
ADVERSARIAL ANOMALY DETECTION FOR
MARKED SPATIO-TEMPORAL STREAMING DATA

Shixiang Zhu, Henry Shaowu Yuchi, Yao Xie

Georgia Institute of Technology
H. Milton Stewart School of Industrial and Systems Engineering

Atlanta, GA, USA

ABSTRACT

Spatio-temporal event data are becoming increasingly com-
monplace in a wide variety of applications, such as electronic
transaction records, social network data, and crime incident
reports. How to efficiently detect anomalies in these dynamic
systems using these streaming event data? This work pro-
poses a novel anomaly detection framework for such event
data combining the Long Short-Term Memory (LSTM) and
marked spatio-temporal point processes. The detection pro-
cedure can be computed in an online and distributed fashion
via feeding the streaming data through an LSTM and a neu-
ral network-based discriminator. This work studies the false-
alarm-rate and detection delay using theory and simulation
and shows that it can achieve weak signal detection by ag-
gregating local statistics over time and networks. Finally, we
demonstrate the good performance using real-world data sets.

Index Terms— Anomaly detection, adversarial learning,
long short-term memory, marked spatio-temporal point pro-
cesses.

1. INTRODUCTION
Data recording spatio-temporal events exist ubiquitously in
our daily life. These spatio-temporal data range from elec-
tronic transaction records at large chain department stores,
earthquake records, to criminal history records by the po-
lice. In many cases when an abnormal incident takes place, it
will result in anomalies in the recorded sequence (Figure 1).
Such sequential anomaly data usually have a distinctive pat-
tern compared to normal data, but they are difficult to obtain.
Therefore, it has been a challenge to capture the anomalous
pattern and detect such anomalies in the dynamic systems
efficiently and accurately, especially when only insufficient
one-class anomaly data are available.

In this work we propose a novel anomaly detection frame-
work for streaming event data leveraging the power of ad-
versarial learning [1, 2, 3]. The anomaly events are mod-
eled using marked spatio-temporal point processes, where the
historical information is specified as the last hidden state of
the Long Short-Term Memory (LSTM). The neural network-
based discriminator in the adversarial framework can be nat-

urally used as an anomaly detector. The detection procedure
can be carried out in an online and distributed fashion via
feeding the streaming data through the LSTM and the dis-
criminator.

The major contribution of this work is two-fold: (1) The
work has obtained a robust anomaly detector based on a lim-
ited amount of training real data. It is proposed to gener-
ate ”realistic” fake samples using an adversarial framework
to improve the discriminator; (2) The work proposes model-
ing the event sequence data by integrating the versatile point
process framework with LSTM. This gives the model better
interpretability and flexibility in capturing the true underlying
pattern.

We focus on the prediction accuracy and detection de-
lay from application data and simulations. Our study shows
the proposed approach is capable of achieving sequential
anomaly detection for weak signals by aggregating local
statistics over time and networks over time, location, and
mark space. Finally, we demonstrate the satisfactory perfor-
mance using data from real-world applications.
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Fig. 1: An example of anomaly detection for marked spatio-temporal
streaming data.

Related work. In the field of signal processing, there have
been numerous articles tackling anomaly/outlier detection
problem from other perspectives. [4] employs a statistic
based on log-likelihood ratio or log-posterior density ratio,
which is claimed to be a good estimator of goodness-to-fit.
This statistic is used for anomaly test. In [5], outlier detection
in sequential online data is looked into. This work adopts
incremental decision trees for multi-model density estima-
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ti o n, w hi c h f or ms t h e b asis of a n o nli n e a n o m al y d et e ct or.
T h e l1 n or m pri n ci pl e c o m p o n e nt a n al ysis a n d its v ari ati o ns
ar e i ntr o d u c e d i n [ 6 ], w hi c h is a bl e t o c at c h c h a n g e i n si g n al
s u bs p a c e, eff e cti v el y d et e cti n g t h e a n o m al y. T h es e n o v el a n d
ri g or o us a p pr o a c h es pr o v e t o b e p erf or mi n g w ell f or d et e ct-
i n g si g n al a n o m ali es. H o w e v er, t h e y ar e n ot a n i d e al fit i n
t his pr o bl e m s etti n g, si n c e t h e str e a mi n g d at a i n o ur pr o bl e m
c o nt ai n e xtr a c at e g ori c al i nf or m ati o n s u c h as l o c ati o n.

