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Abstract

Structured Codes in Information Theory: MIMO and Network Applications
by
Jiening Zhan
Doctor of Philosophy in Engineering-Electrical Engineering & Computer Sciences
University of California, Berkeley
Professor Michael Gastpar, Chair

Though random codes are shown to be optimal for point-to-point channels, codes with alge-
braic structure are found to be useful in many network scenarios. This thesis demonstrates
the role of structured codes in several network and MIMO settings. In MIMO channels,
structured codes can be used to improve receiver design. Traditional receiver architectures
decorrelate the mixed data streams and recover each of them individually. Although optimal
when the channel matrix is orthogonal, this can be highly sub-optimal when the channel is
near singular. To overcome this limitation, a new architecture that recovers linear combina-
tions of the data streams instead of the data streams individually is proposed. The proposed
integer-forcing receiver outperforms traditional linear architectures and achieves the optimal
diversity-multiplexing tradeoff. In network information theory, it has been shown that struc-
tured codes are useful for computation over multiple-access channels. This thesis considers
function computation across general relay networks and proposes a scheme that decouples
the physical and network layers. By using lattice codes in the physical layer and network
codes in the network layer, the proposed scheme achieves the optimal distortion to within a
constant factor. Finally, structured codes can be used to efficiently transmit channel state
information when global channel state information is absent in networks. It is shown that
sending a function of the channel state information is sufficient and can be much more
efficient than sending the full information.
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Chapter 1

Introduction

Classical information theory generally relied on random coding arguments to characterize
the fundamental limits of communication in systems. For example, the capacity achieving
codebook of the Additive-White-Noise-Gaussian (AWGN) channel can be constructed by
drawing points uniformly from the power constraint sphere. [1, Chapter 10] As a result, there
is no particular algebraic structure imposed on the codes. In his seminal paper, Shannon
showed that these random coding arguments were sufficient to achieve optimal performance
in all single user channels [2]. Furthermore, the same type of codes can be used to achieve
the capacity region of several multiple user channels, including the multiple-access channel
and special cases of the broadcast channel [1, Chapter 14]. Similarly, Slepian and Wolf
used the random coding construction to characterize the optimal rate region for distributed
source coding [3]. Codes with algebraic structure were studied in the late sixties, and it was
found that although they reduced the encoding and decoding complexity, their performance
was, at best, the same as optimal unstructured codes. Generally, though, their performance
was usually worse [4]. Consequently, it was suspected that random codes were sufficient to
characterize the fundamental limits of communication, and codes with structure were not
needed in traditional information theory.

One of the first examples that demonstrated the advantage of codes with structure oc-
curred in the late seventies. Korner and Marton considered the distributed source coding
problem when the destination desires to recover a function of the sources [5]. In their sce-
nario, Source 1 observes a binary source U, and source 2 observes another binary source U’.
Rather than recovering the individual sources U and U’ as in the traditional rate-distortion
problem, the destination produces an estimate for the mod-2 sum of the source observations:
U @, U'. When the sources are correlated, it was discovered that recovering the mod-2 sum
of the observations is more efficient than recovering the individual observations, and the
optimal rate region is larger than the Slepian-Wolf region. Furthermore, standard random
coding arguments were insufficient here, and linear codes were used instead. Linear codes
have the property that the sum (over the underlying finite field) of two codewords is again
a codeword. This structural property is crucial for sending the mod-2 sum of the source
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observations in this distributed setting.

Lattice codes form the real counterpart of linear codes and extend the linearity property
from a finite field into the real field [6]. As a result, they can be used in many wireless settings
and form an important class of structured codes. The goal of this thesis is to demonstrate
the advantage of lattice codes in three network scenarios. First, we propose a novel, low-
complexity, linear receiver architecture for multiple-input-multiple-output (MIMO) channels
that achieves significant gain over traditional linear receivers. Our architecture makes use
of lattice codes to first recover an equation of the data streams instead of the data streams
themselves. This achieves performance close to the optimal joint receiver while adding only
slightly more complexity over the traditional linear receiver. Next, we consider function
computation across a class of wireless relay networks. By using lattice codes for both chan-
nel coding and source quantization, we convert the wireless network problem into a wired
network problem, which is well studied in literature [7, 8, 9, 10]. We then develop achievabil-
ity schemes for the wired network based on the results of the well known multicast problem
[11, 12]. Finally, we study the role of structure in channel state estimation. We show that
in networks with many relay nodes, lattice codes can be used to transmit a function of the
channel state information. In certain cases, this is much more efficient than transmitting the
full channel state information.

Before delving into details, we briefly review some situations where lattice codes have
demonstrated good performance. In many point-to-point settings, lattice codes have been
shown to be a low-complexity alternative that achieves the optimal performance previously
attained by random codes:

¢ AWGN Channel: Lattice encoding with Maximum Likelihood decoding was first
studied and was shown to attain the capacity of the AWGN channel [13]. Refinements
of this scheme were studied in [14, 15]. A nested version of lattice codes was later
developed and shown to approach the capacity of point-to-point AWGN channels with
lattice decoding [16].

e Quantization: Nested lattice codes developed in [16] can also be used for the quan-
tization of Gaussian sources. Furthermore, it is shown that there exists lattices that
are good for both coding and quantization [17, 18].

e Dirty Paper: When interference is known causally at the transmitter, it can be
cancelled by employing precoding techniques [19]. Combing lattice codes and scaling
with the MMSE coefficient, the capacity of the dirty paper channel can be achieved
[20]. Practical implementations of nested lattice codes for the dirty paper channel are
proposed in [21].

e Wyner-Ziv: The quantization rate can be reduced by adding correlated side informa-
tion to the receiver and employing binning techniques. Coset codes have been proposed
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as a means to perform efficient binning. Wyner developed a set of coset codes for bin-
ning in the situation of lossless compression with side information. Nested lattice codes
were shown to be good coset codes in the lossy case by the authors in [22]. These Coset
codes can be used for efficient binning in the Wyner-Ziv problem and recover the op-
timal rate-distortion tradeoff.

Although structured codes can recover the optimal performance previously attained by
random codes in many point-to-point scenarios, their value is truly highlighted in network set-
tings. In these multi-user scenarios, lattices are needed to achieve gains previously unattain-
able using standard random codes:

Distributed Source Coding: A Gaussian version of the Korner-Marton problem
was studied in [23]. A nested lattice scheme was used to reconstruct a function of the
sources directly without first reconstructing the individual sources. This was shown
to be more efficient than recovering the individual sources directly, and the resulting
achievable rate region was shown to be larger than the Berger-Tung region in certain
regimes.

Interference Alignment: Recent literature showed that the degrees of freedom per
user of the interference channel remains constant as the number of users increase [24].
Subspace coding was used, and interference at each destination was aligned so that
all interference falls into the same subspace. The linearity property of lattices can be
exploited to align the interference [25, 26].

Computation over Multiple-Access Channels: When the destination of a AWGN
multiple-access channel recovers a function of the sources, lattice codes have been found
to be advantageous and are able to achieve a lower distortion than standard random
codes [27].

Two-Way Relay Channel: Lattice codes can be used in this scenario and allow
the relay node to recover the sum of the two codewords rather than the individual
codewords. Structured schemes have been shown to be more efficient than traditional
relaying schemes and achieve within a constant gap of the optimal performance [28, 29].

Wireless Network Coding: In a wired network with many relay nodes, the tradi-
tional method of routing has been shown to be insufficient, and coding is needed at
the intermediate relays instead [11]. In the case of a wireless network, it is beneficial
for the relays to recover only a function of the incoming messages [30, 31, 32, 33].

Dirty Paper Multiple-Access Channels: The dirty paper channel is extended to
the case of multiple users who communicate to a common destination in the presence
of interference. When the interference is known partially at each transmitter, lattice
codes are needed to cancel the interference [34].
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e Secrecy: Using lattices schemes, multiple users who do not have prior coordination
are able to collude against adversaries and eavesdroppers [35].

1.1 Contributions

We provide an overview and a summary of our main results in each scenario:

e Linear Receiver Design for MIMO: Linear receivers are often used to reduce the
implementation complexity of multiple antenna systems. In a traditional linear re-
ceiver architecture, the receive antennas are used to separate out the codewords sent
by each transmit antenna, which can then be decoded individually. Although easy to
implement, this approach can be highly sub-optimal when the channel matrix is near
singular. This paper develops a new linear receiver architecture that uses the receive
antennas to create an effective channel matrix with integer-valued entries. Rather
than attempting to recover transmitted codewords directly, the decoder recovers in-
teger combinations of the codewords according to the entries of the effective channel
matrix. The codewords are all generated using the same linear code, which guarantees
that these integer combinations are themselves codewords. If the effective channel is
full rank, these integer combinations can then be digitally solved for the original code-
words. This thesis focuses on the special case where there is no coding across transmit
antennas. In this setting, the integer-forcing linear receiver significantly outperforms
traditional linear architectures such as the decorrelator and MMSE receiver. In the high
SNR regime, the proposed receiver attains the optimal diversity-multiplexing tradeoff
for the standard MIMO channel. It is further shown that in an extended MIMO model
with interference, the integer-forcing linear receiver achieves the optimal generalized
degrees-of-freedom.

e Network Function Computation: In linear function computation, multiple source
nodes communicate across a relay network to a single destination whose goal is to re-
cover linear functions of the original source data. For the case when the relay network
is a linear deterministic network, a duality relation is established between function
computation and broadcast with common messages. Using this relation, a compact,
sufficient condition is found describing those cases where the cut-set bound is tight.
Then, these insights are used to develop results for the case where the relay net-
work contains Gaussian multiple-access channels. The proposed scheme decouples the
physical and network layers. Lattice codes are used for both source quantization and
computation in the physical layer. This can be viewed as converting the original Gaus-
sian sources into discrete sources and the Gaussian network into a linear deterministic
network. The duality relation is applied to find network codes for computing func-
tions of discrete sources in the network layer. Assuming the original source sequences
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are independent Gaussians, the resulting distortion for computing their sum over the
Gaussian network is provably within a constant factor of the optimal performance.

e Channel State Information Estimation: In networks with many intermediate
relay nodes, the assumption of global channel knowledge is optimistic in practice.
The fading behavior is typically measured locally at the relay nodes but is not directly
known at the destination. One straightforward method is to send the full channel state
information to the destination. However, this may be inefficient due to limited power
and bandwidth constraints and results in forwarding more information than necessary.
Instead, we show that it is sometimes sufficient for the destination to know only a
function of the various channel states rather than the full channel state information. We
develop a general framework for forwarding a function of the channel state information
in relay systems with only local channel knowledge. We apply our framework to several
networks and find that functional forwarding of channel state information can be much
more efficient than full forwarding.

1.2 Outline

The thesis is outlined as follows:

e Chapter 2: The standard MIMO model is described and existing receiver architectures
are surveyed. The integer-forcing linear receiver, which uses lattice codes to first recover
a set of full rank equations of the data streams, is then proposed. It is compared to
different architectures and shown to attain the optimal diversity-multiplexing tradeoff.

e Chapter 3: The MIMO channel in Chapter 2 is extended to include the case of
interference. The integer-forcing architecture is shown to provide an attractive solution
to the problem of oblivious interference mitigation. Focusing on the high SNR regime,
the generalized degrees of freedom for the integer-forcing linear receiver is characterized
and shown to match the optimal joint-receiver.

e Chapter 4: The proof of Theorem 3.7 in Chapter 3 requires results in diophantine
approximations. Some existing theorems in the diophantine approximations literature,
including Dirichlets, Khintchine-Groshev, Minkowski’s 15 theorem on successive mini-
mum, and Minkowski’s 2°¢ theorem on successive minima, are first reviewed. Theorem
4.13 is a new result that extends Dirchlets to the case where where a full rank set of lin-
early independent integer solutions is required. The proof requires several diophantine
theorems and makes use of Lagrangian formulations.

e Chapter 5: The problem of network function computation is considered. The first
section focuses on the deterministic network and shows that computing a single linear
function is equivalent to multicast. This insight is then extended beyond a single linear
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function to general communication demands. The second section leverages the insights
from the deterministic network to characterize the distortion for computing a function
of Gaussian sources across a class of Gaussian relay networks.

e Chapter 6: The two-stage relay network of interest is first described. A new scheme,
functional forwarding, where the relays send a function of the channel state information
to the destination, is proposed. A series of examples are provided to illustrate that the
proposed scheme can be much more efficient than traditional schemes that forward the
full channel state information.



Chapter 2

Integer-Forcing Linear Receivers

It is by now well-known that increasing the number of antennas in a wireless system can
significantly increase capacity. Since the seminal papers of Foschini and Gans [36] and Telatar
[37], multiple-input multiple-output (MIMO) channels have been thoroughly investigated in
theory (see [38] for a survey) and implemented in practice [39]. This capacity gain usually
comes at the expense of more complex encoders and decoders and a great deal of work has
gone into designing low-complexity MIMO architectures. In this chapter, we describe a new
low-complexity architecture that can attain significantly higher rates than existing solutions
of similar complexity.

We focus on the case where each of the M transmit antennas encodes an independent
data stream (see Figure 2.1). That is, there is no coding across the transmit antennas: each
data stream w,, is encoded separately to form a codeword x,, of length n. Channel state
information is only available to the receiver. From the receiver’s perspective, the original data
streams are coupled in time through encoding and in space (i.e., across antennas) through
the MIMO channel. The joint maximum likelihood (ML) receiver simultaneously performs
joint decoding across time and receive antennas. Clearly, this is optimal in terms of both rate
and probability of error. However, the computational complexity of jointly processing the
data streams is high, and it is difficult to implement this type of receiver in wireless systems
when the number of streams is large. Instead, linear receivers such as the decorrelator and
minimum-mean-squared error (MMSE) receiver are often used as low-complexity alternatives
[40].

Traditional linear receivers first separate the coupling in space by performing a linear
projection at the front-end of the receiver. In order to illustrate this concept and motivate
the proposed new approach, we consider the 2 x 2 MIMO channel characterized by the
following matrix:

H— E ﬂ . (2.1)

The simplest choice of a linear receiver front-end inverts the channel matrix. This receiver
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is usually referred to as the decorrelator in the literature. That is, the receiver first applies
the matrix

H' = {_11 _21] (2.2)

to the received signal. Overall, this converts the original channel into a new equivalent
channel characterized by the identity matrix and colored Gaussian noise, i.e., to two scalar
channels with correlated noise. The linear receiver then proceeds by separately decoding
the output of each of these two channels. The well-known drawback of this approach is
that the noise vector is also multiplied by the linear receiver front-end matrix given in (2.2),
which alters the variances of its components. In our simple example, if we assume that
the original channel had independent additive white Gaussian noise of unit variance, the
equivalent noises after the linear receiver front-end have variances of 2 and 5, respectively.
That is, while the receiver front-end has nulled out cross-interference, it has also significantly
increased the noise levels.

The integer-forcing linear architecture advocated here is based on the recent insight that
if on all transmit antennas, the same linear or lattice code is used, then it is possible to not
only decode codewords themselves, but also integer linear combinations of codewords directly
[31]. Let us denote the codeword transmitted on the first antenna by x; and the codeword
transmitted on the second antenna by xs. Then, for the simple example matrix from (2.1),
the receiver can decode the integer linear combination 2x; + x5 from the first receive antenna
and the combination x; + X3 from the second receive antenna. From these (following [31]),
it is possible to recover linear equations of the data streams over an appropriate finite field,
2w1 + wy and w; + wy. These equations can in turn be digitally solved for the original data
streams. The key point in this example is that the noise variances remain unchanged, which
increases the effective SNR per data stream. Note that for more general channel matrices
beyond the simple example here, it will also be advantageous to first apply an appropriate
linear receiver front-end, albeit following principles very different form merely inverting the
channel matrix, as we explain in more detail in the sequel.

In this chapter, we first consider the standard MIMO channel and develop a new integer-
forcing linear receiver architecture that provides multiplexing and diversity gains over tra-
ditional linear architectures. Our approach relies on the compute-and-forward framework,
which allows linear equations of transmitted messages to be efficiently and reliably decoded
over a fading channel [31]. We develop a multiple antenna version of compute-and-forward
which employs the antennas at the receiver to rotate the channel matrix towards an effective
channel matrix with integer entries. Separate decoders can then recover integer combinations
of the transmitted messages, which are finally digitally solved for the original messages. We
show that this is much more efficient than using the receive antennas to separate the trans-
mitted codewords and directly decoding each individual codeword. Our analysis uses nested
lattice codes originally developed to approach the capacity of point-to-point AWGN and
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dirty-paper channels [16, 17, 18, 22] and for which practical implementations were presented
in [21] and subsequent works.

In Chapter 3, we generalize the MIMO channel model to include interference [41, 42] and
show that the integer-forcing receiver architecture is an attractive approach to the problem
of oblivious interference mitigation. By selecting equation coefficients in a direction that
depends on both the interference space and the channel matrix, the proposed architecture
reduces the impact of interference and attains a non-trivial gain over traditional linear re-
ceivers. Furthermore, we show that the integer-forcing receiver achieves the same generalized
degrees of freedom as the joint decoder. Our proof uses techniques from Diophantine approx-
imations, which have also recently been used for interference alignment over fixed channels
and the characterization of the degrees of freedom for compute-and-forward [43, 44].

In the remainder of the chapter, we start with a formal problem statement in Section 2.1,
and then overview the basic existing MIMO receiver architectures and their achievable rates
in Section 2.2. In Section 2.3, we present the integer-forcing receiver architecture and a basic
performance analysis. We show that the rate difference between the proposed receiver and
traditional linear receivers can be arbitrarily large in Section 2.4. We study the outage
performance of the integer-forcing linear receiver under a slow fading channel model in
Section 2.5. We show that in the case where each antenna encodes an independent data
stream, our architecture achieves the same diversity-multiplexing tradeoff as that of the
optimal joint decoder. In Chapter 3, we consider the MIMO channel with interference and
show that the integer-forcing receiver can be used to effectively mitigate interference. We
characterize the generalized degrees-of-freedom for the integer-forcing receiver and find that
it is the same as for the joint decoder.

Throughout the chapter, we will use boldface lowercase to refer to vectors, a € RM,
and boldface uppercase to refer to matrices, A € RM*M_ Let AT denote the transpose of
a matrix A and |A| denote the determinant. Also, let A~! denote the inverse of A and
AT £ (ATA)7LAT denote the pseudoinverse. The notation ||a| £ /3, a? will refer to the
lo-norm of the vector a while ||alls = max; |a;| will refer to the f,-norm. Finally, we will
use Avax(A) and Ayin(A) to refer to the maximum and minimum singular values of the
matrix A.

2.1 Problem Statement

The baseband representation of a MIMO channel usually takes values over the complex
field. For notational convenience, we will work with the real-valued decomposition of these
complex matrices. Recall that any equation of the form Y = GX + Z over the complex field
can be represented by its real-valued representation,

o) - ) s o) ] e
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We will henceforth refer to the 2M x 2N real-valued decomposition of the channel matrix
as H. We will use 2M independent encoders and 2M independent decoders for the resulting
real-valued transmit and receive antennas.!

Definition 2.1 (Messages). Each of the 2M transmit antennas has a length k data stream
(or message) w,, drawn independently and uniformly from W = {0,1,2,...,q — 1}*.

Definition 2.2 (Encoders). Each data stream w,, is mapped onto a length n channel input
X, € R™! by an encoder,

Em W —=R".

An equal power allocation is assumed across transmit antennas
1 2
—[[%, [ < SNR.
n

Note that equal power constraint per transmit antenna is equivalent to total power con-
straint when considering the diversity-multiplexing tradeoff. While we formally impose a
separate power constraint on each antenna, we note that the performance at high SNR (in
terms of the diversity-multiplexing tradeoff) remains unchanged if this is replaced by a sum
power constraint over all antennas instead.

Definition 2.3 (Rate). Each of the 2M encoders transmits at the same rate

k
Rrx = —logyq .
n

The total rate of the MIMO system is just the number of transmit antennas times the rate,
2MRrx.

Remark 2.4. Since the transmitters do not have knowledge of the channel matrix, we focus
on the case where the 20 data streams are transmitted at equal rates. We will compare the
integer-forcing receiver against successive cancellation V-BLAST schemes with asymmetric
rates in Section 2.5.2.

Definition 2.5 (Channel). Let X € R?*" he the matrix of transmitted vectors,

X = : : (2.4)

T
Xom

IThe implementation complexity of our scheme can be decreased slightly by specializing it to the complex
field using the techniques in [31]. For notational convenience, we focus solely on the real-valued representa-
tion, and do not exploit the constraints on the matrix H.
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The MIMO channel takes X as an input, multiplies it by the channel matriz H € R2V*2M
and adds noise Z € R2¥*" whose entries arei.i.d. Gaussian with zero mean and unit variance.
The signal Y € R*¥*" observed across the 2N receive antennas over n channel uses can be

written as
Y=HX+7. (2.5)

We assume that the channel realization H is known to the receiver but unknown to the
transmitter and remains constant throughout the transmission block of length n.

Definition 2.6 (Decoder). At the receiver, a decoder makes an estimate of the messages,
D R — WM (2.6)
(Wi, ..., Wanr) = D(y). (2.7

Definition 2.7 (Achievable Rates). We say that sum rate R(H) is achievable if for any
€ > 0 and n large enough, there exist encoders and a decoder such that reliable decoding is
possible

Pr (Wi, ..., Wan) # (Wi,..., Wanr)) <€
so long as the total rate does not exceed R(H),

2M Rrx < R(H).

2.2 Existing Receiver Architectures

Many approaches to MIMO decoding have been studied in the literature. We provide a
brief summary of some of the major receiver architectures and the associated achievable
rates, including the joint ML receiver, the decorrelator, linear MMSE estimator and the
MMSE-SIC estimator.

2.2.1 Joint ML Receivers

Clearly, the best performance is attainable by joint ML decoding across all N receive anten-
nas. This situation is illustrated in Figure 2.1. Let Hg denote the submatrix of H formed
by taking the columns with indices in § C {1,2,...,2M}. If we use a joint ML decoder
that searches for the most likely set of transmitted messages vectors wy, ..., Wy, then the
following rate is achievable (using Gaussian codebooks at the transmitter):

.M T
RJOINT(H) = Sg{l{%}?gM} E 10g det (IS + SNR HSHs) (28)
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where I is the identity matrix.? Note that this is also the capacity of the channel subject to
equal rate constraints per transmit antenna. The worst-case complexity of this approach is
exponential in the product of the blocklength n and the number of antennas N.

One approach to reduce the complexity of the joint ML decoder is to employ a sphere
decoder. Rather than naively checking all possible codewords, the sphere decoder only
examines codewords that lie within a ball around the received vector. If the radius of the
ball is suitably chosen, this search is guaranteed to return the ML candidate vector. We
refer interested readers to [45, 46, 47, 48, 49] for more details on sphere decoding algorithms
as well as to [50] for a recent hardware implementation.

7z
X1 oy

wi & ®
w1
H D —
Z o
XM fV yn WM

B P @

Figure 2.1: MIMO channel with single stream encoding.

2.2.2 Traditional Linear Receivers

Rather than processing all the observed signals from the antennas jointly, one simple ap-
proach is to separate out the transmitted data streams using a linear projection and then
decode each data stream individually, as shown in Figure 2.2. Given the observed matrix
Y = HX + Z from (2.5), the receiver forms the projection

Y =BY (2.9)
— BHX + BZ (2.10)

where B € R2*2N Each row §2 of Y is treated as a noisy version of x7. In traditional
linear receivers, the goal of the projection matrix B is to separate the incoming data streams.
For the decorrelator architecture, we choose the projection to be the pseudoinverse of the
channel matrix B = (HTH)"'H”. In the case where N > M, the resulting channel is
interference free. If H is orthogonal, then the decorrelator architecture can match the per-
formance of a joint ML decoder. As the condition number of H increases, the performance
gap between the decorrelator and the joint decoder increases due to noise amplification (see
the example in Section 2.4.2). The performance of the decorrelator can be improved at low

2With joint encoding and decoding, a rate of %1og det (I + SN RHHT) is achievable.
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SNR using the MMSE architecture which sets B = H'(HH” + &i=I)~'. Let b, be the m'
row vector of B and h,, the m'" column vector of H. The following rate is achievable for
the m'™" data stream using a decorrelator architecture with Gaussian codebooks:

(2.11)

1 SNR||bZ h,,||2
R,,(H) = 3 log <1+ by, b )

[Bm[* + SNR_,.., (b7 |2

Since we focus on the case where each data stream is encoded at the same rate, the achievable
sum rate is dictated by the worst stream,

RLINEAR(H) = min 2MRm(H) . (212)

The complexity of a linear receiver architecture is dictated primarily by the choice of
decoding algorithm for the individual data streams. In the worst case (when ML decoding
is used for each data stream), the complexity is exponential in the blocklength of the data
stream. In practice, one can employ low-density parity-check (LDPC) codes to approach
rates close to the capacity with linear complexity [51].

The performance of this class of linear receivers can be improved using successive in-
terference cancellation (SIC) [52, 53]. After a codeword is decoded, it may be subtracted
from the observed vector prior to decoding the next codeword, which increases the effec-
tive signal-to-noise ratio. Let II denote the set of all permutations of {1,2,...,2M}. For
a fixed decoding order m € II, let m,, = {m(m),7(m+1),...,7(2M)} denote the indices
of the data streams that have not yet been decoded. Let hy(,) denote the 7(m)™ col-
umn vector of H and let H, , be the submatrix consisting of the columns with indices 7,,,
ie., Hr, = [hrgm) - - - hr@a). The following rate is achievable in the 7(m)™, stream using
successive interference cancellation:

SNR||bZ h,; () ||?
phl ) -

1
H)=-1 1
Bt (H) = 5 Og( BTSRRIV i [ e

where by, = (Hy, HL + =1) " hy(,,) is the projection vector to decode the m(m)™ stream

after canceling the interference from the m(1),...,m(m — 1) streams. For a fixed decoding
order 7, the achievable sum-rate is given by

RSIC,I(H> = min QMRﬂ(m)(H) . (214)

The above scheme is referred to as V-BLAST I (see [54] for more details). An improvement
can be attained by selecting the decoding order, and thus the permutation.
In the case of V-BLAST II, the sum rate is improved by choosing the decoding order
that maximizes rate of the worst stream,
Rsic2(H) = maxmin 2M Ry, (H) . (2.15)

well m
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Hence, V-BLAST I performs worse than V-BLAST II for all channel parameters. We post-
pone the discussion of V-BLAST III to Section 2.5 where we introduce the outage formula-
tion.

Using ML decoding for each individual data stream, the complexity of the MMSE-SIC
architecture is again exponential in blocklength. However, unlike the decorrelator and linear
MMSE receiver, not all M streams can be decoded in parallel and delay is incurred as later
streams have to wait for earlier streams to finish decoding.

VA
X1 é 1 5’1 ~
[T B,
H : Brrap
N ~
W[ P Do

Figure 2.2. A traditional linear receiver. Each of the individual message vectors is de-
coded directly from the projected channel output. The goal of the linear projection is to
approximately invert the channel and cancel the interference from other streams.

2.2.3 Lattice-Reduction Detectors

Another class of linear architectures comes under the name of lattice-reduction detectors.
It has been shown that lattice reduction can be used to improve the performance of the
decorrelator when the channel matrix is near singular [55] and can achieve the receive diver-
sity [56]. Lattice-reduction detectors are symbol-level linear receivers that impose a linear
constellation constraint, e.g., a QAM constellation, on the transmitters. The output of the
MIMO channel Y is passed through a linear filter B to get the resulting output:

Y =BY (2.16)
— BHX + BZ (2.17)
= AX + BZ (2.18)

where A = BH is the effective channel matrix. In lattice reduction, the effective channel
matrix is restricted to be unimodular: both its entries and the entries of its inverse must
be integers. Let al, ... al,, be the row vectors of matrix A. The lattice-reduction detector
produces estimates of the symbols of al X from Y. There are two key differences between
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the proposed integer-forcing receiver and the lattice-reduction receiver. First, the integer-
forcing receiver operates on the codeword level rather than on the symbol level. Second, the
effective channel matrix A of the integer-forcing receiver is not restricted to be unimodular:
it can be any full-rank integer matrix. We compare lattice reduction to the integer receiver
in Example 3 by restricting the effective matrix to be unimodular under the integer-forcing
architecture. We show that this restriction can result in an arbitrarily large performance
gap.

Two other works have developed lattice architectures for joint decoding that can achieve
the optimal diversity-multiplexing tradeoff [57, 58].

2.3 Proposed Receiver Architecture

2.3.1 Architecture Overview

Linear receivers such as the decorrelator and the MMSE receiver directly decode the data
streams after the projection step. In other words, they use the linear projection matrix B to
invert the channel matrix at the cost of amplifying the noise. Although low in complexity,
these approaches are far from optimal when the channel matrix is ill-conditioned. In the
integer-forcing architecture, each encoder uses the same linear code and the receiver exploits
the code-level linearity to recover equations of the transmitted messages. Instead of inverting
the channel, the scheme uses B to force the effective channel to a full-rank integer matrix
A. As in the case of traditional linear receivers, each element of the effective output is then
sent to a separate decoder. However, since each encoder uses the same linear code, each
decoder can recover an integer linear combination of the codewords. The integer-forcing
receiver is free to choose the set of equation coefficients A to be any full-rank integer matrix.
The resulting integer combinations of codewords can be mapped back to a set of full-rank
messages over a finite field.> Finally, the individual messages vectors are recovered from the
set of full-rank equations of message vectors. The details of the architecture are provided in
the sequel and an illustration is given in Figure 2.3.

