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Abstract:  In  this  work,  we  investigate  the  problem  of  multi-task  learning  (MTL)  in  ultra-high

voltage  direct  current (UHVDC) monitoring  systems.  Considering  the  measurements  are  affected

by wireless channel impairments, typically characterized by block fading and link noise. Such chan-

nel  imperfections  significantly  degrade  the  performance  of  distributed  estimation  in  real-world

power system environments.  Based on the graph signal  processing method, we propose the multi-

task robust decoupled diffusion least mean square algorithm (MT-RDDLMS). Specifically, a decou-

pled adapt-then-combine strategy is introduced to reduce the influence of wireless channels on data

exchange  among  measurement  units.  Moreover,  an  average  estimation  method  with  an  adaptive

smoothing factor is developed to further suppress link noise and enhance estimation accuracy. Simu-

lation  results  confirm  the  robustness  and  effectiveness  of  the  proposed  algorithm  under  realistic

wireless channel conditions.
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 1    Introduction

With  the  rapid  development  of  fields  such  as

smart grids, social networks [1] and wireless sen-

sor  networks  [2],  graph  signal  processing (GSP)

has  received  increasing  attention.  Graph  signals

are typically defined on the nodes of a graph and

are  characterized  by  the  topological  structure  of

the graph.  These  signals  represent  data   associ-

ated  with  each  node  over  the  network  [3].  GSP

provides a set of tools for analyzing and process-

ing  signals  on  graphs,  primarily  through  the

graph  shift  operator  (GSO)  and  the  graph

Fourier transform (GFT).

As  traditional  signal  processing  theories  are

increasingly applied in the graph domain, numer-

ous graph filter structures have been proposed in

[4–6]. Concurrently, adaptive filtering algorithms

have  been  extended  to  the  field  of  graph  signal

processing,  including diffusion least  mean square

(LMS)  [7],  diffusion  preconditioned  LMS

(PLMS)  [8],  and diffusion recursive  least  square

(RLS)  [9].  These  algorithms  leverage  dynamic

streaming  graph  signals  for  distributed  adaptive

estimation.  Depending  on  the  relationships

among  the  target  parameter  vectors,  distributed

estimation  tasks  can  be  categorized  into  single-

task learning [10] and multi-task learning (MTL)

[11,12].  In  single-task learning,  all  nodes   esti-

mate  the  same  parameter  vector,  whereas  in

MTL,  the  network  is  divided  into  clusters,  with

nodes within each cluster  learning the same tar-

get parameters.  The nodes cooperate  by exploit-

ing the similarities between tasks to improve net-
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work  performance.  For  example,  in  ultra-high

voltage  direct  current  (UHVDC)  systems,  dis-

tributed measurement boards can be deployed to

monitor electrical parameters such as voltage and

current  across  converter  stations.  Each  board

leverages the similarity between its own measure-

ments and those of neighboring boards to collab-

oratively estimate the operational state [13].

It is important to note that in many practi-

cal applications, such as wireless sensor networks

and smart  grids,  data  transmission  over  wireless

channels  is  subject  to  imperfections,  including

block  fading  and  link  noise  [14]. These   impair-

ments  can  distort  the  information  exchanged

between neighboring  nodes,  degrading  the   esti-

mation accuracy and slowing the  convergence  of

the  algorithms  [14–16].  The  single-task  learning

problem with wireless  channels  has been studied

in  [14],  which  explores  the  impact  of  wireless

channels on  the  performance  of  distributed   esti-

mation.  In  [17],  the  multi-task  learning  problem

in  wireless  channels  was  considered.  In  [18]  and

[12],  the  authors  considered  that  the  quality  of

information  can  affect  the  performance  of  the

estimate. The authors proposed a smart coopera-

tion  strategy  based  on  an  information-theoretic

criterion,  which  excludes  cooperation  between

nodes  with  different  tasks  or  poor-quality  links.

In [15], a fixed moving average filter is applied to

process  imprecise  exchange  weights  caused  by

link  noise,  which  improved  estimation  accuracy

but at the expense of slower convergence.

