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Abstract—For signal detection tasks in wireless communica-
tions, most of the existing algorithms either ignore the co-channel
interference or treat it as Gaussian noise, which may result in
unsatisfactory accuracy when the interference is non-negligible
and complex-distributed. When neural networks are motivated
in the design of the detectors, difficulty arises in the training
due to the fact that there are few accessible pilots in each
packet. In this paper, we consider a data-driven detector based
on multi-source transfer learning (MSTL) for signal detection in
a fading channel with interference. The MSTL detector transfers
channel knowledge of previous packets into the latest detection.
In particular, we consider a linear combination of the pilots
and historical symbols in the distribution space, and design the
optimal combination coefficients based on the number of those
symbols as well as distributions similarity. Numerical simulations
on a Gauss-Markov flat Rayleigh fading channel with co-channel
interference validate the advantages of our algorithms, compared
with several existing training schemes including directly applying
the fully connected deep neural network (FCDNN) and conven-
tional linear minimum mean square error (LMMSE) detector.

Index Terms—Signal detection, fading channel, co-channel
interference, multi-source transfer learning, neural network.

I. INTRODUCTION

Signal detection is a classical hypothesis testing problem,
which is applied in many areas, such as radar and wireless
communication systems. Many works have been conducted
on signal detection algorithms (e.g. [1], [2]), among which the
maximum likelihood (ML) detector can achieve the optimality
by minimizing the probability of detection error. However,
because of the difficulty in the implementation of the ML
detector in complicated scenarios, researchers have considered
sub-optimal linear detectors, such as LMMSE detector and
Kalman filter, which have lower computational complexity
at the cost of performance degradation [3]. Unfortunately,
such standard model-based approaches are inapplicable if (i)
a precise channel model is unavailable, or (ii) the optimal
receiver for the given transmission scheme and channel is
prohibitively complicated or unknown [4]. Examples for both
cases can be found in new communication set-ups (e.g.,
molecular channels lacking well-established models), links
with strong nonlinearity (e.g., satellite channels with non-
linear transceivers) and channels with non-negligible complex
co-channel interference [5]-[7], where the latter one is mainly
focused on in this paper. In practice, co-channel interference
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is inevitable in many wireless communication systems due to
spectrum sharing and multiple access [8]. It is mainly caused
by multiple radios transmitting on the same frequency band at
the same time, and can probably degrade the communications
performance. In most previous works, co-channel interference
is usually either not studied or simply treated as Gaussian
noise. Although it was proven in [9] that weak interference
can be treated as Gaussian noise to achieve satisfactory
performance, strong interference still requires sophisticated
designs of the receiver to mitigate its influence in conventional
approaches [10].

In the design of detectors, the absence of capability of
capturing complex distributions of the received signals in
traditional techniques has motivated deployment of machine
learning methods, especially deep learning (e.g., [11]) which
regards detection problems as classification tasks, where the
received signals are input into the classifier, and the predicted
transmitted messages are output. Benefiting from the multi-
layer structure with non-linear operations, deep neural net-
work (DNN) is powerfully capable of pattern recognition and
feature extraction, resulting in high performance for analyzing
complex-distributed data. In wireless communications, probing
sequences or pilots known by the receiver are inserted into the
transmitted signal packets to feed the detector, and can hence
be utilized as training data to conduct the supervised learning.
Layers of the DNN can be optimized off-line to provide
accurate and cheap decision rules applied in real time. Several
DNN-based signal detectors have been proposed to produce
significant results. For example, a FCDNN was designed to
estimate CSI in [11], and deep learning for decoding without
CSI is developed in [12].