R e c e ntl y, t h er e h a v e b e e n a n u m b er of att e m pts i n i nt e-
gr ati n g t h e i d e a of G e n er al A d v ers ari al N et w or k ( G A N) a n d
a n o m al y d et e cti o n. S e v er al e xisti n g m et h o ds ar e a n al y z e d i n
[7 ]. T h es e m et h o ds dis c uss e d st e m dir e ctl y fr o m t h e str u ct ur e
of G A N wit h o ut m o d eli n g of t h e str e a mi n g d at a. I n t h e w or k
of [ 8 ], L o n g S h ort Ter m- R e c urr e nt N e ur al N et w or k ( L S T M-
R N N) is a p pli e d i n G A N t o c a pt ur e t h e distri b uti o n of m ul-
ti v ari at e ti m e s eri es of str e a mi n g d at a f or c y b er- p h ysi c al s ys-
t e ms. T h e w or k of [9 ] us es a G A N- b as e d a p pr o a c h t o c arr y
o ut a n o m al y d et e cti o n f or m e di c al i m a g e s c a ns, t a ki n g a d v a n-
t a g e of dis cri mi n at or f e at ur e i nf or m ati o n. Si mil arl y l o o ki n g
i nt o i m a g e a n o m al y d et e cti o n, t h e w or k i n [1 0 ] att e m pts t o
o bt ai n t h e l at e nt s p a c e r e pr es e nt ati o n fr o m t h e g e n er at or of
G A N t o i d e ntif y a n o m ali es.

T y pi c al a d v ers ari al pr o bl e ms dr a w att e nti o n t o o bt ai ni n g
a hi g h- q u alit y f a k e d at a g e n er at or usi n g t h e a d v ers ari al n et-
w or k. It ai ms t o d et e ct a n o m ali es w h e n n or m al d at a p att er n
is a v ail a bl e a n d c a n b e e x pl oit e d f or a tr a diti o n al t w o- cl ass
c h a n g e d et e cti o n. H o w e v er, i n t h e s etti n g of t his w or k, o nl y
a n o m al y d at a ar e a v ail a bl e, w hi c h c alls f or a o n e- cl ass d e-
t e cti o n a p pr o a c h. T h er ef or e i n o ur w or k, m or e e m p h asis is
pl a c e d o n l e ar ni n g a n ef fi ci e nt dis cri mi n at or w hi c h is a bl e t o
d et e ct a n o m al y d at a a c c ur at el y.

A f e w pi e c es of m or e r e c e nt r es e ar c h ar e cl os el y r el at e d
t o t his w or k i n t h e eff ort of e x pl oiti n g t h e L S T M str u ct ur e or
a d v ers ari al l e ar ni n g s etti n g. I n [ 1 1 , 1 2 ], H a w k es pr o c ess is
c o m bi n e d wit h r e c urr e nt n e ur al n et w or ks. B ot h m a k e us e of
t h e L S T M str u ct ur e t o m o d el t h e c o n diti o n al i nt e nsit y f u n c-
ti o n si mil ar t o o ur w or k. H o w e v er, t h e d et ail e d str u ct ur e of
t h e t w o a p pr o a c h e d diff er. I n [1 2 ], t h e m o d el c o nsists of st a n-
d ar d dis cr et e-ti m e L S T M w hi c h r es ults i n e v e nt i nt er v als b e-
i n g c o d e d i nt o t h e m o d el. T h e m o d el als o o nl y c o nt ai ns a
si n gl e i nt e nsit y f u n cti o n λ (t) wit h si m pl e e x p o n e nti al d e c a y.
O n t h e ot h er h a n d, [ 1 1 ] pr o p os e d a c o nti n u o us-ti m e L S T M
m o d el b y c o nstr u cti n g a m o d ul ar m o d el wit h s e p ar at e i nt e n-
sit y f u n cti o ns, all o wi n g m or e fl e xi bilit y. B ot h of t h e p a p ers
l o o k i nt o t e m p or al s etti n gs o nl y. O ur w or k f urt h er e xt e n ds t h e
m o d eli n g t o a m ar k e d s p ati o-t e m p or al s etti n g. A d diti o n all y,
i n t h e w or k of [1 3 ], a n a d v ers ari al l e ar ni n g str at e g y si mil ar
t o t his w or k is d e pl o y e d. T h e o bj e cti v e is t o i m pr o v e m a xi-
m u m li k eli h o o d esti m ati o n ( M L E) of pr e di cti v e p oi nt pr o c ess
m o d els. T h e af or e m e nti o n e d p a p ers f o c us o n m o d eli n g usi n g
p oi nt pr o c ess es wit h a d v ers ari al l e ar ni n g str at e gi es. B ut t h es e
p a p ers d o n ot t a k e a n o m al y d et e cti o n i nt o c o nsi d er ati o n. A fi-
n al r el e v a nt p a p er [ 1 4 ] a p pli es t h e a d v ers ari al n et w or k t o t h e
cl assi fi c ati o n pr o bl e m, b ut it is li mit e d t o i m a g es o nl y.