In  particular,  the  measurement  boards  in

UHVDC are important in acquiring data for real-

time equipment monitoring. The quality of mea-

surements  directly  determine  the  system  safety

through  their  operational  stability.  With  the

widespread  deployment  of  UHVDC  monitoring

systems,  the  application  of  graph-based  signal

analysis  has  become  crucial  for  monitoring  and

maintenance.  The  current  maintenance  model,

which relies on manual inspection and post-fault

repair,  suffers  from  deficiencies  such  as  the  lack

of early fault identification, strong dependence on

expert experience,  and  high  risks  of  sudden   fail-

ures. Therefore, it is essential to build an intelli-

gent  predictive  maintenance  system  based  on

advanced algorithms.

In this  work,  we  model  the  UHVDC  moni-

toring  systems  as  an  undirected  graph,  and  the

problem  of  multi-task  learning  in  graph  signal

processing under wireless channel impairments is

considered,  with  a  specific  focus  on  applications

in  UHVDC  measurement  board  monitoring.  To

the  best  of  our  knowledge,  this  has  not  been

explored in the existing literature. To tackle this

problem,  a  robust  graph  decoupled  diffusion

multi-task  LMS  algorithm  called  MT-RDDLMS

is proposed. The main contributions of this paper

are as follows:

1) To  reduce  the  degradation  of  estimation

performance  caused  by  wireless  channels  in

UHVDC  monitoring  systems,  the  decoupled

adapt-then-combine  method  is  adopted  into

graph signal multi-task learning.

2) To  suppress  the  impact  of  link  noise  on

the  estimation  process,  an  average  estimation

method with an adaptive smoothing factor is pro-

posed.

3)  Numerical simulations,  including   scenar-

ios inspired by real-world UHVDC signal process-

ing, demonstrate  the  robustness  and   effective-

ness of the proposed MT-RDDLMS algorithm in

wireless channel environments.

The  structure  of  this  work  is  organized  as

follows.  Section  2  presents  the  preliminaries  and

problem statement. In Section 3, a robust graph-

decoupled  diffusion  multi-task  LMS algorithm is

proposed.  Section  4  provides  the  simulation

results.

 2    System  Model  and  MT-DLMS

Algorithm

 2.1    System Model
In typical UHVDC monitoring systems, the phys-
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ical components like converter stations, transmis-

sion  towers,  and  the  measurement  boards  in

UHVDC  can  be  represented  by  the  nodes  in

graph. The connections between power lines and

communication  links  can  be  characterized  by

edges.  An  undirected  graph  is  appropriate

because these connections are inherently bidirec-

tional;  a  fault  or  signal  in  one  component  can

directly influence another, regardless of direction.

This  structure  effectively  captures  the  system's

mutual  dependencies  and  facilitates  analysis.

Therefore,  an  undirected  graph    with

vertex set   and edge set  . If  , nodes 

and   are neighbors, meaning they can communi-

cate  with each other.  The neighborhood of  node

,  denoted  by  ,  includes  node    itself. Addi-

tionally,    indicates  that  it  does  not  include

node   itself.

x(i) G
J i

x(i) = [x1(i), · · · , xk(i)]
T

zk(i)

k i

i

Si

The input graph signal   on    is defined

as a mapping from vertex set   at time  , where

  and    represents  the

signal  value  of  node    at  time  .  The  GSO  is

defined as  a  weighted  combination  of  the  neigh-

borhood, and the GSO at time step   is denoted

by  .  The shift-invariant graph filter is  defined

by

H =

L−1∑
m=0

ho

mS
m （1）

ho = [h0, h1, · · · , hL−1]
T

L

Z(i)

N ×M

where    denotes the   coeffi-

cient  vector  of  the  graph  filter,  and    is  the

length of the graph filter. Let   represent the

 matrix, which is given by

Z(i) =
[
x(i),Sx(i− 1), · · · ,SL−1x(i− L+ 1)

]T
（2）

y(i)

yk(i)

The  filtered  graph  signal    and  the  local

filtered  graph  signal    are  respectively

expressed as

y(i) = Z(i)ho + v(i) =Hx(i) + v(i) （3）

yk(i) = zk(i)
Tho

k + vk(i) （4）

v(i) = [v1(i), v2(i), · · · , vN(i)]
Twhere    denotes  an

independent and identically zero mean noise with

σ2
v,k k zk(i)

T

k

variance   at each node  . In (4),   repre-

sents  the  regression  vector  at  node  ,  which  is

given by

zk(i)
T =col{[x(i)]k, [Sx(i− 1)]k, · · · ,

[SL−1x(i− L+ 1)]
k
} （5）

zk(i)
T k Z(i)where   is the  -th row of  .

