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Users clustering

Low-correlated region High-correlated regions

Rough and
simple

Fuzzy logic

There are many cases when users are densely placed in limited area (business centers, hotels, bus stations, etc) which makes
possible to GROUP them by spatial or channel criteria and provide simple pairing — pick up a single user from each high-correlated
group and pair him with users from another groups!

USERS CLUSTERING PROBLEM
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Clustering as optimization problem

Given a set of observations (rq,r9,,1,), where each observation is a d-dimensional real vector, k-
means clustering aims to partition the n observations into & < n sets S = 51, 59,, 5% so as to minimize
the within-cluster sum of squares (WCSS) (i.e. variance). Formally, the objective is to find:

k

k
arg min Z S;| var S; — arg minz Z lz — pi|%,
S

where p; is the mean of points in S;.
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From geometry to channel correlation

Because the total variance is constant, this is also equivalent to maximizing the squared deviations
between points in different clusters (between-cluster sum of squares).

However, it is not unique criteria for cluster description. In our task formulation, we can define another
criteria that is more relevant to correlation properties of the user channels.

Let describe space properties of the channel by its main eigenvector v, for user ¢. Then it is possible
to introduce correlation coefficient ¢,, = v;q vp, which shows spatial correlation between users p and q.
In this case we can make new definition for A-mean techniques:

k k
arg min E |S;| var S; — arg max E E Cas
S =t s

i=1 g€S5;

where ¢, = vg v, - correlation between user eigenvector and centroid eigenvector, and centroid eigenvector
1

can be defined i.e.

ZqESi Vq

The most common algorithm uses an iterative refinement technique. Due to its ubiquity it is often
called the k-means algorithm: it is also referred to as Lloyd’s algorithm, particularly in the computer
science community.
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K-means

* Fixed number of centroids

» Every iteration centroid is updating as mean of corresponding cluster points

» Stop when clusters don’t change anymore

g : 5o, R e . D e e : e e
£ s ﬁ\ B L *  x
N U b o s ik ol b
N} I ' i et B Cad
I A ......... 5l ......... ......... Sl ......... ......... 5l ......... ..........
0 SRR TR S S Y ST [ N . T R I R S
-z0 -10 1] 10 -20 -10 1] 10 -20 -10 1] 10 -20 -10 0 10
k-means + Acceptable complexity = 7
argmin > > i =
+ Guaranteed clustering (uniform) j=1x;€S;
~ Low flexibility ) _iz 0
|Sj|x€Sj
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C-means

Fixed number of centroids

Every dot owns probability of being assigned to every centroid

Every iteration centroid is updating as mean of corresponding cluster points weighted by probability of assigning
Stop when clusters don’t change anymore or changes of probabilities are less than a threshold

T ‘ i T ** 5 oonn. xxx ..... 5oonn. xx

S U b, S R b Y S AU S S e :
10 D N % S T S R
-20 -10 N 10 -20 -10 n 10 -20 -10 1] 10 -20 -10 1] 10
C N
. 2
c-means  + Acceptable complexity arg minz: umlxl - ,uj|| .
. . - x j=11i=1
+ High after-clustering versatility S
1 > i1 Ui
- Low flexibility of cluster number selection L Ragtduiy Louft
yiC i — |
LS ”xl_l’lkllz 1 <m<oo’
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X-means

5ol ’ *
ol o ag ........ :
10 m ? 150

Starts from minimal number of clusters (~2)
Every iteration every centroid is split up to 2 centroids for which k-means procedure provided
Splitting assumed as success if BIC of two split clusters larger than BIC of a single cluster

Stop when splitting of any centroids doesn’t bring a gain in BIC

X-means  + High flexibility
- Non-stable clustering (uniform)

- High complexity

) 10 0 10

B » i
| R x" _________
5 __________
1o 6
-20 -10 ] 10
Cc
2
argm lcnzz:”xi—#j“ ’
NP 5 Jj=1x€S;
Splitting: 1
(1,2) _ U ——Zx- ;
,u] _#]i(s’ ] |Sj|xeSj :
2
,_Je F(u;) = F(u$”, 1$?)
= (2
C+1,  Eluy 2,0
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Split model scoring

Bayesian Information Criterion (BIC) as cluster location and number of clusters optimization

Posterior probability is used to score the models (single/split clusters) by formula

mentioned in [Kass, Wasserman; 1995] based on log-likelihood of the data f-(D).

