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Dynamic network setup
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Dynamic network setup — Module framework

Many data-analytics and data-driven
modeling challenges appear

» Estimate or validate a single module/subnetwork
(known topology)

e Estimate or validate the full network

* Estimate or validate the topology

Sensor locations: {wg(t) }p—...; “  |dentifiability

Actuator locations: {r;(t)};—..; * Detect a fault and diagnose its location

* Exploit active probing (experiment design)

* User prior knowledge of modules/topology

* Scalable algorithms

TU/e



Dynamic network setup

Collecting all equations:

w1 % G?Q s GgL w1 1 (4]
wy | _ Goq 0 G2L w2 —|—R0 T2 —I—HO €2
wiy, G%l G%z ee 0 wr, TR ep
Network ;Ztrix G°(q)
w(t) = GO(q)w(t) + R%(q)r(t) +v(t); v(t) = H%(q)e(t); cov(e) =A

u(t)
e Typically RV is just a (static) selection matrix, indicating which nodes have an excitation signal.

e The topology of the network is encoded in the structure (non-zero entries) of G°.

e 7 and e are called external signals.

[1] J. Gongalves and S. Warnick, IEEE TAC, 2008. TU
[2] VdH et al., Automatica, 2013. e
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Single module identification

For a network with
known topology:

* |dentify G9, on the basis of
measured signals

* Which signals to measure?
Preference for local
measurements

* When is there enough
excitation / data informativity?

TU/e



Single module identification

Different types of methods:

Indirect methods [1.2:3]

* Rely on mappings r — w
and on sufficient excitation
signals r

Direct methods [1.2:4

* Rely on mappings w — w
and use excitation from both
and v signals

[1] PVdH et al., Automatica, 2013. [3] M. Gevers et al., SYSID 2018. TU/
[2] A.G. Dankers et al., IEEE-TAC, 2016. [4] K.R. Ramaswamy et al., IEEE-TAC, 2021. e
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Single module identification

Local direct method:
(consistency and minimum variance properties)

Select a subnetwork:

* Predicted outputs: w,

* Predictorinputs: wp

such that prediction error minimization leads to
an accurate estimate of g9,

N {%-. (_;' -—>wo} “

Wg =——> — Wy

Note: same node signals can appear in input and output

TU/e



Single module identification

. {%_. = -_.wo} "

Wy —> — Wy,

Conditions for arriving at an accurate (consistent) model estimate:

Module invariance: G;; = Ggi when removing discarded nodes (immersion)

1
2. Handling of confounding variables
3. Data-informativity

4

Technical condition on presence of delays (avoiding algebraic loops)

TU/e
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Single module identification - module invariance

A sufficient condition for module invariance:

All parallel paths, and loops around the output,
should be ”blocked” by a measured node that is present in wp

All other signals can be removed/immersed from the network!2!
Alternative graph-based formulation in terms of disconnecting sets in [3]

[1] Dankers et al., TAC 2016 [2] Generalizations available in Linder&Enqvist (2017), Weerts et al, (2020)
[3] Shi et al., Automatica 2022
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Single module identification - confounding variables

@
S Q
.
g )
g .
g )
,

Confounding variables [11(2];

Unmeasured signal that has (unmeasured) paths to both the
input and output of an estimation problem.

In networks they can appear in two different ways:

Direct:
e |f disturbances on inputs and outputs are correlated.

Indirect:

* |f non-measured in-neighbors of an output affect signals in
the inputs.

[1] J. Pearl, Stat. Surveys, 3, 96-146, 2009
[2] A.G. Dankers et al., Proc. IFAC World Congress, 2017. TU/e



Confounding variables

* Direct confounding variables

In identification we know how to handle
correlated disturbances: we model them!

Solution:

Include w; as output and use a multivariate
noise model

Wp = {wlaw37w6} Wy — {wlan}

e.g., v1is correlated with v,

TU/e

13



14

Confounding variables

* Indirect confounding variable:

Non-measurable wr is a confounding variable

Two possible solutions:

1. Include wy =) add predictor input
Wp = {w17w33w47w6} wy — {w2}

2. Predict witoo == add predictor output
wp = {wy, w3, we} wy = {wy, w2}

* There are degrees of freedom in choosing the predictor model

TU/e
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Local direct method

Target module

General setup: wy,

Wp

Wy —

(_;v -_,wo wy,

> Wy

Different algorithms for satisfying the 2 conditions (module invariance and conf. var.):

* Full input case:

* Minimum node signals case :

* User selection case (inputs first) :

* User selection case (outputs first) :

[1] A.G. Dankers et al., TAC 2016.