Prior to decoding, our receiver projects the channel output using the 2M x 2N matrix
B to get the effective channel

Y = BY (2.19)
— BHX + BZ. (2.20)

Each preprocessed output y,, is then passed into a separate decoder D,, : R — W. Decoder

3For the scope of the present chapter, we assume that ¢ is prime to ensure invertibility. However, this
restriction may be removed as shown in [59)].
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Z
X1 é 1 Y1 1 0y
Wl_’ D, W
1
H : Binr : AL [T
XM ZN S’M | ﬁM WM
WM—> é yn Dy

Figure 2.3. The proposed integer-forcing linear receiver. Each decoder first recovers an
equation of the transmitted message vectors. These equations are then collected and solved
for the individual message vectors. The goal of the linear projection is to create a full-rank,
integer-valued effective channel matrix.

m attempts to recover a linear equation of the message vectors

oM
u,, = [Z amng] mod ¢ (2.21)

(=1

for some a,,¢ € Z. Let a,, denote the vector of desired coefficients for decoder m, a,, =
(1 Qg+ + M]T. We choose ay, . . ., ass to be linearly independent.? Decoder m outputs
an estimate 1, for the equation u,,. We will design our scheme such that, for any € > 0 and
n large enough, the desired linear equations are recovered with probability of error satisfying

Pr ((ﬁl,...,ﬁgM)#(ul,...,um/[)) SE . (222)
Let W = [w; -+ way]? denote the matrix of message vectors, U = [u; -+ ugp|T
denote the matrix of linear equations of message vectors and A = [a; -+ a M]T denote the

integer matrix of equation coefficients. Since A is full-rank, the original message vectors can
be recovered from the set of linear equations by a simple inverse operation:

W=A"'U (2.23)

In the following subsections, we will provide details on the achievable rate, the choice of
the coefficients of the integer matrix A, and the complexity of our architecture.

41t is sufficient to consider matrices B and desired coefficient vectors a,,, that are real-valued decomposi-
tions of a complex matrix or vector.
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2.3.2 Achievable Rates

We use the compute-and-forward framework developed in [31] to derive the achievable rate
of the integer-forcing linear receiver. Let hl be the m'™ row vector of H. In the case where
B =1, the channel output to the m'® decoder is given by

yl =hl X + 2T (2.24)

and the rate at which the set of equations uy, ..., us can be reliably recovered is given in
the following theorem. Define log™ (z) £ max {r, 0}.

Theorem 2.8 ([31, Theorem 1]). For any ¢ > 0 and n large enough, there ezist fized

encoders and decoders, &1, ...,En, D1, ..., Doy, such that all decoders can recover their
equations with total probability of error at most € so long as
Rrx < _IlIliIl MR(H’ am) (225)
1 SNR
R(H,a,,) = - log" 2.26
(H.an) = 5log <1+SNR||hm—amH2) (2:26)
for the selected equation coefficients a, . .., asy € Z*M.

Remark 2.9. Note that the decoders in Theorem 2.8 are free to choose any equation coeffi-
cients that satisfy (2.25). The encoders are completely oblivious to the choice of coefficients.

It is instructive to examine the noise term 1+SNR|/h,, —a,,||?>. The leading 1 corresponds
to the additive noise, which has unit variance in our model. The more interesting term
|h,, — a,,||* corresponds to the “non-integer” penalty since the channel coefficients h,, are
not exactly matched to the coefficients a,, of the linear equation.

As illustrated in Figure 2.3, we first multiply the channel output matrix Y by a judiciously
chosen matrix B. That is, the effective channel output observed by the m'" decoder can be
expressed as

2M
yo =Y (bl h)x] + bl Z (2.27)
i=1
—hlX +z7 (2.28)

where h,, = H”b,), is the effective channel to the m™ decoder and z,, is the effective noise
with variance ||b,,||?>. The achievable rate of the integer-forcing linear receiver is given in
the next theorem.

Theorem 2.10. Consider the MIMO channel with channel matriz H € R2V*2M - Under the
integer-forcing architecture, the following rate is achievable:

R <min2M R(H, a;,,, b,,) (2.29)

1 SNR
H m bm =z i
R(H, 8, b) = 3 log <||bm||2+st||HTbm—am||2)
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for any full-rank integer matriz A € Z*>*M and any matriz B € R2M>2N

Proof. Applying Theorem 2.8 with effective channel channel h,, = H”b,, and effective noise
variance ||b,,||?, it follows that the receiver can reliably recover the set of linear equations
uy,..., Uy wWhere

oM
u, = [Z amngg] mod ¢ . (2.30)

(=1

The message vectors wq, ..., Wy can be solved in turn by inverting the linear equations,
W =A"'U. O

Theorem 2.10 provides an achievable rate for the integer-forcing architecture for any
preprocessing matrix B and any full-rank integer matrix A. The remaining task is to select
these matrices in such a way as to maximize the rate expression given in Theorem 2.10.
This turns out to be a non-trivial task. We consider it in two steps. In particular, we first
observe that for a fixed integer matrix A, it is straightforward to characterize the optimal
preprocessing matrix B. Then, in the next subsection, we discuss the problem of selecting
the integer matrix A.

We consider the case when N > M and note that given a fixed full-rank integer matrix
A, a simple choice for preprocessing matrix is

BEXACT = HTA (2.31)

where HT is the pseudoinverse of H. We call this scheme “exact” integer-forcing since the
effective channel matrix after preprocessing is simply the full-rank integer matrix A. We
also note that choosing Byxacr and A =1 corresponds to the decorrelator. More generally,
the performance of exact integer-forcing is summarized in the following corollary.

Corollary 2.11. Consider the case where N > M. The achievable rate from Theorem 2.10
can be written equivalently as

R <min2MR(H, a,,) (2.32)
1 SNR

for any full-rank integer matriz A by setting B = HTA.

We call the expression in the denominator of (2.33) the “effective noise variance.” The
achievable rate in (2.32) is determined by the largest effective noise variance,

EFFECTIVE

52 = max || (H ) a, * (2.34)
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Hence, the goal is to choose linearly independent equations ay, as, ..., asy, to minimize the
expression 62, omve 10 (2.34). The integer-forcing receiver provides the freedom to choose
any full-rank integer matrix A. In the remainder of this section, we characterize the optimal
linear projection matrix B for a fixed coefficient matrix A and provide an equivalent rate
expression for Theorem 2.10. We will then use this expression in the Section 2.3.3 to provide
insight into how to select the optimal coefficient matrix A.

Corollary 2.12. The optimal linear projection matrix for a fized coefficient matrix A is
given by

1 -1
B,.r = AHT (SN—RI + HHT) . (2.35)

Remark 2.13. The linear MMSE estimator, given by Bywsg = HT (ﬁI + HHT)_l, is a
special case of the integer-forcing receiver with Bopr and A = 1.

Remark 2.14. limsnr_s00 Bopr = Bexacr. Hence, under a fixed channel matrix, exact integer-
forcing is optimal as SNR — oo.

Proof of Corollary 2.12. Let B = [by, -+, bay]T. We solve for each b,, separately to maxi-
mize the achievable rate in Theorem 2.10,

b argma; 110 SNR
m — Xb,. o
S0 5 98 \ bl + SNR[HTb,, — a?

1
= argming, oz b |2+ [H by, — 2 (2.36)

Define this quantity to be the function f(b,,) and rewrite as follows:

_ 1 2 T 2
f(b) = g Pl + [H by — 2 (2:37)
1
=_—blb H”b,, — a,,)" (H'b,, — 2.
SNR mPm + (H by, —ay,)" (H by, — ay,) (2.38)
1
= SN—Rbfnbm + bl HH"D,, — 2b’ Ha,, + a’ a,, (2.39)
1
_wr{_ T _ onT T
=b,, (SNRI+HH )bm 2b,, Ha,, + a,,a,, (2.40)
(2.41)

Taking the derivative of f with respect to b,,, we have that

df (by) 1 T
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Setting %ﬁ‘) = 0 and solving for b,,, we have that
1 —1
bl =al HT <SN—RI - HHT) : (2.43)
Corollary 2.12 follows since B = [by, -+ , boy]T. O

Using the optimal linear projection matrix from Corollary 2.12, we derive an alternative
expression for the achievable rate in Theorem 2.10.

Theorem 2.15. The achievable rate from Theorem 2.10 under the optimal projection matriz
Borr from (2.35) can be expressed as

R <min2MR(H, a,,) (2.44)

1
R(H,a,,) = —5 log a’ VDV7'a,, (2.45)

where V. € R2M>*2M s the matriz composed of the eigenvectors of HTH and D € R?Mx2M
1 a diagonal matriz with elements

D--:{ svrirr @ < rank(H)

1 i > rank(H) (2.46)

and )\; is the i singular value of H.

Proof. Let f be defined as in (2.37) and define UXV? to be the singular value decomposition
(SVD) of H with U € R*V*2N 37 ¢ R2V2M and V € R2M*2M - Note that in this SVD
representation, ¥;;, = A; and Y, ; = 0 for all 7 # j. Evaluating f for the m" row b, of Bopr
yields

1

f(bu) = gygbmbm + BHH b, — bl Ha, —a H'b,, +a]a,, (2.47)
1

— bl <—SNRI + HHT) b,, — bLHa,, — alH'b,, + ala,, (2.48)

Combining (2.43) and (2.48), it follows that

1 1 -1
f(by) = by, (—I + HHT) <—I + HHT) Ha,, — b’ Ha,, —a’ H'b,, + a’a,,

SNR SNR
(2.49)
= b’ Ha,, — b’ Ha,, —a’ H'b,, + a’ a,, (2.50)
=—alH'b,, +al a,, (2.51)
1 -1
= —al H" (SN—RI + HHT) Ha,, +al a,, (2.52)

1 -1
= —al veiu? <SN—RI - UEETUT) UxV7a,, + al Ia,,. (2.53)
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Since U is an orthonormal matrix, U™' = UT and (2.53) can be rewritten as follows

1 —1
f(by) = —alvTu? (SN—RUIUT - UEETUT) UxVTa,, + al Ia,, (2.54)
1 -1
= —al vyTuT(uh)-! (SI\I—RI - EET> U'uxv’a,, +alla, (2.55)
-1
= —alvxT (SNLRI + EET) »V7%a,, +alIa,,. (2.56)

Since V is an orthonormal matrix, V=1 = VT and (2.56) can be rewritten as follows

f(bn) = ay, (—VET (SNLRI + EET> Tevry VVT> an (2.57)
1 -1
=al'Vv (—ET <SN—RI + EET> >+ 1) V%a,, (2.58)
1 -1
=al'Vv (I -7 (SN—RI + 22T> 2) V%a,, (2.59)
=a’ VDV7'a,, . (2.60)

Putting everything together, we have that

1
R(H,a,,) = —; log a’ VDV7'a,, . (2.61)

2.3.3 Choosing Equations

In the previous section, we explored choices of the preprocessing matrix B and characterized
the optimal B for a fixed full-rank integer matrix A. Now, we discuss how to select equation
coefficients ay, - - - , asy; to maximize the achievable rate in Theorem 2.10 or, equivalently,
Theorem 2.15. In the integer-forcing linear receiver, we are free to recover any full-rank set
of linear equations with integer coefficients. However, due to the integer constraint on A, it
does not appear to be possible to give a closed-form solution for the best possible full-rank
matrix A.

An initially tempting choice for A might be A = I. As we noted previously, for this choice
of A, selecting B = H reduces to the decorrelator while selecting B = H” (S,i,RI + HHT) -
yields the linear MMSE estimator. However, as we show, for most channel matrices, fixing
A =1 is suboptimal.
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From Theorem 2.15, the achievable rate under the fixed channel matrix A = [ay, - -+, agp]T
is given by
R < &&X min (—M loga, VDV'a,,). (2.62)
0 m

In general, for a fixed SNR and channel matrix, finding the best coefficient matrix A appears
to be a combinatorial problem, requiring an explicit search over all possible full-rank integer
matrices. The following lemma shows how the search space can be somewhat reduced.

Lemma 2.16. To optimize the achievable rate in Theorem 2.15 (or, equivalently, in Theorem
2.10), it is sufficient to check the space of all integer vectors a,, with norm satisfying

lam)? <1+ A%, SNR . (2.63)

where Ayax 1S the mazximum singular value of H.

Remark 2.17. This lemma thus shows that an exhaustive search only needs to check roughly
SNRM possibilities.

Proof. From (2.62), the achievable rate of the integer-forcing receiver is zero for all a,,
satisfying

al VDV'a,, > 1 (2.64)

The left-hand side is lower bounded by

al VDVTa,, = |[DY*VTa,,|? (2.65)
2M
= Diilvla,l’ (2.66)
=1
> min D, ;||a/|® (2.67)
1 2
=75 onpl@nll (2.68)

1+ A2, . SNR

Hence, if ||a,,||> > 1 + A2, SNR, then al VDV”a,, > 1. 0

To conclude this subsection, we will now explicitly show how and why the choice A =1 is

indeed suboptimal in general. In this context, it is instructive to use Lemma 2.16 to restate
(2.62) as

R < &gﬁ)(c) min (—M loga,, VDV'a,,). (2.69)
llam |2 <1+ A2, < SNR
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Figure 2.4. The decorrelator (left) fixes the equations to be a; = [1 0]7 and a; = [0 1]T.
The integer-forcing linear receiver (right) allows for any choice of linearly independent equations.

Equations should be chosen in the direction of vyjax to avoid noise amplification by )\I&IN .

Equation (2.69) suggests that we should choose coefficient vectors aj, ..., asy to be short
and in the direction of the maximum right eigenvector of H. To make this concrete, let us
study a particular 2 x 2 real MIMO channel for which the matrix H has singular values
Aury and Ayax, with corresponding right singular vectors vy and vyax, respectively, as
illustrated in Figure 2.4. Here, decoder 1 recovers a linear combination of the transmitted
message vectors with integer coefficients a; = [a1, aLg]T and decoder 2 recovers a linear
combination with integer coefficients as = [ag; azg]T. Using the exact integer-forcing rate
from Corollary 2.11, the following rate is achievable

, SNR
R < min log <ﬁ) (2.70)

where 52, can be interpreted as the effective noise variance for the m™ decoder,

1
~9 T 2 T 2
Om = \2 |VMINam‘ + 2 ‘VMAXam‘ . (2’71)
MIN MAX
Since /\I\LN > /\Mle’ (2.71) suggests that aj,a; should be chosen in the direction of vy«

subject to linearly independent constraints to reduce the noise amplification by ﬁ In
the case of the decorrelator (or MMSE receiver), the equation coefficients are fixed to be
a; = [1 0]7 and a, = [0 1]7. As aresult, the noise variance in at least one of the streams will
be heavily amplified by ﬁ and the rate will be limited by the minimum singular value of the
channel matrix. With integer-forcing, we are free to choose any linearly independent ay, a,
since we only require that our coefficients matrix A be invertible. By choosing a;, a, in the
direction vy.x, we are protected against large noise amplification in the case of near-singular
channel matrices.
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2.3.4 Complexity

Our architecture has the same implementation complexity as that of a traditional linear
receiver with the addition of the matrix search for A. The ideal joint ML receiver aggregates
the time and space dimensions and finds the ML estimate across both. As a result, its
complexity is exponential in the product of the blocklength and the number of data streams.
Our architecture decouples the time and space dimensions by allowing for single-stream
decoding. First, we search for the best integer matrix A, which has an exponential complexity
in the number of data streams in the worst case. For slow fading channels, this search is
only needed once per data frame. Afterwards, our receiver recovers M linearly independent
equations of codewords according to A and then solves these for the original codewords.
This step is polynomial in the number of data streams and exponential in the blocklength
for an ML decoder. In practice, the decoding step can be considerably accelerated through
the use of LDPC codes and the integer matrix search can be sped up via a sphere decoder.

2.4 Fixed Channel Matrices

In this section, we compare the performance of the integer-forcing linear receiver against
existing architectures through a series of examples. In Example 1, we compare the per-
formance of different architectures for an ill-conditioned channel matrix and demonstrate
that the choice of equation coefficients for the integer-forcing receiver changes with SNR.
In Example 2, we compare the performance of the integer-forcing receiver with the decor-
relator and show that the decorrelator can perform arbitrarily worse. In Examples 3, we
illustrate that the gap between the integer-forcing receiver and lattice reduction can become
unbounded. Finally, we show that the gap between the integer-forcing receiver and the joint
decoder can be arbitrarily large in Example 4.

2.4.1 Example 1
Consider the 2 x 2 real MIMO channel with channel matrix

0.7 1.3
-0k 1) (2.72)

Figure 2.5 shows the performance of the different architectures. (Recall that we assume
equal-rate data streams on both transmit antennas, as in Definition 2.3.) The achievable
rates for traditional linear receiver are given by (2.12) and that of the joint receiver is given
by (2.8). The decorrelator and the MMSE receiver aim to separate the data streams and
cancel the interference from other streams. However, this is difficult since the columns of
the channel matrix are far from orthogonal. The integer-forcing architecture attempts to
exploit the interference by decoding two linearly independent equations in the direction of
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Figure 2.5. Achievable rates for the 2 x 2 real-valued MIMO channel with fixed channel

matrix from (2.72).

the maximum eigenvector vyjax = [0.47 0.88]7. For example, at SNR = 30dB, we choose
equation coefficients a; = [I 2|7 and a; = [6 11]7, while for SNR = 40dB, we choose
equation coefficients a; = [1 7]7 and a; = [2 13]7. Thus, for different values of SNR, the

optimal equation coefficients generally change.

2.4.2 Example 2: Integer-forcing vs. decorrelator

Consider the 2 x 2 real MIMO channel with channel matrix:

e

where we assume 0 < € < 1, - is an integer and SNR > 1. We first note that

"V
T [(6) —(ﬁﬁ)} |

Using (2.12) with B = H™!, the achievable rate of the decorrelator is

€2SNR 1
—log (1 + €®SNR
@+e+%ﬁ+1)’(%(+€ )}

1
RDECORR = 2min {5 log <1 + 9

< log (1 + ¢*SNR)

(2.73)

(2.74)

(2.75)

(2.76)
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We compare the achievable rate of the decorrelator with the exact integer-forcing rate from
Corollary 2.11. The equation coefficients selected by the decoders are

a; =[1 17 (2.77)

11 r
=|—= —&=+1] . 2.78
w= |7 7] 27
Using Corollary 2.11, the achievable rate of exact integer-forcing with equations coefficients
A= [al, ag]T is

o1 SNR
Pt =2 mip 3108 ( [y ) (279)

. 1 SNR 1 SNR

€

WEL o)

1+1
> log <SNTR) (2.82)
= log (652NR) (2.83)

where the inequality follows since 0 < € < 1.
We compare the two linear architectures to the joint ML decoder whose achievable rate
is given by (2.8). For 0 < € < 1 and SNR > 1, the rate of the joint decoder is

1
RJOINT = 5 log det (I + HHTSNR) (284)

_ %1Og ((1+SNR)(1 + ESNR) + (1 + v€)" SNR) (2.85)

Finally, let us compare the three rates in the setting where SNR — oo, and where the

parameter € in our channel model tends to zero according® to € ~ \/SlN—R. In that special case,

we can observe that

Rpgcorr ~ 1 (2.86)
1
RiNnTEGER ~ 3 log(SNR) (2.87)
1
RJOINT ~ 5 10g(SNR) (288)

Hence, the loss from using the decorrelator instead of the integer-forcing receiver becomes
unbounded in this regime as SNR — oo. Furthermore, the integer-forcing receiver achieves
the same scaling as the joint decoder.

SRecall that f(SNR) ~ g(SNR) implies that limsnk oo Liayn) = 1.
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2.4.3 Example 3: Integer-forcing vs. lattice-reduction

In this example, we illustrate the difference between the proposed integer-forcing architecture
and the lattice-reduction receiver. First, we note that, unlike the integer-forcing receiver,
the lattice-reduction receiver is not required to use a lattice code but it should use a constel-
lation with regular spacing, such as PAM or QAM. However, the key difference is that the
effective channel matrix for lattice-reduction receivers is restricted to be unimodular® while
the effective channel for integer-forcing receivers can be any full-rank integer matrix. In this
example, we show that this restriction can result in an arbitrarily large performance penalty.
We consider the M x M MIMO channel with channel matrix:

1 0 0 o0 0 0]
0 1 0 0 0 0
H=|: = : ... ... ... (2.89)
o 0 0 0 --- 1 0
-1 -1 -1 -1 - —1 2]

A simple calculation shows that the inverse of this channel matrix is given by

oo o0 --- 0
10 0 --- 0 O
H''=|: : @ ... ... ... (2.90)
0 0 0 O 1 0
1101 1 11
12 2 2 2 2 2]

Since H™! has non-integer entries, H is not unimodular. The coefficient matrix that maxi-
mizes the achievable rate for the exact integer-forcing receiver from Corollary 2.11 is

Avrpcer = H ’
leading to an effective noise variance in each stream that satisfies

o2 =1. (2.91)

INTEGER

By contrast, following the lattice-reduction receiver, we must ensure that the resulting ef-
fective channel matrix is unimodular. Using the fact that (HT)_1 is a basis for the body-
centered cubic (BCC) lattice, it can be shown that the best choice of matrix is

AUNIMODULAR =1I. (2.92)

6Recall that a matrix is unimodular if has integer entries and its inverse has integer entries.
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It follows that the effective noise variance in the worst stream is given by

—1
aUNIMODULAR,m||2 (2.93)

= max {M/4,1} . (2.94)

UI2JNIMODULAR = mrriLIl ” (HT)

Hence, as the number of antennas becomes large (M — 00), restricting the effective matrix
to be unimodular results in an arbitrarily large loss.

2.4.4 Example 4: Integer-forcing vs. joint ML decoder

Finally, we illustrate the point that the integer-forcing receiver can sometimes be arbitrarily
worse than optimal joint decoding. To see this, we consider a 2 x 2 MIMO channel with the
channel matrix:

H = Ll) j (2.95)

where 0 < € < 1. The rate attainable via joint ML decoding is

Rjomt = log((1 4 2SNR)(1 4 ¢2SNR) — ¢2SNR?) (2.96)
> log(1+ 2SNR) . (2.97)

We note that the inverse of the channel matrix is given by

H'= [(1) _j} . (2.98)

We bound the achievable rate of exact integer-forcing from Corollary 2.11 as follows

1 SNR
—9 in =1 2.
RinTEGER A{I‘féo Jnin, 5 10g (H COR amHz) (2.99)
1 SNR
—9 in =1 2.100
s (o)
SNR
< 1 2.101
- amgl??gfn,l Og (agn,l _'_ (am72 — am71>26i2> ( )
< log (¢’SNR) . (2.102)

Let € ~ ﬁ and consider the regime SNR — oco. The gap between the optimal joint receiver
and the integer-forcing linear receiver can be arbitrarily large. However, as we will see in
Section 2.5, the average behavior of the integer-forcing linear receiver is close to the joint
decoder under a Rayleigh fading distribution for medium to high SNR.
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2.5 Performance for Slow Fading Channels

2.5.1 Model and Definitions

We now demonstrate that integer-forcing receiver nearly matches the performance of the joint
ML decoder under a slow fading channel model. Since the integer-forcing receiver can mimic
the operation performed by a zero-forcing or MMSE receiver (as well as decode messages
via equations), it is not surprising that it offers higher rates. However, these architectures
are often coupled with some form of SIC. We will show that the integer-forcing receiver
outperforms the following standard SIC architectures:

e V-BLAST I: The receiver decodes and cancels the data streams in a predetermined
order, irrespective of the channel realization. Each data stream has the same rate. See
(2.14) for the rate expression.

e V-BLAST II: The receiver selects the decoding order separately for each channel re-
alization in such a way as to maximize the effective SNR for the data stream that
sees the worst channel. Each data stream has the same rate. See (2.15) for the rate
expression.

e V-BLAST III: The receiver decodes and cancels the data streams in a predetermined
order. The rate of each data stream is selected to maximize the sum rate. The rate
expression is given in Section 2.5.2.

In Sections 2.5.3 and 2.5.4, we compare these schemes through simulations as well as
their diversity-multiplexing tradeoffs. For completeness, we also compare integer-forcing to
an SIC architecture that allows for both variable decoding order and unequal rate allocation
in Appendix A.

We adopt the standard quasi-static Rayleigh fading model where each element of the
complex channel matrix is independent and identically distributed according to a circularly
symmetric complex normal distribution of unit variance. The transmitter is only aware of
the channel statistics while the receiver knows the exact channel realization. As a result, we
will have to cope with some outage probability pour.

Definition 2.18. Assume there exists an architecture that encodes each data stream at the
same rate and achieves sum rate R(H). For a target rate R, then the outage probability is
defined as

pour(R) = Pr(R(H) < R). (2.103)
For a fixed probability p € (0, 1], we define the outage rate to be

Rout(p) = sup{ R : pour(R) < p}. (2.104)
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2.5.2 Rate Allocation

We have assumed that each data stream is encoded at the same rate. This is optimal for
linear receivers under isotropic fading. However, when SIC is used, rate allocation can be
beneficial in an outage scenario. To compare the performance of integer-forcing to SIC
with rate allocation, we consider V-BLAST III in this section. V-BLAST III performs SIC
with a fixed decoding order and allows for rate allocation among the different data streams.
Without loss of generality for Rayleigh fading, if we fix a decoding order, we may take it to
be m = (1,2,...,2M). From (2.13), the achievable rate for stream m is

1 SNR||b, b (om) ||
B (H) = Liog (1 m , 2.105
om (H) = 5 Og( T bnlP+ SNRY .., [[bZhy |2 (210

Since the streams are decoded in order, the later streams will achieve higher rates on average
than the earlier streams. V-BLAST III allocates lower rates to earlier streams and higher
rates to later streams. We now generalize Definition 2.18 to include rate allocation.

Definition 2.19. Assume an architecture that achieves rate R,,(H) in stream m. For a
target rate R, the outage probability is given by:

pour(R)= min Pr <2U {R,(H) < Rm}> : (2.106)

Ri,....Rons
Yo Rm<R

For a fixed probability p € (0, 1], we define the outage rate to be:

ROUT(p) = sup {R : pOUT(R) S p} . (2107)

2.5.3 Outage Behavior

We now compare the outage rate and probabilities for the receiver architectures discussed
above. It is easy to see that the zero-forcing receiver performs strictly worse than the MMSE
receiver and V-BLAST I performs strictly worse than V-BLAST II. We have chosen to omit
these two architectures from our plots to avoid overcrowding. Figure 2.6 shows the 1 percent
outage rate and Figure 2.7 shows the 5 percent outage rate. In both cases, the integer-forcing
receiver nearly matches the rate of the joint ML receiver while the MMSE receiver achieves
significantly lower performance. The SIC architectures with either an optimal decoding
order, V-BLAST II, or an optimized rate allocation, V-BLAST III, improve the performance
of the MMSE receiver significantly but still achieve lower rates than the integer-forcing
receiver from medium SNR onwards. Our simulations suggest that the outage rate of the
integer-forcing receiver remains within a small gap from the outage rate of the joint ML
receiver. However, we recall from the example given in Subsection 2.4.4 that it is not true
that the integer-forcing receiver is uniformly near-optimal for all fading realizations. Figure
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2.8 shows the outage probability for the target sum rate R = 6. We note that the integer-
forcing receiver achieves the same slope as the joint decoder. In the next subsection, we
characterize the diversity-multiplexing tradeoff of the integer-forcing receiver and compare
it with the diversity-multiplexing tradeoff of traditional architectures that are considered in
[54]. We show that the integer-forcing receiver attains the optimal diversity multiplexing-
tradeoff in the case where each transmit antenna sends an independent data stream.

—~ 7 : " !
g = = = Joint ML |
%6* Integer
5 - 8-\V-BLAST Il
E— 5t - e=V-BLAST Il
8 > Linear MMSE »
T 4 ’ M
o8
2 3}
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Figure 2.6. 1 percent outage rates for the 2 x 2 complex-valued MIMO channel with
Rayleigh fading.

2.5.4 Diversity-Multiplexing Tradeoff

The diversity-multiplexing tradeoff (DMT) provides a rough characterization of the perfor-
mance of a MIMO transmission scheme at high SNR [54].

Definition 2.20. A family of codes is said to achieve spatial multiplexing gain r and diversity
gain d if the total data rate and the average probability of error satisfy

R(SNR)
SNR o logSNR — " (2.108)
log P,(SNR)
—= < —d. .
sl logSNR = ¢ (2.109)

In the case where each transmit antenna encodes an independent data stream?, the

"If joint encoding across the antennas is permitted, then a better DMT is achievable. See [54] for more
details.
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Figure 2.7. 5 percent outage rates for the 2 x 2 complex-valued MIMO channel with
Rayleigh fading.

optimal DMT is

r
dJOINT<T) =N (1 - M) (2110)
where r € [0, M] and can be achieved by joint ML decoding [54]. The DMTs achieved by
the decorrelator and SIC architectures are as follows [54]:
r
DECORR(T) (1 - M) (2.111)
r
dy. BLASTI(T) = (1 - M) (2.112)
dy_sLasT II(T) ( ) (1 - M) (2.113)
dyv_sLast mi(7) = piecewise linear curve connectmg points (rx,n — k) (2.114)

k—1
Wherero—(),rk—;n_l_ 1<k<n
The decorrelator chooses the matrix B to cancel the interference from the other data streams.
As a result, the noise is heavily amplified when the channel matrix is near singular and the
performance is limited by the minimum singular value of the channel matrix. In the integer-
forcing linear receiver, the effective channel matrix A is not limited to be the identity matrix

but can be any full-rank integer matrix. This additional freedom is sufficient to recover the
same DMT as the joint ML decoder.
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Figure 2.8. Outage probability for the 2 x 2 complex-valued MIMO channel with Rayleigh
fading for a target sum rate of R = 6.