2. M O D E LI N G

Ass u m e w e h a v e a s et of m ar k e d s p ati o-t e m p or al a n o m al o us
s e q u e n c es X = { x } . L et x = { x 1 , x2 , . . . , xN T

} b e a si n gl e
s e q u e n c e w h er e N T is t h e n u m b er of e v e nts i n t h e ti m e wi n-
d o w T . E a c h t u pl e x i = { ti , s i , m i } d e n ot es a si n gl e e v e nt
o c c urr e d at ti m e ti ∈ [ 0, T ), at l o c ati o n s i ∈ S ⊆ R 2 , ass o ci-
at e d wit h m ar ks m i ∈ Ω ∗ = R d × Ω w h er e Ω is a c at e g ori c al
m ar k s p a c e.

O ur g o al is t o d e vis e a dis cri mi n at or D : [ 0, T ) × S ×
Ω ∗ → ( 0, 1) . Gi v e n a s e q u e n c e x wit h ar bitr ar y l e n gt h, t his
dis cri mi n at or D (x ) > b if t h e s e q u e n c e x is a n o m al o us. Ot h-
er wis e D (x ) ≤ b , w h er e b is a pr es et t hr es h ol d.

N o w w e pr es e nt o ur s e q u e nti al d at a m o d el, w hi c h is
a d a pt e d fr o m t h e n e ur al H a w k es m o d el i n [ 1 1 , 1 2 , 1 5 , 1 6 ].
T h e m o d el r e pr es e nts t h e hist ori c al i nf or m ati o n of a s e q u e n c e
x usi n g t h e fi n al hi d d e n st at e h N T + 1 aft er f e e di n g t h e d at a
s e q u e nti all y i nt o t h e L S T M.
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Fi g. 2 : A n ill ustr ati o n of o ur pr o p os e d L S T M b as e d m o d el. T h e
m o d el c a n eit h er t a k e e xt er n al p oi nts as i n p ut or g e n er at e p oi nts i n-
t er n all y. T h e fi n al hi d d e n e m b e d di n g aft er t h e l ast m o m e nt c o nt ai ns
t h e i nf or m ati o n f or t h e e ntir e i n p ut or g e n er at e d s e q u e n c e.

We c h ar a ct eri z e t h e a n o m al y b e h a vi or of e v e nts i n a s e-
q u e n c e usi n g a c o n diti o n al i nt e nsit y f u n cti o n λ (t, s , m | Ht ),
w hi c h is t h e pr o b a bilit y of o bs er vi n g a n e v e nt i n t h e m ar k e d
s p ati o-t e m p or al s p a c e [ 0, T ) × S × Ω ∗ gi v e n t h e hist or y of
p ast e v e nts H t : λ (t, s , m | Ht )dt d s d m = P { x i + 1 ∈ [t, t +
dt ] × | B (s , ∆ s )| × |B (m , ∆ m )|| Ht } , w h er e |B (ν , ∆ ν )| ar e
t h e L e b es g u e m e as ur e of t h e b all B (ν , ∆ ν ) wit h r a di us ∆ ν .