[2] K.R. Ramaswamy et al., TAC 2021.
[3]1S. Shi et al., IFAC 2023.

include all in-neighbors of w,
maximize number of outputs
dedicated choice based on measurable nodes
dedicated choice based on measurable nodes

TU/e



Different strategies — direct method

) 2 - Network with v, correlated with v3 and v.
Full input: W3l wl] v, correlated with vs.
Wy w3
00 E N _’w1
Minimum input: 2| 5 |wy
w3
L - _w3

User-selection: (based on wy, ws, w3, ws)

w1
w2

W2
wsg | —

Ws

Il achieving
onsistency / ML properties
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Single module identification

Serious degrees of freedom in selecting the
predictor model to satisfy the first two conditions:

1. Moduleinvariance — PPL test

2. Handling confounding variables

While presuming that data-informativity can always
be satisfied by adding sufficient # of r-signals.

TU/e
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Single module identification — data-informativity

Incorporating the role of external signals:

Original network model:  w(t) = G(q)w(t) + &(/t_)/ +H (q)e(t);
R(q)r(?)
Predictor model (subset of nodes):

wy(t) = G(@)wo(r) + J(Q)uc(t) + Sus(t) + H(g)é(t)
Effect of u on w,, can appear in three different ways:

1. Incorporated in input w,
2. With a dynamic term J(q)

3. With a constant unit-term in S (binary matrix)

[1] K.R. Ramaswamy et al., IEEE-TAC, 2021.

TU/e
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Single module identification — data-informativity

Examples for different roles of u:

wy(t) = G(@)wo(r) + J(q)uxc(t) + Sus(t) + H(q)é (1)

V' Vs

I
T o wy = Ga1(q)wy + uz + v Up = Uz U =0
5 %lf’z l 1
e G U G R TIIN

— G G
1+ GagGon (G21w1 + uz + v2 + Gasz(us + v3)]

\—B—/ u =0 uec = {uz,uz}

Dynamic term J(q) can be left unmodelled = higher level of “‘disturbances’”’

Alternative: estimate the term with measured input v (%)

TU/e
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Single module identification — data-informativity

Determining the different roles of excitation signals:

Given Y and D, the sets Pand K are determined through graphical conditions(%23:

e Forle Q, uy € up if all loops around wy pass through a node inw,

e U, € Uup if all loops around w, pass through a node in wy and all paths from
W, to Wy pass through a node in wy,.

© uy Euc if w, E up
* For £ & {YUD}, ug € uc if we has a direct or unmeasured path to wy,

[1] Simple case where set B =10
[2] Ramaswamy, PhD thesis 2022;
[3] VdH et al, IFAC 2023.
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Single module identification — data-informativity

Predictor model equation:

wy, (t) = G(q,0)ws(t) + H(q,0)&(t) + J(g, 0)uc(t) + Sux(t)

Typical data-informativity condition:

)
T

K persistently exciting {(I)n(w) > 0 for almost all w ]

Kwp(t)]
k(t) := | &(t) inputs of the predictor model
Uy (1)

Rank-based condition can generically be satisfied based on a graph-based condition

[1] L. Ljung, 1989.
[2] K.R. Ramaswamy et al., IEEE-TAC, 2021. TU/e



22

Data informativity (path-based condition)
A signal y(t) = F(q)x(t) with x persistently exciting,

is persistently exciting iff F' has full row rank.

This condition can be verified in a generic sense,

by considering the generic rank of F [1}.[2]

br—w = 3
linking to the maximum number of vertex disjoint paths between inputs and outputs
C )
Kk persistently exciting holds generically if there are wp
dim (k) vertex disjoint paths between external signals {u,e}andk = | &
- by

Equivalently:
dim(wp) vertex disjoint paths between {u, e}\{&, wc} and wp

[1] Van der Woude, 1991 [3] VdH et al., CDC 2020.
[2] Hendrickx, Gevers & Bazanella, CDC 2017, TAC 20109. TU e
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Data informativity (path-based condition)

Specific result for networks with full rank disturbances:

Every node signal in wg requires an excitation in up
having a 1-transfer to wy

wy(t) = G(g,0)wo(t) + H(g,0)&(t) + J(q, 0)uc(t) + Sus(t)
* Forevery node in wy we need a u-excitation
* More expensive experiments with growing # outputs

* Anode wg whose excitation appears in uc can never be sufficiently excited

TU/e
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Data informativity (path-based condition)

Specific result for networks with full rank disturbances:

Every node signal in wg requires an excitation in up
having a 1-transfer to wy

wy,(t) = G(g, 0)wso(t) + H(q,0)&(t) + J(g, 0)uc(t) + Sup(t)

Additional condition for a node wg to be effectively excitable™:

[ Every loop around a node in wg should be blocked by a node in wy,. ]

This additional graph-based condition needs to be integrated in
the predictor model algorithms

[1] VdH et al., IFAC 2023

TU/e
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Single module identification — direct method

. {%_. = -_.wo} "

Wy —> — Wy,

Conditions for arriving at an accurate model:

1. Module invariance: Gj; = GY; )

2. Handling of confounding variables Path-based conditions on the
_ o network graph

3. Data-informativity

4. Technical conditions on presence of delays J

TU/e
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Single module identification — direct method

. {%_. = -_.wo} "

Wy —> > Wy

Are we done......?7? Are there alternatives that can do the job with
smaller # excitation signals?