 2.2    MT-DLMS Algorithm

Q

In  a  multi-task  graph  filter  model  in  UHVDC,

the nodes in the network are divided into   clus-

ters.  Nodes  within  the  same  cluster  learn  the

same graph filter coefficient, namely

ho
k = ho

(α), for each node k ∈ Cα （6）

Cα α α

ho
(α)

where    represents  the  -cluster,  in  -cluster,

there is a filter coefficient vector   to estimate.

According  to  [8],  MT-DLMS  employs  the

well-known  adapt-then-combine  (ATC)  strategy

to minimize  the  objective  function  in  a   dis-

tributed manner, it can be written as follows

ψk(i) = hk(i−1)+µkzk(i)
[
yk(i)−zT

khk(i−1)
]
（7）

hk(i) =
∑
ℓ∈N∥

aℓkψℓ(i) （8）

µk k aℓkwhere    is  the  step  size  for  node  ,    is  the

combination coefficient.  The  combination   coeffi-

cient must satisfy the following constraint
N∑

l=1

aℓk = 1, aℓk ⩾ 0, aℓk = 0, if ℓ /∈ N∥ （9）

aℓk k

ℓ

After  the  clustering  step,  the  combination

coefficient    is  non-zero only if  node   and its

neighboring node   are assigned to the same clus-

ter.

 3    Robust Graph  Decoupled  Diffu-

sion Multi-Task LMS Algorithm
To account  for  the  impact  of  the  wireless   chan-

nel  in  UHVDC,  a  robust  multi-task  learning

strategy is  proposed.  Specifically,  we incorporate

the  decoupled  adapt-then-combine  method  [19]

into graph signal processing, resulting in the fol-

lowing formulation
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ψk(i) = ψk(i− 1) + µkzk(i)
[
yk(i)− zT

k(i)ψk(i− 1)
]

（10）

hk(i) = akk(i)ψk(i) +
∑

ℓ∈N−
∥

aℓk(i)hℓ(i− 1) （11）

hk(i− 1)

ψk(i− 1)

Compared  with  (7),    in  (10)  is

replaced by  , which means that the com-

bined graph filter weight is not feedback into the

adaptation stage. This feedback can be beneficial

in certain  scenarios,  such  as  an  ideal  case  with-

out link noise. In (10), each node functions as an

independent filter during the adaptive stage and

does  not  receive  information  from  its  neighbors.

Consequently, the  adaptive  stage  is  not   influ-

enced  by  the  wireless  channel.  In  addition,  this

design  helps  prevent  the  algorithm  from  being

affected  by  inaccuracies  in  the  multi-task  learn-

ing process.

k i

i− 1

Since  it  takes  time  for  nodes  to  transmit

information  to  their  neighbors,  the  combined

information  in  (11)  consists  of  the  intermediate

estimate  of  node    at  the  current  time  ,  along

with the graph filter  coefficients  of  its  neighbors

from the previous time  .

k

ℓ

When nodes exchange information with wire-

less  channels,  the  process  is  affected by additive

noise  and  block  fading,  as  illustrated  in  Fig. 1.

The  graph  filter  coefficient  received  by  node 

from its neighboring node   is given as follows

hℓ,k(i) = gℓ,k(i)hℓ(i) + qℓ,k(i), ℓ ∈ N−
k （12）

gℓ,k(i)

qℓ,k(i)

ℓ

k i

where    represents  the  fading  coefficient  in

the  wireless  channel,  it  remains  constant  within

each  data  block  [17].  The  additive  noise  in  the

wireless channel is denoted by  , which rep-

resenting the link noise between node   and node

 at time  .

