The new protocol should work
well regardless of the router condition, like the buffer
size of the router, and the queue management algo-
rithm of the router (Droptail or some Active Queue
Management (AQM) schemes, like RED [13]). With a
more advanced router, like with a larger buffer or an
AQM support, the new protocol might achieve better
performance, but the performance with Droptail and
small buffer should be good also.

6) Performance in Wireless Networks.The new proto-

3In our context, heavy congestion means that many packets aredropped
when congestion happens. It only concerns the time when congestion
happens and it does not necessarily mean that the packet lossprobability or
the loss event probability is high. In some other papers, it is called heavy
synchronization.

col is mainly for wired networks, but it is a plus if
it also performs well in wireless networks and other
lossy networks.

Inter-protocol requirements: The requirements on the
protocol when it co-exists in a network with the standard
TCP are the following:

1) Compatibility. In low speed networks, the new proto-
col should achieve a similar rate to that of the standard
TCP; and in high-speed networks, the standard TCP
should not suffer significant throughput loss.

2) Incentive to switch. By switching to the new protocol
from the standard TCP, the users should get a larger
average throughput.

In the above list, the wireless network performance require-
ment is desirable but not essential, whereas all others are
essential.

We now briefly discuss existing TCP variants to see
whether they satisfy all these requirements. First, it is im-
practical to modify routers if the benefit is marginal or can be
achieved by sender side modifications, and thus algorithms
which need router side modifications, like XCP, are not
ideal. Without modifying the router, a sender has only two
congestion signals: packet loss and queueing delay. We can
thus classify all the sender-side protocols into one of two
classes. Loss based congestion avoidance (LCA) algorithms
, like HS-TCP and Scalable TCP, use packet loss as primary
congestion signal, increase window size for each ACK and
decrease window size for packet loss. LCA algorithms can
be regarded as general AIMD algorithms, since the only
difference from AIMD is that they set differentα and β
values and allow them to be variables. On the other hand,
delay based congestion avoidance (DCA) algorithms, like
TCP-Vegas and FAST TCP, are fundamentally different from
AIMD, as they use queueing delay as the primary congestion
signal, increase window size if delay is small and decrease
window size if delay is large.

The advantage of DCA algorithms is that they achieve
better average throughput, since they can keep the system
around full utilization. As a comparison, the LCA algorithms
purposely generate packet losses and oscillate between full
utilization and under utilization. However, existing DCA
algorithms suffer from inherent weaknesses. First, they are
not compatible with the standard TCP. TCP-Vegas gets a very
small share of the link capacity if competing with TCP-Reno
[26], [1]; and FAST TCP yields non-unique equilibrium point
if competing with TCP-Reno: the allocation of the bandwidth
between FAST and Reno users depend on which users enter
the network first [32]. Second, they require the buffer size at
the router to be larger than a specified value and this value
increases with the number of usersN. Both Vegas and FAST
control the number of packets queued in the router for each
flow, and this number cannot be too small. The requirement
for the router buffer is thusN times this number. For a
fixed buffer size, there is an upper bound onN for Vegas
or FAST to work functionally. Finally and most important,
the performance of all these DCA algorithms highly depend



on the accurate measurement of the queueing delays. In the
real networks, RTT is the sum of propagation delay, queueing
delay and a random noise term, which comes from various
reasons like scheduling delay. The measured queueing delay
is thus the sum of the real queueing delay and this random
noise. As the mean or the variation of this random noise
becomes large, the correlation of increased RTT and packet
loss becomes weak, and thus the performance of these DCA
algorithms is downgraded significantly and sometimes even
completely fail to work, as shown in Section VI-D. This
major problem of DCA algorithms raises doubts on whether
DCA algorithms would be effective in practice; see [8], [24],
[28] for some discussions.

On the other hand, none of the existing loss based al-
gorithms satisfy all the requirements. Scalable TCP setsα
proportional toW, but it has been demonstrated to be unfair
(see [22], Fig. 2). HS-TCP setsα to be a step-wise increasing
function ofW, andβ a step-wise decreasing function ofW,
but its convergence speed is very slow (see [22], Fig. 1). H-
TCP aims at a faster convergence and better utilization by
setting α to be an increasing function of the time elapsed
since last backoff and settingβ to be such that the link is
always around full utilization, even after the backoff. Forall
the above algorithms, the increase is initially slow, when the
window size is small and the network is far from congestion,
but becomes fast later, when the window size is large and
the network is close to congestion. As a result, the window
size curve between two consecutive loss events is convex; see
bottom plot of Fig. 5. This convex nature is not desired. First,
the slow increment when the network is far from congestion
is inefficient. For a givenβ , the convex window curve gets
an even smaller average throughput than traditional linear
increase, and thus these algorithms have to choose a smaller
β < 1/2, which is not fair with the standard TCP. Second,
the fast increment when the network is close to congestion
causes heavy congestion more easily. As we have mentioned
before and will further discuss later, heavy congestion causes
more frequent timeouts, more synchronized sender backoff,
and is unfair to large RTT users and the standard TCP users.
In summary, the main problem with existing general AIMD
algorithms is the convexity of theW curve. An ideal window
curve should be concave, which is more efficient and avoids
heavy congestion. An objective of our work is to design a
general AIMD algorithm which results in a concave curve.
All algorithms with a concave window curve will be called
Concave-AIMD algorithms (CAIMD).

III. LDCA-CAIMD A LGORITHMS AND THE

TCP-ILLINOIS PROTOCOL

To achieve the concave curve, we should setα large when
far from congestion and set it small when close to congestion.
To achieve a better throughput in networks with packet losses
not due to congestion and to be fair with the standard TCP,
we should also setβ small when far from congestion and
set it large when close to congestion. The difficulty is in
judging whether the congestion is imminent or not, since it
requires an estimation of the current congestion level. Before

congestion (packet loss) really happens, the only congestion
indicating information is queueing delay. So our key idea is
that: when the average queueing delayda is small, the sender
predicts that the congestion is not imminent and sets a large
α and smallβ ; when da is large, the sender predicts that
the congestion is imminent and sets a smallα and large
β . As a result,α = f1(da) and β = f2(da), where f1(·)
is decreasing andf2(·) is increasing. Any combination of
increasing f1(·) and decreasingf2(·) functions results in a
CAIMD algorithms.