In general, the more complex the underlying non-Gaussian
distribution is, the more samples are needed for training a
DNN. In a time-varying channel with non-Gaussian-distributed
co-channel interference, lack of pilots makes it difficult for
DNN to capture the complex underlying distribution. There-
fore, we consider training a detector based not only on the pi-
lots, but also on the historical transmitted and received signals,
without any direct estimation of CSI. Since the channel state
is time-varying, only partial information of previous packets is
helpful in the latest detection task, i.e., the joint distribution of
transmitted and received symbols at different time slots may
be different but related to some extent. To extract the useful
information, transfer learning is served as a powerful tool to
assist in overcoming such difficulties.
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As an extension of conventional deep learning, MSTL has
recently been an active research area. It focuses on applying
the stored knowledge of several problems (sources) in solving
a new problem (target). To solve the target task, we not only
use a few accessible training samples of the target task, but
also use the knowledge of source tasks to help improve the
target performance. In our detection over a fading channel with
co-channel interference, the usefulness of the historical signals
is affected by several factors including (i) the similarity among
the CSI of the varying channel, (ii) the number of available
training samples in each packet, (iii) the complexity or di-
mensionality of the DNN model. Most of the existing transfer
strategies are designed based on how similar the source and
target tasks are [13], [14], without considering the impacts of
the training sample sizes or the complexity of the models. In
this paper, taking channel similarities and the sample sizes
into account, we firstly introduce a practical mathematical
framework following [15] to investigate the similarity among
historical and the latest joint distributions of the transmitted
and received signals, and establish a quantifiable measure for
knowledge transfer, which then provides a theoretical guid-
ance for the design of our detector. Performances are finally
evaluated in a Gauss-Markov flat Rayleigh fading channel in
the presence of co-channel interference.

The main contributions of this work are summarized as
follows:

o We adopt a mathematical framework of MSTL and de-
velop a detection algorithm for time-varying channels.
Our MSTL-based detector involves pilots and much pre-
vious data in the training scheme to mitigate the effect
of interference, without the direct estimation for CSI.

o Unlike most of the previous works that either ignored
interference or treated interference as Gaussian noise,
non-Gaussian-distributed co-channel interference is taken
into consideration in the channel model.

e The proposed MSTL detector is implemented in the
signals stream over a simulated flat fading channel in
the presence of co-channel interference, in which we
show that our algorithm outperforms both the traditional
method and conventional neural networks without the
design of knowledge transfer.

II. MODEL AND THEORY
This section formulates the problem and introduces the
theoretical background for our detector.

A. Problem formulation

We model a time-varying fading channel with co-channel
interference as

Yi = Hi Xy + Iy + g, (1

where X; is the transmitted symbol, Y; the received symbol,
H,; the time-varying channel state, I; the co-channel interfer-
ence caused by other signals transmitted in the same frequency
band, and n; the additive white Gaussian noise (AWGN)

indexed with ¢. Here ¢ € Z implies the time in the data stream
and represents the packet index. Note that each packet contains
many symbols, the first several ones among which are pilots.
The transmitted symbol X, is from a discrete constellation set,
and the dynamic model that H; varies with respect to ¢ is not
specified. In addition, Hy, Xy, I; and n; are assumed to be
independent from each other.

Our goal is to detect the transmitted signal X; using the
received signal Y; subject to interference I;, fading channel
H; and noise n; at each latest time t. We assume that the
detection task is currently implemented at the latest time
labeled T' € Z. Then our task is to detect transmitted signal
Xr from the observed received signal Yr. For previous time
t=1,2,...,T —1, N; preserved samples extracted from each
t are available for training, which we call source samples. N
pilots at time 7', which we call target samples, are accessible.
Note that Ny < N; (Vt < T') since previous detected signal
pairs preserved can be utilized in the detection for the current
packet.