Theorem 2.21. For a MIMO channel with M transmit, N > M receive antennas, and
Rayleigh fading, the achievable diversity-multiplexing tradeoff for the integer-forcing receiver

15 given by

dINTEGER(T) =N (1 - %) (2.115)

where r € [0, M].

The proof of Theorem 2.21 is given in Appendix B. Figure 2.9 illustrates the DMT for
a 4 x 4 MIMO channel. The integer-forcing receiver achieves a maximum diversity of 4
while the decorrelator and V-BLAST I achieve can only achieve a diversity of 1 since their
performance is limited by the worst data stream. V-BLAST II achieves a higher DMT than
V-BLAST I but a lower diversity than the integer-forcing receiver since its rate is still limited
by the worst stream after the optimal decoding order is applied. V-BLAST III achieves the
optimal diversity at the point » = 0 since only one data stream is used in transmission. For
values of r > 0, the achievable diversity is suboptimal.

2.5.5 Discussion

As noted earlier, receiver architectures based on zero-forcing face a rate penalty when the
channel matrix is ill-conditioned. Integer-forcing circumvents this issue by allowing the
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Figure 2.9. Diversity-multiplexing tradeoff for the 4 x 4 MIMO channel with Rayleigh
fading.

receiver to first decode equations whose coefficients are matched with those of the chan-
nel. From one perspective, the resulting gains are of a similar nature as those obtained by
lattice-reduction receivers. One important difference is that integer-forcing applies a modulo
operation at the receiver prior to decoding, which retains the linear structure of the code-
book. This allows us to derive closed-form rate expressions analogous to those for traditional
linear receiver. Typically, lattice reduction is used at the symbol level followed by a decoding
step [55]. While this form of lattice reduction can be used to obtain the full receive diversity
[56], it does not seem to suffice in terms of rate.

Another key advantage of integer-forcing is that it completely decouples the spatial aspect
of decoding from the temporal aspect. That is, the search for the best integer matrix A to
approximate the channel matrix H is completed before we attempt to decode the integer
combinations of codewords. Thus, apart from the search® for the best A, which in a slow-
fading environment does not have to be executed frequently, the complexity of the integer-
forcing receiver is similar to that of the zero-forcing receiver.

From our outage plots, it is clear that the integer-forcing receiver significantly outperforms
the basic MMSE receiver. Moreover, integer-forcing beats more sophisticated SIC-based V-
BLAST architectures, even when these are permitted to optimize their rate allocation while
integer-forcing is not. We note that it is possible to develop integer-forcing schemes that
permit unequal rate allocations [31] as well as a form of interference cancellation [60] but

8This search can be considerably sped up in practice through the use of a sphere decoding algorithm.
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this is beyond the scope of the present chapter.

Integer-forcing also attains the full diversity-multiplexing tradeoff, unlike the V-BLAST
architectures discussed above. Earlier work developed lattice-based schemes that attain the
full DMT [57, 58] but, to the best of our knowledge, ours is the first that decouples spatial
decoding from temporal decoding. The caveat is that the DMT result presented in the
current chapter only applies if there is no spatial coding across transmit antennas, whereas
the DMT results of [57, 58] apply in general. Characterizing the DMT of integer-forcing
when there is coding across transmit antennas is an interesting subject for future study.
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Chapter 3

Mitigating Interference with IF
Receivers

We have studied the performance of the integer-forcing (IF) linear receiver under the
standard MIMO channel and found that it achieves outage rates close those of the joint
ML decoder as well as the same DMT. In this section, we show that integer-forcing archi-
tectures are also successful at dealing with a different kind of channel disturbance, namely
interference. We assume that the interfering signal is low-dimensional (compared to the
number of receive antennas), and we are most interested in the case where the variance of
this interfering signal increases (at a certain rate) with the transmit power. We show that
the integer-forcing architecture can be used to perform “oblivious” interference mitigation.
By oblivious, we mean that the transmitter and receiver are unaware of the codebook of
the interferer (if there is one). However, the receiver knows which subspace is occupied by
the interference. By selecting equation coefficients in a direction that depends both on the
interference space and on the channel matrix, the integer-forcing receiver reduces the im-
pact of interference and attains a significant gain over traditional linear receivers. We will
characterize the generalized degrees-of-freedom show that it matches that of the joint ML
decoder.

Remark 3.1. Oblivious receivers have been thoroughly studied in the context of cellular
systems [61] and distributed MIMO [62].

3.1 Problem Definition

For ease of notation and tractability, the discussion presented in this section is limited to
channels whose channel matrix is square, i.e., with equal number of transmit and receive
antennas. Recall that the real-valued representation of the M x M complex-valued MIMO
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channel (see Definition 2.5) is given by
Y=HX+7Z (3.1)

where Y € R?M*" is the channel output, H € R*>*2M g the real-valued representation of
the fading matrix, X?">*" is the channel input, and the noise Z € R***" has i.i.d. Gaussian
entries with unit variance. In this section, we extend the standard MIMO channel to include
the case of interference. The generalized model has channel output

Y =HX+JV+7Z (3.2)

where H is the channel matrix, X is the channel input, and Z is the noise, all as in the
previous model. An external interferer adds V € R25>" in the direction represented by the
column space of J € R*M*2K We assume that each element of V is i.i.d. Gaussian with
variance INR. We assume that J is fixed during the whole transmission block and known
only to the receiver.

The definition for messages, rates, encoders, and decoders follow along similar lines as
those for the standard MIMO channel (see Definitions 2.1, 5.4, 5.5, and 2.3 in Section 2.1).

3.2 Traditional Linear Receivers

As in the case without interference, traditional linear receivers process the channel output
Y by multiplying it by a 2M x 2M matrix B to arrive at the effective output

Y = BY (3.3)

and recover the message w,, using only the m'" row of the matrix Y. By analogy to (2.12),
the achievable sum rate can be expressed as

RLINEAR(H,J,B) = min 2MRm(H,J,B) (34)

where R,,(H,J,B) represents the achievable rate for the m'® data stream (using Gaussian
codebooks),

\ SNR{[bE b,
bl + INRJI7b, [+ SNRS, ., [bh )

1
RmaLJJyzzﬁmg<1

Again, let us discuss several choices of the matrix B. The decorrelator, given by B =
H~!, removes the interference due to other data streams but does not cancel the external
interference J (except in the very special case where the subspace spanned by J is orthogonal
to the subspace spanned by H™!). Alternatively, if we choose B = J*, where J* is the
2K x 2M matrix whose rowspace is orthogonal to the columnspace of J, then the external
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interference term is indeed nulled. The resulting output J*Y can then be processed by
a traditional linear receiver. This scheme achieves good performance in high INR regimes
but does not perform well in high SNR regimes since the interference due to the other data
streams is mostly unresolved. The MMSE receiver improves the performance of the both
architectures by choosing B =H (SNRI + éNR JJT + HHT) . However, since there are 2M
data streams and the interference is of dimension 2K, it is 1mpossible to cancel both the
interference from other data streams and the external interference with any matrix B. One
way out of this conundrum is to reduce the number of transmitted streams to 2M —2K. For
this scenario, the MMSE receiver can be applied to mitigate both the external interference
and the interference from other data streams.

Complexity permitting, we can again improve performance by resorting to successive
interference cancellation architectures. The achievable rate for V-BLAST I in the standard
MIMO channel from (2.14) becomes

Rsic,1 (FL) = min 2M Ry (H). (3.5)
where
1 SNR||b! h(m) |2
Rymy(H) = =1 3.6
50 = 5108 (14 oo SRS o) O
and by, (S&RI +JJ* g%RR +H,, HL )"'h, (.. The achievable rate for V-BLAST II follows

by maximizing the rate in (3.5) over "all decoding orders 7 € II.

3.3 Integer-Forcing Linear Receiver

We apply the integer-forcing linear receiver proposed in Section 2.3 to the problem of mit-
igating interference (see Figure 3.1). The channel output matrix Y is first multiplied by a
fixed matrix B to form the matrix Y whose m™ row is the signal fed into the m'™ decoder.
Each such row can be expressed as

2M
yo=> (bhh)x + bl IV + b Z (3.7)
=1
2M ~
=> WX+t (3.8)

1=1

where flm = H"b,, is the effective channel to the m'" decoder, v,, is the effective interference
with variance ||[J7b,,||?INR, and z,, is the effective noise with variance ||b,,||*>. The next
theorem and its following remarks generalize Theorem 2.10, Corollary 2.11, and Corollary
2.12 to include the case with interference.
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Figure 3.1. Integer-forcing linear receiver for the complex-valued M x M MIMO channel
with external inference of dimension K.

Theorem 3.2. Consider the MIMO channel with channel matriz H € R2M>2M gnd interfer-
ence matriz J € R*M>2K - For any full-rank integer matriz A € Z*M>2M and any 2M x 2M
matriz B = [by - - - boy|T, the following sum rate is achievable using the integer-forcing linear
Tecelver:

R(H,J,A,B) < min 2MR(H, J, a,,, b,,) (3.9)

where R(H, J, a,,, b,,) is given by

1L SNR
= 2% b2 £ [37b, 2INR + [[HTb,, — a,,|2SNR

Remark 3.3. Exact integer-forcing selects B = AH™!. The achievable rate can be expressed
more concisely as

SNR
in M1 . 1
R < min Mlog <||<H—1>Tam||2+ ||JT<H-1>Tam||2INR) (3.10)

Remark 3.4. The optimal projection matrix that maximizes the achievable rate in Theorem
3.2 is given by

INR 1 \*!
Bopr = AHT (HH? +JJ7 — +T—— . 11
OPT ( —+ SNR + SNR) (3 )

3.4 Geometric Interpretation

In the case without interference, the equation coefficients ay, - - - ap; should be chosen in the
direction of the maximum eigenvector of HH to minimize the effective noise (see Figure
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7 az

Figure 3.2. The decorrelator (left) fixes the equations to be a; = [1I 0]T and ap = [0 1]7.
The integer-forcing Linear Receiver (right) allows for any choice of linearly independent equations.
Equations should be chosen in the direction orthogonal to J = H~1J.

2.4). When the interference is large, the equations coefficients should instead be chosen as
close to orthogonal to the effective interference as possible. Consider the (suboptimal) rate
expression in (3.10). The “effective” noise variance in the m™ stream is

Ogrrpem = ||(H™ ) a, |2 + I (H Y a,,|*INR . (3.12)

Let A\yax be the maximum singular value of H=! and J = H 1J. The effective noise variance
can be bounded by .
Opppec,m < )\1%IAX||am||2 + ||JTam||2INR . (3.13)

In the high interference regime (INR >> 1), the equation coefficients should be chosen orthog-
onal to the direction of the “effective” interference J to minimize the effective noise variance.
This is illustrated in Figure 3.2. In the case of traditional linear receivers, the equation co-
efficients are fixed to be the unit vectors: a; = [1 0 ---0]7,a, = [0 1 ---0]7,... ayy =
(00 ---1]T. As a result, the interference space spanned by J has significant projections onto
at least some of the decoding dimensions a,,. By contrast, in the case of the integer-forcing
linear receiver, since ay, - - - , agyr need only be linearly independent, we can choose all of the

decoding dimensions a,, to be close to orthogonal to J.

3.5 Fixed Channel Example

To illustrate the impact of choosing equation coefficients in a fashion suitable to mitigate
external interference, we consider the 2 x 2 MIMO channel with channel matrix H and
one-dimensional interference space J given by

12 1] . 1[L+2
H_§[1 2] J_§l2L+1} (3.14)
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where L € N. In the case of the decorrelator, we invert the channel to arrive at the effective
output:

o o 1[2 —1][L+2 -
Y—X+§|:_1 2H2L+1}V+Z (3.15)
=X+ H V+7Z (3.16)
where Z = H™'Z. For INR > 1, the effective noise variances scale as
UE)ECORRJ ~ INR (3’17)
02 poonns ~ LINR (3.18)

Using the integer-forcing linear receiver with the choice of equations a; = [1 0|7 and a, =
[—L 1]7, the effective channel output to the second decoder is

(L 1Y =—-ILx{ +x] + [-L 1]Z (3.19)

where x; is the codeword sent by the ¢** antenna. It follows that the effective noise variances
are

o2, ~ INR (3.20)

INT,1

Otp, ~C (3.21)

INT,2

where C' is a constant that does not scale with INR. In this example, the integer-forcing
linear receiver is able to completely cancel the effect of interference in the second stream by
choosing equation coefficients appropriately.

3.6 (Generalized Degrees of Freedom

We evaluate the generalized degrees of freedom for the M x M complex MIMO channel with
K-dimensional interference. We specify the interference-to-noise ratio through the parameter
a where
B log INR
b7 SR log SNR
INR— 00

(3.22)

and consider the case where 0 < o < 1. The generalized degrees of freedom are defined as
follows (see [63]):

Definition 3.5. (Generalized Degrees-of-Freedom) For a given channel matrix H and inter-
ference matrix J, the generalized degrees-of-freedom of a scheme is

R(SNR, H, J)

d(H,J) = SNIFlzIn log SNR

INR=SNR™
where R(SNR, H, J) is the achievable sum rate of the scheme.

(3.23)
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Definition 3.6. (Rational Independence) We call a matrix T**¥ rationally independent if
for all g € QY \ 0, we have that

Tq #0 (3.24)

We consider the set of matrices (H,J) such that H=1J is rationally independent. It can
be seen that this set has Lebesgue measure one. In the next theorem, we show that for this
class of matrices, the integer-forcing linear receiver achieves the same number of generalized
degrees of freedom as the joint decoder, and is thus optimal.

Theorem 3.7. Consider the M x M complex MIMO channel with K dimensional interfer-
ence. The integer-forcing linear receiver achieves the generalized degrees of freedom

d]NT - M - KOK (325)
for a set of H,J that have Lebesque measure one.

A straightforward derivation shows that the optimal joint decoder with 2M streams of
data achieves the following generalized degrees of freedom

dJOINT =M —-Ka«a (3.26)
(3.27)

for all full-rank channel matrices H,J. The linear MMSE receiver with 2M data streams
and the linear MMSE receiver with 2M — 2K data streams achieve the following degrees of
freedom for all full-rank channel matrices H, J:

dMMSE,QM =M-—- M« (3.28)
dMMSE,2M-2K =M-K (3.29)

When 2M data streams are transmitted (on the real-valued representation of the complex
MIMO channel), the MMSE receiver does not achieve the optimal number of degrees of
freedom since it treats the interference as noise at high SNR while the integer-forcing linear
receiver mitigates the interference. When only 2M — 2K data streams are transmitted, the
linear MMSE receiver can first cancel the interference and then separate the data streams to
achieve a degree of freedom of 2M — 2K. However, this is suboptimal for all regimes o < 1
(see Figure 12). A straightforward calculation shows that when the number of transmitted
data streams is between 2M — 2K and 2M, the performance is strictly suboptimal in terms
of degrees of freedom.
Our proof of Theorem 3.7 uses the following Theorem 4.13 in Chapter 4.

Proof. (Theorem 3.7) To establish this result, we use the (generally suboptimal) choice of the
matrix B that we have referred to as exact integer-forcing, i.e., from (3.10). The achievable
rate of this version of the integer-forcing linear receiver is given by

SNR
in M 1 . .
fo< o min Mlog <||<H—1>Tam||2 m ||JT<H—1>Tam||2INR) (3.30)



CHAPTER 3. MITIGATING INTERFERENCE WITH IF RECEIVERS 43

Generalized Degrees of Freedom (d)

41 o Joint ML v
— Integer \‘
2| - - -MMSE (2M Data Streams) A
o MMSE (2M - 2K Data Streams) \\
0O 0.2 0.4 0.6 O.‘8 1

Interference Strength a

Figure 3.3. Generalized degrees of freedom for the complex-valued 16 x 16 MIMO channel
with 8-dimensional interference (M = 16, K = 8).

With INR ~ SNR®, the effective noise in the worst data stream can be expressed as

0* = min max () a,|? + |I7(H ) a,|2SNR® (3.31)
AJAl#£0 m
< min max AL (B | 4 77, | *SNR® (3.32)

where A\yax(H™!) is the maximum singular value of H™! and we use the shorthand J = H~1J.

Let us partition J7 into two parts,
JT =[8,,8,], (3.33)

where S; € R2Kx@M=2K) 514 S, € R2E*2K Ohgerve that with probability one, J7 has
rank 2K (hence, is full-rank). This implies that we can permute the columns of J7 in such
a way as to ensure that its last 2K columns are linearly independent. If we use the same
permutation on the coefficients of the vector a,,, our upper bound on the effective noise
variance given in (3.32) will remain unchanged. Therefore, without loss of generality, we
may assume that Sy has rank 2K. We define T = —S;'S;. Then, we can write

S; 1T = [S718, 8518, (3.34)
= [T, Tog] . (3.35)
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Let the coefficients for the m™ equation be given by a,, = [q},, py,|" where q,, € Z*M~2K
and p,, € Z*X. We use (3.35) to bound ||JTa,,]|:

1372, [* = (192851 I a1 (3.36)

= [|S2[—T, Lklay,|? (3.37)

< Nax (S2) [T, Lox]ay, || (3.38)

= )\I%AAX(SQ)HTqm - pm||2 (3.39)

where A\yax(S2) the maximum singular value of S,. Combining (3.39) with (3.32), the

effective noise variance is bounded as follows:

ot < min max N (B a2 4 M (S2)[Ta — Pl 'SNR” . (340

We proceed to bound the quantity |Tq,, — pm|[*>. We decompose T into its integer and
fractional parts:

T=T;4+Tpg (341)

where T represents the integer part of T and Tp represents the fractional part of T. We
define

f)m = Pm — TIqm (342)

& = [y Pl (3.43)

A =a - -agy" (3.44)
Lovox O

G= . 3.45

( -T; Dk ) (3.45)

Since G is a 2M x 2M lower triangular matrix with non-zero diagonal elements, it has rank
2M. We note that

a, =G 'a, . (3.46)
Since G is invertible, it follows that if the matrix formed by the coefficient vectors ay, ..., as
is full-rank, then the matrix formed by ai, ..., as) is full-rank and vice versa. From (3.41),
it have that
|Tdm — Pull = [Tram — (Pm — Trdm)|| (3.47)
and, from (3.46), we have that
lawm]* = G~ an? (3.49)

< Max(GTllan” - (3.50)
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From (3.40), (3.48), and (3.50), the effective noise variance can be upper bounded by

0’ < AI‘IX&OmgX Miax HTOAL (G anl® + Mk (S2) [ Tram — Pul[*SNR* - (3.51)

From Theorem 4.13, there exists a @)’ such that for all Q > @', there exist 2M linearly
independent vectors:

= [ah, pL)" € Z2M2K x 72K form=1,...,2M (3.52)

satisfying the following two inequalities:

lam|l < C(logQ)*Q (3.53)
Iy, — ol < SSEL 350

where C' is some constant independent of (). For sufficiently large (), we observe that
2

ClosQ)” < 1. Using (3.53) and (3.54), we bound the norm of &,, as follows:

QK

&) = v llaml? + [P (3.55)
< llamll + [Pl (3.56)
= |ldmll + [[Pm + Trdm — Trdnml| (3.57)
< llamll + ITrdmll + [[Bm — Trdum (3.58)
2
< Nl + [ Tra| + 082" (3.50)
QF
< llamll + T ramll +1 (3.60)
< quH + )\MAX(TF)quH +1 (3.61)
< C(log Q)*Q(1 + Auax(Tr)) + 1 (3.62)

where Ayax(Tr) is the maximum singular value of Tg.
Combining (3.54) and (3.62), the effective noise variance from (3.51) is bounded by

2
o < () (G) (ClIog P Q1+ M) +1) 2 (8upswRe (L5220

Let @ scale according to Q? ~ SNR”. It follows that

o* < O(log SNR) (SNR” + SNR“—V(%U . (3.64)
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Setting v = %a, we find that the generalized degrees-of-freedom are

Hog ()

v = SNlli?rBoo 2M* log SNR (3.65)

— Iim M% (3.66)
SNR—o0 log SNR

Y (1 - a%) (3.67)

— M- Ka, (3.68)

which concludes the proof of Theorem 3.7. O
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Chapter 4

Diophantine Approximations

This chapter provides a partial overview of some basic techniques in Diophantine approx-
imations. In the first section, we review some classical results for finding a single integer
approximations in Theorems 4.3 - 4.7 and multiple integer approximations in Theorems 4.9
and 4.11. Then, in the second section, we present a new result in Theorem 4.13. Our
result shows that finding a set of full rank integer approximations for a matrix is only
slightly worse than finding a single approximation in the limit. We note that diophantine
approximation techniques have also been useful for other problems in information theory,
including alignment interference over fixed channels and charactering the degrees of freedom
for compute-and-forward [43, 44].

4.1 Some Classical Results

We first define the unit ball and successive minima in the sequel.

Definition 4.1 (Unit Ball). Let 2 : RM — R be a norm. The unit ball with respect to A is
denoted bys

B, ={xeR" :hn(x) <1} (4.1)
the volume of By, is denoted by V/,.

Definition 4.2 (Successive Minima). Let h : R® — R be a norm and By, be the unit ball
with respect to h. The m'™ successive minima ¢,, where 0 < m < M is given by

€yn = Min {e : 3 m linearly independent integer points v1,---,v,, € ZM N eBh}

In Theorem 4.3 and Corollary 4.4 below, we state Minkowski’s upper bound on the first
successive minimum.
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Theorem 4.3 (Minkowski Successive Minima I). Let R be a convex body in RM that is
symmetric about 0 and with volume Vi > 2M. There exists z € ZM\0 that is contained in
R.

Corollary 4.4. Let h : RM — R be a norm and €, be the 1% successive minima with respect
to h. The following inequality is satisfied

My, < oM (4.2)

Corollary 4.4 follows directly from Theorem 4.3 by letting R = ¢;B). Since B, is the
unit ball with respect to the h norm, R is a close convex region symmetric about the origin
with volume Vol(R) = €V},. In the sequel, we state Blichfeldt’s Lemma, which is used in
the proof of Theorem 4.3.

Lemma 4.5 (Blichfeldt). If R C RM is a bounded set with volume greater than 1, then there
exists X,y € R such that x —y € ZM.

Proof. ([64]) Let C' denote the open-half unit hypercube given by
C={xeRY:0<a;<lfori=1,---n}. (4.3)
For z € ZM, let C, represent C translated by z, i.e:
C,={z+x:x€eC} (4.4)
and let R, be given by
R,=RNC, (4.5)
We note that the sets R, are disjoint and their union equals the space R, i.e:

R,NRy for z+#7 (4.6)
Ugezn R, =R

Let R, —z = {x—2z:x€R,}. We note that R, —z € C for all z € ZM and that
Vol(R, —z) = Vol(R,). Hence, it follows that

> Vol(R,—z)=> Vol(R,) =Vol(R) > 1 (4.8)

VASY/Al VASY/Al

Since R, —z C C and Vol(C) = 1, (4.8) implies that there exists z,z' € Z™ with z # 7z’
such that R, —zN R, — 2z # (). Hence, there exists x € R, —z N R, — 2z’ such that
X = X, — 2 = X — 2 for some X, € R, and x, € R,. Note that x,,,x, € R and that
Xy —X, =2 —17 € 7M. O
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Proof. (Theorem 4.3) Let R’ = {ix:x € R™}. The volume of R’ is bounded as follows

1
Vol(R') = 2—MVol(R) > 1 (4.9)
Since R’ is a scaled version of R, it is also closed, convex and symmetric about the origin.
From Lemma 4.5, there exists x,y € R’ such that x—y € ZM. We now show that x—y € R.
Note that since R’ = {%X IX € ]RM}, we have that 2x,2y € R. Since R is symmetric about
the origin, we have that 2y € R. Since R is convex, we have that 3 (2x) + 3 (—2y) € R.

Hence, x —y € R. O
Theorem 4.6 (Minkowski Linear Forms). Let T € RM*M be q full rank matriz. There
exists M integers a1, --- ,ap; that satisfy the following inequalities:

M

 tijal <o (4.10)

j=1

M

Zti,jaj < ¢ fOT 1=2,--- M (411)

j=1
as long as

¢y cp > |det(T)|. (4.12)

Proof. ([64]) We first consider the case where (4.12) is satisfied with strict inequality. We
define the region

M
E tij;

Jj=1

M
E AW

J=1

R:{XERM: < ¢,

< ¢ fori:2,-~-,M} (4.13)

It can be easily shown using elementary calculus that this region is symmetric, convex and
has volume

VR = 2M ‘d6t(T_1)} CL""Cpmg (414)
2M
— ce 4.15
|det(T)[ "M (4.15)
Using the fact that (4.12) is satisfied with equality, it follows that
2M
(4.16)

VR = e
> el |det(T)| (4.17)
> oM (4.18)
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The result then follows by applying Theorem 4.3. We now consider the case where (4.12) is
satisfied with equality. For each € in 0 < € < 1, we define the region R, as follows:

M M
RE:{XERMI Ztl,j$j §01+€, Zti,jxj < ¢ +e€ for ’L:Q,,M} (419)
j=1 j=1

and note that R, C Re if e < €. Let T =T ! and ; = Z]Ail ti;xj. It can be easily seen

that the region R, is bounded by some R that is independent of € since

Zt;,jyi
J
<D 1ty (4.21)
J

(4.20)

|z =

<>t lei+ € (4.22)
J

<> e+ 1) (4.23)
<R (4.24)

Since R. is bounded by some R for all 0 < € < 1, R, contains only a finite number of integer
points. Furthermore, for all € > 0, R, must contain some non-zero integer point. Hence,
there exists some z € Z\0 such that z € R, for all € arbitrarily small. The result then
follows by taking € to be arbitrarily small. O

Next, we state a foundational result in Diophantine approximations.

Theorem 4.7 (Dirichlet). For any T € REXM=K) and any Q € N, there exists a (q, p) €
(ZM=5 % Z5)\O such that

lalle <@ (4.25)
1
QF
Remark 4.8. For the scalar case (K = 1, M = 2), Dirichlet’s theorem implies that every real
number has a sequence of good rational approximations.

Proof. We define the following constants:

¢=Q for i=1,--- M- K (4.27)
1

K
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and note that Il;c; = 1. Let the matrix X € RM*M be given as follows

R P
iy

Since exchanging rows of a matrix only affects the sign of its determinant, we have that

[ det(X)] = 'det (l har _(I’K D' . (4.29)

Now we use the fact that the determinant of a lower triangular matrix is just the product
of its diagonal entries,

| det(X)| = 1. (4.30)

The proof then follows by Theorem 4.6. O
Theorem 4.9 (Khintchine-Groshev). Fiz a decreasing function ¥ : N — R*. If

D> M (g)F < o, (4.31)

q=1

then for almost all T € REXM=K) it |T; ;| <1 for alli,j, there are only a finite number
of solutions (q,p) € ZM~K x ZK to the following inequality

ITq = pllee < ¥([lalls) (4.32)
Remark 4.10. As a result of Theorem 4.9,
1

T — plle < (4.33)
lalls log [[alf oo
has infinitely many solutions for almost all T; while
1
ITq = pll < (4.34)
alloo 10g (Jlall)”

has infinitely many solutions for almost no T.

The proof of Theorem 4.9 follows along the same lines as the Borel-Cantelli Lemma and
can be found in [64, 65].
Theorem 4.11 (Minkowski II). Let h: RM — R be a norm and €1, - - - €y be the successive
minima with respect to h. The following inequality is satisfied

€ ey Vy <2M (4.35)

Remark 4.12. Since €; < €5 --- <€)7, Theorem 4.11 implies Theorem 4.3.

The proof of Theorem 4.11 can be found in [64] and involves many properties of convex
bodies. We now state our result on diophantine approximations.
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4.2 A New Result: Full-Rank Approximations

Theorem 4.13. Let T € R2K*CM=2K) pe rationally independent and assume |t; ;| < 1 for
all i,5. There exists a Q' € N such that all for Q > Q', there exist M linearly independent
integer vectors (qu, P1), - - - (Qur, Pur) € ZM K x ZK that satisfy

lanl < CQ(log Q) (4.36)
ITqm — Pmll < Cg(lfg g) (4.37)

where C' is a constant that is independent of Q).

Proof. For any vector v € Z*™ we denote the first 20/ — 2K components by q and the
remaining 2K components by p, and will thus write

v = m . (4.38)

b

From the statement of the theorem, T = [t; - - - tox]” is a (rationally independent) 2K x
(2M — 2K) real-valued matrix with |¢;;| < 1 for all ¢,j. For a fixed T, we define the
semi-norms f, g as follows:

f(v) =|Tq-pl| (4.39)
9(v) = llall - (4.40)

For a fixed @ > 2M, we let A\; denote the minimum value of f(v) under the constraint

g(v) <Q,

A1 = min \% 4.41

1 VEZQM\{O}f() (4.41)
g(v)<Q

= uin, min ITq - pl, (4.42)

lall<Q [qT,pT]T#0
vi € Z*M denote an integer vector that achieves )\

vy = argmin f(v), (4.43)
vez?M\ {0}
9(v)<@Q

q: € Z*M=2K be the first 2M — 2K components of vy, and y; be the value of v evaluated
by g,

p = g(v1) (4.44)

= Jlauf - (4.45)
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We note that for large enough @, A\ < 1 and p; > 0.
From now on, we assume that @) is sufficiently large so that \; < 1 and p; > 0. Based
on the seminorms f and g, we define the function h : R** — R as follows:

9 1/2
hv) = <f2(V) ' %g%v)) (4.46)
9 1/2
_ (an _pl2+ 2—%”«1“2) . (1.47)

In the sequel, we show that A is a norm. We define the 2M x 2M matrix I" as follows:

T o DYe }
r— [ \
u—ile—y( 0

Note that we can rewrite the function h using I':
h(v) = ||Tv]|. (4.48)

Since exchanging rows of a matrix only affects the sign of its determinant, we have that

det ({ 12,}4 2K _;)QK D‘ . (4.49)

Now we use the fact that the determinant of a lower triangular matrix is just the product
of its diagonal entries,

| det(T")| =

2M—-2K
A1) . (4.50)

det(I)| = | —
den(r)] = (2

Since T is rationally independent, it follows that A\; > 0. Since p; > 0 by assumption,
we have that 21 > (. Since T is full-rank and thus injective, h is a norm.