We m o d el t h e n o nli n e ar d e p e n d e n c y of c urr e nt e v e nt fr o m
p ast e v e nts usi n g t h e L S T M. As s h o w n i n Fi g ur e 2 , f or t h e it h

e v e nt o c c urri n g at t h e ti m e ti , t h e d at a t u pl e (ti , s i ) is f e d as
i n p ut i nt o t h e L S T M u nf ol d e d u p t o t h e i + 1 t h e v e nt. T h e
e m b e d di n g h i ∈ R p r e pr es e nts t h e m e m or y eff e ct, w hi c h is
t h e i n fl u e n c e fr o m t h e p ast e v e nts. T h e L S T M u p d at es h i − 1

t o h i b y t a ki n g i nt o a c c o u nt t h e i m p a ct of t h e c urr e nt e v e nt
x i . Fi n all y, w e us e h i t o r e pr es e nt t h e i n fl u e n c e of t h e hist or y
u p t o ti m e t, ∀ t : ti < t < t i + 1 .

Gi v e n t h e it h i n p ut x i a n d t h e l ast hi d d e n st at e h i − 1 , w e
c a n o bt ai n t h e hi d d e n st at e h i of L S T M ( p is t h e di m e nsi o n
of t h e hi d d e n st at e), w hi c h is d e fi n e d as

h i = o i (x i ) ◦ σ h (c i (x i )) = h i − 1 (x i ),

w h er e σ h is t h e h y p er b oli c t a n g e nt f u n cti o n, o i is t h e c urr e nt
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Fi g. 3 : Ar c hit e ct ur e of t h e a d v ers ari al l e ar ni n g fr a m e w or k, w hi c h c o nsists of a L S T M str u ct ur e a n d a f ull y c o n n e ct e d n e ur al n et w or k. F or
g e n er at or, t h e L S T M g e n er at es f a k e s a m pl es z = { z i } gi v e n t h e i niti al hi d d e n st at e h 0 . F or dis cri mi n at or, it t a k es r e al s a m pl es x = { x i } as
i n p ut gi v e n t h e i niti al hi d d e n st at e h 0 . A f ull y- c o n n e ct e d n e ur al n et w or k t a k es t h e l ast hi d d e n st at e h N + 1 or h N + 1 of a s e q u e n c e of s a m pl es
as i n p ut, a n d yi el ds t h e pr o b a bilit y of b ei n g a n o m al y.

o ut p ut g at e’s a cti v ati o n st at e, a n d c i is t h e c urr e nt c ell st at e.
B ot h of o i a n d c i d e p e n d o n t h e l ast hi d d e n st at e h i − 1 , a n d
t a k e x i as t h e c urr e nt i n p ut. It diff ers fr o m t h e c o n v e nti o n al
L S T M str u ct ur e b e c a us e t h e e xt er n al i n p ut of hi d d e n st at e is
t h e L S T M’s o ut p ut at t h e l ast m o m e nt. F or m or e d et ails of
t h e L S T M str u ct ur e, pl e as e r ef er t o A p p e n di x A 1 .

Si n c e w e h a v e ass u m e d t h e m ar k is c o n diti o n all y i n d e p e n-
d e nt of l o c ati o n a n d ti m e of e v e nts, t h e c o n diti o n al i nt e nsit y
f u n cti o n is d e fi n e d as

λ (t, s , m | Ht ) ≈ λ (t, s , m |h i )

= λ g (t, s |h i ) · p (m |h i ),
( 1)

w h er e λ g (t, s|h i ) is t h e s p ati o-t e m p or al c o n diti o n al i nt e nsit y
a n d p (m |h i ) is t h e c o n diti o n al pr o b a bilit y d e nsit y of m ar ks.
S p ati o-t e m p o r al r e p r es e nt ati o n. T h e s p ati o-t e m p or al c o n-
diti o n al i nt e nsit y f u n cti o n λ g (t, s |h i ) c a n b e s p e ci fi e d as

λ g (t, s |h i ) = f (W h h i (t, s ) + b h ) , ( 2)

w h er e f (·) is t h e s oft pl us f u n cti o n. h i (t, s ) is t h e hi d d e n st at e
wit h p arti al i n p ut t, s (s e e A p p e n di x A ). Wei g hts W h a n d
bi as b h ar e t h e tr ai n a bl e p ar a m et ers. T o att ai n m or e e x pr es-
si v e n ess f or t h e c o n diti o n al i nt e nsit y f u n cti o n, it c a n als o b e
e xt e n d e d t o m ulti-l a y ers str u ct ur e wit h o ut t o o m u c h eff orts.