B. Framework of Multi-source transfer learning

In this part, the problem above is embedded in the frame-
work of MSTL. Firstly, the received symbol Y; as a variable is
assumed to be discrete, and will be extended to the continuous
case later. The domains of X; and Y; are denoted as X and
Y, respectively. We let P denote the set of all distributions
on X x Y. For each time t = 1,2,...,7, we assume that
N, training samples :L'gi),ygi) (1<i<Ny) are i.id.
generated from some underlying joint distribution Px,y, € P
with ! Py,y, (z,y) > 0 for all (v,y) € X x Y, and the
empirical distributions me € P of the samples are defined
as

Ny
Py, (a,y) £ N% 21 {a) =2 =y}, @
i=
where 1{-} denotes the indicator function. Therefore Px,y,
can be seen as the underlying joint distribution of transmitted
signal = and received signal y at time ¢, while If’Xt;/t’s are
the learned model for 1 < ¢t < T — 1. Since we only have
few pilots that are accessible at time 7', empirical distribution
Px.,y, captured from pilots could be less possible to fit the
true distribution Px,.y;,, which makes it hard to detect the
up-coming X7 from Y7.
In order to utilize historical samples before time 7', we con-
sider the convex combination® learned from reserved source
samples and pilots

T
QE?’T)YT = ZthXtha 3)
=1

where the combining weight vector w is defined as
T
w € {(wy,wa, ..., wr) :Zwt:Lwt > 0}. 4
t=1

'In practice, such joint distributions are usually modeled by some positive
parameterized families, e.g., the softmax function. Therefore the positive
assumption is without loss of generality.

2Such combination form follows [15].
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Note that the combining vector w characterizes the knowledge
transferred from each sources 1 < ¢ < T —1 to the target task
t = T, and the designing of w should take the sample sizes
and the task similarities into consideration.

Then, the performance of our model Qg?’T)YT is evaluated
by the testing loss, which is measured by its empirical risk
on the testing data of the latest task. The testing loss Lt(::[)
and the corresponding optimal combining coefficients w* are
defined as

12 2B [ (Prve QW )] 5)
w* £ arg min Lf;;’t). (6)
w

Here the referenced y2-distance is applied as the measure,
which is introduced as follows:

Definition 1. For random variable X andY, given a reference
distribution Rxy for any distribution Pxy and Qxy, the
referenced x>-distance between them is defined as

(PXY (xvy) - QXY (Ivy))Z
Rxy (v,y) .

Xk (Pxy,Qxy) 2 >
zeX yey
(7
In particular, X%{ (Pxy,Qxy) becomes Pearson x*-distance
denoted by x* (Pxy,Qxy) when Rxy = Pxy.

The following proposition reveals the factors affecting the
performance of the knowledge transfer in detections.

Proposition 1 ( [15], Theorem 3). The testing loss (5) for the
target task is

T T o
w
L) = (PXTYT,§ thXtyt>+§:Nttm, (8)
t=1

t=1
where Vi is defined as
3 Px,v, (,y) (1 — Px,v, (z,9))
EX yey Pxpyr (2,9)
From (8) and the fact that Vi = |X'||)|—1, the usefulness of

previous signals is determined by the following three key fac-
tors: (i) the channel similarity measured by the y2-divergence

A )

X2 (PXTYT,Z; thXth), (ii) the number of pilots and
previous signals for training, i.e., Ny for t = 1,2,...,T and
(iii) the complexity of the DNN characterized by the domain
of the signals needed to capture, i.e., |X||Y]| — 1 in V.

However, in our signal detection problem, the received
signal Y; may be continuous, which leads to the infinite
cardinality |Y|. In order to apply the framework, we adopt
a parameterized representation for modeling features of the
continuous-distributed received symbols.

As shown in Fig. 1, a DNN can be divided into two
parts. The left part is the previous layers for extracting d-
dimension features g(y) = [g1(y), -, ga(y)]” from the
received symbol y, and the right part is the topmost layer for
linear classification, with weights f(z) = [f1(z),- - - , fa(a)]"

Received
signal

—_—

Left: Feature Extractor Right: Classifier

Fig. 1. A deep neural network for classification

indexed by symbol z. When the features g(y) is given and
fixed, the models learned from source and target tasks can
be effectively represented by a finite collection of parameters,
ie., f(1),---, f(|X]), where the class of discovered signal is
represented from 1 to |X|.

In particular, we adopt the discriminative model in the
factorization form?