Let Vj, be the volume of the h-unit ball. Let u = I'v. It follows that:

th/ dv (4.51)
{v:|ITv||<1}
= / | det(T~1)|du (4.52)
{uiflul <1}
L du (4.53)
|det( N fwug <1y '
1
= @) det(l“)|V2M (4.54)

2M—-2K
_ <ﬂ ) Var, (4.55)
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where Vay, is the volume of the unit ball with respect to the Euclidean norm (in 2M dimen-
sional space).

Let €1,...,€ be the successive minima with respect to h (see Definition 4.2). Let
Vi, ..., Your € Z*M be linearly independent integer points that achieve the successive minima,
ie:

Using Minkowski’s 2°¢ Theorem on successive minima (Theorem 4.11), we have that:

oM
Vi H e < 22, (4.57)

i=1

where V}, is the volume of the h-unit ball. Using (4.55), we have that:

,Ul 2M—2K 2M
= 1% . < 22M 4.58
()\1) M E = ( )

Rewriting the above, we have that

,LLl 2M—2K 2M
~ € < C, 4.59
( A1) Il (4.59)

where C' is a constant that depends only on 2M. Rearranging (4.59), we arrive at the

following:
v = C <i_11 o egﬂjigK) <€2M_2K+11. . .EQM_l) ( /ﬁMl_gK) (4.60)
=¢ <i\_11 o 621;\;;() <€2Mi\;K+1 o 621)‘\/[1_1> <M%M—2[1()\%K_1) (4.61)
=¢ (:_11 o 62]\)\41_1) (M%M—ﬂl{)\%lf—l) (4.62)
e (:_11 . 62;1_1) (M%M_);IK)\%K) . (4.63)

For all v € Z*M\ {0}, we have that h(v) > \;. To see this, we can consider the case
where ||q|| < p1 and ||q|| > p1 separately. When ||q|| > p1, b can be bounded as follows

2 A% 2 2
) = (IPa = plP + 2ol (4.64)
1
At
> 2t 4.65
> g (4.65)
> A (4.66)
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We now consider the case where ||q|| < 1. We first bound h as follows

o A L)
h(v) = (IITq—pH +P||qr|) (4.67)
1
> || Tq — p|l- (4.68)

Recall that p; = [|qi|| and Ay = minyezer | Tqr — pl|. Assume that there exists a q with
|ld]] < ||q1|| such that

mpin |Tq —p| < mgn | Ta: — p| (4.69)
=\, (4.70)

then the definition of q; in (4.43) is violated. Hence, in this case, h(v) > || Tq — p|| > ;.
Since €; = h(y;) for some y; € R*M it follows that

e >N forall j=1,...,2M. (4.71)
Combining the above with (4.63), it follows that
A

From the definition of h, €sys, and yq - - - yops, We have that
h(y;) < e for j=1---2M. (4.73)
By the construction of h (see (4.46)), we have that:
A1
f(¥i) < hlyj) < e2nr < Cmanrare (4.74)
1 M
ﬁ(-)<h( ) <e <C# (4.75)
,Ulg Yi) = Yi) > om = )\%K,U%M_H(’ .
for j=1,---,2M. The above equations imply that
A1
fly;) < CW (4.76)
9(y)) < C—rprrare (4.77)

NoK M=K
forj=1,...,2M.

Recall that Aj, puy are defined with respect to a fixed (). We now show that for all
sufficiently large @,

)\I(Q)2K/~L1(Q)2M_2K > 1

2 G OF (4.78)
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We define the function ¥ : Z — R as follows

Ug)=1 for ¢=1 (4.79)

1
\D(Q) = T2M_2K 2 for q> 1 (4'80)

q 2 (logq)x

We note that with this choice of W, it follows that

> MR (g) < oo (4.81)
q

Applying Theorem 4.9, we have that for rationally independent T € R?6*(2M=2K) there are

only a finite number of integer solutions [q, p?]7 € Z*M 2K x 72K that satisfy the following
condition:

1
HTq - pHOO < 2M—2K 5 " (4’82)
lall«** (log |lqll) 2
We rewrite this condition as follows
1
oM —2K 2K
Tq — < 4.83
a2~ Ta — Pl < o (433)

We first fix an rationally independent T € R2Kx(M=2K) Recall from (4.43) that q;(Q) is the
integer vector that achieves \;(Q) for a given Q. Clearly, {|/d:(Q)l|«}¢ is a non-decreasing
integer sequence (in ). Assume that ||q;(Q)|| is unbounded as Q — oo. By Theorem 4.9,
we know that there are only a finite number of integers q that satisfy the condition in (4.83).
Let ' be the integer with the largest L., norm that satisfies the condition in (4.83). This
suggests that for all @ where ||q1(Q)]|s > [|d'||co, @1(Q) does not satisfying the condition
in (4.83). Since {[[q1(Q)|l=}¢ is an unbounded non decreasing sequence, there exists some
@’ such that for all @ > @', q1(Q) does not satisfy the condition in (4.83). Note that (4.78)
follows since any q, p that satisfies

1

IM—2K 2K
Tq — > 4.84
lall% " [ITq — pllZs > Doz al)? (4.84)

also satisfies

IM—2K 2K
Tq — > 4.85
lall |Tq —p[|** > Dozl (4.85)

Finally, for any rationally independent T € R2X*(M=2K) 'we prove that sequence {||q1(Q)]oo } 0

is unbounded as ) — co. We prove this by contradiction. That is, assume that there exists
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some C' € Z, such that ||q1(Q)||e < C for all Q. This implies that q;(Q) takes only a finite
set of values. Hence, there exists a C” such that

in || T — Dl > " 4.86
prgzlglKH a1(Q) = Pllo = (4.86)

for all . However, by definition of (@) and Dirichlet’s theorem (Theorem 4.7) we have
that

1
=
for all @ € N. This results in a contradiction with our assumption. Therefore, (4.78) is
proved.

Dirichlet’s Theorem (Theorem 4.7) is defined in terms of the ¢o, norm and A; is defined
in terms of the ¢, norm. Using the fact that

nin ITq1(Q) — Plle < (4.87)

A = omin, g ITa - pl| (4.88)
lall<Q [qT,pT]T#0
< V2K (omin,, min ITq — Plloo; (4.89)

lal<@ [qT,pT]T#£0

and (4.87), we have that
V2K

)‘1 < Q2M2;<2K : (4'90)
By definition, we have that
m<Q. (4.91)

Using (4.76), (4.78), (4.90), and (4.91), and assuming that @ is sufficiently large, we
bound f(y,) as follows:

At
fly;) < CW (4.92)
< C)i(log pi)? (4.93)
2
< ¢rlogim) (4.94)
QK
2
< rLeQr (4.95)
QK

where C" is a constant that does not depend on ). Similarly, we can bound ¢(y;) as follows:

9(y;) < Cp(log ) < C'Q(log Q) (4.96)
which concludes the proof. O
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Chapter 5

Network Function Computation

In this chapter, we consider linear function computation over multi-hop wired and wire-
less networks. Currently, function computation over wired and wireless networks remain as
two separate areas of research. Function computation in wired networks has been studied
in [8, 9, 10, 66, 67, 68] and general results for network with arbitrary topologies were dis-
covered. While wired networks contain noiseless bit pipes, wireless networks include effects
such as noisy superposition at the receivers and broadcast at the transmitters. These effects
make it difficult to characterize the performance of function computation over networks with
complicated topologies. Most existing literature has been focused on networks with simple
topologies such as a single multiple-access channel [31, 69, 70]. Hence, a natural question
that arises is how far the current state of the art techniques can be used to understand
function computation over multi-hop wireless networks.

We integrate the study of wired network computation and wireless network computation,
and show a connection between the two problems. More precisely, we develop coding strate-
gies for wireless networks by first turning them into wired networks. In addition, we develop
new results in both wired and wireless setting and provide a distinction between the set of
problems that are solvable using cut-set upper bounds and those are not solvable. It is well
known that cut-set upper bounds provide a tight converse for many interesting scenarios
in wired networks with arbitrary topologies, including multicast [11, 12, 71] and broadcast
settings [71]. Meanwhile, the two-unicast problem whose capacity is strictly tighter than
cut-set is still open except for special cases [72]. Hence, the tightness of the cut-set bound
can be a criteria to identify the problems that are “solvable” with the current state of the
art.

In the first part of this chapter, we develop an understanding of computation over wired
networks via a duality relation with broadcast networks. Duality between multiple-access
and broadcast channels was first discovered in single-hop scalar and MIMO wireless networks
(73, 74]. In [74], the goal was to study MIMO broadcast problems using solutions from
multiple-access MIMO channels. Since the computation capacity of the Gaussian multiple-
access channel is unknown, this elegant duality relationship cannot be extended to wireless
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Figure 5.1. As shown in [7][Theorem 5], multicast is dual to function computation for
orthogonal networks. In the multicast setting in (a), each destination wants messages a, b.
In the function computation setting in (b), the destination wants aq @ by, as @ be. The same
LTI code (with matrix transpose), can be used for both problems

networks. Instead, a duality relation between multicast and computing the XOR of the
data packets over wired multiple-access networks was found in [7]. Figure 5.1 illustrates
the relation using the standard butterfly example. In the multiple-access network, source 1
transmits aq, as, source 2 transmits by, by, and the receiver recovers a; @ by, as @ by. In the
multicast network, the source transmits a, b and both destinations recover a,b. It is shown
that the same linear code works for both problems. In essence, transmitting a common
message in the broadcast network is dual to computing a function in the multiple-access
network. We generalize this duality relation to arbitrary linear deterministic networks using
the algebraic network coding approach based on characterizing the transfer functions of both
networks [71, 75, 76]. Using this connection, we identify the scenarios under which cut-set
bounds are tight for communicating over the broadcast network and computing over the
multiple-access network.

In the second part of this chapter, we apply the results from wired networks to wireless
networks. The main idea is to extract insights from the linear deterministic model introduced
in [77]. However, the problem considered in [77] is concerned with recovering the individual
messages. Since only the rate of information flow matters and structure in the messages is
not needed, it was sufficient to use codes without any algebraic structure. By contrast, in
computation problems where a particular algebraically structured function of the messages
is communicated, it is crucial to keep the algebraic structure of the messages. We use
nested lattice codes both for channel coding [16, 31] and source quantization [17, 18, 23,
78, 79]. After applying nested-lattice codes, the wireless network problem can be reduced
to a wired network problem. The duality relation can then be used to compute functions
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of discrete sources over linear deterministic networks. Using this approach, we characterize
the distortion for sending the sum of Gaussian sources across a class of relay networks to
within a constant factor of the optimal performance. Furthermore, we discuss the problems
where the cut-set bounds are approximately tight, and give an intuition based on linear
deterministic models.

Our approach can be understood as separating the overall network problem into two
different layers, a physical layer and a network layer, but with different paradigms. First,
the current physical layer requires each node in the network to decode a message which has
an explicit source node. However, in our scheme each node receives a noisy superposition of
the incoming signals and may decode a function of the incoming messages as suggested in
[32]. Second, the current network layer performs routing where the outgoing data packets
are a subset of the incoming data packets. In our scheme, as in standard network coding, the
relays can create a new packet by taking a linear combination of its incoming data packets.
Overall, our scheme separates the physical and the network layers of the network and allows
for computation in both layers. These new paradigms can potentially provide a different
dimension to the design of distributed sensor networks.

5.1 Computation in Deterministic Networks

Our primary problem of interest is linear computation over linear deterministic multiple-
access networks as described in Sections 5.1.1 and 5.1.2 below. Instead of solving the com-
putation problem directly, we define the dual broadcast problem in Sections 5.1.3 and 5.1.4
and prove the equivalence of the two problems in Theorem 5.17. The duality connection
between computation over multiple-access networks and communication over broadcast net-
works provides a means to convert the original problem to one that is well studied in the
literature [11, 71, 80]. In Theorem 5.27, we find a compact expression to describe the situ-
ations under which cut-set bounds are tight by first considering the broadcast scenario and
then applying the solution to the computation situation.

5.1.1 Linear deterministic Multiple-Access Network

A linear deterministic multiple-access network Nppraac 18 represented by a set of nodes
{Ni}ieQ‘ A given node N; contains b;;, input links and b; ,,, output links. Node N; inputs
X; € Fi,bi’inl into the network and receives outputs Y; € Fll,,bi"’“t‘ from the network. We assume
that the underlying finite field is IF, with prime p. We divide the set of all node indices into
source nodes S, relay nodes R and a single destination node D. We let the source node
indices be § = {1,...,m}. We assume that Y; = 0 for all i € S and X; = 0 for ¢ € D.
Hence, the source nodes do not receive any information from the network and the destination
node does not input any information into the network. The channel matrix from N; to N;
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is denoted by H, ; € IFJ,,bj"’“‘lX‘bi’i“‘. The output of node Y; is given by
i€
with all operations over I,

Definition 5.1 (Cut). We call a subset I' C Q a cut. The channel matrix for cut I' is
denoted by the matrix Hp r. and the information-flow value of cut I' is given by

CRPT™MA¢ = max I (Xr; Yre
p(zq)

Xpe). (5.2)

Remark 5.2. Tt can be easily shown that in the linear deterministic network with input-output
structure given by (5.1), maxyy,) I (Xr; Yre| Xpe) = rank(Hp re) log, p.

5.1.2 Computation over Multiple-Access Networks

We consider sending ¢ linear functions of discrete sources across the deterministic multiple-
access network.

Definition 5.3 (Source Information). Node N; for i € S observes information U; =
(Uf}, e Uf ) where U; ; are drawn i.i.d uniformly from the prime-sized finite field F,. We
assume that U; = 0 for all 7 € §°.

Definition 5.4 (Encoders). At time ¢, node N; uses encoder &;; to map its received signals

Yit_l and information U; to X ;:

Eip i B x oo Fhe x Fhrowex =1y [fhiie (5.3)

Xy = E(UL Y
fort =1,...,n. The symbol X;, is input into the network.

Definition 5.5 (Decoder). The destination observes Y;" for i € D and reconstructs XA/lk, e \A/f
using decoder G:

G FhionX™ 5 Tl x oo x Bl (5.5)
(vi, L ’x/f) — G (Y (5.6)

Sk . . . ki . .
where VF is an estimate for the linear function ijl = > iy a;, U7 with coefficients o ; € F,,
and all operations over I),.
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Definition 5.6 (Computation Rates). The computation rate tuple (Ry,--- R,) where R; =
% log, p is achievable if for any € > 0, there exist n, encoders {&;;};_, Vi €  and a decoder
G such that

Pr<<‘71’f17...7‘7£’%)#O/lkl’...,vgkz)) <e (5.7)
We find it useful to define the computation demands of the multiple-access network,

which will be used to establish the duality connection with the broadcast network.

Definition 5.7 (Computation Demands). The set Q = {Q;, ... Q,} specifies the computa-
tion demands of the network. The element Q; C S denotes the non-zero coefficient indices
of function V;-kj :

Qj:{ie{l,...,m}:aj,i#O} (58)
Remark 5.8. Q@ = {{1,...,m}} corresponds to case where the destination recovers a single
linear function: V" = Yo oq,iUffl'- with ay; # 0 for all 7.
Remark 5.9. Q@ = {{1},{2},...,{m}} corresponds to case where the destination recovers

independent information from each source node: Uy}, Uy, . .. U,ﬁ;ﬁm.

Figure 5.1 shows that sending a single linear function is connected to multicast, and
the same linear code can be used for both cases. We extend this relation to arbitrary linear
deterministic networks and general computation demands. We first define the dual broadcast
network and describe its communication demands in 5.1.3, 5.1.4. Then, we describe duality
relation in Section 5.1.5.

5.1.3 Dual Broadcast Network

Consider a linear deterministic multiple-access network Mppruac defined in Section 5.1.1 with
nodes {Ni}ieﬂ’ source nodes Syuc, destination node Dy, and channel matrices {Hyac,i;}-
The dual broadcast network Nperpe is represented by the same set of nodes € but with all
the links reversed. The channel matrices of Nygrpe are given by

Hyeij = HYL for all i,j € Q (5.9)

MAC,j,i

As a result of the reversal, the source nodes of the multiple-access network becomes the
destination nodes of the broadcast network: Dye = Syac = {1,...,m}. Similarly, the desti-
nation node of the multiple-access network becomes the source node of the dual broadcast
network: Sgo = Dyac.

Similar to case of the multiple-access network, the value of cut I' C 2 of a linear determin-
istic broadcast network Npgr.pe is given by CRETEC = MaXp(z,) L (Xr; Yre| Xre). Furthermore,
from Remark 5.2 and (5.9), the cut values of a pair of dual networks (Mpgraac, Noersc)
satisfy the following condition:

CFDET—MAC _ CFET—BC vV I COQ. (5.10)
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5.1.4 Communication Across Broadcast Networks

Consider sending ¢ linear functions across the multiple-access network Npprvac With com-
putation demands Q = {Q;,..., Q;} as described in Section 5.1.2. We re-map this to the
problem of transmitting ¢ messages across the dual broadcast network Npgrpe with com-
munication demands dictated by Q. We first provide some definitions and then show the
equivalence of these two problems in the next Section.

Definition 5.10 (Messages). Node N; for i € Sy has a set of ¢ independent messages
W, = {wy,...,w;} where message w; is drawn independently and uniformly from W =
{0, o ph— 1}. We assume that W; =0 for all ¢ € S§..

Definition 5.11 (Encoders). At time ¢, Node NN; uses encoder &;; to map it’s received
signals Yit_1 and message W; to X ;:
Eip t B x oo TR x Fhrowex =1y Fbiin (5.11)
X@t - Ei,t(Wi, Y;-t_l> (512)

fort=1,...,n.

Definition 5.12 (Decoder). At destination ¢ € Dy, the output Y;" is received and decoder
G; produces an estimate for all messages w; such that j € 7; where 7; = {j : i € Q,}:

Gi : FhionX™ — e Bl (5.13)
Definition 5.13 (Achievable Rates). The rate tuple (Ry, ..., Ry) where R; = % logp is are

achievable if for any € > 0, there exist n, encoders {&;}; | Vi € Q and decoders G; Vi € Dy
such that

P (Lmj U (W # wj}> <e (5.15)

i=1j€T;

Similar to the computation demand for a multiple-access network, we find it useful to
define the communication demand for a broadcast network.

Definition 5.14 (Communication Demands). The set P = {Py,...P,} dictates the commu-
nication demands of the broadcast network. The element P; C Dy, contains the destinations
that desire to recover message w;, i.e destination ¢ recovers messages w; if ¢ € P;.

Remark 5.15. In the multicast situation, P = {{1,...,m}}.

Remark 5.16. In the case with no common message, P = {{1},...,{m}} since each desti-
nation only recovers a message uniquely sent to it by the source.
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5.1.5 Duality Relation

We extend the relation observed in the butterfly network in Figure 5.1 to arbitrary linear
deterministic networks general computation demands. We show that a linear time-invariant
code used for computation across Npgruac also can be used for communication in the dual
Noerse. As a result, the problem of function computation is equivalent to the problem of
broadcast and the solution of one problem can be used to solve the other problem. This
approach is useful since broadcast networks are well studied in the literature and cases where
cut-set is tight have been characterized [11, 71].

Since we limit our discussion to linear time-invariant codes, each encoder &; and decoder
G can be written as matrices over the underlying finite field F,. As observed in [71], the
finite field F, has to be extended to achieve the multicast capacity. However, this approach
may lead to a mismatch in function computation since the relays operate in the extended
field while the destination recovers a linear function over the original field. Instead, we
extend the underlying field [F,, to the rational function field [F,[z], which can be viewed as a
z-transform [81]. Extending the original field size is then equivalent increasing the memory
along the lines of [82]. Therefore, the encoders and decoder can be simply written as matrices
K(z) where each elements of the matrices comes from F,[z]. For notational simplicity, we
write K; instead of K;(z).

Theorem 5.17. Consider a pair of dual linear deterministic networks Noppraacs Noprse

with demands Q and P respectively where P = Q. If the linear time-invariant code {KZ}ZGQ

achieves computation rates (Ry, - -, Ry) for Npgrac with any {a,-J}Z.J. then {K%F}ZEQ achieves
the same rates for Nopprpe.

Proof. See Appendix C O

Remark 5.18. Without loss of generality, we can consider the case where o; ; = 1 if o; j # 0
since we can precode and replace U; ; by a; ;U; ;.

Corollary 5.19. Consider a pair of dual linear deterministic networks Nppramcs Nowrse
with demands Q and P respectively where P = Q. If the cut-set is achievable using linear
time-invariant codes in Npgruac, then cut-set is achievable in Npgpr se.

Proof. Let {K;},., be alinear time-invariant code that achieves computation rates Ry, ..., R,
on Npgraac With computation demands Q. By assumption, the computation rates Ry, ..., Ry
meet the cut-set bounds for Npgrac. By Theorem 5.17, {K?}ZEQ is a linear time invariant
code that achieves rates Ry,..., R; for Mpprpe for communication demands P = Q. By
(5.10), the rates Ry, ..., Ry also meets the cut-set bounds for Mpprpc. O

Remark 5.20. Theorem 5.17 implies that the solution of multicast can be used for computing
a single linear function: V; = Zyil ay ;U
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Figure 5.2. In the network in (@), more message destinations are added in addition to the
original butterfly network in 5.1. The same linear time invariant code achieves the rates
given by the cut-set bounds in both the broadcast network in (a) and the dual multiple-
access network in (b)

Remark 5.21. It is well known that cutset is achievable using linear time-invariant codes in
the multicast scenario [12]. Combining this with Remark 5.20 and Corollary 5.19, cutset
is tight for sending a single linear function across Npgruac. Hence, any computation rate
satisfying the following is achievable:

R <min min CRF™A¢ (5.16)
i€S TCQiiel

We illustrate the duality concept through a series of simple examples in the next Section.
The examples show that the same linear code can be used for both function computation
and broadcast.

5.1.6 Examples of Dual Networks

I Broadcast with Multicast Users. The dual networks in Figure 5.2 is an extension of
the butterfly networks in Figure 5.1 with additional users. The multiple-access network
in (b) has four source nodes. Source 1 observes ay, as, source 2 observes by, be, source 3
observes ¢ and source 4 observes d where each element is drawn i.i.d uniformly from Fs.
The destination desires to recover two linear functions: a; ®b; B¢, as®byBd. Figure 5.2
provides a linear time invariant code that achieves computation rate pairs (R, Rs) =
(1,1), which satisfy the cut-set bounds. The source node in the dual broadcast network
in (a) observes symbols a,b. Destination 3 desires to recover a, destination 2 and 3
desire to recover a, b, and destination 4 desires to recover b. Figure 5.2 shows that the
same linear time invariant code used in the multiple-access network can be used in the
dual broadcast network to achieves rates (Ry, R2) = (1, 1).
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Figure 5.3. (a) is a two-user broadcast network with a common message and (b) is it’s
dual multiple-access network. It is shown that cut-set is achievable using the same linear
time invariant code in both cases.

Two-User Broadcast with a Common Message. The multiple-access network in
Figure 5.3 (a) contains two source nodes. Source 1 observes ay, a; and source 2 observes
b1, by where each element is drawn i.i.d uniformly from 5. The destination desires to
recover ay, by, as ® be. The computation rate tuple (Ry, Ry, R3) = (1,1, 1) is achievable
using linear time invariant codes and meets the cut-set upper bounds. Figure 5.3 (b)
is a two-user broadcast network with a common message. The source observes a, b, c
and sends a to destination 1, ¢ to destination 2, and b to both destinations. The same
linear code used for the multiple-access network can be used for the broadcast network
to achieve the rates given by the cut-set upper bounds. So far, we have considered two
examples where cut-set bounds are tight. Next, we examine a situation where this is
not true.

Three-User Broadcast with a Common Message. Consider the dual linear deter-
ministic network pairs in Figure 5.4. The broadcast network has three destinations and
transfer functions:

1 0
Hsp,=[1 0], Hgp,=[0 1]7HS,D3:{11} (5.17)

The source of the broadcast network in Figure 5.4 (a) observes a, b drawn i.i.d uniformly
from Fy and desires to send a to all destinations and b to only destination 3. The rate
tuple (R, Re) = (1, 1) satisfies the cut-set upper bounds. However, it is not achievable
since both destinations 1 and 2 desire to recover a but the source communicates with
these two destinations through different input links. Hence, if a is transmitted on both
input links then b cannot be sent. We show in Lemma D.1 in Appendix D that cut-set
upper bounds are not tight for this example. Figure 5.4 provides a linear time invariant
code that achieves rates (R, R2) = (1,0) in the broadcast network and computation
rates (Ry, Ro) = (1,0) for the dual multiple-access network in (b). Hence, duality
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Figure 5.4. Cut-set is not always tight as shown in the three-user broadcast network
with a common message in (a). However, duality between computation over multiple-access
networks and communication in broadcast networks still holds.

continues to hold even when cut-set is not tight.

5.1.7 Universal Cut-Set Tightness

The duality relation between function computation and broadcast in linear deterministic
networks was illustrated in Examples 1-3 in the previous section. Cut-set was shown to
be tight in Examples 1 and 2 but not tight in Example 3. In this section, we characterize
the scenarios under which the cut-set bounds are tight. We first provide the notion of
universal tightness in Definition 5.22. We then focus on the broadcast network and find
the communication demands under which cut-set is universally tight. Finally, the duality
relation is used to apply the results from broadcast to function computation.

Definition 5.22 (Universally Tight). We call the cutset bound “universally tight” under
communication demands P if it is achievable for all broadcast networks with computation
demands P. Similarly, cutset bound is “universally tight” under computation demands Q if
it is achievable for all multiple-access networks with computation demands O.

Remark 5.23. When cut-set is universally tight under communication demands P, then every
network with communication demands P achieves cut-set. When the cut-set is not univer-
sally tight under communication demands P, then there exist a network with communication
demands P for which the cut-set bound is not achievable.

Definition 5.24 (Equivalent Communication Demands). The communication demands P
and P’ are equivalent if there exists an bijective mapping f : P — P’ such that the cardinality
of arbitrary unions and intersections are the preserved:

UNP|=UNrP)

ye¥ yed ye¥ ye®

(5.18)

for all ¥, ® C P.
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Definition 5.25 (Sub-demands). We call Py a sub-demand of the communication demands
P if it is the resulting communication demand after removing users and/or messages from
the broadcast network with communication demands P.

Remark 5.26. Let P = {{1,2},{2,3},{1,3}}. We note that demands {{1},{3},{1,3}}
and {{2,3},{1,3}} are sub-demands of P but {{1,2},{2,3},{3}} is not a sub-demand.

Theorem 5.27. The set of all communication demands under which cut-set is universally
tight are equivalent to the following demands and their sub-demands:

PO e = UG om0 13 UG omY {6 mYY for £=2,...,m
5.19)
5.20)
5.21)

PTIGHT,Q = {{1} ) {2} D) {m}}
Pricurs = {{1,3,...,m},{2,3,...,m},{1,2,3,...,m}}

—~ o~ o~ =

Furthermore, linear time invariant codes are sufficient to achieve cut-set for communication
the demands in (D.1) to (D.3).

Theorem 5.27 states that there are essentially only two types of communication demands

for which cut-set is universally tight since Prigur2 for m users is a subset of Pé?é;?,l for

m + 1 users. The first type, Piﬁmm, Pricur,2, is broadcast with multicast users as shown in
Example 5.2. The second type, Prigur,3, is two-user broadcast with a common message and
multicast users as shown in Example 5.3. Theorem 5.27 implies that for all other communi-
cation demands except those given in (D.1) to (D.3), there exists a broadcast network under
which cut-set is not achievable. Example 3 illustrates such a case.

Proof. See Appendix D. O

5.1.8 Discussion

In this section, we studied function computation in linear deterministic multiple-access net-
works. We first considered the dual broadcast problem and then applied the solutions of
broadcast to function computation. We characterized the communication demands under
which cut-set upper bounds are tight for all broadcast networks. By the duality connection,
this maps into a set of computation demands under which cut-set upper bounds are tight
for function computation over all multiple-access networks. In the broadcast setting, we
examined only the case where the destinations demand a subset of the messages and leave
the general case where the destinations may be interested in functions of messages to future
work.
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5.2 Sum Computation in Networks of Gaussian MACs

Based on the insight from the liner deterministic model in Section 5.1, we consider function
computation over wireless multi-hop networks. The proposed approach converts the original
problem into one with discrete sources and a linear deterministic network and applies the
duality relation from Section 5.1 to solve the deterministic network problem. We illustrate
the scheme in Figure 5.5 (a). Here, the goal is to transmit the sum of Gaussian sources U, U’
across the multiple-access network. In the network, all links are orthogonal with capacity
log |F,| except for the wireless Gaussian MAC from Sj, Sy to D. This example differs from
the butterfly network in Figure 5.1 in two main aspects: Gaussian sources and a Gaussian
MAC from 5,5, to R;. The Gaussian MAC is converted into a linear deterministic MAC
over [, using nested lattice codes for physical layer computation [31]. The Gaussian sources
are mapped into finite field symbols uy, us and u), u}, using nested-lattice based quantization
(23, 78]. After the conversion, the goal is to compute the finite-field sum w; &, uf, ug B, v
over the linear deterministic network in (b). Applying the duality relation in Theorem 5.17,
the solution from the dual broadcast network in (c) is used for function computation in (b).
Since the linear time-invariant code achieves the cut-set upper bounds for multicast, it also
achieves the cut-set upper bounds for computing the finite-field sum. Hence, the finite field
sum u; B u}, us & uh is recovered with optimal rate in (b). The destination then forms an
estimate for U + U’ based on u; & u), ug & ub.