From this key idea, both loss and delay are considered in
congestion avoidance, and this idea leads to a class of loss-
delay based congestion avoidance (LDCA) algorithms, which
we call LDCA-CAIMD. These LDCA-CAIMD algorithms
use loss to determine thedirectionand use delay to adjust the
paceof window size change. So loss is the primary conges-
tion signal and delay is an assistant congestion signal. This
makes LDCA-CAIMD fundamentally different from all DCA
algorithms and some other LDCA algorithms, like TCP-
Compound [31], which use delay to determine thedirection
(maybepace also) of window size change. Therefore, all
previous algorithms which use delay as congestion signal
treat delay as the primary congestion signal. As we have
mentioned, a big problem using delay to control congestion
is that delay cannot be measured accurately and usually the
RTT measurement is buried with noise. If delay determines
the direction of window size change, noisy RTT measure-
ment degrades the performance significant, since it could be
very often that window size actually increases (respectively,
decreases) when it should decrease (respectively, increase).
As a major advantage, our LDCA-CAIMD algorithms, using
delay only as an assistant signal, are much more robust to
noise in RTT measurements, as discussed in VI-D.

There are numerous choices off1(·) and f2(·). An example
is as below:

α = f1(da) =

{

αmax if da≤ d1
κ1

κ2+da
otherwise. (2)

β = f2(da) =







βmin if da≤ d2

κ3 + κ4da if d2 < da < d3

βmax otherwise.
(3)

We let f1(·) and f2(·) be continuous functions and thus
κ1

κ2+d1
= αmax, βmin = κ3 + κ4d2 andβmax= κ3 + κ4d3. Sup-

posedm is the maximum average queueing delay and we
denoteαmin = f1(dm), then we also have κ1

κ2+dm
= αmin. From

these conditions, we have

κ1 = (dm−d1)αminαmax
αmax−αmin

and κ2 = (dm−d1)αmin
αmax−αmin

−d1 ,

κ3 = βmind3−βmaxd2
d3−d2

and κ4 = βmax−βmin
d3−d2

.
(4)

This choice of f1(·) and f2(·) is demonstrated in Fig. 1.
According to this choice, we now design a specific LDCA-
CAIMD protocol, which we call TCP-Illinois. The protocol
is described as below:

• All the features of TCP-NewReno except the AIMD
algorithm are retained.
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• In the congestion avoidance phase, the sender measures
RTT T for each Ack, and average the RTT measurement
over the lastW acknowledgements (one RTT interval)
to derive the average RTTTa. The sender records the
maximum and minimum average RTT ever seen as
Tmax andTmin, respectively, and computes the maximum
average queueing delaydm = Tmax−Tmin and the current
average queueing delayda = Ta−Tmin.

• The sender picks eight parameters 0< αmin≤ 1≤ αmax,
0 < βmin ≤ βmax≤ 1/2, Wthresh > 0, 0≤ η1 < 1, and
0≤ η2≤ η3≤ 1. The sender setsdi = ηidm (i = 1,2,3)
, computesκi (i = 1,2,3,4) from (4), and computes the
currentα and β values from (2) and (3). Theκi (i =
1,2,3,4) values are updated ifTmax or Tmin is updated.
The α andβ values are updated once per RTT.

• α← 1 andβ ← 1/2 if W < Wthresh.
• W←W+ α/W for each ACK.
• W←W−βW, if in the last RTT there is packet loss

detected through triple duplicate ACK.
• Once there is a timeout, the sender sets the slow start

threshold to beW/2, enters slow start phase, and resets
α = 1 andβ = 1/2, andα andβ values are unchanged
until one RTT after the slow start phase ends.

TCP-Illinois retains the fast recover and fast retransmission
features of NewReno in standard option. If the receivers
support selective acknowledgement, TCP-Illinois can also
back off its window size when packet loss is detected through
select ACK and adopt features from SACK TCP. However,
the SACK support is not needed, since TCP-Illinois avoids
heavy congestion effectively.

IV. FAIRNESS AND STABILITY

In this section, we study the fairness of TCP-Illinois. This
involves the intra-protocol fairness between different TCP-
Illinois users and also the compatibility problem with TCP-
Reno: the resource allocation between TCP-Illinois users
and TCP-Reno users. We first develop a new stochastic
matrix model of general AIMD algorithms and then study
the fairness and stability properties under this new model.

A. Stochastic Matrix Model for General AIMD Algorithms

There have been several recent papers on the stochastic
matrix model of general AIMD algorithms; see [3]–[5], [21],
[29], [33]. We first provide an overview of this model using
different notation and derivation from the corresponding

references, and then extend this model by modifying one
major assumption of the former literatures. Throughout,
we consider the single link case, analyze the congestion
avoidance phase only.

Suppose a link with capacityC and queue limitB is shared
by N users, indexed byi (i = 1,2, · · · ,N). Useri has window
sizeWi , window incrementαi , backoff factorβi , ratexi , loss
event probabilitypi , RTT Ti = T p

i + di , where T p
i and di

are the propagation and queueing delays, respectively. We
define W := [W1, . . . ,WN]T , x := [x1, . . . ,xN]T , and β[k] =
[β1[k], · · · ,βN[k]]T ,. When the link is congested and one or
more packets are dropped, we call this a congestion event,
and denote bytk the time at thek-th congestion event. At
one congestion event, one or several or all flows see packet
losses and backoff their window sizes, and we say that a
loss event4 happens for these flows. For any time varying
variablev(t), we useE[v] to denote its expected value, and
usev[k] (respectively,v[k+]) to denote its value just before
(respectively, after) thek-th congestion event. Here,v could
stand forWi , xi , Ti , αi , βi , W, x, β, as well as some other
variables to be introduced later.