P (aly) 2 Py, (1) (1+ 17 (1) g (1))

When we train the model for target time 7', we learn the
corresponding weights f; for each source time ¢ and update the

H(Ft.9)
model PXleT

ft is defined as

(10)

to fit the training samples , where the weight

fo 2 argmin oy, (Prov Pe PES). aD

b

For convenience, we use a unified reference Rxy = Px, v,
here. The referenced x2-distance measures the fitness between
the empirical distribution Px,y, and the joint distribution

PYTP)((J;’]Q;)/T4- From (11) we know that PYTP)((’;’%),T plays

the role in the continuous case corresponding to Px,y; in

the discrete case. Then we form the convex combination of

discriminative models PJ*9) as
XT‘YT

5(f.9)

T
(w) A ~(ft79) _
QXTlYT - ZthXleT - PXT\YTv (12)
t=0

with f = Zthl wy ft. Then the testing loss corresponding to
(5) becomes

Lt(;ﬁ) £ E {XQRXY (PXTYT,PYTQ@‘YT)} , (13)

3Such factorization form is similar to the theory proposed in [16], and is
also applicated in natural language processing [17].
pH9)
5(5.9) G
[Prr LA ] (@,9) 2 Py () P, (aly) for all (o, ).

Note that Py, P)((fT 5\71)”7"

p(f.a) e
distribution Py,.y;, when the discriminative model PXT\YT is fixed.

4The joint distribution Py, is defined as

corresponds to the optimal approximation of the target
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and the optimal combining coefficients are found by
(w)

A .
w* = argmin Ly .
w

(14)

The following characterization investigates the testing loss in
this case.

Proposition 2 ( [15], Theorem 4). The testing loss (13)
associated with the model (12) is

T
(w) _ 2 p(fr.9) p(ft.9)
Ltesl - Xny <PYTPXTT|YT’ZthXT|YT>
t=1

. (15)
wf ¥ 2 p(fr.g)
+ZEW+XRXY (PXTYT7PYTPXT‘YT)’
t=1
where f; £ arg minf Xﬁ%xy (PXt}/t?PYTP)((];‘g)ZT> and f/t is

a constant independent of w.

It could be observed in (15) that w™* can be efficiently
computed by solving a non-negative quadratic programming
problem.

III. ALGORITHM FOR MSTL DETECTOR

In this part, we develop a signal detection algorithm for
application based on the theory above. According to Proposi-
tion 2, our algorithm optimizes the extracted features g, the
weights f and the combining coefficients w to achieve better
performance.

For given f, g and w, the loss function is proposed as

T
159 £ S wpd (P P PER ). (16)

t=1

The following proposition shows that the estimated f can be
computed by directly minimizing the loss without evaluating
each f; individually.

Proposition 3 ( [15], Proposition 5). The f defined in (12)
satisfies
f= argn}i,n p(wf'9), 17)

Then, with training samples from time 1 to 7'—1 and pilots
obtained from time 7', our algorithm consists of two different
kinds of optimizations: (i) the optimization of w for given
(f,g) to minimize the testing loss Lg“;) defined by (15), via
dealing with a non-negative quadratic programming problem;
and (ii) the optimization of (f,g) for given w to minimize
the loss L(W:f9) defined in (16), via training the DNN. We
summarize the procedures as Algorithm 1.

With the trained DNN by Algorithm 1, for an up-coming
observed received signal y at time 7', the predicted signal
Z could be determined by the MAP (maximum a posterior)
decision rule

% (y) = arg max P)(g;l’gT) (z|y)
reX (18)

= argmax Py, (y) (1 + 7 (x)g* (y)) .

reX

Algorithm 1 Algorithm for training the MSTL detector
Input:

Historical samples { (:cgi)ygi)) }J_th
Pilots {(xg)y(Tl) {VT
Randomly initialize W
Output:
1: repeat
2 (f*,g*) < argming , LW f:9)
3 w* < argming L.
4: until w* converges
5
6

(t=1,2,...,T—1)

and DNN parameters

: (.f*ag*) — argminf,g L('U’*vag)
: return f* g*;

IV. SIMULATION

In this section, we conduct our multi-source transfer learn-
ing algorithm on the simulated time-varying flat Rayleigh
fading channel.