F or si m pli cit y of n ot ati o n, w e d e n ot e t h e c o n diti o n al i n-
t e nsit y λ (·|h i ), λg (·|h i ) as λ ∗ (·), λ∗g (·). L et f ∗

g (t, s ) b e t h e
c orr es p o n di n g c o n diti o n al s p ati o-t e m p or al pr o b a bilit y d e n-
sit y. N ot e t h e c o n diti o n al s p ati o-t e m p or al i nt e nsit y λ ∗

g (t, s ).
T h e c o n diti o n al pr o b a bilit y d e nsit y f ∗

g (t, s ) is d e fi n e d as:

f ∗
g (t, s ) = λ ∗

g (t, s ) · e x p −
t

t n S

λ ∗
g (τ, ν )d τ d ν .

T h e n w e c a n esti m at e t h e ti m e a n d l o c ati o n f or t h e n e xt
e v e nt usi n g t h e e x p e ct ati o n:

t̂i + 1

ŝ i + 1
=

T

t i
τ

S
f ∗

g (τ, ν )d τ d ν

S
ν

T

t i
f ∗

g (τ, ν )d τ d ν
.

I n g e n er al, t h e i nt e gr ati o n a b o v e c a n n ot b e o bt ai n e d a n al yti-
c all y. T h er ef or e, n u m eri c al i nt e gr ati o n t e c h ni q u es w hi c h ar e

1 h t t p s : / / a r x i v . o r g / a b s / 1 9 1 0 . 0 9 1 6 1

c o m m o nl y utili z e d ar e a p pli e d h er e t o c o m p ut e t h e e x p e ct a-
ti o n.
M a r k r e p r es e nt ati o n. Gi v e n t h e hi d d e n r e pr es e nt ati o n h i

u p t o t h e it h e v e nt, w e c o nsi d er e a c h t y p e of t h e m ar ks
c o n diti o n al i n d e p e n d e nt of e a c h ot h er, i. e., p (m |h i ) =

d
= 0 p (m [ ]|h i ). F or t h e c at e g ori c al m ar k m [ 0] ∈ { 1 , . . . , K} ,

w e m o d el t h e c o n diti o n al pr o b a bilit y of m ar k m [ 0] as a m ulti-
n o mi al distri b uti o n d e fi n e d as:

p (m [ 0] = k |h i ) =
e x p( V k h i + b k )

K
κ = 1 e x p( V κ h i + b κ )

,

w h er e w ei g hts V = { V k } a n d bi as { b k } ar e t h e tr ai n e d p a-
r a m et ers.

F or c o nti n u o us m ar ks m [ ] ∈ R , ∀ 1 ≤ ≤ d , w e m o d el
t h eir c o n diti o n al pr o b a bilit y d e nsit y m [ ] as a G a ussi a n dis-
tri b uti o n d e fi n e d b y:

m [ ]|h i ∼ N (U h i + b , σ),

w h er e w ei g hts U = { U } a n d bi as { b } ar e t h e tr ai n e d p a-
r a m et ers.

3. A D V E R S A RI A L A N O M A L Y D E T E C TI O N

T h e a n o m al y d at a is ass u m e d t o b e g e n er at e d b y a r e al d at a
distri b uti o n d e n ot e d b y p d . T h e f a k e d at a is g e n er at e d b y a
f a k e d at a distri b uti o n d e n ot e d b y p z . D e n ot e G (z ) t h e L S T M
g e n er at or a n d D (x ) t h e dis cri mi n at or. T h e g e n er at or G i m-
pli citl y d e fi n es a pr o b a bilit y distri b uti o n z ∼ p z as t h e dis-
tri b uti o n of f a k e tr aj e ct ori es o bt ai n e d b y G (z ) w h e n z is a
r a n d o m i niti ali z ati o n of t h e L S T M st at e. T h e dis cri mi n at or
D is a f ull y c o n n e ct e d m ulti-l a y er n e ur al n et w or k w h er e t h e
i n p ut l a y er of D is t h e l ast L S T M hi d d e n st at e wit h e xt er n al
i n p ut x , a n d t h e o ut p ut l a y er is a s oft m a x w hi c h yi el ds t h e
pr o b a bilit y t h at t h e s e q u e n c e is a n a n o m al y tr aj e ct or y.