Using the approach above, we characterize the distortion for sending the sum of m Gaus-
sian sources across a class of relay networks in Theorem 5.34. We show that it is within
a constant fraction of the optimal performance in Theorem 5.35 and Corollary 5.36. In
the sequel, we first provide the problem setup in Sections 5.2.1 and 5.2.2 and illustrate the
gain from performing computation over the physical and network layers through examples
in Section 5.2.3.

5.2.1 Channel Model

A network of Gaussian multiple-access channels Ng ussvac is Tepresented by a set of nodes
{Ni},cq- As in the deterministic network, we divide the set of all node indices into those
for source nodes S, relay nodes R and a single destination node D, and let the source node
indices be given by S = {1,...,m}. We assume that ¥; = 0 for all i € S and X; = 0 for
¢ € D. In our network model, we assume that node N; communicates with node N; and
Nj, on orthogonal links for all j # j. A given node N; has b; input links into the network.
At time ¢, Node N; inputs signal (X;[t], ..., X;y,[t]) € R%, satisfying the symmetric power

constraint:
1 n
2
- Z X5t <
t=1

S?R v j (5.22)
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(a) Gaussian Source and Gaussian Multiple-Access Network (b) Discrete Source and Deterministic Multiple-Access Network (b) Dual BC Network

Figure 5.5. The goal is to send the sum of Gaussian sources U, U’ across the multiple-
access network in (a). All links are orthogonal with capacity log |F,| except for the wireless
Gaussian MAC from 57,55 to D. The Gaussian sources are converted to discrete sources
through quantization and the Gaussian MAC is converted into a linear deterministic MAC
through physical layer computation as shown in (b). The goal is to transmit the finite field
sum of discrete source symbols across a linear deterministic network. The duality from
Theorem 5.17 is applied and the solution from the dual broadcast network is used.
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and receives output Y;[t] € R given by
Vilt] = hi i Xilt] + Z;[t] (5.23)
ieQ

where h; ; € R is the fading coefficient on the link from node N; to node N; and {Z;[t]};,
is an independent Gaussian process with unit variance.

Definition 5.28 (Cut). We call a subset I' C Q a cut. The value of cut I' is given by

OlgAUss-MAc _ max I(Xt; Yre| Xre). (5.24)

plra) E[X2] < SN

We define the degree of the network, which represents the maximum number of users in
any given multiple-access channel in the network. This will be useful in characterizing the
achievable distortion.

Definition 5.29 (Degree). The degree of the MAC with output Y; = >
given by

hi’in + ZZ is

1€Q

dj = 1{h;; # 0} (5.25)

1€}

The degree of the network Ngaussaac 1S d = maxjeq d; and represents the maximum degree
over all MACs in the network.

5.2.2 Computation over Networks of Gaussian MACs

We provide the details to the problem of sending the sum of Gaussian sources across a class
of relay networks with Gaussian MACs described in the previous section.

Definition 5.30 (Source Information). Node N; where i € S observes a length & sequence
UF = (Uia,---Uyy) where U j ~ii.d N(0,1) . We assume that U = 0 for all i € S°.

Definition 5.31 (Encoders). At time ¢, node N; encodes its received signal {Y;[J] }3;11 and
information UF into b; length n codewords using the mapping:

Eiv : RF x RUZD 5 RY: (5.26)

Xilt] = &, (U, (YD) (5.27)

We assume that n = gk for some ¢ € Q\{0}. Each {X;;[t]};_, must satisfy the power
constraint given in (5.22).
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Definition 5.32 (Decoder). The destination observes {Y;[t]};_; for i € G and recovers the
estimate V* for the sum of the source observations V* = >""" UF using decoder G:

G:R" - RF (5.28)
VE =GV, (5.29)

The quality of the estimate V* is measured by the standard squared error distortion:

D:%il@[(m—xzﬂ. (5.30)

Definition 5.33 (Achievable Distortion). A distortion D is achievable if all for € > 0 and
large n, there exists encoders {&;,};_, Vi € Q satisfying power constraint SNR and a decoder

G that outputs an estimate V* such that
i N2
E;EKVZ— ) } <D+e (5.31)

5.2.3 Illustrative Examples

Our approach separates the physical and network layers and performs computation over
the physical layer using nested lattice codes and computation over the network layer using
network codes. We illustrate the gain from performing computing in both layers through
two simple examples.

I Network Layer Computation We show the importance of computation in the net-
work layer instead of routing by considering the example in Figure 5.6. In this two-hop
network, each Gaussian point to point channel has signal to noise ratio SNR. The goal
is to transmit the sum of independent Gaussian sources U and U’ to the destination.
Each point-to-point Gaussian channel can be trivially converted to a finite field link
through the use of channel codes. The Gaussian sources can also be converted to finite
field symbols through lattice-based quantization. The destination can reconstruct an
estimate for the real sum U + U’ based on the finite field sum Ug @, Uy, as shown in
23, 78]. The relay receives the quantized symbols Ug, Ug,. It is advantageous to com-
pute and retransmit the finite field sum Uq &, Uy, as shown in Figure 5.6 (a). However,
if routing is used instead, then the relay has to time share between sending Ug, U
as shown in (b). This results in inefficiency of channel usage and causes the Gaus-
sian symbols U, U’ to be estimated individually instead. We compare the achievable
distortions of the different approaches with the cut-set lower bounds:

402 202 o?

DCOMP = mu DROUTING = mv DCUT-SET Z m (532)
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Ug

X(Uq) —
Uru

Uq, U, Ug @ Uy Uq @ Uj

SR

X(Ug) + 2, X'(UY) + 2'| X"(Ug®Ug) X"(Ug@Uh) + 2"

Ve

X'(Ug) (a) Computation in the Network Layer

Z -
Uq, U Uq

X(Ug)+ 2, X'(Uy) + 7' X"(Ug)

- =
N - /
SN
!
51y

(b) Routing in the Network Layer

Figure 5.6. Each Gaussian point-to-point channel is converted into a finite field link. The
Gaussian sources U, U’ are quantized into finite-field symbols UQ,Ué?. In (a), the relay
receives Up, Ué? and computes Ug @), Ué? for retransmission. Based on the finite field sum
Ug @p Ué?, an estimate for the U + U’ is reconstructed. The achievable distortion Dgoyp
in (5.32) is within a constant gap of the cut-set lower bounds D,y ., in (5.32). If routing
is performed instead as in (), the relay has to time share between sending symbols Uy, Ué?
and an estimate for each Gaussian source U, U’ is formed. As a result, the achievable
distortion Dgouring in (5.32) can be arbitrarily large from the cut-set lower bounds.
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and find that Dqoyp is within a constant fraction of Doyr.spr While Diouring can be an
arbitrary fraction larger as SNR — oo.

IT Physical Layer Computation. We show the importance of physical layer compu-
tation in transmitting the sum of independent Gaussian sources across a Gaussian
MAC with per user signal to noise ratio SNR as shown in Figure 5.7 and in [27]. As
in Example I, the Gaussian sources can be converted to finite field symbols through
lattice-based quantization and the destination can reconstruct an estimate for the real
sum U + U’ based on the finite field sum Ug @, U;. The key in this example is the
conversion of the Gaussian MAC to a finite-field channel. Algebraically structured
lattice codes are used to communicate the finite-field sum Uq &, U, across the Gaus-
sian MAC in (a). This process can be viewed as converting the Gaussian MAC into a
linear deterministic MAC. If the individual quantized symbols Ug, Uy, are sent directly
instead as in (b), this can be viewed as converting the Gaussian MAC into two finite
field links as shown. However, the rate on each link is approximately half the rate of
the deterministic MAC in (a). Furthermore, this scheme causes the estimates for U
and U’ to be formed separately since both the quantized source symbols are recovered
by the destination. We compare the achievable distortion of the different approaches
with the cutset lower bounds:

D B 402 D B 202 D S o?
COMP — SNR? NO-COMP — 1 + SNR? CUT-SET — 1 _'_ SNR

and find that Dgoyp 1S within a constant fraction of Deoyr.sgr While Dyo.compe Can be
an arbitrary fraction larger as SNR — oo.

(5.33)

5.2.4 Upper and Lower Bounds on Distortion

Previously, the gain from computation in the physical and the network layer seen in two sim-
ple networks. Here, we apply our approach to a network of Gaussian MACs and characterize
the achievable distortion for computing the sum of Gaussian sources across the network in
Theorem 5.34. The achievable distortion is compared with the cut-set lower bounds in The-
orem 5.35 and found to be within a constant ratio of the optimal performance in Corollary
5.36.

Theorem 5.34. The achievable distortion for sending the sum of Gaussian sources with
variance o* across the network Ngavssmac With nodes 0 and degree d satisfies

—90(minr. GAUSS-MAC
DACHIEVABLE < U2m222qa Ine%x 2 q(mm“er “r )
(3

(5.34)

where q = 7 1s the number of channel uses per source symbol,

I’ given in Definition 5.28, and « is the constant:

a=|Q|((d+1)log(d+2) + 2logd + 1). (5.35)

CEAvssMAC s the value of cut
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U U
Uq Uq
X(Ug) U+U \ uru
Z Uq @ Uy @ Uo @, Ul
v X(Uq) + X'(Ug) + Z v /
A Vo D
X'(U)

(a) Computation in Physical Layer

U+u

Uq U,

A A

’ 1
a\
il X(Ug)+X'(Uy) + Z U’
1
R=3

X'(Uq)

(b) No Computation in the Physical Layer

Figure 5.7. Similar to example I, the Gaussian sources are quantized and the destination
recovers an estimate for U + U’ is based on the finite field sum Ug @, Uj,. In (a), compu-
tation is performed in the physical layer using nested lattice codes. This can be viewed as
converting the Gaussian MAC is converted into a linear deterministic MAC. The achievable
distortion Deoyp in (5.33) is within a constant gap of the cut-set lower bound D, . in
(5.33). Instead of performing computation in the physical layer, both symbols Uy, Ué are
sent to the destination in (b). This can be viewed as converting the Gaussian MAC into
two finite field links each with approximately only half the sum rate of the deterministic
MAC in (a). The achievable distortion Dyo.conp in (5.33) can be arbitrarily large from the
cut-set lower bounds.
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The proof of Theorem 5.34 is given in Sections 5.2.7. Next, we provide the cut-set lower
bound on distortion.

Theorem 5.35. The optimal distortion Dpy for sending the sum of Gaussian sources with
2

variance o across the network Ngaussuac satisfies the following cut-set bound:
Dopr > o2 I%%XQ_%(MHFQQ”EF CFGAUSS'MAC)_ (5_36)
Proof. See Appendix E. O

Corollary 5.36. The ratio between the achievable distortion D ,cpyipvapLs and the optimal
distortion Dgpr is bounded by W < 22logm+aa) yhere o is the constant in (5.35).

Proof. Follows directly from Theorem 5.34 and Theorem 5.35. O

Corollary 5.36 shows that the ratio between the achievable and optimal distortion can
be bounded by the number and the degree of the network independent from the network
topology

Remark 5.37. The extension beyond Gaussian sources is feasible. Theorem 5.35 can be
generalized to non-Gaussian sources using Shannon’s lower bound [1] and Theorem 5.34 can
be generalized as long as the source is contained inside a ball of an appropriate radius in Ly
sense.

The rest of this Section is devoted to providing the underlying tools and the proof of
Theorem 5.34, which involves channel coding and source quantization. First, nested-lattice
code constructions are given in Section 5.2.5. The use of nested-lattices for channel coding
is shown in Section 5.2.6 and for source quantization in Section 5.2.7. It is shown that
the Gaussian sources are mapped to symbols on the finite field using nested-lattice based
quantization. The Gaussian network is converted into a linear deterministic network using
nested-lattice channel codes. The finite-field sum of the quantized source symbols are trans-
mitted across the converted linear deterministic network. An estimate for the sum of the
Gaussian sources is reconstructed based on the finite-field sum of the quantized points.

5.2.5 Code Construction: Nested Lattices

Nested-lattice codes were proposed in [16, 17, 18, 22] and used for computation in [31] and
quantization in [23, 78]. We use a different nested-lattice construction than those in [31].
Instead of scaling and rotating the coarse lattice to generate the fine lattice as in [31], we
concatenate the generator matrices as shown in (5.37). We find this construction provides

eases the analysis and provides a simpler mapping between the nested-lattice and the finite
field.
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We first show the construction of nested-lattices. We use the same notation as that in
[31] and use - to denote multiplication in the finite field F,. A pair of nested lattices (A¢, Ar)
is constructed as follows:

Ac={p " (Gi -wy)+Z": wy €F'} (5.37)

Ar={p " (G1 w1 @, Ga-W2) + Z" : wy € F', wy € Fi2} (5.38)
where F), is a finite-field with p prime, G; € F) x IE";l, Gy € F) X IF’;Z with each element
drawn i.i.d uniformly from F,. If p,n, ki, ks are chosen to scale appropriately, the matrix
[G1, Gg] becomes full rank with high probability and the lattices A¢, Ar are simultaneously
good for covering, quantization and AWGN coding (see [17] for definitions and proofs).

Some definitions based on those in [16] are given in the sequel followed by key properties
of the nested lattices.

Definition 5.38 (Coset). Given a lattice A, a coset of A in R" is any translated version of
it. For example, for any x € R", the set {\ +x: A € A} is a coset of A.

Definition 5.39 (Fundamental Voronoi Region). The fundamental Voronoi region V of A
is a subset of R™ that contains the minimum Euclidean norm coset representatives of the
cosets of A. Every x € R"” can be uniquely written as

X=A+r (5.39)

with A € A,r € V, where A = Qy(x) is a nearest neighbor of x in A, and r = x — Qy(x) is
the error.

Lemma 5.40. |Ap N Ve| = p*?

Proof. Using the fact that we can rewrite any x € R" as x = pz + r where z € Z" and
r € F}, we have that

AF:{p_l(Gl-wl@Gg-WQ)—l—Z":wlGIFlgl,WQEIE‘kQ} ( )
={p" (G1 W1+ Gy Wy +pz) +Z": w; € F}' wy € F??} (5.41)
={p (G Wi+ Gy W)+ Z":w; € IF’;l,WQ € sz} (5.42)
= {p_l (G1-w)+Z"+p ' (Gy-wy) : Wy € F’;l,WQ € IF’”} ( )
=Ac+ {p_l (Gy-wy) :wy € IF’”} ( )

The above suggest that Ap is composed of p*? cosets of Ac. We show that these cosets are
unique. Assume there exists ¢, ¢’ € Ap with ¢ = ¢’. It can be shown that

c—c' =p (G- (W1 —W))) ® (G (W — W))) + 2 (5.45)
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where z € Z". Since the n x (k1 + k) matrix [Gy, Go] is full rank and

, , 1 - 1"
p ! (Gy- (W) —w)) &G (Wg —Wj)) € {O,Z—Q, . ,pT} (5.46)

it follows that ¢ — ¢’ = 0 implies that
[wi — Wi, wo —wh]Y modp=0 (5.47)

Hence, we have

c=c = wy=w, (5.48)
and it follows that

Wy # Wy = c#c (5.49)
This shows that each wy € IF’;Z generates a unique coset. As a result, |Ap N V| =pk2. O

Definition 5.41. By construction, for each ¢ € Ap, we have that
c=p ' (G- W ©Gy-Wy) +2z (5.50)
for some wy € Fi', wy € F}?, and z € Z". We define the mapping wy : Ap N Ve — FF? where
ws(c) = wo. (5.51)

Lemma 5.42. The mapping ws is a group isomorphism from (Ap N Ve, mod A¢) to (Fp,
mod p).

Proof. We first show that ws is an injection. Combining this fact with Lemma 5.40, it follows
that ws is a bijection. We assume that there exists ¢, ¢’ € AprNVe with ¢ # ¢’ and wy = W),
It follows that

-1

c—c=p G, Wi BGy-wy)+z—p (G- W, DGy W)+ 7 (5.52)
=p (G1-W1D Gy wy) —p (G- W B Gy wWh) +z+7 (5.53)
=p (G, W BGy W) +p (G W, B Gy —Wh) +z+7 (5.54)
=p ' (G Wi DG - —W, DGy wo B Gy —Wh +pz’) +z+ 7 (5.55)
=p (G- (WD W) DGy (Wo @ —W)))+2" +z+7 (5.56)
=p G, (W& W) +2" +z+7 (5.57)
Hence, ¢ — ¢’ € A¢. We define the set I' as follows

'={c—c:c,d e ArNVe,c#'}. (5.58)
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We show that I' N A¢ = {0}. Without loss of generality, we assume that there exists

c,c/ € ApNVe with ¢ # ¢’ and ¢ — ¢’ € A¢\ {0}. We can rewrite ¢ in two different ways:
c=0+c (5.59)
c=c—c+¢ (5.60)

where 0,c — ¢’ € A¢ with ¢ — ¢ # 0 and ¢ € V. This contradicts the definition of the

fundamental voronoi region. Hence, the mapping wy is injective.
So far, we have shown that w, is a bijection. We show that the following are true.

Vc € Ap,wy(c) =we(c mod Ag) (5.61)
Vc,c' € Ap,wa(c+ ) = wa(c) & wa(c). (5.62)
We first show (5.61). Given ¢ € Ap, we can rewrite it as follows:
c=Ac+(c mod A¢) (5.63)
for some A\¢ € A¢. By construction, it follows that
Mo=p (G -wy) +z (5.64)
c modAc=p ' (G- W, DGy -wh) +7 (5.65)

for some wy, w} € Fi* . w) € F¥2 7 2/ € Z". Tt follows that

c=Ac+(c mod A¢) (5.66)
=p (G- w)+z+p (G- W, DGy Wh) + 7 (5.67)
=p (G -w)+p (G- W, DGy Wh) +z+ 7 (5.68)
=p (G, Wi+ G- W DGy -Wh) +z+7 (5.69)
=p (G, - Wi BG, - W, DGy -wh+pZ') +z+7 (5.70)
=p ' (G- (W W) DGy - W) +2" +z+7 (5.71)

for some z” € Z". Hence, we have that ws(c) = w) = we(c mod A¢). We now show (5.62).
Given c,c’ € Ay, it follows that

C = p_l (Gl w1 D G2 . W2) +z (572)
=p (G W PGy W) +7 5.73
1 2
for some wy, w} € F’;l, Wo, Wh € IF’;Z, z,7z' € Z". We note that c + ¢’ € Ap. It follows that

ct+c =p! (G1-w1 @ Gy - W) +z+p! (G1- W) © Gy - wy) + 2/ (5.74)

= p_l (G’l w1 D G2 . Wg) —l—p_l (G’l : Wll D G2 : le) +z+ Z, (575)

:p_l (Gl w1 D G2 - Wo D G1 . Wll D G'2 : W/2 —l—pZ//) +Z—|—Z/ (576)

=p (G, - Wi DGy WG W, &Gy W) +2" +z+7 (5.77)

=p ' (G- (W BW) DGy (WoBWh)) +2" +2z+72 (5.78)

Hence, ws (¢ +¢') = wy & W, O
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5.2.6 Proof of Theorem 3: Channel Coding

An achievable computation rate (as given in Definition 5.6) for sending the finite-field sum
of discrete sources (as described in Definition 5.3) across a network of Gaussian MACs is
given in Lemma 5.43 below. The idea is to use nested-lattice channel codes to converted the
Gaussian network Ngauss.ppr into a linear deterministic network Nppraac i Section 5.1.1.
Applying the duality relation, network coding is used to transmit the finite-field sum of
discrete sources across the linear deterministic network as in Section 5.1.

Lemma 5.43. Consider a network of Gaussian MACs Ngapssac With discrete source ob-
servations UY, ..., Uk where each U, j is drawn i.i.d uniformly from some prime-sized finite
field F,. For all e > 0 and n,p large, there exists encoders {E;4};_, Vi € Q and a decoder G

that produces an estimate V* € IF'; such that
Pr(VF£UF®, - @,U") < (5.79)
as long as the computation rate R = glogp satisfies

R < min min CAUssMAC— ¢ (5.80)
i€S TCQier

where a = |Q|((d + 1) log(d + 2) + 2logd + 1).

Proof. The Gaussian network Ngaussaac can be converted into a linear deterministic net-
work Mperawac such that each cut value in Npgryac i within « of the corresponding cut
in Mgavssaac - Lemma 5.43 then follows by applying Corollary 5.19. We first show the
conversion of a single m-user Gaussian MAC into a linear deterministic MAC. The Gaussian
MAC contains only source and destination nodes, i.e @ = SUD where S = {1,...,m} and
D = {m + 1}. The channel gain from source node i to the destination node is given by h;.
Without loss of generality, we assume that h; > 0 and SNR = 1. We first assume that the
channel gains satisfy the following inequalities:

hi>1, h2—h?,>(m—(i—2)hi , +hiy+---+hi+1 for i>1 (5.81)

We use a superposition nested-lattice scheme similar to that in [31] but with nested generator
matrices as described in Section 5.2.5 instead. We choose m nested lattice pairs (A¢,, Ar,)
given by
Ac, = {p™ (Gyy-wi) +Z" s wy € Fivi} (5.82)
Ap, ={p7 (G- W1 @ Gip - Wa) + Z" : wy € FiM wy € Bl ) (5.83)

where each element of G;; and G; 5 is drawn i.i.d uniformly from F,. The variances for the
lattices A¢,, Ap, are set to be:

o? (Ag,) = hf — hf_l, o2 (Agp)=(m—(i— 2))h?_1 + h?_Q 4+ 4 h% +1 (5.84)
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We define the set of one-to-one mappings wq; : Ap, N Ve, — F’; for: = 1,...,m along the
lines of Definition 5.51. User i splits message w; into ¢ parts:
WEI),WZ@), e ,WZ@ where ng) eF% for j=1,...,i (5.85)

The j part of message w; is mapped to a lattice point using the mapping ws ;: Ej ) =

wy ]( ) The lattice points are added together, dithered with d(] that is drawn uniformly
from Vc to get the resulting vector:

X9 = ((cﬁ.j) + d§j>> mod ch> (5.86)

User ¢ transmits the signal x; given by

X; = %Xi:xy) = hli: ((cl(-j) + dl(-j)) mod ch) (5.87)
i o i

The destination receives:

y = i hix; + z (5.88)
Z x4 7 (5.89)
Zm: x4 g (5.90)
= i i ((cl(.j) + dl(-j)> mod ch) +z (5.91)

To recover ngb ), the destination computes:

(v - d%n)) mod Ag,, = (i i ((ng) + d?’) mod ch) +z— d%’”) mod Ag,,

Jj=1 i=j
(5.92)
m—1 m
= (c%” + Z Z ( dl(.j)) mod Ac; + z) mod Ac,,
Jj=1 i=j

(5.93)
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1

Let the noise z(™ = Z;”:_ll PR (c(j )+ dgj )> mod A¢; + z. The destination further com-
putes:

Qap, ((y — d%”)) mod Acm) mod A¢,, = Qa, ((c%”) + z(m)) mod Acm) mod Ag,,
(5.94)

= Qup, (€™ +2") mod Ac, (5.95)

We define the event: £0™ = {QAFm (c&,ﬁ”) +z(m)> mod Ac,, = ¢ mod Acm}- Under

m

event &;, we can reliably recover the message wim by the inverse mapping w; :

wm) — wi,ln(cgg"”) mod A¢,) (5.96)

m

UQ(ACm) _ h?n—h%71
o2(Ap,,) — 2h2_ +h2_,++h3+1

as long as &2 logm < 1log(SINR,,) where SINR,, =

If message w s successfully decoded, then x\™ is subtracted from the received signal

y. The resulting signal is given by

m—1 m
y™ ) =y — x(m) = Z ng) +z (5.97)
=1 i=j
The receiver then computes
(0 —a) —dir ) mod A, (5.98)
m m—2 m .
_ ( (xg.m—” - dg.m—1>) +3 3 X+ z) mod Ac,, (5.99)
j=m—1 j=1 i=j
m m—2 m '
= ( 3y KV +z> mod A¢, | (5.100)
j=m—1 7j=1 i=j

Let the noise z(™ 1) = 72 > (cgj) +d§j)> mod A, 4+ z. The destination further

j=1 2ui
computes:
Qnrr . ((y<m-1>— i d" V) mod Acm1> mod Ac,,_, (5.101)
j=m—1
=Qurp,_, <( i cg-m_l) + 2™ V) mod Acm1> mod A¢, (5.102)
j=m—1
= Quy, < Zm: Y +z<m-1>> mod Ac, | (5.103)
j=m—1
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Let £m=1Y denote the event:

gm=1 — {QAle ( zm:

J

1

(5.104)
Under event £™ N £~ we can reliably recover the equation
WD @ wlm ) = g ((cﬁ_‘f) + cg,T—U) mod ACm) (5.105)
L

with computation rate % logp < %log(SINRm_l) where SINR,,,_; = T T

Each of the remaining m — 2 layers of the superposition code is decoded in a similar
manner. As a result, the Gaussian MAC is converted to a linear deterministic MAC with
source nodes Sppr = {1, ..., m} and destination node Dppr = {m + 1}. The transfer function

from source node ¢ to the destination is given by
H;, =[Iz ...1z,0...0]" (5.106)

where R; is the rate for the i'" layer of the superposition lattice code and is given by
2_p2
R; = %log(SINR;) with SINR; = ( hi—hi_y

i = 3 m—(i—2))h2_| +h2_,+-+h3+1"
of the linear deterministic multiple-access channel is given by

The overall transfer function

H=[H,.. H,. (5.107)

Let C]‘?ET represent the value of the cut I' = {i : i € Spgr,? < j } in the linear deterministic
network . It follows that:

J J

1

Pt =Y "R = 5 ) " log(SINR;) (5.108)
i=1 =1

At each step, it can be shown that 1E[[|z)|?] < 6?(Ap,) for i =1...m. From [16, Theorem
5], it follows that

Pr(mMnemn...ngW)=1-Y Pr("Y) -1 asn— 0. (5.109)
i=1
We now remove the assumptions on the channel gains in (5.81). Let r = ming2<; ¢ and

define r; for j > 1 recursively as follows:

rj = min i forj>1 (5.110)

h?>(m+2)h2.
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We terminate when r; cannot be defined and let ry,x = max; ;. For each j € {1,---,m},
we define t; = arg max;.,,<; ¢. Using a myax layered superposition code, it can be shown that
the cut values of the linear deterministic MAC in (5.108) become

tj

1 .
CPET = ; 5108 (SINR,.)  for j =1, rax (5.111)
n2,—h3
where SINR,, > ﬁ The cut values of the linear deterministic MAC from (5.111) are
bounded as follows
h2
Ti—1
CPET > 2 log ) + Z log ( - 1) (5.112)
(m+1)
1 h'72"z m+2)
— 1 A1
> S lo +Z og( i (5.113)
1 1 ti—1
=clog|h |— 114
Qog(nj (:s) ) (5.114)
1 1 "
> —1 n: | —— 11
_20g<”j<m+2) ) (5.115)

Let C$*"% be the value of the cut I' = {i:7 € §,7 < j } in the Gaussian MAC. It follows
that

. 2
1 J
C;}AUSS — 3 log | 1+ (; hi> (5.116)

1 tj J 2

< 5 log >N i+ Y ki (5.117)

i=1 r;_1<i<r; iZktj

1 2

< 5 log (1 + (jvm+2h,) ) (5.118)
1

< Zlog (1+m2(m+2)hi ) (5.119)
2 tj
1

< 5 log <2m2(m + 2)h§t_> (5.120)
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The gap between C'$4V5$ and CP"T can be bounded as follows:

GAUSS _ (DET ~ — 2 2 = 2 )

Cs C7™ < g log <2m (m + 2)h”j> 5 log (hth <7m+ 2) ) (5.121)
= log (2m*(m + 2)™*") (5.122)
= (m+1)log(m +2)+2logm + 1 (5.123)

From the structure of the linear deterministic channel in (5.106), (5.107), it is sufficient to
consider only the gaps C7*"®° — CP"" for j = 1...m. We repeat the described conversion
for every Gaussian MAC in the network. For a fixed set I' C 2, we consider the cut between
I' and I'°. Since the network contains only Gaussian MACs, it is sufficient to consider
the MIMO channel with input xr, output yr. and channel matrix Hp .. It follows that
yre = Hppexp + zpe. Furthermore, the MIMO channel can be decomposed into a set of
MACs with outputs:

yi =Y hijwi;+ z for j €T (5.124)

el

where h; ; are the channel coefficients. Let d; be degree of the MAC with output y;. The

gap between CFAVSS™MAC and CR¥TMAC is given by
CFGAUSS-MAC _ CFDET—MAC < Z(d] + 1) log(dj + 2) + 2log dj +1 (5125)
jere
< |Tl((d + 1) log(d + 2) + 2logd + 1) (5.126)
< 1Q|((d+ 1)log(d + 2) + 2logd + 1) (5.127)

O

5.2.7 Proof of Theorem 5.34: Source Quantization

We illustrate the source quantization scheme® based on [23, 78] for the achievable distortion
in Theorem 5.34 . First, the sources are quantized using a nested lattice code. As in (5.37),
a pair of nested lattices (Ap, A¢) with the following construction is chosen:

