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Models in Flux: Incremental Learning from Data Streams

A

8 x A

% ® %
[ am 2

%X %y B

A

Roy %%
) 8
nex g X

time

Various applications: Bifet and Gavalda (2007), Gama et al. (2014), Davari et al. (2021), etc.
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Examples of Models in Flux

Fraud Sensor Automotive Predictive
Detection Networks Industry Maintenance

O constaucrine Images generated with Leonardo.ai.
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------ iSAGE: An Incremental Version of SAGE for Online Explanation on Data Streams 4/15


https://app.leonardo.ai/

Model-Agnostic Explanations with Global Feature Importance

Prediction of Hospital Admission

Pre-Pandemic ( time t Post-Pandemic |
ime —_—

3
>
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SAGE: Global Feature Importance

(X,Y)~P data distributionon X x Y f: X — Y black box model ¢:Y x ) — R loss function

Explanation Goal: Difference between Model Loss with Features and without

v(D):= Ey [y, Y)] —Ex,y)[l(f(X),Y)] with mean prediction y := Ex[f(X)]
—_——

no feature information with feature information
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------ EXPLAINABILITY iSAGE: An Incremental Version of SAGE for Online Explanation on Data Streams 6/15



SAGE: Global Feature Importance

(X,Y)~P data distributionon X x Y f: X — Y black box model ¢:Y x ) — R loss function

Explanation Goal: Difference between Model Loss with Features and without
v(D):= Ey [y, Y)] —Ex,y)[l(f(X),Y)] with mean prediction y := Ex[f(X)]
—_——

no feature information with feature information

Requirement: Restricted Improvement in Loss given S C D

v(S) == Ey[l(y, Y)] — Ex,y) [{(f(X,S), Y)] with restricted model f(x, S)
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SAGE: Global Feature Importance

(X,Y)~P data distributionon X x Y f: X — Y black box model ¢:Y x ) — R loss function

Explanation Goal: Difference between Model Loss with Features and without
v(D):= Ey [y, Y)] —Ex,y)[l(f(X),Y)] with mean prediction y := Ex[f(X)]
—_——

no feature information with feature information

Requirement: Restricted Improvement in Loss given S C D

v(S) == Ey[l(y, Y)] — Ex,y) [{(f(X,S), Y)] with restricted model f(x, S)

SAGE values ¢ of feature i € D, i.e. Shapley values (Shapley 1953)

1
o= ¥ 5(%5) msui-us)

ScD\{i}
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Restricted Model

— Requirement: access model with partial information (without S := D\ S)

Interventional SAGE Observational SAGE
fint(x, S) := E [f(X(S),X(E))} Fobe(x, $) i= E | F(x(9), X(9) | X() = x(5)]
“true to the model” “true to the data”
sampling of replacements computation in practice
~(5) t

55 f(z,8) = £ M §(29,5)

Discussion: Janzing, Minorics, and Blébaum (2020), Chen et al. (2020), Aas, Jullum, and Lgland (2021)
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SAGE: Computation

SAGE estimator by Covert, Lundberg, and Lee (2020)

N
&SAGE(I-) ::% Zg(f(xm u; (mn)), ¥n) — E(f(Xn, Ul-+(7Tn)v)/n))
n=1 An(i)

Illustration of Shapley Permutation Sampling by Castro, Gémez, and Tejada (2009)
Ty ¢ 3 1 5 2 4

o CONSTRUCTING

------ EXPLAINABILITY iSAGE: An Incremental Version of SAGE for Online Explanation on Data Streams 8/15



SAGE: Computation

SAGE estimator by Covert, Lundberg, and Lee (2020)

N
&SAGE(I-) ::% Zg(f(xm u; (mn)), ¥n) — E(f(Xn, Ul-+(7Tn)v)/n))
n=1 An(i)

Illustration of Shapley Permutation Sampling by Castro, Gémez, and Tejada (2009)

Ty, 31 5 2 4 AL(3) = E(f(x,,, {0}), yn) — f(f(Xn, {3}, yn))
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SAGE: Computation

SAGE estimator by Covert, Lundberg, and Lee (2020)

N
&SAGE(I-) ::% Zg(f(xm u; (mn)), ¥n) — E(f(Xn, Ul-+(7Tn)v)/n))
n=1 An(i)

Illustration of Shapley Permutation Sampling by Castro, Gémez, and Tejada (2009)

i 3 Ly 2 s An(1) = £(F(xn, {33), vn) = £(F(xn, {3, 1}, vn))
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SAGE: Computation

SAGE estimator by Covert, Lundberg, and Lee (2020)