T o l e ar n t h e dis cri mi n at or w hil e i m pr o vi n g t h e g e n er at or,
w e f oll o w [ 2 , 3 ] t o pl a y a n a d v ers ari al g a m e b y mi ni m a x t h e
f oll o wi n g o bj e cti v e f u n cti o n as s h o w n i n Fi g ur e 3 .

m a x
D

mi n
G

E x ∼ p d ( x ) [l o g D (x )] +

E z ∼ p z ( z ) [l o g ( 1 − D (G (z )))]
( 3)

P erf or mi n g t h e a n o m al y d et e cti o n, w e f e e d t h e d at a p oi nts
of a n u n k n o w n s e q u e n c e x i nt o o ur w ell-tr ai n e d L S T M o n e at
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a time. Denote the first i events in x as xi. The alarm would
be raised at step i onceD(xi) is larger than a preset threshold
b. A general threshold of b = 0.5 can be adopted here.

4. NUMERICAL EXAMPLES

To evaluate the performance of the proposed anomaly detec-
tion approach, we apply it to two real applications as below:
Earthquake event data. The Northern California Earth-
quake Data Center (NCEDC) provides data [17] which comes
from broadband, short period, strong motion seismic sensors,
GPS, and other geophysical sensors. This dataset contains
16,401 major earthquake records with magnitudes larger than
3 from 1978 to 2018 in the Northern California area.
Credit card fraud transaction data. The records of identi-
fied fraudulent credit card transactions contain date and loca-
tion of transaction, transaction amount, and loss type. Each
case is associated with a sequence of frauds on a specific card.
There are in total 534 different locations, 641,071 fraud trans-
actions observed, and 30,078 credit cards involved.

Comparing the proposed approach (AdvLSTM) with three
other baseline methods, its efficacy can be understood. These
baselines are briefly introduced as follow: (1) PCA. Princi-
ple component analysis is carried out and the principle fea-
ture components are obtained. Then the event sequences of
various lengths are compared with the features. If a specific
testing sequence corresponds to an outlier from the principle
features, then it is determined that such sequence should not
be considered as an anomaly. PCA does not take the order
of events in the sequence into account; (2) PCA + CUSUM.
PCA-based detection with CUSUM has a similar structure to
the standard PCA method. The major difference is the intro-
duction of CUSUM statistics to the method as the trigger for
detection. This takes the sequence of events into consider-
ation. (3) MLE-LSTM. Using the LSTM framework only to
find representations of events by Maximum Likelihood Esti-
mation as shown in Appendix B. Detection is declared if the
event is sufficiently dissimilar to these representations.

All approaches are applied to both the credit card fraudu-
lent transactions and NCDEC earthquake event data. The de-
sired performance is that anomalies can be correctly detected
as quickly as possible at a considerable level of accuracy. On
the other hand, if random noise data is fed towards the de-
tection metric, ideally they should not be picked up by the
detector as anomalies.

Following the experiments, the performance of these
methods can be obtained in terms of the accuracy of detecting
anomaly and erroneously identifying noise data as anoma-
lies. It is observed in Fig.4 that for the method proposed in
our work, the detection probability of correctly detecting the
anomaly data in both cases is high. For the credit card fraud,
the probability of detection reaches 80% within the first 5
events of a sequence, whilst for the earthquake case, the same
level of detection is reached within the first 40 events. Si-
multaneously the probabilities of identifying random noise

as anomalies in both cases are significantly lower. This in-
dicates the proposed method is able to detect the anomalies
while being resistant to random noise, indicating the power
of adversarial learning. On the contrary, the baselines are
not performing as well. They have generally failed to dif-
ferentiate between the noise data and genuine anomaly data.
Therefore they are not as accurate in anomaly detection as the
devised method in this work.
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(b) AdvLSTM (NCEDC)
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(c) PCA+CUSUM (Credit)
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(d) PCA+CUSUM (NCEDC)
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(f) PCA (NCEDC)
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(g) MLE-LSTM (Credit)
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Fig. 4: Comparisons between our method and baselines.

5. CONCLUSIONS
This paper has proposed a novel anomaly detection approach
leveraging the power of adversarial learning. The anomaly
data is modeled using marked spatio-temporal point processes
framework where historical information is specified as the fi-
nal hidden embedding of an LSTM. Using real credit card
frauds and earthquake records, it is shown that this approach
outperforms other baseline methods in terms of prediction ac-
curacy.
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