To facilitate the analysis and explanation of

the algorithm. The following assumptions for the

wireless  channel  are  adopted,  which  are  widely

accepted in [14, 16, 17].

qℓ,k(i)Assumption  1  The  link  noise  signals 

are  spatially  and  temporally  independent  zero-

mean Gaussian random variables, and are uncor-

related with other signals.

gℓ,k(i)Assumption  2 The  fading  coefficients 

are  zero-mean  Gaussian  random  variables,  and

they  are  independent  and  identically  distributed

over time and space.

gℓ,k(i)

qℓ,k(i)

Assumption  3  For  all  nodes  and  all  time

instances,  the  fading  coefficient    and  the

link noise   are mutually independent.

gℓ,k(i)

It should  be  noted  that  in  practical   net-

works, the fading coefficient    is not known

in  advance  [14,  17].  Therefore,  nodes  acquire

their own channel state information and compen-

sate  for  the  fading  effect  using  local  equalizer

gains, which could be given by

γℓ,k(i) =
gℓ,k(i)

∗

|gℓ,k(i)|2
（13）

γℓ,k(i)

After compensation using the local equalizer

gains  , (11) can be rewritten as

h′
ℓ,k(i) =γℓ,k(i)gℓ,k(i)hℓ(i) + γℓ,k(i)qℓ,k(i) =

hℓ(i) + q
′
ℓ,k(i) （14）

h′
ℓ,k(i)

ĥℓ,k(i)

To mitigate the impact of link noise, we use

the  well-known  moving  average  method  [20]  to

denoise  the  transmitted  data.  In  (14),    is

replaced  by  the  denoised  estimate  ,  which

is given by

ĥℓ,k(i) = (1− βk,i)ĥℓ,k(i− 1) + βk,ih
′
ℓ,k(i) （15）

βk,i

0 < βk,i << 1 βk,i ĥk,l(i)

βk,i

where    is  the  smoothing  factor,  and

. When   is close to 0,   pro-

vides  limited  information  in  initial  state  [16].

Thus,  in  this  work,    is designed  as  an  adap-

tive smoothing factor.

βk,i

Specifically,  the  sigmoid  function  is  used  to

constrain    within  the  range  (0,  1),  and  is

defined as

 

hℓ,k
Node ℓ

hℓ
Node k hk

gℓ,k qℓ,k

k ℓFig. 1    Node   receives data from neighbor node 
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βk,i =
1

1 + e−θk,i
（16）

θk,iwhere    is  an  auxiliary  variable  to  facilitate

adaptive  updates  based  on  the  following  loss

function

JMSE
n =

1

2

N∑
n=1

E
{
(yk(i)− zT

k(i)hk(i− 1))
}
（17）

θk,i

By  minimizing  (17)  using  the  gradient

descent  method,  the  update  rule  for    is

derived as

θk,i =θk,i−1 + µθk
βk,i−1(1− βk,i−1)×

(yk(i)− zT
k(i)hk(i− 1))×

zT
k(i)(pk(i− 1)−ψk(i− 2)) （18）

µθk
where   is a step-size parameter and

pk(i− 1) = hk(i− 1)− akk(i− 1)ψk(i− 1) （19）

θk,i

[−v+, v+]

To  ensure  the  continuous  learning  of  (18),

the  value  of    is constrained  within  the   inter-

val   [16].

ℓ2

k ℓ ∈ Nk

In this work, nodes are assumed to have no

prior  knowledge  of  the  underlying  clusters.  In

other  words,  nodes  cannot  determine  which

neighbors share the same learning objective. Fol-

lowing the approach in [8, 11], we facilitate clus-

tering by computing the normalized  -norm dis-

tance between the graph filter coefficients of node

  and  its  neighboring  node  .  To  enable

online  identification  of  clustering  structure,  we

introduce the following Boolean variable

dℓ,k(i) =

1, if
∥ĥℓ(i− 1)− hk(i− 1)∥2

∥hk(i− 1)∥2
⩽η, ℓ∈Nk

0, otherwise
（20）

η ∈ (0, 1)

l2

k ℓ

η

l2

ĥℓ(i− 1)

hk(i− 1) ĥℓ(i− 1)

hk(i− 1)

where    is  a  predefined similarity-related

threshold.  If  the  -norm  distance  between  the

graph filter estimates of node   and node   is less

than  ,  the  two  nodes  will  be  assigned  to  the

same cluster. It is important to note that the  -

norm distance is calculated between   and

.  The  reason  for  choosing    is

that  the  denoised  information  leads  to  better

clustering.  The  reason  for  choosing    is

ψk(i− 1)

ĥℓ(i− 2)

that it combines the local estimate   with

the information   from its neighbors.