N
&SAGE(I-) ::% Zg(f(xm u; (mn)), ¥n) — E(f(Xn, Ul-+(7Tn)v)/n))
n=1 An(i)

Illustration of Shapley Permutation Sampling by Castro, Gémez, and Tejada (2009)

Ug

T™: (3 1 5,2 4 An(5) = U(F (xa, {3, 1}), ) = £(F (n, {3, 1,5}, yn))
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SAGE: Computation

SAGE estimator by Covert, Lundberg, and Lee (2020)

N
JSAGE () :% Zg(f(xm ur (mn)), ¥n) — 0(F (xn, ui (mn), ¥n))
n=1 An(i)

Illustration of Shapley Permutation Sampling by Castro, Gémez, and Tejada (2009)

Ug
. ~ ~
i3 L 5,2 An(5) = £(F (xos 3,11, y) — £(F (s {3, 1,5}, yn))
+
Uy
mean prediction loss
SAGE values follow efficiency criterion: g ‘;f'f

model loss
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SAGE: Computation

SAGE estimator by Covert, Lundberg, and Lee (2020)

e OF F(xn, uj (), ¥n) = U(F (xa, 0 (m0), yn)

An(i)

||Mz

Illustration of Shapley Permutation Sampling by Castro, Gémez, and Tejada (2009)

Tni (3 L 5,2 4 An(5) = U(F(xn {3,1}), yn) — (F (xa, {3, 1,5}, yn))

loss

model loss

time
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Incremental SAGE (iISAGE) for Explaining Models in Flux

Online Learning on Data Streams

B unlimited data stream (xo, Y0),- - -, (Xt, ¥t), - - -
B incrementally updated model f; ;1 < IncrementalUpdate(f;, x¢, y:)

calculation at time t initial computation i
Ay(3) := f(ff,(xt,u;(m)),yt) 7 Z(ft(mhu:r(ﬁt))vyt) ngt(,A(i) i=0fort >t >0 J
incremental update to iSAGE l\ ‘ 7smoothing parame;r ‘Aw
A Z ‘ |
ISAGE: ¢4(i) = (L — o) - §-1(8) + - Ay(i) | \ €(0,1) J‘J
|

Aobserve T4, Yr) E:> Tsample w‘ﬂ l;J> (compute AW () v E> 'update iSAGE gbi(z)'

ST [J Tl

time
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Incremental Sampling Mechanisms

Interventional iISAGE Observational iSAGE
"‘\ restricted model | ‘/ restricted model
‘meg(z S)=E [f(m 5) X(s ] } M approximation 7) :f ‘ fo%5(x,S) :=E [f(z(s),X(S)) | X6 = 25

£ |
(w 8) =& ¥M £(9,53) - -

+—— reservoir —i

‘myﬁbtf %
%Liﬂ 08 -

:‘ | sample i“-[ J> B;;:I;in fi |

/,
time time
Reservoir Sampling Incremental Partition Trees

O constRuCTING
------ EXPLAINABILITY iSAGE: An Incremental Version of SAGE for Online Explanation on Data Streams 10/15



Theoretical Guarantees

Assumptions: static model f; = f and data generating process (X;, Y;) ~ P, =P

Theorem (Convergence)

For iSAGE $:(i) — ¢¢(i) for M — oo and t — oc.

Theorem (Variance)

The variance of iSAGE is controlled by «, i.e. V[(i)] = O(cv).

Theorem (Confidence Bounds)

Given the SAGE estimator ¢3ACE(i) computed at time t over all previously observed data

points, it holds for ISAGE with M — oo, o = % and every € > (1 — a)t~%+1 that
A . 1
P (16:(7) = $2°°E(i)| > €) = O(3).
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ISAGE recovers Ground Truth SAGE Values for Models in Flux

T 1

Changing Models \“‘ ﬂng Window (SW) SAGE "\
| SAGE values computed via a sliding

window over the last 2k samples \
J
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Example Applications: Concept Drift Detection

elec2 stream sensor fault detection

c
> 10 mean prediction loss = - A
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Observational vs. Interventional iISAGE

cross entropy

SAGE values

agrawal stream

=
o

o
[
L

mean prediction loss

model loss

°
o

e
N
N

0.11

0.0 1

Removal

Features
salary
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others
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4000 6000 8000

Samples

10000

Setting:
B XM depends on Xsalary
B knowledge about X522 allows perfect
reconstruction of X<™
B target depends indirectly on X<™:

observational and interventional iSAGE
retrieve different Fl scores
B observational iISAGE shows that X<™
is not important
B interventional iISAGE shows that the

model has learned to use X<°™ (i.e.

decision splits exist for X<°™")

iSAGE: An Incremental Version of SAGE for Online Explanation on Data Streams
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The Road Ahead and Open Source Implementation

Towards Explaining Change.

