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CommunicationandNetworkGroup
Principal Investigator : Lizhong Zheng

Graduate Students : Shao-Lun Huang, Hye Won Chung, Mina Karzand,
Fabián Kozynski

Motivation
The high level goal of the research activ-
ities in our groups is to extend the con-
ventional information theory to develop
theoretical tools that can be applied to a
broader range of problems, including dy-
namic communications, networks, real-
time communications, cooperative com-
munications, etc. and even beyond the
realm of communications, to understand
the information exchange in algorithms,
social networks, or other physical or bio-
logical systems.

• Our group currently investigate effi-
cient information transmission tech-
niques, network traffic queueing al-
gorithms, and high speed network
schemes such as quantum networks.

Local Information Geometric (by Shao-Lun Huang)

where Li = [
√

P
−1

]Ji, i = 1, 2. From this, notions of “orthogonal” perturbations and “projections”
can be similarly defined. The point here is that we can view a neighborhood of distributions as a
linear vector space, and define notions of orthonormal basis and coordinates on it.

Now we go back to the information coupling problem (7). We start by considering the single
letter optimization. For the rest of this proposal, we replace the notation δ in the constraint by �2,
as its meaning is now clear. We can write this constraint as

I(U ;X) =
�

u

PU (u) · D(PX|U (·|U)||PX) ≤ �2

This implies that for each value of u, the conditional distribution PX|U=u is a local perturbation

from PX , i.e., PX|U=u = PX + � · Ju. Again, we use the notation that Lu = [
√

PX
−1

]Ju.
Next, for each value of u, we observe that

PY |U=u = WPX|U=u = PX + � · WJu = PX + � · W [
�

PX ]Lu

where the channel applied to an input distribution is simply viewed as the channel matrix W , of
dimension |Y|× |X |, multiplying the input distribution as a vector. At this point, we have reduced
both the spaces of input and output distributions as linear spaces, and the channel acts as a linear
transform between the two spaces. The information coupling problem can be rewritten as, ignoring
the o(�2) terms:

max
�

u

PU (u) · �WJu�2
PY

, subject to
�

u

PU (u) · �Ju�2
PX

= 1

or equivalently in terms of Euclidean norms,

max
�

u

PU (u) · �[
�

PY
−1

]W [
�

PX ] · Lu�2 subject to
�

u

PU (u) · �Lu�2 = 1

This problem of linear algebra is simple. We need to find the joint distribution U → X → Y by
specifying the PU and the perturbations Ju for each value of u, such that the marginal constraint
on PX is met, and such that these perturbations are the most visible at the Y end, in the sense that
multiplied by the channel matrix, WJu’s have large norms. This can be readily solved by setting
the weighted perturbation vectors Lu’s to be along the input(right) singular vectors of the matrix

B
∆
= [

√
PY

−1
]W [

√
PX ] with large singular values. Moreover, the choice of PU has no effect in the

optimization, and might be taken as binary uniform for simplicity. This is illustrated in Figure-1(a)

(a) (b)

Figure 1: (a) Choice of PU and PX|U to maintain the marginal PX . (b) Divergence Transition Map
as a linear map between two spaces, with right and left singular vectors as orthonormal bases.
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• We locally approximate the signal spaces of both transmitter and receiver ends
as linear spaces.

• The communication channels behave as linear transforms between terminals.

• The information is encoded in the transmitter as an input vector, and conveyed
to the receiver through the channel transform as the output vector.

• The optimal transmission schemes over networks are obtained as tradeoffs be-
tween matrices.

Capacity of Quantum Optical Channels (by Hye Won Chung)
Goal: Information carrier for quantum communication is photon which has funda-
mental quantum noise. Since quantum state is modified after each measurement, it is
hard to design receiver which extracts all the information from received optical signal.
Our goal is to improve the efficiency of optical communication by employing quantum
processing and adaptive measurements.

