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Models in Flux: Incremental Learning from Data Streams
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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

Images generated with Leonardo.ai.
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https://app.leonardo.ai/

Model-Agnostic Explanations with Global Feature Importance

Prediction of Hospital Admission
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SAGE: Global Feature Importance

(X;Y) P datadistributionon X Y f:X BY black boxmodel “:Y Y ¥ R loss function
Explanation Goal: Difference between Model Loss with Features and without
D) = “(y:Y E “(f (X);Y)] with mean prediction y := Ex|[f (X
(D) lliv[g )J{ I(x,v)[&( ) )} p y x [f (X)]

no feature information with feature information

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

Requirement: Restricted Improvement in Loss given S D

(S) =Ev[*(Y;Y)] Exy)[*(F(X;S);Y)] with restricted model f (x;S)
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SAGE: Global Feature Importance

(X;Y) P datadistributionon X Y f:X BY black boxmodel “:Y Y ¥ R loss function
Explanation Goal: Difference between Model Loss with Features and without
D) = “(y:Y E “(f (X);Y)] with mean prediction y := Ex|[f (X
(D) lliv[g )J{ I(x,Y)[&( ) )} p y x [f (X)]

no feature information with feature information

Requirement: Restricted Improvement in Loss given S D

(S) =Ev[*(Y;Y)] Exy)[*(F(X;S);Y)] with restricted model f (x;S)

SAGE values ¢ of feature i 2 D, i.e. Shapley values (Shapley 1953)
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Restricted Model

T Requirement: access model with partial information (without S := D nS)

Interventional SAEE ) Observational SF]AGE
|

i
fint(x:S) :=E f(x);X®) fobs(x;S):=E f(x(®);XE))jxE) =xO)

“true to the model” “true to the data”
sampling of replacements computation in practice

- (S :D )

Z1s) fl2,8) = 4 Ty £, &17)

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)

’\SAGE(i) :=£

X
N ‘(f\(xn;ui_( n));Yn)

n=1 |

{;)‘(F(xn; ut( n);yn)g

[llustration of Shapley Permutation Sampling by Castro, Gomez, and Tejada (2009)

T™: 3 1 5 2 4
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SAGE: Computation

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

X
/\SAGE(i) ::% i(f\(xn;ui_( n));Yn)
n=1

{;)‘(F(xn; ut( n);yn)g

[llustration of Shapley Permutation Sampling by Castro, Gomez, and Tejada (2009)

i 3,15 2 4 n(3) = “((0n; F30)ivn)  “(F(%n; F30; yn))
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SAGE: Computation

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

X
/\SAGE(i) ::% i(f\(xn;ui_( n));Yn)
n=1

Iy ‘(f\(xn; U.+( n);yn)}

n(i)

[llustration of Shapley Permutation Sampling by Castro, Gomez, and Tejada (2009)
Uy
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SAGE: Computation

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

X
/\SAGE(i) ::% i(f\(xn;ui_( n));Yn)
n=1

{;)‘(F(xn; ut( n);yn)g

[llustration of Shapley Permutation Sampling by Castro, Gomez, and Tejada (2009)

n(5) = “(F(xn; F3;19);yn)  “(f'(xn; F3; 1;50; yn))

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)

1 X
ASAGE() i= = (U ( )i Yin)

N | {7‘(‘0(X”;“i+( )i¥n))

n()

[llustration of Shapley Permutation Sampling by Castro, Gomez, and Tejada (2009)

n(5) = “(\(xn; F3;19);yn)  “(F(%n; F3; 1;50; yn))

mean prediction loss

loss

SAGE values follow efficiency criterion:

model loss
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SAGE: Computation

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

X
‘(f\(xniui_( n));¥Yn)

’\SAGE(i) :=i
n=1 I
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[llustration of Shapley Permutation Sampling by Castro, Gomez, and Tejada (2009)

n(5) = “(\(xn; F3;19);yn)  “(F(%n; F3; 1;50; yn))

loss

model loss

time
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Incremental SAGE (iISAGE) for Explaining Models in Flux

Online Learning on Data Streams

incrementally updated modél. 1  IncrementalUpdaté;; x;; y;)
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