A. Environment design

Following the channel model in the works [7], [18], the dis-
tributions of the variables in (1) are determined as following.

1. The dynamics of the time-varying channel state H; are
modeled by a first-order Gauss-Markov process’

Hy=aH;—1 +us, ug~CN(0,(1— a?) U%{) , (19

where u; is the white Gaussian driving noise. Parameter a €
[0,1] is the fading correlation coefficient that describes the
degree of time variation. Small a corresponds to fast fading,
and large a represents slow fading. The value of a could be
affected by Doppler spread and the transmission bandwidth
[22], and is assumed to be unknown for our detection.

2. The modulated signal X; = K; + jQ; can be described
by the in-phase and quadrature components as

Acos (2mvl + ¢¢) = Re [(Kt +jQ¢) ej%vl] ) (20)

where ¢; is the initial phase at time t5. A and v are the
amplitude and frequency respectively. K; is the in-phase com-
ponent and @ is the quadrature component at time ¢. (K, Q¢)
can also be treated as the coordinates of a point on the
constellation diagram determined by both phase and amplitude
to give the modulation scheme. In our simulation, we consider
Quadratic Phase shift keying (QPSK) as modulation scheme
for the transmitted signal. In QPSK modulation, the transmitter
transmits cosinusoids with a orthogonal phase, which we set
¢t = T, ?ﬂf, %, %’T here to represent bit pairs 00, 01, 11
and 10 with a constant amplitude A = V2, resulting in
points (Ky,Q¢) € {(1,1),(—1,1),(—1,-1),(1,—1)} on the
constellation.

5The Gauss-Markov model is widely adopted as a simple but effective
model to characterize the fading process [19]-[22].

%Here, ¢ refers to the time varying the channel state, while [ refers to the
abscissa of the cosine wave transmitted.
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[----p--------------------->| Update
A
Add to sources ! | Target samples MSTL detector
' : for time
T 1
‘ L \{__T_V__________---> Update
\ _ I [
1 +1 MSTL detector
for time +1
I:I : pilot symbols J/

Fig. 2. The update process of the detector

3. Co-channel interference I; is caused by other signals
transmitted at the same time and in the same frequency band.
Here we model I; as QPSK signals with stronger power, i.e.,
I e {q+jq,—q+jgq,—q— jq,q — jq} for some constant g,
which is similar to the design of interference in [23].

4. Additive white Gaussian noise n; has zero mean and
covariance o2 for both real and imaginary components.

B. Implementation and Results

The simulation is conducted on binary bits stream with
periodic placements of pilots. The binary bits are firstly
encoded by a convolutional code with rate % and modulated
into QPSK symbols. which are then transmitted following the
channel model (1). The received symbols are demodulated
by the detector and then decoded to recover the original
bits stream. The accuracy is performed through bit error rate
(BER). Considering the limited memory space of the detector
and the effectiveness of knowledge transfer, we simply include
samples from the past time of length 9, i.e. samples from time
T —9 to time T — 1, as source samples for training at time 7',
and pilots from time 7" are trained as target samples. When the
detection tasks on time 7" are completed, the sliding windows
move forward, involving several samples from time 7" in the
sources and dismissing the ones from time 7'—9, and use pilots
from time 7"+ 1 as new target samples. The update process
of the detector is described in Fig. 2. The performance of our
MSTL detector and those for comparison is evaluated on the
average of the moving-forward sliding windows.

Assume that the sliding windows are currently detecting the
signals at time 7. The following detectors are considered as
comparison:

FCDNN-1 Conventional FCDNN based on L, loss’, using
Ny pilots for training.