To further reduce the impact of link noise, a

convex combination  strategy  is  employed  as   fol-

lows

tℓ,k(i) = δtℓ,k(i− 1) + (1− δ)bℓ,k(i) （21）

δ ∈ (0, 1)

tℓ,k(i)

tℓ,k(i) C(i)

where    is  a  forgetting  factor,  which  is

used  to  balance  past  and  present  clustering

results.  Here,    is  a  trust  level  that  assists

the  clustering  process.  Based  on  the  trust  level

,  the  clustering  matrix    can be   com-

puted as follows

Cℓ,∥(⟩) =
{

1, if tℓ,k(i) > χ
0, otherwise （22）

χ ∈ [0.5, 1)

C
k

where    is  a  predefined  threshold

parameter.  Using  the  clustering  matrix  ,  each

node    determines  its  cluster  and  identifies  its

neighbors  within  the  cluster.  Additionally,  the

clustering matrix can also be used to evaluate the

accuracy of multi-task learning.

COnce the clustering matrix   is obtained, the

combination  coefficients  can  be  computed.  For

simplicity, the averaging criterion [21] is adopted

aℓk(i) =
1∑

l∈N∥

Cℓ,∥(⟩)
（23）

k

ψk(i)

ĥℓ,k(i− 1) aℓk

At  last,  each  node    aggregates  the  local

estimate   and the denoised graph filter coef-

ficient   using the combiner 

hk(i) = akk(i)ψk(i) +
∑

ℓ∈N−
∥

aℓk(i)ĥℓ,k(i− 1) （24）

A  summary  of  the  proposed  MT-RDDLMS

algorithm is presented in Algorithm 1.

Algorithm 1 MT-RDDLMS Algorithm

hk,0 = φk,0 = 0 µk µθk
η δ χ vInitialization:  ,  ,  ,  ,  ,  ,  .

i = 1, 2, 3, . . .for time   do

k = 1, 2, 3, . . . , N

ψk(i) = ψk(i− 1) + µkzk(i)
[
yk(i)−

z⊤
k (i)ψk(i− 1)

]
　　 for  each  node    do  1) Decoupled

adaptation  step: 

.

h′
ℓ,k(i− 1) =2) Adaptive  smoothing  denoising: 
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γℓ,k(i− 1)gℓ,k(i− 1)hℓ(i− 1) + γℓ,k(i− 1)qℓ,k(i− 1)

ĥℓ,k(i− 1) = (1− βk,i)ĥℓ,k(i− 2) + βk,ih
′
ℓ,k(i− 1)

,

.

aℓk(i) =
1∑

l∈Nk

Cℓ,k(i)

3) Clustering  and  computing  the  combiners: 

.

hk(i) = akk(i)ψk(i)+∑
ℓ∈N−

k

aℓk(i)ĥℓ,k(i− 1)

4) Decoupled  combination  step: 

 4    Simulation
In  this  section,  to  evaluate  the  performance  of

the  proposed  algorithm,  we  conduct  extensive

Monte Carlo  simulations  and  provide  a   compre-

hensive analysis of the results.

N = 60 x(i)

Rx =

diag{σ2
x,k}N

k=1 σ2
x,k

U(2, 2.5).
L = 3

Qlk =

0.0005IM gℓ,k(i)

σ2
h,ℓk

= 1

We consider the UHVDC graph composed of

 nodes,  where the graph signal    is  an

independent  and  identically  distributed  zero-

mean  Gaussian  vector  with  covariance 

. The variance   is generated ran-

domly from a uniform distribution   The

order of the graph filter is set to  . The noise

vector of the link follows a Gaussian vector with

zero  mean  with  covariance  matrices 

. The fading coefficients   are Gaus-

sian  variables  of  zero  mean  with  variances

.

{η = 0.01, δ = 0.95

χ = 0.5 µθk
= 0.01 v = 4}

C1 = {1, 2, . . . , 20} C2 = {21, 22, . . . , 40} C3 =

{41, 42, . . . , 60}

The  parameters  for  the  adaptive  clustering

mechanism are set as follows  ,  ,

,  ,  . The  network   topol-

ogy is generated using the GSPBOX toolbox [22],

where  each  node  is  connected  to  its  6 nearest

neighbors. The nodes are divided into three clus-

ters:  ,  , 

. Each  cluster  is  assigned  a   dis-

tinct optimal graph filter coefficient vector

ho

k =


[0.5, 1.4, 1.9]T, for k ∈ C1

[1.3, 0.1, 0.4]T, for k ∈ C2

[1.9, 1.3, 1.7]T, for k ∈ C3

（25）

ho = [0.1, 1.6, 1.2]T

In  addition  to  the  multi-task  scenario,  we

also  evaluate  performance  under  a  single-task

scenario, where all nodes share a common target

vector  .