At each congestion eventk, the total arrival rate∑N
i=1xi [k]

is slightly larger than or approximately equals to the link ca-
pacityC. So the following relationship holds approximately:

N

∑
i=1

xi [k] = C′ , ∀k∈N∪{0} , (5)

where C′ ≥ C is a constant. We defineΣ = {z =
[z1, · · · ,zN]T ∈ R

N : zi ≥ 0,∑N
i=1zi = C′}, then Σ is the the

set of all the possiblex[k]’s, and we callΣ the feasible set
of x[k].

Between two consecutive congestion events,Wi(t) is in-
creased with rateαi(t)/Ti(t), and thus

Wi [k+1] = Wi [k
+]+

∫ tk+1

tk

αi(t)
Ti(t)

d t . (6)

If we define

T̃i [k] :=

∫ tk+1
tk α(t)d t

∫ tk+1
tk

α(t)
Ti (t)

d t
. (7)

Then, we have

Wi [k+1] = Wi [k
+]+

1

T̃i [k]

∫ tk+1

tk
αi(t)d t . (8)

At each congestion eventk and for each flowi, we define
its loss event random variableEi [k]:

Ei [k] := { 1 if flow i sees at least one packet loss,
0 otherwise,

(9)

and defineE[k] := [E1[k], · · · ,EN[k]]T . Note thatEi [k] and
E j [k] are correlated for alli 6= j, since∑N

i=1Ei [k] ≥ 1. E[k]
takes its value from the setE := (E(1),E(2), · · · ,E(µ)), where
µ = 2N − 1, and E(l) (1 ≤ l ≤ µ) flips 1 to N entries of
0 := [0, · · · ,0]T from 0 to 1 (there are altogetherµ such flips).
Define ρl [k] := Prob(E[k] = E(l)), andqi [k] := Prob(Ei [k] =

4In our terminology, a congestion event is for a link, while a loss event
is for an individual user.



1). Then ∑µ
i=1 ρi [k] = 1, andqi [k] = ∑

l :E(l )
i =1

ρl . Here,qi [k]

is the probability that flowi experiences a loss event and
backoffs its window size at thek-th congestion event. Note
thatqi[k] is different from loss event probabilitypi , which is
the total number of loss events divided by the total number
of packets transmitted. To make this difference clear, we call
qi [k] flow i’s backoff probability at congestion eventk.

With the loss event random variables defined, we have

Wi [k
+] = Wi [k](1−βi[k]Ei [k]) . (10)

Combining (8) and (10), and considering the relationship that
xi [k] = Wi [k]/Ti [k], we have

xi [k+1] = xi [k](1−βi[k]Ei [k])+
1

Ti [k]T̃i [k]

∫ tk+1

tk
αi(t)d t .

(11)
Equations (5) and (11) characterize the discrete-time stochas-
tic system of any general AIMD algorithms.

B. Markov Chain for Identicalαi(t)

For the standard TCP,αi(t) ≡ 1; for TCP-Illinois, αi(t)
is the same for all users, since all users see the same
queueing delay. For both of these algorithms and some
other general AIMD algorithms, we haveαi(t) = α(t),∀i ∈
{1,2, · · · ,N},∀t. For these algorithms, we have

∫ tk+1

tk
α(t)d t

N

∑
i=1

(T̃i [k]Ti [k])
−1 =

N

∑
i=1

βi [k]Ei [k]xi [k] , (12)

and thus
∫ tk+1

tk
α(t)d t =

1

∑N
i=1(Ti [k]T̃i [k])−1

N

∑
i=1

βi [k]Ei [k]xi [k] . (13)

Define γi [k] := (T̃i [k]Ti [k])−1/∑N
j=1(T̃i [k]Ti [k])−1, andγ[k] =

[γ1[k], · · · ,γN[k]]T . Then,∑N
i=1 γi [k] = 1. We now have

xi [k+1]= xi [k](1−βi[k]Ei [k])+γi[k]
N

∑
j=1

xi [k]βi [k]Ei [k] . (14)

In vector form, we have

x[k+1] = A[k]x[k] , (15)

where

A[k] = A(β[k],γ[k],E[k])
= diag(1−β1[k]E1[k], · · · ,1−βN[k]EN[k])

+γ[k](β1[k]E1[k], · · · ,βN[k]EN[k]) .
(16)

We see thatx[k] forms a discrete-time Markov Chain on the
general spaceΣ. For anyk, A[k] is a non-negative random
matrix and column stochastic matrix [7], [14], [15], and
the shape ofA[k] is determined byE[k] (β[k] and γ[k]
also influenceA[k], but they do not determine the shape of
A[k]). The modeling ofE[k] thus determines the properties of
this Markov Chain, and different modelings ofE[k] lead to
different fairness results of these general AIMD algorithms.

C. Synchronized Backoff

All the prior work, no matter synchronized backoff or
unsynchronized backoff modeling, simplifies the system by
making the following assumption:

βi [k]≡ β ,Ti [k]≡ T̃i [k]≡ Ti ,γi [k]≡ γi =
T−2

i

∑N
j=1T−2

j

, ∀5i,k.