Ao = {p‘l (Gi-w1) +2ZF:wy € F’;'l} (5.128)

AF = {p_l (Gl w1 D G2 : Wg) + Zk TW € F’;Q,WQ € F’;é} (5129)

'If only quantization is concerned, other schemes may outperform the proposed approach. However, in
the absence of a bijection between the quantization points and the finite field elements, it is unclear how to
transmit the quantized points through networks with arbitrary topologies.
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kxkl

where each element of G; € F, and Gy € F';Xké is drawn i.i.d uniformly from F,. The

lattice variances are chosen to be:

D mo? mo?>
2/ A e 2 A _ 2(__ "= . 1
o (Ar) m (m02 — D) o (Ag) =mo <m02 — D) (5.130)

Each Gaussian vector u; is first quantized and dithered with vector d;:
¢ =0Qn.(u;+d;) modAr for i=1---m (5.131)

where the dithers dy, ..., d,, are drawn i.i.d uniformly from the voron01 region of the coarse
lattice V. We define the one-to-one mapping wy : Ap N Ve — Fp2 as in Definition 5.51 and
map each quantized point ¢; to a point on the finite field F*2 using the mapping w,. Source
node ¢ transmits ws(c;) across the Gaussian network Ngaussaac and the destination recovers
the mod sum: wa(cy) ® - - - @ wa(cy,). Applying Lemma 5.43, this can be reliably recovered
as long as

/

2 n GAUSS-MAC
p logp < — ’ Iz%glrgslzl?ercr -« (5.132)

where CEAUSSMAC ig the value of cut T’ in Mgaussmac and « is the constant in (5.35). If
ws(cy) By -+ - B, wa(cy,) is reliably recovered, the destination maps it back to a point in
AF N Vci

wy H(wa(cy) @y - Dpwa(cy)) = (c1+---+¢p) mod Ae (5.133)
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Let § = 22=L  The destination recovers an estimate v for v = >, as follows:

v=_7 Z c; mod A, — Z di> mod AC> (5.134)

i=1 =1

=0 i C; — i di) mod AC) (5.135)
=P i(ci - di)> mod Ac> (5.136)

i=1

=0 Zm:(QAF(u,- +d;) mod A, — di)> mod Ac> (5.137)
=0 i(QAF(ui +d;) - di)> mod Ac> (5.138)
= Z (W + Qa, (w; + dy) — (u; + d,-))) mod AC> (5.139)
=P i (Qap(w; +d;) — (u; + d,-))) mod AC> (5.140)

We define the event &, where

& = {(V + Z(QAF(ui +d;) — (w; + dz))) mod A¢ =v + Z(QAF(u, +d;) — (u; + dz))}

=1 i=1

(5.141)

The noise Q. (u; +d;) — (u; +d;) has the same distribution as —d; and is independent
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of u; [22, 23]. Using this fact, we have that

FE IV + Y (@apl+) — (i +-d)) | = 1B VI (5.142)

+ % D B [[1Qap (i +dy) — (w; + di)||’]
i=1

(5.143)

- %E [[1v]12] +Z%E [ =dl?]  (5.144)

D mo?
— 2 e
= mo —|—mm (ma2 — D) (5.145)
2
9 mo
= _ 14
mo (maz—D) (5.146)
= 0*(A¢) (5.147)

Along the same lines as in [16, 23], it can be shown that Pr(&;) — 1 as k — oo. Under event
&k, the estimate becomes: v = v + > 7", (Qa,(w; +d;) — (u; +d;))) . By conditioning
on the events £ and £°¢, the achievable distortion can be bounded as follows:

DACHIEVABLE = DACHIEVABLE,E Pl"(g) + DACHIEVABLE,EC Pl"(gc) (5-148)
< %E [Ilv — 9IPI€] Pr(€) + mo® Pr(€9) (5.149)
1 m
=ZE I =B)v - B> (Qap(w;+di) — (i + dy)) |*| +mo® Pr(£°) (5.150)
i=1
1
=(1- B)Q%E [[[v]]?] (5.151)

+ 5 Z %E (1 (@Qap(w; + dy) — (w; + dy)) [|*)] +mo?Pr(€°)  (5.152)

= (1 - pB)*mo? + 62m% <m:§7“_2D> + mo? Pr(£°) (5.153)
= (1 - B)*mo® + B*°D (%) + ma? Pr(&°) (5.154)

Since f = 222D the achievable distortion from (5.154) becomes

mcr2 )

2

mo
Dicipvase = (1 — B)*mo® + 2D <m> +e (5.155)

—D+e (5.156)
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where € can be made arbitrarily small as £ — oo. From the nested lattice constructions and
(5.132), we have that

k‘é 1 0'2 (Ac)
—=1 =—1 1
2 logp = - log <02 in) (5.157)
1 m2o?
=3 log < B ) (5.158)
< : : GAUSS-MAC __
< qmin min CF e (5.159)

where « is given by (5.35). Hence, (5.159) implies that any distortion D satisfying

D > m?0%272% max 2 24minrcaser CRAUSSMAC
i€S

(5.160)

is achievable.

5.3 Extension to Asymmetric Linear Functions

So far, this chapter considered computing symmetric linear functions of Gaussian sources
across Gaussian networks. We reduced this problem to computing the sum of discrete sources
over linear deterministic networks, which is shown to achieve the cut-set bounds in Remark
5.21. Hence, in the Gaussian case, cut-set is approximately tight and the achievable distortion
can be characterized to within a constant ratio of the optimal performance.

The proposed approach can also be applied to the problem of sending an asymmetric
function of Gaussian sources across the two-user Gaussian network. Here, source 1 observes
U;, source 2 observes U; and the destination desires to estimate U; + SU; where 5 > 1.
The corresponding deterministic problem is sending the finite-field sum with an additional
private message across the linear deterministic multiple-access network. To see this, consider
the case of sending 4U; + U,. First, U; and U; can be conceptually written as 0.b11b15 - - -
and 0.bg1bgg - - - respectively as in [78]. The asymmetric function 4U; + U, can be thought
as by1012.b13 @ bay b1y @ bos - - . Here, we can see the destination wants to decode the private
messages bi1,b12 and the finite-field sums, b3 @ boy, b1y B bao, . ... It is shown in Theorem
5.27 that cut-set is tight for this scenario. Hence, applying a similar approach as that for
the symmetric sum, cut-set is approximately tight in the Gaussian case and the achievable
distortion is within a constant ratio of the cut-set bounds. We provide the details in the
sequel.

5.3.1 Asymmetric Functions over (GGaussian Networks

We consider a two-user Gaussian network Ngaussuac With source nodes S = {1,2}. Source
1 observes U; ~ N(0,02), Source 2 observes an independent Uy ~ A (0, %), and the destina-
tion recovers an asymmetric linear function: U; + vU,. Without loss of generality, the space
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of functions to can be limited to v > 1. In Theorem 5.44 and 5.45 below, the achievable
distortion is characterized to within a constant gap of the optimal performance.

Theorem 5.44. Consider sending the linear function Uy + yUs with v > 1 across the two-
user Gaussian network N,y.c. The achievable distortion satisfies

Dacupvape < max {220112720C1 (1 4 4?)g?2%0 19972402 (5.161)
where C; = minp, e CFAYSMAC for i = 1,2 and « is the constant in (5.35).

Theorem 5.45. The optimal distortion Dpy for sending Uy + yUs across the network
Noavssuac satisfies the following cut-set bound:

Dopp > 0 max {27201 4?2720%2} (5.162)
where C; = minpcq.ier CFA75Y fori =1, 2.
Proof. Follows along the same lines as Theorem 5.35. O

Remark 5.46. The ratio between the achievable distortion and the cut-set lower bounds is
bounded by a constant that depends only on ¢, the number of nodes, and the degree of the
network. The ratio is an independent of the network topology.

Proof. (Theorem 5.44). We first state the counterpart of Lemma 5.43 for asymmetric func-
tions in Lemma 5.47. This Lemma provides an achievable rate for sending a finite field sum
with a private message across the Gaussian network N ayss mac-

Lemma 5.47. Consider a two-user Gaussian network Ngayss.uac With discrete source ob-
servations Uffl at source 1 and U;ll, Ué% at source 2 where each U, ; is drawn i.i.d uniformly
from some prime-sized finite field F,. For all € > 0 and n,p large, there exists encoders

Eii} Vi€ Q and a decoder G that produces an estimates Vi e [kt V2 e BB such that
it =1 1 pU2 P
Pr ({f/k £ UM @, Uf}l} U {\7’@ £ U§2}) <e (5.163)

as long as the computation rates Ry = %1 logp, Ry = %2 log p satisfy

Ry < min CRA&¢— o (5.164)
Ri+Ry < min CE75¢ —q (5.165)

where « is given by (5.35).

Proof. Follows along the same lines as that for Lemma 5.43. 0
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We now construct the nested-lattices used for source quantization. Let Ag C Ao C
Acn C Ap be a set of 4 nested lattices from the following construction:

:{P HGyow) + 28wy GF];i} (5.166)
AC’:{P YGy w1 @Gy wo) +Z5 1wy EFsi,erFié} (5.167)
Acnz{p (e Wl@Gg'Wg@Gg'W3)+ZkZW1EF];Q,WQEF];é,WgeFI;g} (5.168)

:{P "Gy Wl@GQ‘W2@G3'W3@G4'W4)+ZkZWZ'GFI;; forz’zl,...,4}

(5.169)

where G, € FF<h G, € Fhkithy Gy € Fixhithaths G, e FFxkthathstki and each element
is drawnly ii.d from F,. If p, k, k], kb, k%, k) are chosen to scale appropriately, the matrix
[G1, Gg, G3, G4 becomes full rank with high probability and the lattices Ac, Acr, Aor, Ap
are simultaneously good for covering, quantization and AWGN coding (see [17] for definitions
and proofs).

The lattices are scaled to have the following variances:

02(Ac) = 2Y(1 +~%)0? <(1 (i;)il‘f D) (5.170)
o2(Aer) = 202 <(1 2;;2”_2 D) (5.171)

o2 (Aor) = 2((111;)7?20_21)) (5.172)
o2 (Ap) = g <(1(+17+2)7;)2“_2D) (5.173)

Before describing the source quantization scheme, we first provide some definitions and
lemmas regarding the lattice constructions.

Lemma 5.48. |Ap N V| = pFstka |Acn N V| = pheths
Proof. Follows along similar lines as Lemma 5.40 U

Definition 5.49. Let ¢ € Ar N Ve, By construction, we have that
c=p ' (G- W1 B Gy Wy B G- w3 B Gy wy) +2 (5.174)

for some w; € F¥' wy € Fi2, w3 € FI*, wy € Fit,z € Z". We define the mapping: ¢ :
ArNVor — F’;3+k4 where

¢(c) = (w3, wy) (5.175)
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Let ¢’ € Acv N Ve, By construction, we have that
¢ =p (G W, ® Gy Wy D Gy - Wh) + 7 (5.176)

for some w} € F’;l, w), € F’;Z,Wg € F’I‘?, z' € 7". We define the mapping: ¢’ : Acv N Vo —
F’;2+k3 where

¢'(c') = (wy, wy) (5.177)

Lemma 5.50. The function ¢ is a group isomorphism from (ApMVer, mod Acn) to (Frsths,
mod p) and ¢’ is a group isomorphism from (Acv N Ve, mod Ag) to (F’;2+k3, mod p).

Proof. Follows along similar lines as Lemma 5.42 O
Lemma 5.51. {x+y:x,y € Vor} C Ve

Proof. Follows from the fact that Acv, Acr are both simultaneous good for quantization and
AWGN coding and that Acr = 2(20(Acn))?. O

We provide the details to the source quantization scheme. The vectors u;, yuy are first
dithered and then quantized using the fine lattice Ar to get the following quantization points:

c; = Qr(u; +dy) (5.178)
c2 = Qr(yur +dz) (5.179)

where the dithers d;,ds ~ are drawn i.i.d uniformly from V. We define:

Cor = C2 mod Ac//
C2q = Qo (c2)

!
Cy, = €24 mod Ac

cir =c¢; mod Agn
We note that ¢y, c2, € Ap N Ver C Ap N Ver. Source 1 transmits wy, where
Wi, = ¢(C1y). (5.184)
Source 2 transmits wy ,, Wo 4, given by

Wo,r = ¢(c2,7’) (5185)
Waq = ¢'(Cay). (5.186)
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Applying Lemma 5.47, wy, @, Wa,, Wa, can be reliably recovered as long as

ks + k)
_]L_ 41 ogp < EFCI?II{leFCGAUSS MAC v (5187)

ké _l_ ké kJ + kﬁ/l : GAUSS-MAC
’ + ’ logp < k;r%glrc —a (5.188)
where CFAUSSMAC ig the value of cut T' in Ngapssmac and « is the constant in (5.35). Mapping

back, we have that:

¢ Wi, By Wa,) = (C1,y +Cy,) mod Ag (5.189)
¢ N (Way) = €2y mod Ag (5.190)

Let g = %. The destination computes:
((c1r +c2,) mod Aer +c2y, mod Ac —d; —dy) mod A¢ (5.191)
=3 ((c1,+c2,) mod Aer +coy—dy —dy) mod Ac (5.192)
@ 3 ((c1, +cap) +cog—dy —dy) mod Ac (5.193)
B(c1,+co— d1 dy) mod A¢ (5.194)
f(ci+ca—d; —dz) mod Ag (5.195)
B (g +vyus + Qp(ul +dy) — (u; +dy) + Qr(uz +d2) — (ug +dy)) mod Ac (5.196)

where (a) follows by Lemma 5.51. Using a similar argument as in the symmetric case, any
distortion D satisfying the following inequalities can be shown to be achievable:

1 9452 (144)0
(1++2)0?—D : CGAUSS-MAC

_ < .
2 log D ( (14+2)5? ) =14 (rgmﬂzl{lerc 7) (5.197)

2 \ (1++42)o2-D

(1—1—72)02
1 241 ++%)0? <m
3 log N T + (5.198)
g (1++42)02—-D

(1+’y2)02
[P <m

a < : GAUSS-MAC __ '
5 log D (M) =4 (Fgggler Cr 7) (5.199)
(14++2)0%2-D
Rearranging, it can be shown that
D> gPamee (5.200)
D > (1 +7%)a20+92720 (5.20)

(5.202)
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where C; = minp,;ep CEAYSSMAC for ¢ = 1,2 and « is the constant in (5.35). O

Using the same logic, the problem of sending an asymmetric function of three Gaussian
sources corresponds to the three user deterministic computation problem with private mes-
sages. However, as shown in Theorem 5.27, cut-set is not tight for this deterministic scenario
and does not lead to a constant ratio in the Gaussian case.

5.4 Discussion

We studied linear function computation in both linear deterministic and Gaussian networks.
In the first part of this chapter, we developed a framework for computing functions of dis-
crete sources over linear deterministic multiple-access networks [77]. We observed a duality
relation between broadcast with common messages and multiple-access with computation
that extends the well-known broadcast multiple-access duality to various communication de-
mands. The duality relation allows the recasting of a multiple-access network computation
problem into a broadcast network problem. This is useful since broadcast problems are well
studied and solutions to various cases have been developed. We applied the duality rela-
tionship to develop new results regarding computation over multiple-access networks. We
focused on characterizing scenarios under which cut-set upper bounds is tight since it is
the most common information theoretic bound used in networks. We considered broadcast
networks with various message demands and found that there are only two set of demands
under which cut-set is tight for all networks.

In the second part of this chapter, we extracted the deterministic model insights and
applied it to Gaussian networks. We considered computing the sum of Gaussian sources
over a class of relay networks with Gaussian multiple-access channels and proved that the
achievable distortion is within a constant ratio of the optimal distortion given by the cut-set
lower bounds. Our scheme separates the physical and network layers and uses nested lattices
codes for computation over the physical layer and network codes in the network layer. As
a result of the separation, we reduced the original problem into one of computing discrete
sources over linear deterministic networks and can apply the framework in the first part of
the chapter.

In this work, duality and cut-set bounds were proposed as conceptual tools to study
function computation over networks. Thus, the natural question is the extent to which these
tools can be generalized. The set of computation demands in multiple-access networks can
be expanded by generalizing the communication demands of broadcast networks to include
cases where the destinations are interested in functions of the messages. In future work, it
would be interesting to develop new achievability schemes and converses for cases where the
cut-set is shown to be not tight.
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Chapter 6

Functional Forwarding of Channel
State Information

The lack of global channel state information often results in a significant reduction in
capacity in wireless networks. It is well known that non-coherent, fast fading, point-to-point
channels lose a fraction of their capacity at high SNR [83], [84] [85]. The knowledge of channel
state information at the basestation can increase the sum rate nontrivially in the wireless
downlink infrastructure with multiple antennas [86], [87]. In the interference channel, the
multiplexing gain is significantly larger when channel state information is known both at the
transmitter and the receiver [24, 88]. The optimal multiplexing gain is still achievable even
in the case when the transmitter does not know the channel state information but learns
it via feedback from the receiver [89]. However, the achievable multiplexing gain decreases
significantly when channel state information is completely absent at the transmitter [90].
These results suggest that it is crucial to learn channel state information in networks.

In large networks involving many intermediate relays, the cost of forwarding channel
state information is non-trivial. One network that has been studied in the literature is the
uplink infrastructure with basestation cooperation [91, 92, 93]. Here, mobiles send their
information to a set of nearby basestations, which first process the received information
then jointly forward it to the remote central processor. In the case where the channel state
information is not known globally, the basestations measure the channel states of their local
links through the use of pilot signals at the mobiles but the central processor does not have
access to channel state information directly. One obvious strategy is for the basestations to
forward the entire channel state information to the receiver. However, this can be inefficient
when there is a large number of mobiles and basestations present in the network.

In this chapter we propose a scheme called functional forwarding in which the nodes in
the wireless network, rather than sending full information, send only the function of the
CSI needed at the decoder. Our research is motivated by the fact that full CSI is often not
needed. Instead, a function of the CSI is sufficient. In recent work [27], it was shown that it
is sometimes much more efficient to communicate only a function of the information, rather
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than the full information. In this chapter, we adapt this approach to the particular problem
of efficiently forwarding CSI. Hence, by contrast to [27], we are not interested in an error
free forwarding nor in a distorted version, but we have to forward just enough CSI to make
decoding successful at the desired rate.

The rest of this chapter is organized as follows. In Section II, we present our channel
model, the two-stage fading relay network. We develop a general framework for character-
izing the achievable rate for lossless functional forwarding in Section III. We first state the
general achievable rate for functional forwarding in Theorem 1 and then consider a series of
examples to compare the performance of functional forwarding and full forwarding of CSI.
In Section IV, we extend our general framework to the lossy case and consider a Gaussian
network example.

6.1 Channel Model

Though the concept of functional forwarding of CSI is more widely applicable, in the present
chapter we restrict attention to one particular network topology. We consider the two-stage
relay network with /N information sources (and we will sometimes refer to them as users), M
relays, and a single destination (see Figure 6.1). Each source chooses a message w; uniformly
from the set W; = {1,2,.., M;}. Each message is mapped into a length n codeword:

gj : Wj — Xjn for j=1..,N (61)

Let X[i] be the channel input from source j at time ¢. In the first stage of the network, which
we will refer to as the broadcast (BC) stage, the transmitted codewords are broadcasted to
the M relays through the channel characterized by:

Q(yl,...,yM‘SCl,...,S(IN,H) (62)
where H is an M x N matrix from alphabet H denoting the channel state information. We
will find it convenient to denote the row vectors of H by hl  for m = 1,2,..., M. In the

present chapter, we adopt a fast-fading model where the matrix H changes over time. We
use ¢ to denote the (discrete) time index and will write H[i] for the matrix at time i. More
precisely, H[i] is drawn i.i.d. each time instant according to some distribution Peg (H). We
assume h,, is known locally at relay m but is not known globally. The transmitters and
destination know only the distribution of the CSI.

In the second stage of our network, referred to as the multiple-access (MAC) stage, the
relays communicate to the destination through a multiple-access channel. We allow ¢ € N
uses of the MAC per use of the broadcast channel, meaning that we study the case where
the bandwidth of the multiple access section of our network is an integer multiple of the
bandwidth of the broadcast section. Each relay encodes its observation g, and channel
state information h}, into a length ¢n codeword:

Rt Hiy x Vi = X0 for m=1,2,...,. M (6.3)
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(hy, ..., hy)

(hy, y1) /5%
wy L I—'Rl wq

BC C vad22S[D}-

WN xN (hM> yM)IR_MrTT’M
1M

Figure 6.1. Two-Stage Fading Relay Network. The first stage is the broadcast (BC) stage
and the second stage is the multiple-access (MAC) stage. CSI is known locally at the relays
but is not known at the destination and the transmitters. We refer to the N encoding nodes
labeled &; as information sources or users, and to the single decoding node labeled D as the
destination.

The final destination receives Yy»c and decodes the original transmitted messages:
D:Yr. Wi x - x Wy (6.4)
(1211, P wM) = D(yﬁinAc)

We require that the messages be reliably recovered:

P’l"((’&[]l, ,@M) 7é (wl, ,UJM)) S € (66)

for all € > 0 for n large.

6.2 Functional Forwarding

In this section, we describe our framework for the relays to send a function of the channel
state information to the destination. We first give some key definitions used in our proposed
strategy. Next, we describe functional forwarding in detail and provide its achievable rate
for the two-stage relay network. Finally, we discuss the choice of forwarding function and
show that functional forwarding can be much more effective than full forwarding through a
series of examples.

6.2.1 Definitions

The central element in the strategies discussed in this chapter is the so-called “forwarding”
function. We define this function as follows.
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Definition 6.1. (Forwarding Function): Let fr be a fixed many-to-one function and U be
an alphabet:
fF:ylelx---xnyHM%U (67)

As shown in the above definition, the value of the forwarding function depends on the
relay observations and channel state information: U = fr(y1,hy, -,y hy). Clearly, in
the considered network model, this value is not known to any individual relay. Rather, the
forwarding function is sent to the destination in a distributed fashion using a computation
code, which we now proceed to define formally.

Definition 6.2. (Computation Code): Given joint sequences {Y7, hy, ..., Yy, hM}k of type
P and a fixed multiple-access channel, a (k,n,€) frp computation code consists of

M encoders:

Rt Yk x HE = X (6.8)
such that
n k 1k\.
Xr,m = Rm(y; >hj)7 (69)
a forwarding function
and a decoder
DYy, — U (6.11)

that outputs an estimate U* where

Uk = D(YIVTILAC) (6'12)

Pr(U* £U") <e. (6.13)
Definition 6.3. (Computation Rate): An frp computation rate x = £ is achievable if for
all € € (0,1), there exists a (kn,n,€) fpp computation code for all n greater than some
ng € 2.

When the particular function is clear from context, we will often merely refer to com-
putation rate in order to keep the terminology simple. The inverse of the computation rate
represents the number of channel uses required for the destination of the multiple-access
channel to reliably recover one instance of the forwarding function. For a fixed input distri-
bution, broadcast channel, and channel state distribution, we find it useful to parametrize
the multiple-access part of the two-stage fading network by its computation rate for a chosen
forwarding function.
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6.2.2 Proposed Scheme

We now proceed to describe our proposed strategy. Each user has a message w; that is
drawn uniformly from the set all of all messages W; = {1, ..., M;} and constructs a random
codebook where each element of each codeword is drawn according to distribution P;(X).
Each encoder maps its message to a length n codeword:

E Wy =X forj=1---N (6.14)

The codewords are then transmitted to the relays through the broadcast stage of the network
with the channel matrix from Equation (6.2). At time i, relay m observes y,,[i], which is
a noisy combination of the transmitted signals z;[i]---zn[i]. Relay m has knowledge of
its own channel state information vector h,,[i]. We let x[i] = [z[i]- - za[i]]T be the set
of transmitted symbols at time instance i, H[i] = [hy[i]---hy[i]]T be the set of channel
state information and y[i] = [y1[i] - - - yar[i]]T be the set of relay observations. We define the
induced distribution for the set of relay observations and channel state information.

Definition 6.4. For the two-stage relay network under a fixed input distribution of the form
Pi(x1)Py(z2) - - - Py(xy), the induced distribution Py is defined as follows:

P (y, H) = Z Q(y|H,x)Pesi(H) Py (21) - - - Py (2 n) (6.15)
.
where () is the channel distribution for the broadcast part of the network and P.g is the
distribution for the channel state information.

We first choose a forwarding function U = fr pyp(v1, by, -+, yar, har). The relays will
send U to the destination in a distributed fashion. Using a (k,n,€) frpy, computation
code, each relay encodes its first k& observations y* and channel state information h* into a
length ¢n codeword:

R Hipy x Vi = X0 for m=1,2,.... M (6.16)
where ¢ € Z, is the bandwidth expansion of the MAC channel. The destination observes

Yaac, Which is a noisy combination of the transmitted signals from each relay, and performs
decoding in two stages. In the first stage, the forwarding function is recovered:

Dy Yo" —U* (6.17)
U* =Diyin.) (6.18)
In the second stage the the original messages are recovered from the forwarding function:
Dy: U = Wi x - xWy (6.19)
(W1, ..., War) = Dy(u®) (6.20)
We require that the messages be reliably recovered:
Pr((wy, ..., wn) # (wr,...;wpr)) <€ (6.21)

for all € > 0 for n large.
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6.2.3 Achievable Rate

For the two stage relay network with broadcast channel characterized by Q(y|H,x) and
channel state information distribution P.g;(H), we give the achievable rate for functional
forwarding in the following theorem.

Theorem 6.5. Consider the two-stage relay network under a fixed input distribution
Pi(x1)--- Py(zn). For a given forwarding function U = fp p,,(Y1,hy, ..., Yar, hyy), let 6y be
an achievable computation rate for the multiple-access channel. The set of rates (Ry -+ - Ry)
are achievable if it satisfies the following inequalities:

> R <min{ryl, 1}(Xs;UlXse) ¥V S C{L,..,N}

€S
where € is the bandwidth expansion of the multiple-access part of the network.

Remark 6.6. Full forwarding corresponds to the case where U = (Y1, hy,--- Yy, hy) in
Theorem 6.5.

The proof of Theorem 1 is given in Appendix F.

6.2.4 Forwarding Functions

We observe that finding the optimal forwarding function fr to maximize the achievable
rate in Theorem 1 is non-trivial since the forwarding function appears in both the mutual
information term and the computation rate k. Furthermore, finding the optimal forwarding
function involves first finding the computation rate for a general class of functions over a
set of MACs, which is generally an open problem [27]. In this section, we briefly discuss
criteria for selecting a good forwarding function and show that it is important to exploit the
structure of the MAC.

Consider the single user two-stage relay network. From Theorem 1, the achievable rate
using functional forwarding is given by

R = min {kpl, 1} (X U) (6.22)

where U = fp pyp (Y1, 11, ...y Yar, hyy) is the selected forwarding function and xy is the MAC’s
fr Py computation rate. One good candidate for U is the sufficient statistic for X given the
relay observations and fading information (Y7, hy, ..., Y, hys). For this choice of forwarding
function, no information is lost if the destination knows U rather than the full channel
state information and relay observations. When the structure of the MAC is “perfectly
matched” to the sufficient statistic (in a sense that will become clear through the examples
in the sequel), then choosing the forwarding function to be the sufficient statistic is exactly
optimal.
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Example 1. Binary Network with OR MAC

We consider a single user binary network with an OR MAC (see Figure 6.2). The first stage
consists of a binary broadcast channel with input: X € {0, 1} and fading: h,, ~ i.i.d B (3).
Relay m observes Y,, = h,, X for m = 1,2. The MAC in the second stage has binary inputs
Xym € {0,1} and output Yysc = X,.1 V X, o (where V is the OR function). We assume a
bandwidth expansion ¢ = 2. The forwarding function Usyrr = (Usurr.a, Usurr.2) is chosen to
be the sufficient statistic

USUFF,I = Yi V Yé (623)
USUFF,2 = hfl Vv h2 (624)

The relays use uncoded transmission to first send U; and then U, across the MAC in a
distributed fashion. The relays first transmit X, ,,[i] = hy,[i]Y;,[d] for ¢ = 1,..,n and then
Xymli] = hpli — n] for i =n+1,...,2n. The destination receives

Yaacli| =Yl V... vYyli] for i=1,...,n
Yuaclil = hifi —n] V... Vhyli—n] for i=n+1,...,2n
Thus, via uncoded transmission, we can establish that an achievable computation rate is
given by ky = % We note that since the structure of the MAC is perfectly matched to the

sufficient statistic, the final destination receives (Usypp.1, Usurro). Plugging the achievable
computation rate into Theorem 1, the achievable rate for functional forwarding is given by

1
R= 521(X§ USUFF,l) USUFF,Q) (6-25)
:[(X;}/lu}/é7h17h’2> (626)

- (%)2 (6.27)

where the last inequality follows by choosing the input distribution X ~ B ( %) We evaluate
the cutset upper bound [1]:

Coutset (6.28)
= P( max )mln {](X;}/l7}/27h17h2)72I(X7“,17X7‘,2;}/;\/IAC)} (629)
X, L, 1,Lr,2

1 6)2 (6.31)

and find that functional forwarding is optimal.
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Figure 6.2. The binary network considered in Example 1, with two relays and the binary

OR MAC

Forwarding the sufficient statistic is exactly optimal in this network since the sufficient
statistic preserves information perfectly and the MAC is exactly matched with the sufficient
statistic. However, when the MAC at hand is not matched to the sufficient statistic, then the
latter is no longer the best forwarding function. This fact is illustrated in the next example.