In  simulation,  the  following  algorithms  are

compared:  the  multi-task  diffusion  LMS  (MT-

DLMS) in ideal environment, the algorithm MT-

DLMS  with  wireless  channel,  the  Non-coopera-

tive  mode,  the  diffusion  average  estimate  bias-

compensated LMS (D-ABC-LMS)  [15],  the  MT-

DLMS-correntropy  [17],  and  the  proposed  MT-

RDDLMS  algorithm  are  compared.  Specifically,

MT-DLMS  in  the  ideal  environment  does  not

consider  the  influence  of  the  wireless  channel,

and  it  assumes  that  the  cluster  information  is

known. Therefore, it can serve as a reference for

optimal performance. The coefficient of the mov-

ing average filter in D-ABC-LMS is set to 0.05.

MSD(i) ∆
= 10 log

10

1

N

N∑
k=1

∥ho − hk(i)∥2

2

The network mean square deviation (MSD)

is used as a performance metric, which is defined

as  .  The

clustering heatmap is  used as a metric  to evalu-

ate  the  performance  of  multi-task  learning.  All

simulated  results  were  averaged  over  200 Monte

Carlo runs.

 4.1    Multi-Task Scenario

µ = 0.01

In  this  experiment,  all  algorithms  employ  the

same  step  size  of  .  The  transient  MSD

curves  are  shown  in  Fig. 2.  As  observed,  MT-

DLMS with  wireless  channel  degradation   per-

forms worse than even the non-cooperative strat-

egy.  The  MT-DLMS-correntropy  algorithm

demonstrates superior performance over the non-

cooperative  strategy.  The  D-ABC-LMS  algo-

rithm,  which  utilizes  an  average  filter,  enhances

performance, but  at  the  cost  of  slower   conver-

gence.  In  contrast,  the  proposed  MT-RDDLMS

algorithm achieves both fast convergence and low

steady-state  error.  Its  performance  closely

approaches that of the ideal MT-DLMS baseline.

C1 − C3

Fig. 3(a)  depicts  the  topology  of  the  graph

represented  by  the  adjacency  matrix.  Fig. 3(b)

illustrates the clusters inferred by MT-RDDLMS,

which  match  the  ground  truth  clusters  .

Fig. 4 presents a heatmap comparison of the clus-

tering matrices obtained by MT-RDDLMS and D-

ABC-LMS  for  nodes  51–60 after  20  000 itera-
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tions. The  proposed  method  results  in   signifi-

cantly  more  accurate  clustering,  achieving  more

than 200 correctly  inferred  associations  on   aver-

age.

 4.2    Single-task scenario

µ = 0.01

In  this  experiment,  all  nodes  learn  the  same

graph  filter  parameters,  and  all  algorithms  use

the same step size  .  As shown in Fig. 5,

D-ABC-LMS  and  MT-DLMS-correntropy  both

outperform the non-cooperative  approach due to

their robustness to wireless distortions. However,

MT-RDDLMS not  only  maintains  superior   esti-

mation  accuracy  but  also  converges  faster  than

both  D-ABC-LMS  and  MT-DLMS-correntropy.

Its  performance  close  to  the  ideal  MT-DLMS,

confirming its effectiveness in the single-task sce-

nario.

 5    Conclusion
In this work, we mode the UHVDC system as an

undirected  graph,  and  the  measurement  boards

are represented by nodes in the graph. A robust

multi-task  learning  algorithm  called  MT-

RDDLMS is proposed to estimate multiple graph

filter parameters in the presence of wireless chan-

nel.  The  decoupled  ATC  strategy  is  adopted  to

ensure that each node will not be affected by the

wireless  channel  during  the  adaptive  stage,

enhancing robustness  to  link  disturbances.   Fur-

thermore,  an  adaptive  smoothing  scheme  based

on  a  time-varying factor  was  designed  to   sup-

press  the  influence  of  link  noise.  The  simulation

results  verify  the  effectiveness  and  robustness  of

the algorithms.
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