B iSAGE is a model-agnostic XAl method
to compute global SAGE values for ML
models in flux.

B Other online XAl methods include iPFI

(ECMLPKDD'23) and iPDP (xAl'23).
5@ Installation
Workshop Friday Afternoon Slot

B Time: 14:00-18:00

B Room: PoliTo Room 10i

W Title: Explainable Artificial Intelligence:
From Static to Dynamic
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Complete iISAGE Algorithm

CONSTRUCTING
EXPLAINABILITY

Algorithm 1 Incremental SAGE (iSAGE)

Require: stream {z,y:};2,, feature indices D = {1,...,d}, model f;, loss function
¢, and inner samples m

1: Initialize (,El —0,0°«0,..., d;‘l < 0, and smoothed mean prediction yy < 0

2: for all (z;,y,) € stream do

3:  Sample 7, a permutation of D

4 S« 0

5 yp<+ (1—a)-yp+a- f(z:) {Udpate mean prediction}

6:  lossPrev < {(yp,y:) {Compute mean prediction loss}

7:  for j =1 to d do {Iterate over m}

8: S« Su{r[j]}

9: y<+0

10: for k =1 to m do {Marginalize prediction with S}

11: Sample I,E,S) ~ Qﬁz's) {interventional (Appendix, Algorithm 2) or observa-
tional (Appendix, Algorithm 3)}

12: yy+ filal®a)

13: end for

14: R

15: loss < £(y,yt)

16: A < lossPrev — loss

17: 6™ (1—a) ¢V fa-A

18: lossPrev < loss

19:  end for

20: end for

21: return ¢',¢%,...,¢¢

iSAGE: An Incremental Version of SAGE for Online Explanation on Data Streams
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Explanation Procedure

General Explanation Algorithm

Algorithm 6 Incremental explanation procedure

Require: stream {,y:},-,, model f(.), loss function £(.)
1: for all (x¢,y:) € stream do

2: gt < ft (l’t)

3:  ¢¢ < explain_one(w,yt)

4:  fi41 < learn_one(L(T¢, yt))

5: end for

B similarly to the prequential training: models are explained prequentially.

B data points are used first for explanations (model has not seen the observation,
line 3) and then the model is allowed to use it for training (line 4)
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ISAGE retrieves SAGE values in Static Learning Environments

California Housing Dataset (Regression) for a Neural Network
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SAGE Values
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ISAGE retrieves SAGE values in Static Learning Environments

Bank Dataset (Classification) for a Neural Network

bank dataset

—— Batch SAGE (left)

0.150 A
—— iSAGE a =0.001 (center)
—— iSAGE a = 0.0005 (right)
0.125 A
¢
0.100 A
0.075 |
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w I al
ool 41} ol WMM@H”@H MJ
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Features
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Example Applications: Concept Drift Detection

sensor fault detection

c
s .
= 5] e ,\‘.\,\,\,\,\ sensor fault detection
25 PN N T o
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S o I,’ 55 4
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The Problem with Sliding Window (SW) Explanations

Lo synthetic GT stream (details) . Change pOint: 17 335
- Loss
égo.s— ---- mean prediction ---------m-oe- S . H
LR | B before: iSAGE and
h Method - SW-SAGE  approxi-
—— iSAGE (a= 0.001)
021 - cwrsAOE (we 2000) 7 mate the GT well
---. ground-truth (GT) .
o1 - ' _ W after: SW-SAGE re-
g - e e covers more slowly
g™ P ——— with a high approxima-
011 Features : : tion error
—— salary E
—— loan R .
02{ — commission | after the change in the
level .
- model no previous
16000 17000 18000 19000 20000 . . .
samples information is useful
detail view of a ground-truth (GT) data stream anymore
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Observational and Interventional Feature Removal

Px.,x,=0.8

@ data 4+ marginal X conditional

-3 -2 -1 0 1 2
X2

Feature Distribution:

3

Xsa/ary

dependent independent
150k ]
+ + o+
125k -
* + 4
4 + 4
100k + e +;
75k ""
&% ﬂ‘o °o Qﬂ
EOK—% Q
+
25k
0 20k 40k 60k 80k 20 30 40 50 60 70 80

Xcommission

B X, ~N(0,1), Xo ~N(0,1), Xage ~ unif([20,80])
B Xy ~ unif([20k, 150]), and Xeommission = 1(Xeatary < 75k) - Q with Q ~ unif([10k, 75k])
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