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I Background

Interference / noise

encode & modulate demodulate & decode
—[ Channel F

Transmitter Receiver

@ Signal detection task -- detect from

Standard model-based approaches may be inapplicable if:
= Precise channel model is unavailable e.g.
= Optimal receiver is complicated or unknown s Existence of co-channel intereference
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Fig 1. A constellation of transmitted QPSK-modulated
signals with QPSK-modulated interference

General ways to study co-channel interference / non-Gaussian noise
= [gnore
= Treat as Gaussian noise
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I Background

@ Deep Learning

Strength -- Feature extraction from complex-distributed data —[Fimgen Lavers | —
Difficulty -- Lack of pilots for training in time-varying channels
l"‘--“--
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pilot symbols used for training

== 111

4
Fig 2. A data stream with pilots '. .7
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@ Transfer Learning

Fig 3. A simple deep neural network

In a detector for time-varying channel,
can historical data be used in training? -- Yes
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I Model

received signal discrete transmitted symbol

\ /4

Y, = Hi Xy + 1 +ny

/ \ A

time-varying co-channel AWGN
channel state matrix interference
€ Notations and Assumptions
. : time period / packet index
= Each period contains many symbols to transmit, the first several ones are pilots
. vy are pairwise independent

@ Goal
= Detect from  atthe latest period

€ Available training samples for the detector

= Source samples: {(wg”'),yf))}Nt for =1, 2, .., -1
=1
= Target samples: {(a:éf),yg))}fl , note that ( <)
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I MSTL Framework

@ Intuition
What kind of sources would provide more useful knowledge to target task?

Target Task

Source Task 1 Source Task 2 Source Task 3

Fig 4. Intuition for transfer learning

* Source task 1: quite good
* Source task 2: less samples — Sample size is important
* Source task 3: not like target task — Similarity is important
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I MSTL Framework

First — Assume received symbols  are discrete

N.
1 t
= Define empirical distributions (learned model) as Py, y, (z,y) £ — = > ]l{ () = 2,49 = } 1l <
t
1=1
= (Consider the linear combination of sources and target
XTYT Z wePx,y, Characterize the knowledge transferred
with combining weights ’ from each source to the target
w € {(wy,ws, ..., wr) : Zwt = 1,w; > 0}
= Testing loss  Definition 1. For random variable X and Y, given a reference
L(w) aq 5 P (w) |dzstr1bunon ny for any distribution Pxy and Qxy, thel
test — X XrYr>H @ XrYr | referenced x*-distance between them is defined as ,
|
|

(PXY (Iay) T QXY (may))g

the corresponding optimal weights R (Pxy,Qxv) 2 Y i
| 5 Rxy (x,y) i
i T SYEY
N () - 7!
W = argmil Lieg In particular, X 2 (Pxy,Qxy) becomes Pearson x>-distance
w

denoted by x* (Pxy,Qxy) when Rxy = Pxy.
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I MSTL Framework

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

i
T :

|

| r w2 i
! L) = X* | Pxave, Y wiPx,v; Zﬁi 5 (8)
! t=1 =1

i
|
|
|
|

where V; is defined as i

Py PXth ($7y) (I_PXth (xay)) I
= Z PXTYT (33,3/) ‘ ®)

Key factors to determine usefulness of historical data

T
= Channel similarity measured by x’ (PXTYTa > thXth)

t=1

= Number of pilots and previous signals for training, i.e. N; for t = 1,2,...,T

= Complexity of the model characterized by the domain needed to capture, i.e. |X||[V| —1 in Vp
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I MSTL Framework

When  are continuous: |
How the DNN models the distribution? Received

How to avoid the high dimensionality ? Sig;al

1
_ :