Example 2. Binary Network with XOR MAC

We consider the two stage relay network shown in Figure 6.2. The binary broadcast channel
in the first stage is the same as that in Example 1 and the sufficient statistic is given by
Equation (6.23). The MAC in the second stage is an XOR MAC with inputs X,.,,, € {0,1} for
all m = 1, 2 and output Yyac = X, 1 @2X, 2. We consider the matched bandwidth case where
¢ = 1. An achievable computation rate for the sufficient statistic is kKgypr = 0.286 (derived
from Example 7 in [27]) and the functional forwarding achievable rate if the sufficient statistic
is forwarded is given by

Rsyrr = K’SUFFI(X; USUFF) (6'32)

=0.214 (6.33)

where X ~ B(3). Here, the achievable rate for functional forwarding is not optimal since the

OR MAC cannot compute the XOR function efficiently. Hence, rather than forwarding the

sufficient statistic, we forward the XOR function instead. We choose the forwarding function
Uxor = (Uxor.1; Uxor.2) to be the XOR of the inputs:

Uxori = Y1 @2 Yo (6.34)

UXOR,2 = hl D2 h2 (6.35)

Using uncoded transmission separately for each component of Uyxor and using two channel

uses, we find that an achievable computation rate for forwarding Uxor 18 Kxor = % and

thus, using Theorem 1 with input distribution X ~ B (%), we find that the following rate is
achievable:

Ryor = HXOR](X; UXOR) (6’36)

=0.25 (6.37)
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where X ~ B(%) This example shows that it is not always optimal to send the sufficient
statistic. Rather, it is crucial to consider the structure of the MAC when choosing the
forwarding function.

Figure 6.3. The binary network considered in Example 2, with two relays and binary XOR
MAC

6.2.5 Single-User Examples

In this section, we compare the performance of functional forwarding versus full forwarding
through a series of examples. Full forwarding corresponds to sending the entire set of relay
observations and channel state information. Although our choices for the forwarding func-
tions are not always optimal, we show that functional forwarding can be much more efficient
than full forwarding.

We consider the single user two-stage binary network (see Figure 6.4) with different
multiple-access channels. The broadcast network in the first stage is same as that of Ex-
ample 1 but we now consider M relays instead of just two. In the second stage, the relays
communicate to the destination through a multiple-access channel.

yMAc@ %

MAC]

Figure 6.4. The Binary Relay Figure considered in Example 1-3 for varying multiple-access
channels (MAC)

Example 1 (Continued).
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The capacity region of this multiple-access channel is given by

C:{(R1~-~RM)€R¥:§:Rm:1} (6.38)

m=1

and the sum capacity Cnvac,sum = 1. We choose the forwarding function to be the sufficient
statistic: Usypr = (Usurp.1, Usurr.2) Where

USUFF,l =mnVy---Viymu (639)
USUFF,2 = hl Vv h2 eV th (640)

We observe that exactly as in the case of two users discussed before, uncoded transmission
performs well here, attaining a computation rate of Ky = % We compare this to the strategy
where the full information is forwarded to the destination from M’ relays. From Theorem 1
(and also Remark 1), it can be shown that the overall achievable rate is given by:

Csum, MAC
M = ’ I(X: Yy, hy- - Yy, by A1
RpurL (M) HY1 s Yar o) (X; Y7, by s b ) (6.41)

We choose M’ to maximize the overall sum transmission rate:

M' = arg max RryLL(m) (6.42)

Figure 6.6 compares the performance of the different schemes. We note that functional
forwarding is exactly optimal while full forwarding is highly suboptimal when the number of
relays becomes large. In this case, the total amount of CSI becomes exceedingly large, and
thus the MAC from the relays to the destination becomes the main bottleneck.

Figure 6.5. The binary network consider in Example 1 (continued), with M relays and
multiplying MAC

In Example 1, the sufficient statistic is perfectly matched with the MAC and forwarding
the sufficient statistic is optimal. In the next example, we show that even in the case where
the MAC is not perfectly matched with the sufficient statistic, forwarding the sufficient
statistic still gives a nontrivial gain over full forwarding.
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Achievable Rates for Binary Multiplying MAC, | = 2
T T T T

T
Functional Forwarding|

1.1] = # - Full Forwarding
- & - Decode and Forward
1f © Cut-Set Upper Bound

Rate (Bits)

.
4 5 6 7 9 10
Number of Relays (M)

Figure 6.6. Achievable rates for binary network with multiplying MAC with from Example 1
(continued). In this network, functional forwarding is exactly optimal.

Example 3.

Consider the two-stage binary network where the MAC has inputs X, ,, € {0,...,4M — 1}
for all m =1, .., M and output Yyac = Z%Zl Xym + Z mod 4M where Z ~ B (%) This is
a symmetric MAC with capacity Cyac.sum = log(4M) — 1. As in Example 2, we choose the
forwarding function to be the sufficient statistics Usypr = (Usurr.a, Usurr.2) given by Equation
(6.39). Let V} = an‘le Y,, mod 4M and V5 = Z%:l hm mod 4M. Since Usypp.1, Usurr.o
can be recovered from (V4, V3), we use the linear the computation code developed in [27] to
send (V7, V3) at computation rate kK = % In Figure 6.7, we compare the performance
of different relaying strategies when the MAC has matched bandwidth (¢ = 1). We find that

functional forwarding outperforms other strategies for M > 2 and is optimal for M > 4.

6.2.6 Multi-User Example

The previous examples consisted of single user networks. Here, we consider the effect of
functional forwarding in the two stage binary network with two users and M relays (see
Figure 6.8). At time ¢, each user transmits X;[i] € {0,1} for j = 1,2 and the relays observe:

Yinli] = hina[1] X1[i] @ hum2[i] Xa[i] (6.43)

where hy, 1, hupo ~ 1d.d B(%) The relays use a computation code to send the forwarding
function to the destination. We consider a binary XOR MAC with inputs X, ,, € {0,1}
for all m = 1,..., M and output Yysc = &M X, ,,. This is a symmetric MAC with capacity
Cymacsum = 1. We assume a bandwidth expansion ¢ = 4. The forwarding function U =
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Achievable Rates for Mod 4M Adder, | = 1

FIER R R P T

Rate (Bits)

Functional Forwarding|
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2 4 6 8 10
Number of Relays (M)

Figure 6.7. Achievable rates for binary network with mod 4M adder MAC from Example 3. In
this case, functional forwarding is optimal when the number of relays is greater than 3.

(U1, Usy) is chosen as follows:

U, =H"Y (6.44
U, =H'H

where H is the channel matrix and Y = [y, y2] consists of the relay observations. We note
that all operations are over the binary field. Using uncoded transmission, an achievable
computation rate for the forwarding function is ky = 0.2. Using Theorem 1, the achievable
sum rate with functional forwarding is given by

R = 0.8E [rank (H"H)] (6.46)

Figure 6.9 shows the performance of different relaying schemes. We observe that although
the considered version of functional forwarding is not optimal it outperforms full forwarding
when there are three or more relays.

6.3 Extension to a Gaussian Network

In this section, we examine the performance of functional forwarding in a Gaussian Network
(see Figure 6.10). We first describe the Gaussian channel model then show that functional
forwarding can be much more efficient than full forwarding.
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wi~E

s

Figure 6.8: Two user binary network with binary OR MAC

6.3.1 Channel Model

We consider the two-stage Gaussian relay network that consists of a fading broadcast channel
followed by a non-fading multiple-access channel (see Figure 6.10). The source chooses a
message w uniformly from the set W = {1,2, ...,Q"R} and encodes into into a length n
codeword x:

Em W — R (6.47)

We assume the typical power constraint is satisfied at the source:
I .
- > " 2?[i] < SNR, (6.48)
i=1

At time 7, the source transmits z[i| and relay m observes:
Ymli] = hali]x[i] + 2 [7] (6.49)

The fading coefficients are drawn independently from a Gaussian distribution: h,,[é] i.i.d

~ N(0,1) and {z,,[i]}, is a white Gaussian process with unit variance. The fading coefficient
hpm|i] is assumed to be known at relay m but unknown at the destination as well as at the
other relays. We assume ¢ uses of the MAC are allowed per use of the broadcast channel
and find it interesting to consider the case of a bandwidth expansion. Relay m encodes its
observation ¥, and channel state information A}, into a length ¢n codeword xf,"m

R : R" x R" — R™ (6.50)

We assume a power constraint of SNR,. at the relays:

In

1

o > a7, [i] < SNR, (6.51)
=1
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Figure 6.9. Achievable sum-rate for two-user binary network with binary XOR MAC, ¢ = 4.
Functional forwarding outperforms full forwarding in this case.

At time ¢, relay m transmits signal x,,,[i] to the destination. The destination observes a
linear sum of the relay transmissions with additive white Gaussian noise:

Ymac [Z] = Z Trm [Z] + Zmac [Z], (6.52)

where {zuacli]}; is a Gaussian process with unit variance. The destination decodes the
message:

D:R"™ W (6.53)
W = D(yxiac)- (6.54)

We require that the message be reliably recovered:
Pr(w#w) <e (6.55)

for all € > 0 for n large.

6.3.2 Forwarding Function

Let y = [y1 -+ ym|T represent the vector of relay observations, h = [h; -+ hy|T be the

vector of the channel state information and z = [z -+ 2|7 be the vector of noise noise. It
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Figure 6.10: Single User Gaussian Network

follows that:
y=hzr+z (6.56)

A sufficient statistic can be formed by projecting the relays’ received signal onto the direction
of the fading vector:
h”y = ||h|*z + 2 (6.57)

where Z ~ N (0, ||h||>N). This reduces the broadcast channel to a point-to-point Gaussian
channel with fading coefficient ||h||?. We observe that (hTy, ||h|[?) is the sufficient statistic for
the transmitted signal given the relay outputs and fading coefficients and have the following
Markov Chain:

v = (y,h) — (by, [ (6.58)

The vector of channel state information h is not needed to decode the transmitted signal
but rather its norm ||h||? is sufficient. Given fading coefficients h and relay observations y,
we select the forwarding function to be the sufficient statistic:

U=hly (6.59)
V = ||h|? (6.60)

The relays use a computation code to first send U and then V' across the multiple access
channel to the destination. Note that U is linear in h,,y,, and V is linear in h2 . Recently,
it was shown in [27] that lattice codes can efficiently compute linear functions of Gaussian

random variables over the Gaussian MAC. Our computation code is a modified version of
that in [27].

6.3.3 Achievable Rates

The following theorem gives the achievable rate for the Gaussian network using functional
forwarding.
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Theorem 6.7. Consider the Gaussian, two-stage relay channel with a bandwidth expansion
of L. For any l1,0y € Z, such that {1 + {5 = {, the following rate is achievable

V2SNR,
log | 1+ - AS ~ (6.61)
E[(V = V)2|[VISNRs + V + D,
where V. = E[V|V + Z], V is Chi-Squared with M degrees of freedom and Z is zero-mean
Gaussian with variance Dy given by

1
R=-E
2

£y
Dy = (25NR, + 1) ( SIJR ) (6.62)

and the constant Dy is given by

1 \“
Dy =2 (SNR ) (6.63)

In the case where ¢; = {5 = 1, our computation code involves only amplify and forward.
In general, we use a modified version of the scheme from [27] that uses lattice codes from
[16, 17]. The proof is given in Appendix G. In the following Corollary, we provide a lower
bound on the achievable rate.

Corollary 6.8. The functional forwarding achievable rate for the Gaussian two-stage net-
work from Theorem 6.7 can be lower bounded as follows

2
R> %E {log (DlsN‘lgsstN]I\Zs n Dz)} -1 (6.64)
(6.65)

where V' 1s Chi-Squared with M degrees of freedom and the constants:

1 \"
Dy = (2SNR; + 1) (SNRT) (6.66)
1\
Dy =2 (SNRT) (6.67)
Proof. Form Theorem 6.7, the achievable rate of the Gaussian Network is given by:

R=1E |log (1 + _ VPSNR, )] (6.68)

2 E[(V — V)2|[VISNRs; + V1 4+ D,

where V = E[V|V + Z], V is Chi-Squared with M degrees of freedom and Z is zero-mean
Gaussian with Dy given by

N \“
D; = (25NR, + 1) (SNR ) (6.69)
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and the constant D, is given by

1 \”
Dy =2 (SNRT) (6.70)
We further bound this mutual information as follows:
1] V2SNR, ]
R=-E|log |1+ — . (6.71)
2 | E[(V = V)2[VISNR, +V + D, / |
1] 2SNR ]
> —F |log [ 1+ - VAS - -1 (6.72)
2| E[(V = V)2 |[VISNR, +V + D, ] |
1] V2SNR,
> —E |log —— - -1 (6.73)
2| E[(V —V)?|V|SNR; + V + D,
1T V2SNR
> _E |l > -1 74
=20 (DlsNRS+M+D2>] (6.74)
]

In the next section, we compare the achievable rates for the different relaying techniques.

6.3.4 Example: Scaling Illustration

In this section, we characterize the performance of different relaying techniques when a large
number of relays is in the network. We compare the performance of functional forwarding
to full forwarding using compressed and forward at the relays and decode and forward (see
[94] for a description of compressed-and-forward and decode-and-forward). We parametrize
SNR;,, SNR, and ¢ with respect to the number of relays M as follows:

SNR, = ©(M*) (6.75)
SNR, = ©(1) (6.76)
¢ =0(M°) (6.77)

where «, 3 > 0'. We note that P., N are fixed to be constants and we assume that % > 1.
Our regime of interest represents a regime of high SNR and a large number of relay nodes.
It is well known that the presence of channel state information is crucial under high SNR.
We show that forwarding full channel state information is inefficient when there is a large
number of relays.

!The notation f(n) = ©(g(n)) means that there exist constants C,C’ > 0 such that f(n) < Cg(n) and
g(n) < C"f(n)
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From the standard cut-set bound [1, Theorem 14.10.1], the achievable rate for the Gaus-
sian network must satisfy the following inequalities:

R < min {E B log (1 + HhHQSNRS)} : glog (1+ M25NRT)}

<E B log (1 + HthSNRS)} (6.78)
< %log (1 + E[[h[?SNR.) (6.79)
< élog (1+ MSNR,) (6.80)
< %log(MMo‘) +0O(1)

= g o) (6.81)

We let Ryppgr denote an upper bound to the Gaussian network

(1+ )

RUPPER = log M + @(1) (682)

The achievable rate using decode and forward is given by
1
Rpgcope = E 3 log (1 + [|h1*SNR) (6.83)

We define rpgcopg to be the ratio of Rpgcopg and Ryppgr in our scaling regime of interest:

_ ... Pprcopr
TDECODE = NIIIEIOO P— (6.84)

From Equations (6.82), (6.83), it follows that:

Llog(M*) + (1)

< 1

TDECODE < Nlllgloo (Hg—a) log M + 6(1) (6.85)
«

= 6.86

1+« ( )

Compared to the upper bound, we note that the decode and forward rate is suboptimal.
This suggest that it is important for the destination to know the channel state information
and relay observations from multiple relays before recovering the user’s message.
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Using the rate of functional forwarding given in Theorem 2, we evaluate the performance
of functional forwarding compared against the upper bound as follows:

i RruncrioN
TFUNCTION = UM —/——————
M—oo  Ruyppger

1] MM ) (1
5 108 (Ma(%)AIB—I—M) ( )
19 Jog M+ ©(1)

=1

We note that functional forwarding is optimal in our regime of interest. Finally, we compare
the performance of full forwarding as a function of the upper bound. Using compress and
forward to send the fading coefficients and relay observations individually, it can be shown
that

RFULL

TFULL — hm
M—oo RyppgR

min {2, ﬁJ’To‘} log M + ©(1)

19 1o M + O(1)
.{ ﬁ+a}
=minq1l, ——
1+

The scaling results are summarized in Table 6.1 and displayed in Figure 11. We note that
functional forwarding is optimal in our scaling regime of interest while full forwarding is
suboptimal when the MAC does not have enough bandwidth (in the case where g < 1). In
this regime, there are M fading coefficients to be sent over the MAC but only M* channel
uses. Since sending multiple coefficients at once causes interference, full forwarding allows
only M# of the relays to send their information.

R

Table 6.1: Scaling results r = for Single User Gaussian Network

RupPER
Functional Forwarding 1
Full Forwarding min {1, %
Decode and Forward Tra

6.4 Conclusion

We propose a framework to forward a function of the channel state information for the
two-stage fading network. We applied our framework to a series of examples and showed
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Figure 6.11. Achievable rates as a fraction of the upper bound for various relaying schemes for
the Gaussian Network in Figure 6.10

that functional forwarding of channel state information can be much more efficient than full
forwarding.
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Chapter 7

Conclusion

In this thesis, we demonstrated the role of structured codes in information theory and
focused on three MIMO and network settings. First, while considering a MIMO channel,
it was shown that structured lattice codes can improve linear receiver design. Traditional
linear receivers recover the individual data streams transmitted across the MIMO channel.
Although these types of architectures are low in complexity, they experience a high perfor-
mance loss compared to the theoretically optimal joint receiver. To bridge this performance
gap, the proposed integer-forcing linear receiver instead recovers linear equations of the data
streams. Standard random coding arguments are insufficient since equations of data streams
are recovered, and lattice codes are used for their algebraic structure. The proposed receiver
architecture achieves much better performance than traditional linear receivers at the cost
of only slightly higher complexity. Second, we leveraged lattice codes to connect problems
of computation over wireless networks to those of computation across wireline networks.
By using lattice codes for both source quantization and source coding, the wireless network
problem is converted into a deterministic wireline network problem. Tools from computation
over wireline networks can then be applied. As a result, we characterized the distortion for
transmitting the sum of Gaussian sources across a class of wireless relay-networks to within
a constant gap of the optimal distortion. Finally, lattice codes can be used to transmit a
function of the channel state information in relay networks where only partial channel state
information is available. This is shown to be much more efficient than transmitting the full
channel state information.

It is known that lattice codes achieve the optimal performance in many point-to-point
settings and provide non-trivial gains over standard random codes in many network settings.
This thesis further highlights the advantages of lattice codes through three network scenarios.
A natural question that arises is the development of algebraically structured codes beyond
lattice codes and their application to wireless network scenarios. Currently, lattice codes with
similar encoding and decoding constructions are applied universally across many network
settings. Although they are shown to be advantageous over random codes in many network
scenarios, their optimality still remains to be proven for most cases. An interesting direction
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for future research would be the development of algebraically structured codes specifically
suited for particular network scenarios. Furthermore, the formal definition of a structured
code and a random code remain to be determined. An interesting question would be to
characterize the difference between the two and categorize problems based on the type of
coding needed.
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Appendix A

Integer-Forcing vs. V-Blast IV

Recall that V-BLAST II performs decoding in the optimal order and V-BLAST III allows
for rate allocation. In this appendix, we introduce V-BLAST IV, which allows for both rate
allocation and an optimized decoding order. Under V-BLAST IV, the data streams are
decoded with respect to the ordering

7" = argmax, cry min 2M R, (H). (A.1)

where Rr(m)(H) is given by (3.6). We compare the behavior of V-BLAST IV to that of the
integer-forcing linear receiver in Figures A.1, A.2, A.3. The results show although V-BLAST
IV achieves good performance for low to medium SNR, the integer-forcing linear achieves
higher outage rates and lower outage probabilities in the medium to high SNR regime.
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Figure A.1. 1 percent outage rates for the 2 x 2 complex-valued MIMO channel with
Rayleigh fading.
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Appendix B

Proof of Theorem 2.21

In order to establish Theorem 2.21, we need a few key facts about lattices.

Definition B.1 (Lattice). A lattice A C R?*M is a set of points that satisfy the following
properties:

i)0eA (B.1)
i) if x,y € A then x+y € A. (B.2)

We call the rank-L matrix G a generator matrix for A if
A={Gd:d ez} (B.3)
We use the definition of dual lattices from [95].

Definition B.2 (Dual Lattice). Given a lattice A C R** with a rank-L generator matrix
G, the dual lattice A* has generator matrix (GT)T,

N ={(G")'d:dez} . (B.4)

To prove Theorem 2.21, we consider successive minima for the involved lattices, a stan-
dard concept from the Diophantine approximation literature (see e.g. [64, 96, 97]), defined
as follows.

Definition B.3 (Successive Minima). Let B = {x € R* : ||x|| < 1} be the unit ball. Given
alattice A C R?*M with a rank-L generator matrix, the m™ successive minimum e,,(A) where
1 <m < L is given by

€m(A) = {mine : 3 m linearly independent lattice points vy,...,v,, € A NeB}

Remark B.4. Definition B.3 implies that €;(A) < ea(A) < -+ < e (A) for any lattice A.
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The following basic property linking the successive minima of a lattice with those of its
dual lattice is key to our proof.

Lemma B.5 ([95, Proposition 3.3]). Let A C R*™ be an arbitrary lattice with a rank-L
generator matriz and N* be its dual lattice. The successive minima for A and A* satisfy the
following inequality:

m2(m + 3)

aA)dm) < 0

form=1,2,..., L. (B.5)

Finally, we also need the following result concerning a random Gaussian lattice.

Lemma B.6 ([98, Lemma 3]). Let H € R*N*2M e the real-valued decomposition of a N x M
complexr Gaussian matrix with i.i.d. Rayleigh entries. Let A = {Hd :d € ZzM} be the lattice
generated by H. Then

sV, M < N,

Pr(el(A) < 3) = {582N max{—(ln S)N+1, 1}’ M = N.

where v and & are constants independent of s.

We now provide the proof of Theorem 2.21. Let R = rlog SNR be the target rate where
r € [0, M]. For a fixed set of equations A = [a;,- -, asy/]” and a fixed preprocessing matrix
B = [by, -+ ,bay]?, the outage probability is given by

pour(r,A,B) =Pr <R(H, A B) <rlog SNR)

r
=P i H b — 1 NR
r<mninR( , A, m)<2M 0gS )

— Pr (max [byul|? + SNR||Hb,, — a,, || > SNRl—&)

For a fixed set of equations A, we are free to choose any projection matrix B, resulting
in the following bound:

pour(r, A) = mBiHPOUT(T, A, B)
< pour(r, A, AHT)

- Pr (max H(HT)TamH2 > SNRl_ﬁ)
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We then choose the best set of full-rank equations by optimizing (B.6) over all integer

matrices A € Z2M>*2M with non-zero determinant:
pour(r) = A:r&i‘I;OPOUT(Ta A) (B.6)
2 T
< min Pr (max H (HT)TamH > SNRl_M) (B.7)
A:|A|>0 m
2 T
=Pr ( min max H(HT)TamH > SNRl_M) (B.8)
A:JA|>0 m

We use properties of dual lattices to bound (B.8). For a fixed H, let Acganngr be the
lattice generated by H and Apyar, be the dual lattice generated by (HT)T,

ACHANNEL = {Hd :d e Z2M} (Bg)
ADUAL = {(HT)TC] :d S Z2M} . (BlO)

Using the definition of successive minima (Definition B.3), it follows that

| Do -
Aﬁ}f;(]m,,%XH(H ) an m:r{}§>§2M€m(ADUAL) (B.11)
= éan (ApuaL) - (B.12)

We now express (B.8) in terms of the successive minima of Apyar,

2 .
pour(r) < Pr (A%I;Omn%x H (HT)TamH > SNRl_V> (B.13)
— Pr (egM(ADUAL) > SNRl—ﬁ) (B.14)

Using Lemma B.5, we can bound the successive minima of Apyar, in terms of the successive
minima of ACHANNEL>

2M3 + 3M?
(Apuar) € (B.15)
€1 (ACHANNEL)
Combining (B.14) and (B.15), the outage probability is upper bounded by
2M3 + 3M? -
pOUT(T) < Pr (—2 + > SNRI_W) (B16)
€] (ACHANNEL)
2M3 + 3M?
= Pr <€%(ACHANNEL) < W) (Bl?)
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This probability can in turn be upper bounded using Lemma B.6. For large SNR, we find
that

max {, 0} (2M3 4 3M2)N (In SNR)V
SNRN(1-77) '

pout(r) <

where ~, § are constants independent of SNR. The achievable diversity for multiplexing gain
r is thus

. —logpour(r)
) = gim ——sNrR (B-18)
N (1—=)SNR  o(SNR)
> M — .
Z ol SNR SNR (B-19)
T
- N (1 - M) (B.20)
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Appendix C
Proof of Theorem 5.17

We fix a broadcast network Nppr.se with nodes € and communication demands P. We
assume that the linear time invariant code {K;}, ., achieves the rate tuple (Ry,--- R;). For
clarity purposes, we use the notation Ny g to denote the source node, Nyc p,,-- ., Nge,p,,
denote the m destination nodes and N; for ¢ = 1,...,r to denote the r relay nodes. Let
Gye be the overall transfer function for the broadcast network Npprpe from the input of
the source node Nyc g to the output of the destination nodes Ngc p,, ..., Nge,p,,- Since
Xse.p, = 0, it follows that

Gpo = [ch,S,Dl e 'ch,S,Dm]T (C-l)

where Gye g p, is the transfer function from node Nyc g to node Ny p,. Let Mpgraac be the
dual multiple-access channel with source nodes Nyacs,, - Nuac,s,, and destination node
Nuac.p- We assume that Nyae applies the linear time invariant code {Kgp}Z o’ Let Gyac
be the overall transfer function for the dual multiple-access network from source nodes
Nuac.s1s- - - s Nuac,s,, to the destination node Nyacp. Since Yyacs, = 0 for all i, it fol-
lows that

GMAC = [GMAQSl,D t 'GMAC,Sm,D]T (CQ)

where Gyac,s,,p is the transfer function from Ny,c s, to the destination node Nyacp. We
show that GL, = Gyac. From (C.1) and (C.2), it is sufficient to show that GT. g, =

Guacos;,p for all i =1,...,m. From [76], the transfer function Gg¢ g p, is given by
~1
HBC,l,lKl e HBC,T’,IKT’ HBC,S,l
GBC,S,DZ- - [HBC,l,DiKl te HBc,r,DiKr] I—
HBC,l,rKl T HBC,T,TKT HBC,S,T
(C.3)

(C.4)
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and the transfer function Gyac.s; p is given by

HMAC,LlKlT e HMAC,T,quT
GMAQSi,D - [HMAC,I,DK,iT e 'HMAc,q,DKTT] I—
HMAC,LTK? e HMAc,r,rKTT
HMAC7S,L-,1
+ HMAC,SZ-,D
HMAC,SZ',T

We note that

HMAC,SZ',D = HIZC,S,DZ- foralli=1---m

HMAC,SZ-,j:HT foralli=1---m,j=1---r

BC,7,D;
Huscij = Hpo,;i  foralli=1--rj=1---r
Hysejp=Hi,g; forall j=1---r
Hence, we can rewrite
ch,LlK;f T ngl,rKr:’F
Guac,s:,D = [ch,S7lK{ " ‘ch,s,rKﬂ I— : :
ch,r,lK? T ch,r,rKg
ngl,Di
: + ch,S,Di
HgC,T,DZ‘
Taking the transpose of Ggc g p,, we have that
ch,S,Di = [HBC,LDZ' e 'HBc,q,Di]
KlHBc,Ll o KIHBC,q,l - KlHBQl,S
I— + HBQS,D,L-
KqHBC,l,q ot KqHBC,q,q KqHBC,q,S

We define the matrices Hg, Hp, H, K as follows:

Hs=[Hl g1 - - His", Hp=[Hsc1p.. Hucgpn)
HBC,Ll Tt HBc,q,l
H= : : , K=diag (Ky,...,K,)

HBcvl,q HBC,q,q

133

(C.11)

(C.12)

(C.13)
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Using the notation in (C.13), (C.5) and (C.12) can be rewritten as follows

Griac,s,,p = HHK(I — HK) 'Hg + Hyc 5,0, (C.14)
ch,S,Di = Hg(I - KH)_IKHS + HBC,S,DZ- (C.15)

From simple linear algebra, it can be shown that K(I — HK)™! = (I - KH)'K. Hence,
GMAC,SZ-,D = ch,S,Di‘

Let Kg be the preprocessing matrix and Kp, - - - Kp, be the postprocessing matrices for
Nogrse. The end-to-end transfer function to destinations D ... D,, are given by Guc, engoena =
K% p, - Kip, |"GucKs. By assumption, rates Ry, --- R, are achievable for Npgrpe. By
using the same linear code (with matrix transpose), the end-to-end transfer function for
Nograac 18 given by

GMAC, end-end — KgGMAc [K§7Di o K§7DM]T (C.lﬁ)
=KLGL [Ksp, . . Ksp,] (C.17)
= GaAC, end-end (018)

Since we want to compute ¢ functions under demands Q = P, computation rates Ry, -+, R,
are achievable.
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Appendix D

Proof of Theorem 5.27

We first show that cut-set is universally tight for communication demands:

Pl e = {3 UL oomY 0= 13Ul om) {6 m}) for€=2,...,m
(D.1)

Pricure = {{1}.{2},.... {m}} (D.2)

Prinrs = {{1,3,....m} ,{2,3,....m},{1,2,3,...,m}} (D.3)

The proof for PQ;HTJ,PTIGHTQ are given in [71, Theorem 10]. In the case where m = 2,
demands Prgur,s corresponds to the two-user broadcast network with a common message.
The tightness of cut-set for this case has been shown. For m > 2, the additional users desire

to recover all the messages. The proof Pricur,s when m > 2 follows along the same lines as
that P

TIGHT,1*
We now show that cut-set is not universally tight for all other communication demands
outside of those given in (D.1) - (D.3). We first state Lemma D.1, which provides three

communication demands for which cut-set is not universally tight.