(17)
For the synchronized backoff model, it is assumed in [21]
that

qi [k]≡ 1,∀i,k, and henceE[k]≡ (1, · · · ,1)T . (18)

Under this modeling, the system is deterministic and it is
proved in [21] thatx[k] converges to an equilibrium pointx∗

(accordingly,W[k] converges toW∗) and

W̄i [k] :=
N

∑
h=1

Wi [h]/k→W∗i and x̄i [k] :=
N

∑
h=1

xi [h]/k→ x∗i ,

and
W∗i ∝ 1/Ti , andx∗i ∝ 1/T2

i . (19)

Equation (19) can be easily derived by equatingxi [k+1] =
xi [k] = x∗i in (14):

x∗i = x∗i (1−β )+ γi

N

∑
j=1

βx∗j ⇒ x∗i ∝ γi ∝ 1/T2
i

We notice that (19) is inconsistent with (1) for the standard
TCP. The reason is that under the synchronized backoff
modeling, different flows see the same number of loss events,
and larger (respectively, smaller) rate flows see smaller
(respectively, larger) loss event probabilities. The resource
allocation in this synchronized backoff modeling is very
unfair to long RTT flows, compared to the widely accepted
belief that the standard TCP’s resource allocation isx∗i ∝
1/Ti if the window backoffs are unsynchronized. Simulation
studies, Internet experiments and our analysis later show that
synchronized backoff happens ifN is small and congestion
is very heavy (many packets are dropped).

D. Unsynchronized backoff: Prior Modeling

If N is large, or if only a few packets are dropped at
one congestion event, then not all flows see packet losses,
and thus we need an unsynchronized backoff model, where
qi [k] < 1, andE[k] can pick any value inE. All the prior
work, like [3]–[5], [29], [33] assumes that (17) holds and
assumes that the the sequence{E[k]}k∈N is identical inde-
pendent distributed (i.i.d.):

ρl [k]≡ ρl ,∀k,∀l , qi [k]≡ qi > 0,∀i,k. (20)

Under this assumption, it is shown in [33] and [29] that there
exists a unique invariant distributionπ of x[k], starting from
any initial state, the distribution ofx[k] converges to this
invariant distribution, and

W̄i [k]→ Eπ [Wi [k]] ∝ 1/qiTi , and x̄i [k]→ Eπ [xi [k]] ∝ 1/qiT
2
i .

(21)

5Henceforth,∀i stands for all usersi, ∀k stands for all congestion events
k, and∀l stands for all integerl between 1 andµ .



Equation (21) can be easily derived by taking conditional
expectations ofxi [k+1] given x[k] in (14):

E[xi[k+1]|x[k]] = xi [k](1−βqi)+ γi

N

∑
j=1

x j [k]βq j

Taking expectation overx[k], we have

E[xi [k+1]] = E[xi [k]](1−βqi)+ γi

N

∑
j=1

E[x j [k]]βq j

EquatingE[xi [k+1]] and E[xi [k]] under the invariant distri-
bution π , we getE[xi [k]] ∝ γi/qi ∝ 1/qiT2

i . From (21), for
fixed qi ’s and varyingTi ’s, still we get (19) and the resource
allocation is the same as the unsynchronized modeling.
Intuitively, if qi [k] does not depend onWi [k] or xi [k], we
cannot guarantee that larger (respectively, smaller) through-
put users see more (respectively, fewer) loss events, and
thus the loss event probability seen by different RTT users
are still different. This is just the same phenomenon that
occurs in a synchronized model, and it is not surprising that
the synchronized backoff model and unsynchronized backoff
model lead to the same result in (19).

However, when the window backoff is not synchronized,
AIMD is widely observed to have the following fairness
property:

pi ≈ p j , Wi ≈Wj ,∀i, j, and x̄i ∝ 1/Ti , (22)

and pi andW̄i are related as in (1). Equation (21) is incon-
sistent with this widely observed result, unless we assume
that qi ∝ 1/Ti. However, that assumption is too arbitrary and
not rooted, as it is not realistic to relate the window backoff
probability with the round trip time. We now first study the
most general unsynchronized window backoff modeling, and
then make a realistic assumption to derive a fairness property
which is consistent to (22).

E. Unsynchronized backoff: New General Modeling

In all the prior work,Ti [k], T̃i [k] and βi [k] are assumed
to be constants. We first make the following assumption to
allow more generality in our new modeling.

Assumption 1. For each user i and each congestion event
k, Ti [k], T̃i [k], and βi [k] are random variables which take
values in finite sets. All the sequences{Ti[k]}k∈N, {T̃i [k]}k∈N,
{βi[k]}k∈N are i.i.d. sequences. All these random variables
(Ti [k], T̃i [k], βi [k]) for different users are independent to each
other. βi [k],∀i is independent to Tj [k], T̃j [k],∀ j.

From this assumption, the sequence of{γi[k]}k∈N is also
i.i.d, and γ[k]’s are also independent tox[k]’s and β[k]’s.
For these random variables, we define their expected values:
T̂i = E[Ti [k]], T̂ ′i = E[T̃i [k]], γ̂i = E[γi [k]], and β̂i = E[βi [k]].
From the definition ofγi [k], we have

γ̂i ≈ (T̂i T̂
′
i )
−1/

N

∑
i=1

(T̂i T̂
′
i )
−1 . (23)

We then consider the assumption on the loss event random
variable. The contradictive results derived in the prior unsyn-
chronized backoff model is because of the assumption that

{E[k]}k∈N is an i.i.d. sequence, andρi [k] andqi [k] are con-
stant independent ofk or x[k]. This assumption is unrealistic,
since intuitive a flow will back off with different probability
as the ratexi [k] varies. From this intuition, we replace the
assumption in (20) with the following assumption:

Assumption 2. The distribution ofE[k] depends onx[k]
and{E[k]}k∈N are not i.i.d. Furthermore,ρl [k] and qi[k] are
continuous functions ofx[k].

From this assumption, we can write

ρl [k] = ρl (x[k]) ,∀l ,k, andqi [k] = qi(x[k]) ,∀i,k, (24)

where ρl (·) and qi(·) are continuous functions. From this
new general window backoff modeling, we can prove the
following theorems.

Theorem IV.1. Under Assumptions 1 and 2, the Markov
Chain defined in (15) and (16) has a unique invariant distri-
bution, and starting from any initial state, the distribution
of x[k] converges to this invariant distribution. Moreover,
the ergodicity of the Markov Chain is satisfied, i.e., for any
continuous function h(·) : Σ→R, the time average of h(x[k])
equals the expected value of h(x[k]) under the invariant
distribution.