.. BIC(k = 1)=2471
i BIC(k = 2)=3088

R Di
FBIC(Mj) = lj(D) - EJ -log(R),

62 = 1 E ||x _ “(')”2 Data variance
T p _ { i ’
R—-K -

=1935
=17384

~ R(l) 1 1 2 . creys
P(x) = - = exp <_sz ||xl. — H(i)” ), Point probabilities

2 R(i) i
D=ll_[P-=ZI el +10g=2) | LogHlikel
(D) =log i (xi) <0g\/_JM 552 ||xl ,u(l)” + log R Log-likelihood of the data

A Ry Ry, -M A2 R, —K Maximum likelihood estimation of the set D,
[(D,) = —710g(2n) - log(6+) — 5 +R, logR,, — R, logR. DA L e
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Simulation results. Random generated channels

Sum of clusters BIC Deviation of clusters BIC Clusters max volume Clusters mean volume
Mean of clusters BIC Num of clusters \ Clusters min volume \ Clusters volume’s deviation
BIC_SUM  BIC_MEAN  BIC.DEV | CluNUM  CluMAX  CluMIN  CluMEAN  Clu_DEV
Ideal k-means (| -3778.4  -755.67 634.21 | = 158.32 4,542 10 c.2132
P c-means | |-3921.5  -784.31 229.2 | s 13,289 &.901 10 2.2926
HIGH uster Limit = x-means @ |-3766.5 -753.3 0.10147 | 5 10 10 10 0
CORR. BIC_.SUM  BIC_MEAN BIC.DEV | CluNUM  CluMAX  CluMIN  CIuMEAN  Clu_DEV
:g‘;‘\’;’;iso:ﬁom Oversize k-means @] -1582.1  -158.21 q07.82 | 10 10.722 1.217 5 3.423
=° — c-means @ | -2438.3  -243.83 355,04 | 10 9,996 1.049 5 3.7347
*ClusterLimit=10 | »_paans @ | -3766.5 -753.3 0.10079 5 10 10 10 0
BIC_SUM  BIC_MEAN  BICDEY | CluNUM  CluMAX  CluMIN  CluMEAN  Clu_DEV
Ideal k-means @ |-4069.6  -513.92 248,16 5 13.09 7.554 10 1.9821
— c-means @ | -4201 -840.2 465 .87 5 15.133 4.314 10 4.0645
* Cluster Limit =5 x-means - |-4057.9  -811.58 571.43 5 20.127 1 10 6.3543
UNIFORM
BIC_.SUM  BIC_MEAN BICDEV | CIuNUM  CluMAX  CluMIN  CluMEAN  Clu DEV
.G =5 i
(Sowps=5 | Oversize eans®|amerz  c1me7z 393.04 | 10 9.987  1.337 5 3.1251
| — c-means @ |-2066.7  -206.67 446 .69 10 10.074 0.746 5 3.7053
sClusterLimit=10 |\ neans ) |-1844.3  -134.43 555, 52 10 10.792 1 5 4,411
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Clustering: comparative analysis

k-means 0 o
c-means 0 o
X-means o 0

o o Initialization of centroids

optimization required

o o Initialization of centroids
optimization required

0 0 1. Criterion optimization
2. Splitting rule definition

k-means  + Acceptable complexity c-means

+ Guaranteed clustering
(uniform distribution)

- Low flexibility (fixed num of
clusters)

- Initial step dependence

+ High after-clustering
versatility

+ Guaranteed clustering
(uniform distribution)

- Low flexibility (fixed num
of clusters)

- Initial step dependence

X-means

+ High flexibility
+ BIC-based metric
- Non-stable clustering

(uniform)
- High complexity
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Robust Scheduling: propagation channel dynamics

Coherence time of channel plays an important role here. From theoretical point of view, coherence
time 7T, can define as
A c

20 2f.-v’

where ¢ - speed of light, A - wave length on central frequency f., v - speed of user.

