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Solution

Solution Techniques Main Contributions
[Confidence Calibration ] We find that TEIGR is well calibrated and only slightly under-confident.
We improve the calibration.

. o The visualizations reveal clusters based on topographical proximity and the
MOdel V|Sua||zat|0n node labels.

We show that model training improves the representation.

[EXplamable A ] Content of this presentation
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Evaluation: Qualitative Analysis
Explanation Categories for False Positives (FPs)

- .
L g
Node to be
explained
Most
Node to be Node to be important
explained explained edge
‘ Most % Most
I <+<— important N I important
b edge ‘.7 edge Node with
® label ,, error”
Node with Node with
label ,error” label ,,error”
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explanation reflects this. explanation doesn’t reflect this.
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Evaluation: Fidelity Analysis
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Main Contributions
Recap and Conclusion
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Main Contributions

We find that TEIGR is well calibrated and only slightly under-confident.
We improve the calibration.

We visualize the internal representations of TEIGR with dimension reduction
methods.

We show that model training improves the representation.

We categorize the explanations for incorrectly classified nodes.
We analyze the explainability of correctly classified vs. misclassified nodes.
We enhance the loss function which improves the explainability.
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Solution Techniques

Solution Techniques Research Questions

R1.1 How well is TEIGR calibrated?
R1.2 Over or under-confidence?

[Confidence Calibration ]

R1.3 Improvement with calibration methods?

R2.1 Do the visualizations show clusters?
R2.2 Influence of model features on visualization?

[Model Visualization J

R2.3 Do the clusters become more differentiated through model training?

R3.1 Division of explanations into categories for FPs and FNs?
R3.2 Difference of correctly vs. wrongly classified node explanations?

[Explainable Al

R3.3 Improvement by adding an explainability term to the loss function?
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Graph Neural Networks (GNNs)

Message Passing
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13
—
©Fraunhofer ISE % FraunhOfer

restricted ISE



Features

Description of GNN Features used for Topology Error Identification

\

Feature Unit Description

P W (Watt) Measured active power

Q Var (Volt-ampere reactive) Measured reactive power

Vinag V (Volt) Measured voltage magnitude

Vang ° (Degrees) Measured voltage angle

Vmag V (Volt) Expected voltage magnitude

Vang ° (Degrees) Expected voltage angle

Vinag ait V (Volt) = Amag — Vinag: Voltage magnitude dif-

ference

Vang ait ° (Degrees) — Vang — Vang: Voltage angle difference
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Grids
Grid Topologies and Their Properties

Grid | V | |g | Hdeg dia Hsp

Minimal (syn) 26 48 192 13 5.23
Spaltenstein (syn) 80 156 197 24 10.23
Eggenweiler (syn) 115 226 1.98 37 13.98
Oberraderach (syn) 282 560 1.99 43 17.65
Mangzell Nord (syn) 349 694 1.99 45 18.30

E301 (real) 105 210 2.02 23 8.92
E212 (real) 266 538 2.03 36 15.44
E208 (real) 188 385 2.06 28 12.44
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Hyperparameter Configuration

Hyperparameter Short Description Value

K Number of update layers 3

H. ymber Number of attention heads 8

H:qtn Width of the attention heads 16
Odropout Dropout rate 0.0118
o) Non-linear activation function ReLU

B Batch size 200

n Learning rate 0.0026
opt(-) Optimizer RMSProp
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GNN Explainability

GNN model training and predictions Explaning GNN'’s predictions

A‘\ “Basketball” | S—

7; = “Basketball” y; = “Sailing”

GNNEXxplainer

ey

“SaﬂabA

jng” —_—

17
©Fraunhofer ISE % FraunhOfer

restricted ISE

\



Explainer Algorithms
Overview of the used explainer algorithms, categorized into gradient- and perturbation-based

Explainer Algorithms

1

[ Gradient-based } Perturbation-based [ Other ]
Caliency)} ( GNNExplainer ’) AttentionExplainer
| |
InputXGradient DummyExplainer

IntegratedGradients

Deconvolution

GuidedBackprop
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Confidence Calibration

Definition Calibration: P(gu p— yu‘ﬁu — p) = P, \G/p & [0, 1}

1
Reliability Curve: aCC(Bm) = m Z ]l[:&u = yu]
™l weB
1 .
COl’lf(Bm) — m Pu
m ueBm
M |B ‘
Expected Calibration Error (ECE): ECE = Z Nm lace(B,,) — conf(B,,)|
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Confidence Calibration
Reliability diagram (left) and corresponding confidence histogram (right) for uncalibrated GNN

|
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Confidence Calibration

Calibration Methods: Histogram Binning and Temperature Scaling

Histogram Binning
Reliability Diagram
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Temperature Scaling
Reliability Diagram
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Model Visualization
PCA, t-SNE and UMAP visualizations of the trained TEIGR

PCA t-SNE UMAP e
e Ground Truth Label 0 (no error) 1
x  Ground Truth Label 1 (error)
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Future Work

Addressing “Missing Connection” Errors

e Sensitivity Analysis to Enhance Explainability

* Enhance Loss Function by Fine-tuning Pre-trained Model
e Alternative Approaches to Enhancing the Loss Function

e Adapting TEIGRs Usage Based on High Characterization Scores

 Advanced Confidence Calibration Methods

FN-Category 2: Explanation not helpful,
because the error type is “missing con-
nection”.
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