Lemma D.1. The cut-set bound is not universally tight for the communication demands:

PNOT-TIGHT,I = {{17 27 3} ) {3}} (D4)
PNOT—TIGHT,Q - {{17 2} 5 {3}} (D'5)
Prormenrs = {{1,2},{2,3},{1,3}} (D.6)

Proof. We provide broadcast channel examples for each communication demand and show
that cut-set is not achievable in each example.
Consider the broadcast channel with source S and destinations Dy, Dy, D3 and channel
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matrices:
Hsp, =[1 0] (D.7)
Hsp,=[0 1] (D.8)
1 1
o [0 DY

We show that under communication demand Pyor.ricur,1, the rate Ry = 1, Ry = 1 is not
achievable. We use a slightly modified version of the proof in [80]. We have the following
set of inequalities:

nRylogp = H(W) (D.10)
_ H(Wy) — HOWYY) + H(WYD) (D.11)
= I(Wy; Y1") + H(WA[YY") (D.12)
@ [(Wi; Y + ne (D.13)
< HOY) — HOP|W) + ne (D.14)
< nlogp — H(Y"|W}) + ne (D.15)

where (a) follows by Fano’s inequality. Along the same lines as the above, it can be shown
that

nRilogp < nlogp — H(YJ|W1) + ne (D.16)
We have the following set of inequalities

nRylogp = H(Ws)
= H(W»|Wh)
= H(Wy|W1) — H(Wa|Y3", Wh) + H(Wa|Y3', Wh)
= I(W; Y5'|Wh) + H(Wa|Yy*, Wh)

(D.17)

(D.18)

(D.19)

(D.20)

@ [(Wa; Y2 W) + ne (D.21)
= I(Wo; Y', Y3, Y3 W) + ne (D.22)
= Hm%“,i@ﬂwn + H(Y", Y5, Y5 Wi, Wa) + ne (D.23)
& HYP, Y3, Y3 Wh) + ne (D.24)
(D.25)

(D.26)

(D.27)

(}/1 71/2 ‘Wl)—i_H(YE’) |Y1 7}/2 7W1)+n€

H
H(Y{L,Y [W1) + ne
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where (a) follows by Fano’s inequality, (b) follows by since the channel is deterministic, (c)
follows since Y3" is a deterministic function of Y7, Y3*. Combining (D.15), (D.16), and (D.27),
it follows that

nRy <n —nRy +n—nR; + ne (D.28)

Hence, we have the condition 2R; + Ry < 2 and the rate Ry = 1, Ry = 1 is not achievable.
We consider the broadcast channel with source S and destinations Dy, Dy, D3 and channel
matrices given by

Hgp, =[1 0] (D.29)
Hsp,=[0 1] (D.30)
Hsp,=[1 1] (D.31)

Along the same lines as that for the previous example, it can be shown that under
communication demand Pyor.riaur 2, the rates Ry = 1, Ry = 1 are not achievable.
Consider the broadcast channel with 3 destinations, no relays, and channel matrices:

1 0 0]

Hsp, = | o 1 ¢ (D.32)
[0 1 0:

Hsp, = 00 1 (D.33)
:1 0 1:

Hsp,=| o | o (D.34)

We show that the cut-set bound is not tight under communication demand Pyor.micur,3-
It can be easily shown that rates Ry = 1, Ry, = 1, R3 = 1 is not achievable. We have the
following set of inequalities:

n(R1 + RQ) logp = H(Wl, Wg) (D35)
= ](Wl,WQ;YYL) +H(W1,W2‘}/1n) (D36)
(a)
< [(Wl,Wg;Yin) + ne, (D37)
< HY) — 1YWy, W) + ne, (D.38)
< 2nlogp — H(Y{'|W1, W2) + ne, (D.39)

where (a) follows by Fano’s inequality. Similarly, it can be shown that

n(Ry + R3)logp < 2nlogp — H(Y3'|Wa, W3) + ne, (D.40)
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By applying Fano’s inequality, it can be shown that

nRy = H(Ws) (D.41)
— H(Ws| Wy, W) (D.42)

= I(Ws; Y3 [Wa, Wh) + H(Ws|Y5", Wa, W) (D.43)

< (Wy: Y2 [ Wa, Wh) + ne (D.44)

< I(Wa Y, Y5, Y3 (W, Wa) (D.45)

= H(Y{", Y5, Y5 Wi, Wa) — H(Y(", Y3", V3! (Wi, Wa, Ws) (D.46)

= H(Y", Yy", Y5' Wy, Wa) (D.47)

= H(Y\", Y3 Wi, Wa) + H (Y [Wy, W, YT", Y5') (D.48)

= H(Y], Y] Wy, Wa) (D.49)
H(Y”|W1,W2) + H(YS |Wh, Wa) ( )
2n —n(Ry + Ry) 4+ 2n — n(Ry + Ry) (D.51)

IA A

where the last step follows by (D.35), (D.40). Hence, we have the resulting condition:
R+ 2Ry + 2R3 <4 (D52)
and note that (1,1, 1) is not achievable. O

We now show that all other communication demands outside of Piﬂmm, Pricur,2; Pricur,3
contain one of the demands Lemma D.1 as a sub-demand. This can easily shown by exhaus-
tive search in the case where m = 3. We consider the number of users m > 4.

For a given m € N, we let M = {1,...,m} and 7 (M) denote it’s power set minus the
null element (). We define the following sets:

Om =T (T(M)) (D.53)
={P € 0,, : Pxor-ticur,; for any i = 1,2, 3 is equiv. to or is a sub-demand of P}
(D.54)

v, = {77 € 0,, : P is equiv. to or is a sub-demand of 7>§?GHT71, Pricur 2, PTIGHT,;),} (D.55)

We observe that ©,, is the set of all communication demands for m users. The goal is
show that ©,,, can be partitioned into ®,, and ¥,,. It is sufficient to show that ¢,,UV,, = O,,
and ®,, NV¥,, = (). It can be easily shown that ®,, " ¥,, = (), and we focus on showing that
o C W,,. We define the sets T, to be a subset of O,, where the number of messages is ¢:

T, ={P €O, : [P =10} (D.56)

There are 2™ — 1 elements in T;. It can be easily seen that each element in T; belongs to
W,,. We consider the set T9. We search exhaustively and eliminate the set of demands that
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contain Pyox.ricur, 1, Prxonmicnr2 8 & sub-demand. We find that the following non-equivalent
demands are in To N P¢ :

Ponj={{1}U{3,...,5}. {2} U{3,...,j}} forj=2....m (D.57)
Poo; ={{1,2} U{3,...,j}, {2} U{3,...,4}} forj=2,...,m (D.58)
We consider T3. To find the demands in this set that is in ®¢ , we need only consider

P € T3 such that Py or Pay; is a sub-set of P. The resulting non-equivalent message
demands in T3 N ¢, are

Pory = {1} U{3,..., 5} {2} U{3, ... 5}, {12} U{3,....j}} forj=3,....m (D.59)
Pyoy = {1} U{4, ..., j} {2 U{4, ... 5}, {3} U{4,....j}} forj=3,....m (D.60)

Pass = ({13} U {4, ..}, {23 U4, 1. {3} U{4,...,j}} forj=4,....m
(D.61)

We consider T4. To find the demands in this set that is in ®¢ , we need only consider
P € T4 such that Ps;;, P32, or Pss; is a sub-set of P. The resulting non-equivalent

message demands in T, N ®¢ are given by:

Pary = {{1YUL5, .5y, {4 U5, )} forj=4,... .k (D.62)
Pros = LA U5, .. 3}, {3,4YU {5, ... j} {4YU {5, ... jWfor j=4,...k
(D.63)

Using induction on ¢ for £ > 4, it can be shown that the resulting configurations in T, N ®¢,
are given by

Py ={{1yu{l+1,....5},....{yu{l+1,....5}} forj=¢ ..k (D.64)
Proj={{L,3U{+1,....5},... . {{—-1,000{l+1,....5} . {(Fu{l+1,....5}}

(D.65)

forj=4¢,...,m (D.66)

We observe that Y, N ®¢ C W, for each £. Since U, T, = 60,, and T,NYyp =0 for all £ £ ',
it can be concluded that ¢ C W¥,,.
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Appendix E

Proof of Theorem 5.35

For a fixed cut ' C Q of the network Ngaussaac, we let Up = {U; VieT}, Xp =
{X;Viel}and Yr ={Y; VieTl}.

Definition E.1 (Rate Distortion Function). For a given cut I' C Q, the rate distortion
function Rr(-) is defined as follows:

Rr(D)= min. I(Up; V|Upe) (E.1)
p(V|Ua):E[(V-V)?|Ur|<D

Remark E.2. Rp(-) is non increasing and convex (see Lemma 10.4.1 in [1]).
Theorem E.3. Consider transmitting the sum of m Gaussian sources with variance o>

across Noavssuac- If there exists source encoders {&;,},_| Vi € Q satisfying power constraint
SNR and a decoder G that achieves distortion D, then the following must be satisfied:

Rr(D) < CEAYSSMAC for all T C (E.2)

(/GAUSS-MAC
T

where Rr(-) is given in Definition E.1 and 15 giwen in Definition 5.28.

Proof. For a given cut I', we form two super nodes: Nr = {N;},., and Npe = {N;}, . and
assume Np knows the information {Ur;}| = {U;; ¥V ¢ € I'}] and Nre knows the information
{Ure;}] ={Ui; Vi € I'}]_,. The encoders for node Nr and Nre are given by {€r};_, and
{Ere s}, where

Xrp = Er ({Ur 30 (Yo 3071) for t=1,...,n (E.3)
Xrey = Erys({Ure )} Ve ;3071 for t=1,...,n (E.4)

. . . ok k n
The decoder for Nr. is given by G and produces an estimate {V;}, = G({Ure;};, {Yre,;};)
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for the sum {Vj}lf where V; = > U; ;. We bound the mutual information as follows:

IO Vi {Ure 335 < TQUR Y V] {0 3) (E.5)
I Ur g} s (Ve 1 VY0 (U}

(E.6)

< T(Ur Y (Vi Yy AV 0 U 5} (E.7)

< T{Ur 3y (Ve 337 1{Ure 1) (E.8)

+ T{U A V| Ve U
(E.9)

Ak
We have the Markov chain: {Up,j}]f — ({Yre}] , {Urc}]) — {V;}, since

~ k n ~ Lk n
{Vi}, = g({UFCJ}f,{ch,j}l). Hence, I({Unj}’f;{‘/}}l\ {Yre ;1) ,{Upc,j}f) = 0 and (E.9)
becomes

IO IV {Ure 1) < TR e 1 | {Ure 1) (B.10)

> I{Ura}y s Yeed {Ure i3y {¥re 3070 (E.11)
t=1

H (Yre o {Upe 37 AV 3070 (E.12)

I
M=

t=1

— H(Yre | {Ur ;¥ {Ure ;35 {Vre ;3071

(E.13)

Using the fact that Xre, is a deterministic function of {Ur‘c’j}lf AYre i_l, we have that

H(YFC¢| {UFCJ'}]f y {YFC,j tl_l) == H(YFC,T,‘ {UFC,j}]f 5 {YFC,j}i_l ,Xl"cﬂg) (E14)
< H(Yie | Xres) (E.15)

Using the fact that conditioning reduces entropy, it follows that

H(Yre, (Ur 8 AUre ¥ {Yre 3o, Xpey, Xr)

(E.16)

{Ur 35 AUre 35 {Yre 1) > H(Yre,

Using the fact that Yr.; depends only on the current symbol Xre:, Xr¢, (E.16) becomes

H(Yre | {Ur ;35 {Upe ;35 {Vre 30 Xpey, X)) = H(Yre,

XFC,t7XF,t) (El?)
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Combining (E.13), (E.15), (E.16), (E.17), we have that

~ k "
T{Ue 1 AV H{Ure ) < D H(Veu | Xres) = H(Yred| Xrg, Xrey) (E-18)
t=1
= Z I(Xl"7t; YFc’t XFC,t) (Elg)
t=1
After introducing a time-sharing variable @) distributed uniformly on {1,...,n}, it can be

shown that (E.19) becomes

~ k n
T{Ur Vit [ {Ure i 30) <0 I(Xps Yee | Xre ) (E.20)
t=1
S nI(XnQ;ch,Q\ch,Q) (E21)
1 n
=n— > I(Xrg; YieolXre0,Q = 1) (E.22)
t=1

nl(Xr,q; Yre | Xre,, Q) (E.23)
WH (Yre o] Xreo, Q) — nH (Ve 0| Xr.0, Xreo, Q) (E.24)
(E.25)
(E.26)

< nH (Yre gl Xre,q) — nH(Yre g| X0, Xre g, Q)
= nH(ch,Q\ch,Q) — nH(YFQQ\Xp’Q, XFC,Q)

Since U, 1, ... U, is an i.i.d sequence, the left hand side of (E.26) can be shown to be
k. ik ky k k k ki k

I{Ur;}y i {Vih [{Ure;30) = H{Ur i}y [{Ure 1)) — H{Ur 3, [{Ure 3y {Vi})  (E.27)
k

=Y H(Ur [ {Ur;} " U (E.28)
t=1

_ ~ K
— H(Ury {Ur 1y U}y AV ) (E:29)

k
B ~ _k
= " H(Ur|Ures) = H(Ur| {Ur; 3" AUre ;35 {Vi},) (E.30)

t=1
> H(Ur|Ure) = H(Up|Ury, Urey, Vi) (E.31)
t=1
k A
> " I(Ury; Vil Ure,) (E.32)
t=1

Using rate distortion function in definition E.1, the fact that it is non-increasing and convex,
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it follows that

k k
> 1WUrs VilUres) 2 ) Re(E[(V; = Vi)*|Ure,) (E.33)
t=1 t=1 L A
> KRy (z > v~ vt>2|Upc,t]> (E.34)
> kRp(D) i (E.35)
The result follows by combining (E.26), (E.32), (E.35). O

We now evaluate the expression in rate distortion function in definition (E.1). First, we
show that we can relax the constraint set to all the set of all V that are jointly Gaussian
with Uq. Let V be a random variable and let VG be a Gaussian random variance with the
same covariance structure as V. Define the vector [i, Bi1s - - Birej] such that

[aia ﬁi,la ey ﬁi,u—‘c\] = LLSE[UZ“A/Ga UFC] (E36)

for all 7 € I". It follows that

[(UF; W0|Upc) = h(UﬂUpc) - h(UF|Wg, Upc) (E37)
||
= h(UF|UFc) —h Uz - OéiVG - Z 52'7]'[]]' Vie FC|UFC, VG (E38)
j=1
@ A !
= WUr|Ure) = h | Ui — aiVe = Y BiU; Viel® (E.39)
j=1
®) o
S h(UF|UFc) —h UZ —aiV—ZﬁmUj Viel* (E40)
j=1
A~ ‘FC‘ A
< h(Ur|Ure) = b | Uy — aiVe = Y BijU; Vi € T\Ue, V (E.41)
j=1
= h(Ur|Ure) = h(Up|Ure, V) (E.42)
= I(Up; V|Upe) (E.43)

We first justify (a). Since U; — a;Ve — ‘]Fj ;.;U; is independent of Vg, Ur for all ¢« € T and

they are jointly Gaussian, we have that any linear combination of Ui—aiVG—Z‘jl:i Bi;U; Vi€

I' is independent of Vg, Ure. Hence, Ui—aiVG—Z‘m Bi;U; Vi € I'is independent of V. The

J=1
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inequality in (b) follows since V and Vg have the same covariance structure and Gaussian
maximizes entropy.

We rewrite V = Zief‘ o; U + Zierc a;U; +vZ where Z ~ N(0,1) is independent of Ug,.
The rate distortion function can be rewritten as:

Rr(D) = min I | Ur; U + o U + v Z|Urpe E.44
(D) i mUF]gD(FZ“ 2 7|r>( )

]E[(V_Ziel" aiUi+> 2 ere @iUi+vZ iel ieTe

Using the independent of Uy, ..., U,,, Z, the mutual information in (F.44) is given by

I(Ur; Z o U + Z ;Ui + v Z|Ure) = h(z o U; + Z o;U; + v Z|Ure) (E.45)
i€l i€re i€l i€re
—h() Ui+ Ui +vZ|Uq)
ier iere
(E.46)
= h(>_ il + 7 Z|Ure) — h(vZ|Ug) (E.47)
i€l
=h(>_oilU; +7Z) — h(vZ) (E.48)
=
1 S ier @20 + 2
= 5 log ( S - . (E.49)

Recalling that V' = )., U;, the distortion constraint is given by

E[(V =Y Ui+ > Ui +yZ2)|Ur] = E[> (1= a)Ui + Y (1 — a))U; +72)*|Ur]

i€l iche el ieTe
(E.50)
=E[>_(1-a)U;+ Y (1 - )U; +72)*|Ur]
i€l iele
(E.51)
= (O (1 —a)U)* +E[() (1 — aa)U; +72)*|Ur]
i€l iere
(E.52)
=) 1—a)U)*+) (1—a)’*+49*  (E53)
iel icre
The rate distortion function can be rewritten as
2 9 2
min 1log (Zier ai; nalt] ) (E.54)
Oéiv’Y:(Zier(l_ai)Ui)2+ZieFC(1_0¢i)2‘72+'Yz§D 2 v
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It can be easily shown that the maximizing parameters are given as follows:

D , . 9 D

With these parameter values, it follows that

Rr(D) = %log (%) (E.56)

a;, =0 for iel™, a=1-—

The result follows by considering only the cuts where |[SNT| =1 .
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Appendix F

Proof for Theorem 6.5

We first consider the N = 2 case. Fix an input distribution P(x1,22) = pi(x1)p2(zs).
General M; independent codewords X7'(i) for ¢ = {1, ..., M7} of length n, where each element
is chosen i.i.d from ~ []'_, p1(z;). Similarly, generate M, independent codewords of length n,
where each element is chosen i.i.d from []}"_| pa(z;). User 1 chooses his message w; uniformly
from {1--- M} and user 2 chooses his message wo uniformly from {1--- Ms}. User 1 encodes
its message into codeword X' (w;) and broadcasts it to the relays. Similarly, user 2 encodes
his message into codeword X™(wy) and broadcasts it to the relays. Relay m observes Y,
and has knowledge of its local fading information A,.

Let Pp be the induced distribution on the joint sequence {Yj,hy---Yy, hy}" from
definition 4. Fix a forwarding function U = fppy, (Y1, by, -, Yar, hy). Let kp be the
achievable computation rate (for the MAC) for U. The relays use a computation code to
jointly forward k instances of the forwarding function U* = f((Y hY), ... (YL, h%,)) to the
receiver over ¢n uses of the MAC. The computation code outputs an estimate U* for U*.
We define the event 1" as follows:

T= {Uk ”] Uk} (F.1)
From Definition 4, U* can be recovered losslessly at the destination if

k :

— < min(kyt, 1) (F.2)

n

In the rest of our proof, we fix % = min(ky/, 1) and scale k,n.
We fix an g > 0. There exists a ko such that for all k& > ko, there exists a (k,ln,e€)
reliable computation code that outputs an estimate U” such that

P(T) < (F.3)

The destination recovers the messages wy, ws based on the estimate U* using jointly
typical decoding. Fix 6 > 0. Let A((;k) be the set of sequences {(x’f, zk, uk)} that are jointly
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typical with respect to p(xy,z2,u). We define the events E”,Em fori e {1---M;},j €
{1-+- M} as follows:

Eyy = {(XF(0), X5 (7), U") € AP} (F.4)
Eiy = {(XEG), X5G), UF) € AP} (F.5)

We can bound the probability of E” in terms of the probability of F; ; and T" as follows:

P(Ei;) = P(Ei;NT¢) + P(E;;NT) (F.6)
< P(E ﬂTC) + P(T) (F.7)
@ p(E,NT®) + P(T) (F.8)
< P(Ei;)+ P(T) (F.9)

where (a) follows from the fact under event T', E; ; = EZ] Since we are considering average
probability of error and our codebook is constructed in a symmetric manner, we can assume
that message w; = 1, wy = 1 were transmitted. The average error probability can be bounded
as follows:

Prrron = P(E$ 1) + P(Ua 2 Eij) (F.10)
< P(EY) + P(T) + P(UajzanEig) + P(T) (F.11)
<P(E{))+ Y P(Ey) +2P(T) (F.12)

(4,5)7#(1,1)
P(EY,) + Z P(Ey;) + Z P(E;y) (F.13)
J#l i#1
+ Y P(E;;)+2P(T) (F.14)
i#£1,5#1

From the joint AEP, there exists a k; such that for all k > ki, P(F11) < €;. From the proof
of the channel coding Theorem (8.7.1 in [1]), we have the following bounds:

P(E@l) S 2—kI(X1§Y‘X2)_35 for ’l — 2 . M1 (F15)

P(El,i) S 2—kI(X2§Y‘X1)—35 fOl" ] — 2 . Ml (F]_G)
P(Ei,j) < 2—kI(X17X2;Y)—46 for i 7& 1’] 7& 1 (Fl?)
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We fix an €3 > 0. There exists a kg such that for all k > k»:

> P(Ey) <e (F.18)
Y P(E,) <e (F.19)
Y P(Ei) <e (F.20)

if the following conditions are satisfied:

10g Ml k

n n
log My  k
o8 ~I(X33U|X) (F.22)
log M log M. k
0871 082 P Xy, Xy U) (F.23)
n n n
We choose k > max(kg, k1, ko) and n = m Our probability of error becomes:

Finally, we choose €, €1, €5 to be arbitrarily small and then ¢ to be arbitrarily small.
The extension to the general N user case follows using the same techniques.
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Appendix G

Proof for Theorem 6.7

Our scheme consists of two sets of codes: an outer code for transmitting the message
and an inner code for sending the forwarding function. A random codebook construction is
performed at the source and a computation code is used by the relays. We decompose the
overall scheme into three stages: outer encoding, computation coding, and outer decoding.
In general, we assume that there is a bandwidth expansion of ¢ between the MAC and the
broadcast channel. For simplicity, we will first consider the case where ¢ = 4.

G.0.1 Stage I: Message Encoding

The user selects his message w uniformly from the set W = {1, o 2"R}. It constructs an i.i.d
random codebook C where each element of each codeword is drawn according to distribution
N(0,SNR; — ¢). The user encodes its message into a length n codeword:
E:W-R" (G.1)
X"w) = E(w) (G.2)

The user then broadcasts his codeword to the relays. At time i, relay m observes Y,,[i] where

Youli] = R[] X[i] + Z[i] (G.3)

Jj=1

and has knowledge of its local channel coefficients h,,[d].
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G.0.2 Stage II: Forwarding the Sufficient Statistic

The relays desire to communicate the forwarding function to the destination over the MAC.
The forwarding function consists of two components:

M
U= hnYn (G.4)
m=1
M
V=>"hn (G.5)
m=1

Given a bandwidth expansion of ¢ = 4, we allocate ¢1n = 2n channel uses to send u and
lon = 2n channel uses to send V™. We first describe the code for forwarding U™. Our scheme
consists of 2 iterations with n channel uses in each iteration. Our computation code relies
on the existence of a sequence of lattices which are good for coding as demonstrated in [17].

Lemma G.1. There exists a sequence of Good Lattices A,, with Voronoti regions Vo, and
second moments SNR,. such that given an length n i.i.d Gaussian sequence z with variance
02 < SNR, and an € > 0, 3 ng such that for all n > ny.

Pr(zeVy,) >1—¢ (G.6)

The above lemma states that an i.i.d Gaussian sequence with second moment strictly less
than the second moment of the lattice falls into the Voronoi region with high probability.
See [17] for proof.

We first consider the case where (1 = 2. Let s,,[i] = hy,[i]Y,,[i] for i = 1---n and its
variance 02 = 2SNR, + 1. The first iteration involves only uncoded transmission. Relay m
sends

x()' = \/SNR,02s,, (G.7)

The destination receives

M
y = Z x4 7 (G.8)
m=1
and forms the linear estimate
o (1) 0L ) (G.9)
a\t = )
SNR,”

Let q¥ = 4™ — u be the estimation error from the first iteration. It can be easily seen
that

m_ [ % @ (G.10)
4=\ SR, ” :
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Let DM be the variance of q™V). It follows that

2

DW = snr Y (G.11)

For the second iteration, we choose a sequence of Lattices A, according to Lemma G.1.
Let di, ...,dss be independent dither vectors drawn uniformly from Vj,,. User m transmits
x\2) = [v8m + d;] mod A,,.

The channel output is given by

M
D=3 "x@ 4 2? (G.12)
i=1

The receiver computes

M
_ (Z d,, + fyﬁ(l)> (G.13)
m=1

t =r mod Ay (G.14)
M

[Z x; + 2 Z -+ s;) — yq )] mod Ay (G.15)
=1 =1

= [z(2) — fyq(l)} mod Ay (G.16)

and updates the estimate and estimation noise from the first iteration:

a® = gt +aW (G.17)
= Bt +q¥ (G.18)
where q? = a® — u. Define the event

—{ 2 — vqW] mod A, = 2 —vq()} (G.19)

Under event 7,, the updated estimate and estimation error becomes

= 2% + (1 - p7)q" +u (G-20)
D _ 3 1 (1 — Bry)q® (G.21)

— 52® + (1— B): /%Zm (G.22)

(G.23)
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Let (3,7, be chosen as follows:

/SNR, — 1
Yo =\ Tpm (G.24)

For any fixed € > 0, the following variance of the estimation error is achievable under
event T

Bl = o? (g ) +¢ (G20

by choosing ~ arbitrarily close to 7, from below. Finally, note that with our choice of ~,
the following condition is satisfied

14+ ~?DW < SNR, (G.27)

Hence, we can ensure that the event 7, occurs with high probability. For all € > 0,
Lemma 1 guarantees that there exists ng such that for all n > ng

P(T,)>1—e¢ (G.28)

Using the same type of scheme, we send v over the remaining 2n uses of the MAC. Similar
to the case in forwarding u, we can show that under an event 7, that occurs with high
probability for arbitrarily long block lengths, the estimation noise v — v is i.i.d Gaussian.

G.0.3 Stage III: Message Decoding

We perform jointly typical decoding at the destination based on estimates i and v. Fix a
fixed €1, €5 > 0, let w,, and w, be the estimation errors u —u and v — v under events 7, and
T,. Hence, it follows that w, and w, are i.i.d Gaussian noises with zero mean and respective
variances D, and D, given by

D, = (2S5NR; + N) (SI\}RJZ + 6 (G.29)

1 \?2
D,=2 (SNRT) + € (G.30)

We define length n vectors u and v where
Ut =u"+wr (G.31)

V=V W (G.32)
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We calculate the average decoding error over all random codebook constructions and
show that this error can be made arbitrarily small for long blocklengths. Let As be the set

of jointly typical sequences {(X n gn, V") } with respect to p(z, @, v). We define the events

o {% ixi(m < p} (G.33)
G = {(X"(w), o, f/") s (X"(w), o, v")} (G.34)
B — {(X"(w), o, V“) ¢ .A(;} (G.35)
B = {(X"(w), o, f/“) ¢ Ag} (G.36)
By — {El(w' £ w) : (X"(w’), o, V") = Ag} (G.37)
By = {3’ £ w): (X)), 07, V") € As} (G.38)

By the law of large numbers fgr all €, > 0, there exists ng such that Pr(Ep) < €,.
We bound the probability of E; as follows

P(E)) = P(E,NG)+ P(E;NG°) (G.39)
< P(E;NG)+ P(G°) (G.40)
= P(E:NG) + P(G°) (G.41)
< P(E)) + P(G) (G.42)

Similarly, the probability of E, can be bounded as follows
P(E,) < P(E,) + P(G°) (G.43)

For all 6 > 0, there exists a n; such that for all n > nq, P(El) < ¢§. From the proof of
the channel coding [1, Theorem 8.7.1], there exists a n, such that for all n. > ny, P(Ey) <6
if R<I(X;U,V)—36.

From the construction of the computation code, it follows that

P(G)=P(T.NT) (G.44)
P(G°) = P(TSUTy) (G.45)
< P(TY) + P(TY) (G.46)
There exists nz such that for all n > ns,
P(G°) < P(T;) + P(7)) (G.47)
€ €
< 5 + 5 (G.48)
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For a fixed 4, €, we choose n = max(ng, nq,n2,n3) to ensure that

P(Ey) < e (G.49)
P(E) <d+e¢ (G.50)
P(Ey) <6+ (G.51)

We then make 0, € arbitrarily small by choosing n large enough.
_ Finally, we find a lower bound on the mutual information I(X;U, V). We first rewrite
U as follows:

U=U+W, (G.52)
M
m=1
A A M
VX +(V=VX+D huzm + W, (G.54)
m=1

where V = E[V|V + W,] is the MMSE estimate of V given V + W,. Define

M
J=V-VX+Y hpzm+ W, (G.55)
m=1
We observe that V' is independent of X and
Cov(X,J|V) =0 a.s (G.56)

By assuming that the noise J is Gaussian (Theorem 1 in [99]), we arrive at a lower bound
of the mutual information

o1 V[2SNR
I[(X;U,V) > ZE |log  + VISNR, (G.57)
2| Var(J|V)
1 V[2SNR
> _E |log | 1+ . |Y| SNR, . (G.58)
2| E[(V —V)?|V|SNR; + Vo2 + D,

In the case where ¢ > 4, we iterate the computation scheme for forwarding u and v. For
example, in the case where ¢; = 3, the relays forward

Xm = [ts +d,;,] mod A (G.59)
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in the 3rd iteration and update upon the estimate G® from the second iteration. For general
(1, {5, the estimation noise variance becomes:

41
D, = (25NR, + 1) (SNRT) te (G.60)
1 \"
Dv =2 (SNRT) + €2 <G61)

with high probability for arbitrarily long block lengths.
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