Proof. See [23].

Theorem IV.2. Under the unique invariant distribution of
the Markov Chain defined in (15) and (16), the following
equation holds:

β̂i

γ̂i
E[xi [k]qi(x[k])] = C1, ∀i , (25)

and

ξi β̂iE[Wi[k]Tiqi(x[k])]≈C2, ∀i , (26)

whereξi := T̂ ′ i/T̂i, and C1 and C2 are constants independent
of i.

Proof. Since γ[k] and β[k] are independent ofx[k], their
conditional expectations givenx[k] are the same as their
expected values. Taking expectation ofxi [k+ 1] given x[k]
in (14), we have

E[xi [k+1]|x[k]] = xi[k]− β̂iqi(x[k])xi [k]+ γ̂i

N

∑
j=1

β̂ jqi(x[k])x j [k] .

(27)
Under the invariant distribution,

E[xi [k]] = E[xi [k+1]] = E[E[xi[k+1]|x[k]]]
= E[xi [k]]− β̂iE[qi(x[k])xi [k]]

+γ̂i ∑N
j=1 β̂ jE[q j(x[k])x j [k]] .

(28)

So we haveE[xi [k]qi(x[k])]β̂i/γ̂i is independent ofi and we
have proved (25). Plugging in (23), we get (26).



F. Specific Modeling onρl (·) and qi(·)

From Theorem IV.2, we see that the resource allocation
depends on the form ofqi(·). If qi(·) is constant, it is exactly
the same as the prior results in [33]. Ifqi(x[k]) ∝ xi [k], then
we can get thatξi β̂iE[(Wi [k])2] is the same for all users.
For both the standard TCP and TCP-Illinois,β̂i ’s are the
same for all users. From the definition ofξi , we know that
TP

i /T̂i ≤ ξi ≤ 1 and ξi ≈ ξ j ,∀i, j in general. Then, we get
E[(Wi [k])2] is approximately the same for every useri. So
if we can derive thatqi(x[k]) ∝ xi [k] approximately, then we
can derive the widely observed fairness property of AIMD
that all window sizes are in the same level for different RTT
users. Toward that end and to make the modeling realistic,
we make the following assumption:

Assumption 3. At each congestion event, the total number
of packets dropped is a random variable, and its distribution
is independent of k. Furthermore, for any packet dropped at
congestion event k, the probability that it belongs to flow i
is xi [k]/C′.

This assumption is justified by the following reasoning:
since the total arrival rate is independent ofk, so is the
distribution for the total number of packets dropped; since
the probability of an arbitrary packet belonging to flowi is
xi [k]/C′, so is the probability of a dropped packet belonging
to flow i. From this assumption, we denote byM the random
variable indicating the total number of packets dropped in
one congestion event6, let pD(m) = Prob(M = m) for any
positive integerm (m≥ 1 since at least one packet is dropped
at each congestion event), and letM̂ = E[M]. Then, we have

qi(x[k]) = 1−Prob(no dropped packets from flowi)

= ∑∞
m=1 pD(m)[1− (1− xi [k]

C′ )m] = f (xi [k]) ,
(29)

where f (x) := ∑∞
m=1 pD(m)[1− (1− x

C′ )
m] is a strictly in-

creasing continuous function inx ∈ [0,C′]. We then study
ρl (·). For a specificl ∈ {1,2, · · · ,µ}, supposeE(l)

i = 1 if
i ∈ {i1, i2, · · · , iH}⊂ {1,2, · · · ,N}, whereH ≤N, andE(l)

i = 0
otherwise. Then, Prob(E[k] = E(l)|M = m) = 0 if m≤ H. If
m≥ H, we have

ρl ,m(x[k]) := Prob(E[k] = E(l)|M = m)

= ∑m1,··· ,mH
(

xi1
[k]

C′ )m1(
xi2

[k]
C′ )m2 · · · ( xiH [k]

C′ )mH
( m

m1,m2, · · · ,mH

)

,

where the∑ is over all mh ≥ 1,∀h ∈ {1,2, · · · ,H}, and
∑H

h=1mh = m. And we have

ρl (x[k]) = Prob(E[k] = E(l)) =
∞

∑
m=H

PD(m)ρl ,m(x[k]) . (30)

So we have given the formula ofρl (x) and shown thatρl (x)
is a continuous function ofx.

6When M is much larger thanN, we call it a heavy congestion. When
M is much smaller thanN, we call it a light congestion.

G. General Discussions on the Fairness Property

As shown in Theorem IV.2, the fairness property depends
on the form of f (·). The exact form of f (·) depends on
the distribution of M, and is thus unknown ifpD(·) is
unknown. However, we can boundf (x) in the general case
and approximatef (x) for some special cases. Since

1− x
C′
≥ (1− x

C′
)m≥ 1−mx

C′
, ∀ 0≥ x≥C′ ,

we have

x
C′ = ∑∞

m=1 pD(m)[1− (1− xi [k]
C′ )]

≤ f (x) ≤∑∞
m=1 pD(m)[1− (1− mxi [k]

C′ )] = M̂x
C′

(31)

and whenC′/x >> M̂ (which holds ifN >> M̂),

f (x)≈
∞

∑
m=1

[1− (1−mx
C′

)]pD(m) =
M̂x
C′

(32)

From (29) to (32),qi [k] → 1 as M̂ >> N, and qi [k] →
M̂x
C′ as M̂ << N. So heavy congestion (̂M >> N) leads to
synchronization, and light congestion (M̂ << N) leads to the
proportionality ofqi [k] on xi [k].