FCDNN-2 Conventional FCDNN based on L, loss, using all
the N pilots and ZtT;Tlfg N reserved samples from time 7'—
9 to T'—1 for training. Note that those samples are consistently
extracted for our MSTL detector.

7Ly loss gives better accuracy than cross-entropy loss in our problem,
similar to the result in [24].

Performance for SINR=20dB and Nr=12, varying a

10°
ﬁ;#: —
%Ssgzi*“*
10" F SIR T Tk
8\\X\ < *\
3 g
N @\\\ B \‘*
s \é\ \\
g ) \\\ \\;.
10 ¢ \(\
N
—G- MSTL Q§
—+— FCDNN-1 \
4| |7 FCDNN-2 \\
10™ F | —% LMMSE \
I Gt R HIRHHRH ettt GHERH U

0.98 0.9825 0.985 0.9875 0.99 0.9925 0.995 0.9975 1
fading coefficient a

Fig. 3. Performance of the detectors with different fading coefficient a when
SINR= 20dB and Ny = 12.

Performance for a = 0.99 and Ny=12, varying SINR

100
H—
o e
AL §3$\ Tk -
10 F RRESE i S
~ J Tk
~® N~ =g
NNk T %
N % ~
o ~F~
K 102 R e
\G\ \‘x ~ 4
N
—O- MSTL SO
103 f |—+ FCDNN-1 o B
—>— FCDNN-2 N
—%— LMMSE N
10 [ . ‘ . . . . o
17 18 19 20 21 22 23 24 25
SINR/dB

Fig. 4. Performance of the detectors with different SINR when a = 20dB
and Np = 12.

LMMSE LMMSE detector is one of the most widely-used
and straightforward detector [25]. We use LMMSE detector
for comparison, representing a class of detectors estimating the
channel state but hardly recognizing the non-Gaussian noise.

To measure the interference level of the system, the Signal
to Interference plus Noise Ratio (SINR) at some time ¢ is

defined as ) )
o3| Xl
2 b
0-1’7,

SINR £ 101g 21
and g x o, for the consistency of power of the interference
and noise. For each source, 200 pairs of transmitted and
received signals are used for our training, i.e. Ny = 200 for
t=T-1,T-2,...,T-9. To validate the accuracy of detectors,
we vary (i) the fading coefficient a, (ii) the number of pilots
Nr, and (iii) SINR respectively. In each simulation, one of the
factor is varying and the other two factors remain constant.
It is observed in Fig. 3 that the largest gain obtained using
MSTL detector occurs when the fading coefficient a is in the
range from 0.9875 to 0.9975. Relatively fast fading (small
a) increases the difficulties in knowledge transfer, while the
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Performance for a = 0.99 and SINR=20dB, varying Np
3 -
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Fig. 5. Performance of the detectors with different number of pilots
when a = 0.99 and SINR= 20dB.

Nr

Investigation of combining vector w

T-9 ]
- T-8 1
Sr17 1
S T-6 1
oI5 1
g T4 1
= T3 4
a T-2 1
T-1 1
T -
0 0.1 0.2 0.3 0.4 0.5
Average value over the windows
Fig. 6. The value of the combining vector w averaged on the sliding windows.

invariant channel state (i.e., a = 1) is naturally favourable
for FCDNN-2, in which the invariance of the channel state is
regarded as prior knowledge. In addition, Fig. 4 plots BER of
the detectors in the variance of SINR, which shows that the
BER of the MSTL detector is significantly lower than the other
three schemes in the channel with high SINR. Fig. 5 exhibits
that the MSTL detector outperforms the other algorithms in
a large range of pilots length, while considerable pilots may
be sufficient for FCDNN-1 to capture the target distribution
simply using pilots for training. Finally, Fig. 6 shows the
monotonous similarity of the sources and reveals the validity
for the proposed combination in our MSTL framework.

In summary, simulation results demonstrate that significant
performance gain can be obtained by deploying the MSTL
algorithm in a variety of scenarios.
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