.T.E —

According ray-tracing model of channel representation, each tap of discrete channel impulse response
(7;) can be interpreted as response of in-depended ray(s), which passed through channel and according
some distances d; from transmitter to receiver. When interval coherence in frequency domain B, can
defined as

_ c ol
"~ |max(d;) — min(d;)| ~ o,

B,

where 0, is delay spread of channel impulse response.

Te = BCTCf
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Robust Scheduling: propagation channel dynamics

Example: f. = 2.6GHz; o, = 1.3us; f = 15.36 MHz.

v = 1lkmh |T. ~208ms, B. ~ 7710kHz — 7.~ 10 ms
v=2kmh |I.~ 104ms,B. ~ 770kHz — 7. ~5 ms
v=3kmh |I.~70ms, B.~770kHz — 7.~ 3.5 ms
v =5kmh |T.~41ms, B. ~770kHz — 7.~2 ms]||
v="Tkmh |1I. ~30ms, B.~770kHz — 7.~ 1.5 ms
v =10kmh|T. ~ 21ms., B. ~770kHz — 7.~1 ms
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Robust Scheduling: propagation channel dynamics

prediction AH>0 is significant

. »=3kmh . v=5kmh .« v =3kmh
—ded H
0,055 0.085 —O SRSH Cor(H)
— Predict H —© sampled Cor(H)
ou e i == o -
i_ 0.045 g 0.045
E'f 004 E o004 £ 06
E £ 0035
3 0035 E ‘g
008 003 o 04
o.028 0.025
002 ooz 02
Lmﬂ'n 20 40 80 80 100 120 OD‘SD 20 40 60 L] 160 |;0
TTis.ms TTis.ms
0
a) Channel varying in time H(t) with Ts=1ms (blue line), b) Channel varying in time H(t) with Ts=1ms (blue line), 0 50 100 150 200 250
Ts=20ms (red points). Channel prediction point H(t+1) Ts=20ms (red points). Channel prediction point H(t+1) (green TTis,ms
( [ ) is estimated by AR model (channel samples point) is estimated by AR model (channel samples partially
inside coherence interval), AH—0 outside coherence interval), low error of prediction AH=0
[ELES v=Tkmh v=10kmh
, v = 10kmh
= Car(H)
=0 sampled Cor(H)
T o8
5
k]
: 4
3 % 06
005 e 04
o [ 20 40 &0 80 100 120
TTis,ms TTis,ms a2
c) Channel varying in time H(t) with Ts=1ms (blue line), d) Channel varying in time H(t) with Ts=1ms (blue line),
Ts=20ms (red points). Channel prediction point H(t+1) Ts=20ms (red points). Channel prediction point H(t+1) (green 0
(green point) is estimated by AR model (more when half of point) is estimated by AR model (channel samples on the \ 0 10 2 % 40 50 60 70
channel samples outside coherence interval), error of edge of aliasing), error of prediction AH>0 is significant TTis.ms .
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Robust scheduling: UE scores

1-C
{Sl}L
Ql = 1010g10 1 1\; C{Si}liv=1 = Z Uglivsj
SNR [ (O == 4w (©) R

Av,(t) = Hvi(T) — (ﬁf’(T)vi(T)) ﬁi(T)Hz

(2(0) = 0;
a(t): { (some function),t € (0,T);
\a(T —&) =~ 1.
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Further questions...

« Complex channel vector clustering criterion definition
« X-means: clusters splitting mechanism optimization

« K/C-means: initialization of centroids optimization

« K/X-means: after-clustering correlation control

» Permanent partial cluster update

* How to define “the best” coupling function a(t)
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THANK YOU
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