For the light congestion case,f (xi [k]) ∝ xi [k], and approx-
imately we have

E[(Wi [k])
2] = E[(Wj [k])

2] , ∀i, j ∈ {1,2, · · · ,N} . (33)

If the N users have the same RTT, the invariant distribution
of the Markov Chain is unchanged if we swap two users.
Thus, Eπ [Wi [k]] = Eπ [Wj [k]],∀i, j, and we get that all the
users share the bandwidth equally, which is intuitively true.
If two users have different RTTs, sincex1[k]+x2[k] =C′, we
haveVar(x1[k]) = Var(x2[k]), and thus from (33), we have
E[W1[k]] = E[W2[k]].

If N > 2 users have different RTTs, the equality ofE[Wi [k]]
for all i is not guaranteed. However, if either of the two
following conditions hold: (i) users with largerE[Wi ] also
have largerVar(Wi); (ii) Var(Wi) << E2[Wi ], then, we have
exactly or approximatelyE[Wi ] is the same for all usersi.
From the ergodicity of the Markov Chain,

W̄i ≈ W̄j , ∀i, j and x̄i ∝ 1/T̂i , ∀i . (34)

Note that the average ofW and x is over their values at
the congestion events, not over all time. Since a general
AIMD algorithm can yield any window size curve, it is a
challenging problem to compute the averageW and x over
all time, and it is an open problem whether the all time
averageW is the same for all users and the all time average
x is inversely proportional to RTT. Our simulations support
the claim that (34) hold for all time average also, which is the
widely believed fairness condition for AIMD if the backoff
is unsynchronized. Since our analysis works for both the
standard TCP and TCP-Illinois, we know that the fairness
property of TCP-Illinois is similar to the standard TCP.

We have performed a large number of simulations on the
evolution of the Markov Chain defined in (15) and (16).
We vary N from 3 to 10. For eachN, we select three
probability distribution ofM: (i) light congestion,M̂ < N; (ii)
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middle congestion,M̂ ≈ N; (iii) heavy congestion,M̂ > N.
For each scenario, we perform 50 simulations and in each
simulation,γ[k], β [k] = βi[k],∀i, x[0], and M are randomly
generated,A[k] matrix is generated from Assumption 3, and
the sample path of the Markov Chain is derived. For each
sample path, we average 500 points after the distribution

converges to compute ¯xi ,
√

x̄2
i ,∀i. We also computex∗i for

all i by assuming that (34) holds. We plot ¯xi/x∗i and
√

x̄2
i /x∗i

for all user i and all simulations performed, and the results
are shown in Fig. 2 to Fig. 47. From the figures, we have the

following observations: (i) ¯xi and
√

x̄2
i are always very close

to each other, which means thatVar(xi [k]) << (E[xi [k]])2. (ii)
For the light congestion, ¯xi/x∗i is always close to 1, which
means that (34) holds. As the congestion becomes heavier,
the range of ¯xi/x∗i becomes wider and the difference between
Wi ’s becomes larger. These simulations support our analysis
of the fairness property at light congestion and middle/heavy
congestion.

Remark 1. Above we get (34) as the approximated fairness
condition. For the exact form of the fairness, from (31),
ergodicity of the Markov Chain, and the definition ofξi , we
have

T p
j

M̂T̂j
≤ W̄2

i

W̄2
j

≤ M̂T̂i

T p
i

, ∀i 6= j . (35)

7Due to limit of space, we only provide the case forN = 3,7,10.
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So the smallerM̂ is, the tighter the bound is and the closer
W̄2

i andW̄2
j are. In extreme cases, aŝM→∞ (heavy conges-

tion and synchronization happens), (35) is meaningless and
W̄i and W̄j can be significantly different; while aŝM → 1
(small congestion and no synchronization),̄W2

i ≈ W̄2
j . If the

variance is much smaller than the square of the expected
value, thenW̄i ≈ W̄j also.

Remark 2. Usually when we say “synchronized”, we mean
that the number of loss eventsλ (λ ∝ f (x)) is the same for
all users, and as a result, W∝ 1/T and x∝ 1/T2. When we
say “unsynchronized”, we mean that p (p∝ f (x)/x) is the
same for all users, and as a result, W is independent of T
and x∝ 1/T. As we have shown, the backoff is synchronized
if M̂ >> N, and unsynchronized ifM̂ ≈ 1 or N >> M̂.
However, there are many cases between these two extreme
cases: for the general̂M and N relationship, a larger rate
user has a largerλ ( f (x) is increasing in x), but a smaller
p ( f(x)/x is decreasing in x), and we call these scenarios
“partial-unsynchronized”, and (35) gives the bound of the
allocation for the general partial-unsynchronized case. If we
write x∝ 1/Tν , thenν = 2 for completely synchronized case
andν = 1 for completely unsynchronized case and1≤ ν ≤ 2
for general partial-unsynchronized case.

Remark 3. The analysis holds for both the standard TCP
and TCP-Illinois, since they both have the following feature:
all users see the sameα(t),∀t. However, the analysis does
not apply to some other general AIMD algorithms, such as
HS-TCP, Scalable-TCP and H-TCP, since for those algo-
rithms, different users see differentα(t) and β [k] values,
and α(t) and β [k] may be dependent of W.

We now see the factors that influencêM. Consider the
homogeneous case and suppose the system is slotted with
each slot being one RTT. Since the pipe can hold at most
CT + B packets andWi increases byαi within each slot,
∑N

i=1Wi ∈ [CT + B + 1− ∑N
i=1 αi ,CT + B] in the slot just

before congestion, and∑N
i=1Wi ∈ [CT + B + 1,CT + B +

∑N
i=1 αi ] in the slot of congestion. As a result, anywhere from

1 to ∑N
i=1 αi packets could be dropped at one congestion

event, and we know that the congestion is heavier if the
increment before congestion is larger. This explains the be-



havior (as demonstrated in Section VI) that the convex curve
algorithms, like HS-TCP, yields heavy congestion regularly,
while the concave curve algorithms, like TCP-Illinois, does
not.