=  Adopt discriminative model
H(f.9) A T
PX Yo ($iy) = Px, (:E) (1 +f (SC)Q (y))
. Weight is defined as
oA : 2 > f,
fi =argmin x%, . (thyt, Py, P ﬁ)fT) ..........................................................................
r IProposmon 2 ( [15], Theorem 4). The testing loss (13 )|
= The convex combination becomes lassociated with the model (12) is !
! i
(’U)) (.ftag) (fag) 1 ¢ A T A | i
wi P P with f =% . wfe @ fw) _ plFr.a) (f:.9) !
XT|YT Z |YT Xr iY Zt 1 | Ltevl XRXY X T|Y ’Zw PX’;|YT I
. ! i
= Testing loss | T (15);
: w ~ :
| + 3 Vi Xy (Pxove P PEE)
w) A 2 : t XR XrYr »4'Yrd x v :
Lt(th) =E |:XRXY (PXTYTa PYTQXleT)} | tz:; Ny il o = iEln !
! i
.fig v * ;
:Where f, = arg min g XR - (PXth:PYTP)((Tn;T) and V; lSE
\a constant independent of w. _ _ _ _ _ _ _ _ _ _ _ _ . _. ;
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I Algorithm for MSTL Detector

Algorithm 1 Algorithm for training the MSTL detector
Input:

Historical samples { (wgz)y?)) } . (t=1,2,...,T —1) = Loss function optimizing (f,9)

Pilots {(x})y}))} (w,f,g) & d 2 5 (f.9)
=il 1d 9 —_—
Randomly initialize w* and DNN parameters L - § :wt XRxy (P X, Ye P YTP ]YT)
Output: t=1

: repeat Train neural networks
. (f*,g*) < arg l'l’li].’lf,g L(W*a.f,g) /

1
2
3 | w* < arg ming Ly -~ Solve a non-negative

4 until w* converges quadratic programming problem
5

6

: (-f*ug*) < argming g I(w™.f.g)

: return f*,g";
I I = Loss function optimizing w
(w) plr.9) p(ft.9)
L X%:{XY ( .9 Zw P g )

. A . . test b
Determine ~ by the MAP decision rule “ Ve Pxr v Xr|Yr
- H(F*.a") T
T = arg max P x|y wt . i (Fr.a)
(y) rex i ( ‘ ) + Z EW + Xny (‘PXTYT7 PYTPXTJ]}?T)
= argmax Py, (y) (1 + 7 (2) g (y))
S
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I Setting
Y, = H: Xy + I + 1y

€ Time-varying flat Rayleigh fading channel with co-channel interference

. -- Gauss-Markov process H; = aH;_1 +u, up ~CN (0, (1 —a?) o)
" o QPSK—mOdulated Signals Xy =Ky + th? (KtaQt) S {(17 1)) (_17 1)7 (_17 _71)77(17 _1)}
u -- QPSK-modulated interference I; € {q + jq, —q + jq, —q — jq,q — jq} for some constant ¢
= -- AWGN with variance o2
€ Update process of /;:"“/;:"““““"“““““>lUpdate
the MSTL detector Add to sources E E Target samples MSTL detector
: : for time T
|l/ \J|< Y__. S”-------------) Update
r-1 I r+1 MSTL detector
fortime T + 1
I:I : pilot symbols \l/

Fig 6. The update process of the detector
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I Simulation

€ Comparisons

= FCDNN-1 Conventional fully-connected DNN based on L loss, using pilots for training
= FCDNN-2 Using  pilotsand _"_,

_ reserved samples for training
= LMMSE Estimate CSIby  pilots

€ Implementation

= Measure of interference level

0.2 |Xt‘2
SINR £ 101g HU%
Set ¢ o< o, for the consistency of interference and noise
= For each task time , =200 for = —9, —8, .., —1, discard samples before =

=  We vary: (i) Fading coefficient
(i1) Number of pilots
(i11) SINR
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I Simulation

@ Results

= Largest gain occurs in the range
[0.9875, 0.9975]

Performance for SINR=20dB and Ny=12, varying a
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1

= Low BER for high SINR

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

@ Results

= Qutperforms other algorithms in a
large range of pilots length

Performance for SINR=20dB and Ny=12, varying a
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= Monotonous similarity of the sources

Investigation of combining vector w

Time ¢ of wy,

0 0.1 0.2 0.3 0.4 0.5

Average value over the windows

Fig 10
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I Main contributions

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

= 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.

* The proposed MSTL detector is implemented in the signals stream over a simulated time-varying
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 in a variety of scenarios.
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