TU/e
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2-node example

Target: identify G971 with direct method

. . w — W1, W
Predictor model: {w1} &/_2}, i
S % AT

wo = {wi1} wy =0 | /

Step 1:

Neither w1 nor ug can contribute to up == data informativity condition is not satisfied

: Ch [ | to: (w1, wo} — {W1, W
Step 2 ange predictor model to: { :}D 2} { 11;,3, 2}

Both w1 and wg contribute to up sy data informativity condition is satisfied

Both w1 andug need to be present, while an indirect method requires only uq !

TU/e



Single module identification — multi-step method

Confounding variable handling leads to multi-output models, that appear to be
costly in terms of required excitation

Alternative multi-step method -
originally developed for full network identification!! as computationally attractive.

Principle steps!2:

1.

I U

Choose a selection of nodes ws such that the PPL condition is satisfied
Immerse all other nodes

Estimate a high order ARX model for the mapping © — ws in the immersed network

Use the estimated model to reconstruct the innovation signal
Use the reconstructed innovation as a measured input in a parametric estimation
Always ending up with a MISO predictor model

[1] Fonken et al., Automatica 2022 TU
[2] Fonken et al., CDC 2023; Poster I-5 ERNSI 2023. e

29
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Single module identification — multi-step method

Alternative way of confounding variable handling

Relaxed data-informativity conditions:
Multi-step method Local direct method

wNj_ (t) ’wp(t)
& (t) k() = {@(t)]
g (t) uic (1)

{(I)H(w) > 0 for almost all w ]

w in-neighbors of w; in immersed model Ui ! subset of uc

J

Pmaller dimension of k leads to less excitation signals required |

[1] Fonken et al., Automatica 2022 TU
[2] Fonken et al., CDC 2023; Poster I-5 ERNSI 2023. e
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2-node example — multi-step method

Ek;e1\i ( 92:

Target: identify Go1

Predictor model in final step:

\{wl } — ,{w2} uﬁw1% wa—°

2 ‘e

with reconstructed é1, é2
as additional predictor model inputs.

Exciting wq through either w1 or ug is sufficient for data informativity

TU/e
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Algorithms implemented in SYSDYNET App and Toolbox

4] TU/e Dynamic Network App - u] X
File Seftings Actions View Highlight Edit Operations Identifiability Predictor Model Help

Structural analysis and operations

z2e@rAN
Dynamic Network: Predictor model TU/e on dynamIC networks
Target Module Predictor Models Analysis . .
2, [ ]
T N — Edit and manipulate
Mode (w)
¥ Excitation signal (u) # |Target Input Output H 1
Predictor Models Synthesis . E:L‘:’IZE('E; signal (v) G12  |wowdwdnswg  wiw2 O AS S Ig n p ro p e rt I e S to n O d e S
Method Consistency = Trgel moduie (G) G12 | w2wiws wiw2ws
¢ ommmarcs. | | Blor: oo e and modules
@ Predictor infoutput nodes
MultiStep v| +Data Informativity G112 w2w3wdw5 wiw2ws .
O s * Immersion of nodes, PPL test
™~ T G12 w2 wi
- W7 N
Synthesis Algorithm mﬂ\ L G ° . H L HH H
Full Measurement (#) Partal Measurement lms s .2 —_— Generic |dent|f|a b|||ty ana IyS|S
Inputs first ) q
v . T \ and synthesis

wi

w8 — 5+
Synthesis .w 3 .

To workspace | | Tofile new

remove
Synthesis Solution
Analysis Options.
Inputs:

Consistenc
Outputs G4.3 4 Rethod d
Structural
# | Data Informativity
Algebraic Loop
w3569 ws— 46 s

Input: w2w3wdw5Sws
Output: wiw2

Pass/Fail (™)

Add/remove excitation signals

fied; they require excitation of the following nodes5
isfied Select v Select *
nas been updated

d Add Remove
fied: thev reauire excitation of the followina nodes5

Version beta-0.2.0, September 2023, to be downloaded from www.sysdynet.net

e Predictor model selection for
single module ID

to be complemented with

e estimation algorithms for
single module and
full network ID;

* topology estimation

TU/e
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Summary

e All conditions for a consistent module estimate can be formulated (in the
generic case) in terms of path-based conditions that the predictor model
should satisfy.

* Data-informativity has to be taken into account and requires its own set
of conditions.

* There is room for flexibility in terms of sensor/actuator placement

 The multi-step method provides remarkable advantages in terms of
excitation requirements

« All algorithms implemented in the Matlab App/Toolbox

TU/e
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