H. Compatibility with The Standard TCP

If TCP-Illinois coexists with the standard TCP, we can
show that (see [23] for the proof), all Reno users share the
same average window sizēWR and all Illinois users share the
same average window sizēWIL , and

W̄IL

W̄R
≈

√

α∗IL
2β ∗IL

≈
√

α∗IL
2βmax

,

where α∗IL lies in betweenαmax and αmin and is usually
slightly larger than 1, andβ ∗IL is smaller than and approx-
imately equals toβmax, which is 1/2 in the default setting.
This means that in a network with both TCP-Illinois and
TCP-Reno users, the TCP-Reno users will not suffer a
significant degradation in performance. Furthermore, unlike
TCP-Vegas which performs poorly when used with TCP-
Reno, TCP-Illinois actually performs better than TCP-Reno,
thus providing the right incentive for users to switch to TCP-
Illinois.

V. PROPERTIES ANDREQUIREMENT SATISFACTION

In Section II, we listed some requirements for the new
TCP variant to satisfy, and in Section IV, we showed that
TCP-Illinois maintains the intra protocol fairness the same
way as the standard TCP, satisfies the stability and scalability
requirement, avoids heavy congestion, and is compatible with
the current TCP. In this section, we consider the remaining
requirements.

In Section II, we listed some requirements for the new
TCP variant to satisfy, and in Section IV, we showed that
TCP-Illinois maintains the intra protocol fairness the same
way as the standard TCP, satisfies the stability and scalability
requirement, avoids heavy congestion, and is compatible with
the current TCP. In this section, we consider the remaining
requirements.

Since α decreases with increasingW, the W curve is
concave. We can show that the curve is actually first linear,
and then a parabola. The proof is omitted due to space
limitations and is available in [23]. In [23], we also show
that TCP-Illinois achieves a better average throughput than
the standard TCP for any route buffer sizeB, and its average
throughput increases asB increases, since compared with
the standard TCP, TCP-Illinois increases its rate to full
utilization faster and stays around full utilization longer (the
length of time it stays around full utilization increases with
increasingB). Thus the requirements of efficiency, router
buffer independence, and incentive to switch are all met.

From Section IV, we see that convergence ink for TCP-
Illinois is the same as that for the standard TCP. So the
response time is only determined by the time interval be-
tween two consecutive congestion events. We can show that
if αmin≥ dmax/Tmax, then this time interval of TCP-Illinois

is similar to that of the standard TCP (see [23] for a proof),
and thus the responsiveness requirement is also satisfied.

In lossy networks such as wireless networks, many packets
are dropped not due to congestion. These packet drops
greatly reduce the throughput for the standard TCP, but for
TCP-Illinois, the degradation is not as severe, since when a
packet is dropped before congestion, the average queueing
delay is always almost zero, and thusβ ≈ βmin andα ≈αmax

always, and TCP-Illinois is essentially an AIMD algorithm
with a largerα = αmax and smallerβmin. SinceW ∝

√

α/β p,
the ratio of the average window size of TCP-Illinois over
that of the standard TCP can be up to

√

αmax/(2βmin). This
improvement is significant. For example, ifαmax= 9,βmin =
1/8, thenWIllinois can be up to 6WReno.

VI. SIMULATION RESULTS

In this section, we provide simulation results to validate
the properties of TCP-Illinois and compare its performance
with TCP-Reno and HS-TCP. Throughout, one bottleneck
link is shared by one or multiple users, which may choose
TCP-Reno, HS-TCP, TCP-Illinois, or TCP-Vegas. For HS-
TCP, all the default parameter settings are used. For TCP-
Vegas,W increases ifdi f f < γ and decreases ifdi f f > γ.
For TCP-Illinois, without explicit explanation, we setαmax=
10,αmin = 0.1,βmax = 1/2,βmin = 1/8,Wthresh = 10,η1 =
0.0,η2 = 0.1, andη3 = 0.8.

A. Single User: Efficiency Property

We first perform simulations for a single user scenario,
with C= 100 Mbps,B= 100 packets8, andTp = 100 ms. The
window sizes are plotted in Fig. 5. The simulations clearly
demonstrate the concave nature of the curve of TCP-Illinois
and show that TCP-Illinois achieves a larger average window
size than TCP-Reno. For HS-TCP, we have chosen the Reno
base, NewReno base and SACK base, and we have found
that HS-TCP generates timeouts frequently for Reno and
NewReno bases, and only works well if SACK is used. This
supports our claim that HS-TCP causes heavy congestion.
Numerically, the average send rates for TCP-Reno, SACK
based HS-TCP9, and TCP-Illinois are 78.032, 87.324 and
91.304 Mbps, respectively. As a comparison to HS-TCP, if
TCP-Illinois setsβmax = βmin = 0.125 (β ≈ 0.125 for HS-
TCP in this capacity range), then the average throughput is
95.727 Mbps.

B. Multiple Users: Fairness Property

We now perform simulations for multiple (N = 4) users,
which may choose Reno, HS-TCP or Illinois. We demon-
strate the inter-protocol fairness (compatibility to Reno) of
Illinois and HS-TCP in the homogeneous RTT scenario,
whereC = 100 Mbps,B = 100 packets, andTp = 100 ms;
and demonstrate the intra-protocol fairness of Reno, Illinois
and HS-TCP in the heterogeneous RTT scenario, whereC
and B are unchanged, but theRTTs for the four flows are

8The packet size is 1000 bytes throughout.
9Henceforth, we mean SACK based HS-TCP when we mention HS-TCP

without specifying its base.
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60,80,100, and 120 ms, respectively. The average throughput
in the homogeneous scenario and average window size in the
heterogeneous scenario are plotted in Fig. 6. From this figure,
we see clearly that Illinois is more fair to competing Reno
user and large RTT users than HS-TCP.