PoissonBinary Hypothesis

Local signal
γ ≈ 1 1√

1−γ
� ∈ C

Feedback
controller

SH ∈ C, H ∈ {0, 1} SH + � (|SH + �|2)

In[1]:= g@g0_, S_, t_D := H1 + g0L^2 ê H2 * g0L * Exp@S^2 * tD - 1 +

H1 + g0L ê H2 * g0L * H1 + g0L^2 * Exp@2 * S^2 * tD - 4 * g0 * Exp@2 * S^2 * tD

In[2]:= l1@g0_, S0_, S1_, t_D := -HS1 * g@g0, HS1 - S0L, tD - S0L ê Hg@g0, HS1 - S0L, tD - 1L

In[3]:= l0@g0_, S0_, S1_, t_D := -HS0 * g@g0, HS1 - S0L, tD - S1L ê Hg@g0, HS1 - S0L, tD - 1L

In[4]:= larrival@g0_, S0_, S1_, t_D := Which@0 <= t < 0.01, l1@g0, S0, S1, tD, 0.01 <= t < 0.03,
l0@g0, S0, S1, tD, 0.03 <= t < 0.035, l1@g0, S0, S1, tD, 0.035 <= t < 0.06, l0@g0, S0, S1, tD,
0.06 <= t < 0.072, l1@g0, S0, S1, tD, 0.072 <= t < 0.075, l0@g0, S0, S1, tD,
0.075 <= t < 0.09, l1@g0, S0, S1, tD, 0.09 <= t < 0.10, l0@g0, S0, S1, tD,
0.10 <= t < 0.13, l1@g0, S0, S1, tD, 0.13 <= t < 0.15, l0@g0, S0, S1, tD, True, 1D

In[9]:= pcurve = Plot@8l1@2, 0, -3, tD, l0@2, 0, -3, tD, larrival@2, 0, -3, tD<,
8t, 0, 0.15<, LabelStyle Ø Directive@BoldD,
PlotStyle Ø 88Blue, Dashed, Thick<, 8Blue, Dashed, Thick<, 8Red, Thick<<,
AxesLabel Ø 8Time<, PlotLabel Ø "Optimum Feedback", Ticks Ø None, PlotRange Ø 880, 0.15<<D

Out[9]=

Time

Optimum Feedback

In[13]:= plist = ListPlot@880.01, 1<, 80.03, 1<, 80.035, 1<,
80.06, 1<, 80.072, 1<, 80.075, 1<, 80.09, 1<, 80.1, 1<, 80.13, 1<<,

Filling Ø Axis, PlotRange Ø 880, 0.15<, 80, 1.5<<, LabelStyle Ø Directive@BoldD,
PlotStyle Ø 8AbsolutePointSize@5D<, FillingStyle Ø 8Thick<, AxesLabel Ø 8time<,
PlotLabel Ø "Photon Arrivals", LabelStyle Ø Thick, Ticks Ø None, AspectRatio Ø 0.2D

Out[13]=

time

Photon Arrivals
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• Adaptive measurements: Based on output history, instantaneously optimize feed-
back control signal to adjust the channel to match with the evolving posterior
distribution of inputs

• Coding technique combined with this coherent detection keeps the posterior dis-
tribution close to optimum

• To improve the achievable information rate, we need to further incorporate the
role of entanglement in the decoding procedure

DOF in Low-rank Fading Communications (by Mina Karzand)
Our model of fading channel gives an example of a noncoherent system in which
non-linear decoding gives higher degrees of freedom in performance.

• This model assumes that in a block of length T , there are Q (Q << T ) indepen-
dent elements between each pair of Tx and Rx. The case Q = 1 corresponds to
flat fading channel.

• The interesting observation is that trying to estimate unknown parameters of the
channel by training, giving DOF of M(1 −MQ/T ), is suboptimal.

• Using the structure of the system, DOF of M(1 −M/T ) is achievable.

• To achieve this performance non-linear decoding is necessary.

• Similar to the flat fading channels, the message is transmitted through the sub-
space spanned by the transmitted signals. Thus, the optimal signal distribution
is uniform over the Grassmanian manifold.

Traffic Queueing (by Fabián)

• In a stable network with approxi-
mately regular traffic in two direc-
tions, we want to switch to minimize
the waiting time.

• Optimize using Viterbi-like rules
and message propagation.

• May be able to transform random
arrivals into regular ones.

• Can be applied to packets or car net-
works.
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