C. Performance in Lossy/Wireless Networks

We then perform simulations for lossy/wireless links. It is
a single link single user scenario, with the user choosing
either TCP-Reno or TCP-Illinois, and the link randomly
drops packets with dropping probabilitypd much larger
than the congestion loss probability (sincepd is large, the
link is under utilized and there is no congestion loss at
all in many cases). The capacity and buffer length of the
link are 40 Mbps and 200 packets, respectively, and the
propagation delay for the single user is 100 ms. Instead of
choosing the default setting, the Illinois user setsη1 = 0.2.
We varypd values from 0.0005 to 0.05, and plot the average
window size for Illinois and Reno and the ratio of these
two multiplied by 20, as in the left plot of Fig. 7. From
the plot, we see thatWIllinois ≈ 4WReno in most cases. From
(??), the ratio should be

√

αmax/(2βmin) =
√

40≈ 6.32.
The difference of the ratio between simulation and analysis
can be explained if we observe the window curve plot of
Illinois and Reno, as in the right plot of Fig. 7. From the
window curve plot, we see that timeout happens frequently
for Illinois user, since the increment amountα is very large
before a packet loss happens. Equation (??) only considers
the congestion avoidance phase, and timeout is the reason
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thatWIllinois/WReno is around 4 instead of 6. Though, Illinois
achieves a much better throughput than Reno in wireless
networks.

D. Performance with Noisy RTT Measurement

We finally perform simulations to compare the perfor-
mance of TCP-Illinois and TCP-Vegas when the delay mea-
surement is inaccurate. We consider a single link and two
user scenario. For the link,C = 10 Mbps andB= 50 packets
(correspondingly, the maximum queueing delaydm= 40 ms).
For the users, either both choose TCP-Illinois or both choose
TCP-Vegas, and the propagation delay isTp = 60 ms for
each user. We now suppose that there is an extra white
noise term in the RTT measurement, denoted byn, and let
n be uniformly distributed between[0,2σ ] (the noise term
is an extra delay due to reasons other than propagation and
queueing, so it is nonnegative). Then,RTT = Tp + d + n,
whered is the queueing delay. We vary the value ofσ to
vary the noise level and study the performance of TCP-Vegas
and TCP-Illinois under noisy RTT measurement. For each
protocol, we have two groups of simulations. In group one,
both users face the noise term in the RTT measurement;
and in group two, only one user faces the noise term and the
other user measures RTT accurately. The average throughput
of the users under different noise levels are plotted in Fig.8.
From Fig. 8, we see that as the noise level increases, TCP-
Illinois is very robust to the noise, while TCP-Vegas is not:
there is a threshold ofσ , which depends on theγ parameter.
If the noise level exceeds this threshold, the performance is
degraded significantly: if both users have noise terms, both
get a much smaller throughput than the noise free case and
the link is under utilized; if one user has the noise term and
the other does not, then the resource allocation is very unfair
to the user with inaccurate RTT information. It is easy to
explain the degradation whenσ is larger than the threshold.
At equilibrium, Vegas user satisfies

di f f = (
W
Tp
− W

Tp +da
)Tp =W

da

Tp +da
= γ⇒W∗= γ

d∗a +Tp

d∗a
,

(36)
whered∗a andW∗ are the equilibrium values ofda andW.
So W∗ is an decreasing function ofd∗a, andd∗a is a positive
value such that the sum ofW∗/(Tp+d∗a) over all users equals
the capacityC. If RTT= Tp +da +n, then sincen may hit
zero, still we haveBaseRTT= Tp, and (36) becomes to the
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Fig. 8. Average Throughput Vs Noise Level. Top left: Illinois. Top right:
Vegas,γ = 2. Bottom left: Vegas,γ = 5. Bottom right: Vegas,γ = 10.

following equation:

di f f = (W
Tp
− W

Tp+da+n)Tp = W da+n
Tp+da+n = γ

⇒ W = γ da+Tp+n
da+n andW̄ ≈ γ d̄a+Tp+n̄

d̄a+n̄
,

(37)

wheren̄, d̄a andW̄ are the time average values ofn, da and
W. We see that if ¯n = σ ≤ d∗a, we can pickd̄a = d∗a−σ so
thatW̄ =W∗; and if n̄= σ > d∗a, thenW̄ is definitely smaller
thanW∗. And whenσ > d∗a, asσ increases,̄W decreases. So
there exists a threshold of ¯n = σ such that if the noise level
is smaller than this threshold, the performance can be similar
to the noise free case; and if the noise level is larger than this
threshold, the performance is degraded and the degradation
becomes more significant asσ increases. Since this threshold
approximately equals tod∗a and d∗a is proportional toγ, we
know that this threshold is also proportional toγ, as shown
in Fig. 8.

VII. C ONCLUSION

In this paper, we have considered some natural require-
ments for a new TCP protocol for high speed networks and
have introduced a class of LDCA-CAIMD algorithms, which
combines both loss and delay information to control the
congestion. Specifically, the standard TCP’s AIMD algorithm
is modified such that the increment (respectively, decrement)
amount for each ACK (respectively, loss) is a decreasing
(respectively, increasing) function of the average queueing
delay. Using this idea, a specific protocol called TCP-Illinois
is designed. TCP-Illinois achieves a concave window size
curve and a better throughput than the standard TCP, and
maintains the fairness of the standard TCP. Various properties
of TCP-Illinois are studied, and TCP-Illinois is shown to
satisfy all the requirements for an ideal high speed TCP
variant.

To analyze the fairness property of TCP-Illinois, a new
stochastic matrix modeling of general AIMD algorithms is

introduced. Using this new model, we approximately derived
the fairness property of TCP-Illinois and the standard TCP
under different synchronization level. There are some open
problems of the new model, which include: (i) the rigorous
relationship betweenE[Wi ] and E[Wj ],∀i 6= j for the N > 2
heterogenous users scenario; (ii), the relationship between
E[W̄i ] and E[W̄j ],∀i 6= j, where the average is over all time
interval.
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