
Measuring Concept Completeness for Explainability
in AI-Driven Network Functions

Alexander Niedermayer1, David Monschein1, and Oliver Waldhorst1

Karlsruhe University of Applied Sciences
{alexander.niedermayer,david.monschein,oliver.waldhorst}@h-ka.de

Abstract. Concept-based explanations ground ML decisions in domain concepts,
assuming a concept set that captures the model’s reasoning without verification.
We introduce a representation-level framework for quantifying concept complete-
ness, measuring the variance in internal representations captured by the concept
subspace, yielding a global metric κ∗ ∈ [0, 1]. For high-dimensional, noisy spaces,
we add a significant-component measure τ∗ via singular value decomposition and
a Shapley-based importance metric. On three AI networking scenarios, we find
congestion control substantially complete and the other two only moderately com-
plete. We presented this work at the IFIP Networking 2026 conference [1].
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1 Introduction

Concept-based explainability [2] projects model internals onto human-understandable
concepts. The Agua framework [3] demonstrated this for AI-driven networking but left
open verification of whether chosen concepts capture a model’s learned representations.
Prior completeness methods [2] evaluate only prediction-level reconstruction and miss
cases where concepts span a narrow latent subspace. We propose a representation-level
notion of concept completeness with four contributions: a global metric κ∗ from variance
preservation under projection; a significant-component measure τ∗ via SVD; a Shapley-
based importance metric; and evaluation on three AI networking scenarios.

2 Method

Given internal representations Z = {zi}Ni=1 and concept vectors C = {cj}Kj=1, we compute
how much variance in Z the subspace spanned by C captures. We project each zi onto
span(C) via QR decomposition (C = QR, orthonormal basis Q): ẑi = ziQQ⊤. The global
concept completeness κ∗ is the ratio of variance in projected representations to total
variance, a value in [0, 1].

For high-dimensional, noisy spaces, we apply SVD, keep the top singular directions
covering τ percent of variance, and recompute completeness as κ∗(τ); the reduction
threshold τ∗C is the largest τ with κC(τ) ≥ 1− ε. Concept importance uses Shapley
values [4]; the method is post-hoc, model-agnostic, and needs no retraining.

3 Evaluation and Results

Synthetic validation confirms that κ∗ matches ground truth under no noise and degrades
smoothly with noise and dimensionality; in high-dimensional spaces (dz=2048), τ∗ tracks
ground truth more closely.
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Fig. 1. Visualization of the main steps for our completeness method.

We evaluate three AI-driven networking scenarios from [3] (3096-dimensional, 5000
samples, 5 folds). Global completeness is uniformly low (κ∗ ∈ [8.7%, 13.3%]), but the
significant-component measure distinguishes the scenarios: congestion control reaches
substantial completeness (τ∗ ≈ 76%), adaptive bitrate streaming (τ∗ ≈ 58%) and DDoS
detection (τ∗≈63%) only moderate completeness, answering the open question from [3].

Concept importance rankings align with domain knowledge: for congestion control,
“increasing packet loss” and “rapidly increasing latency” rank highest, matching rule-
based TCP congestion control; for DDoS detection, “high request rates,” “geographic
irregularities,” and “typical application behavior” rank highest. Computations finish in
under 130 ms (global) and 49 s (with Shapley importance).

4 Conclusion

We presented a representation-level framework for quantifying concept completeness: κ∗

measures the variance captured by concept subspaces, τ∗ extends it to high dimensions
via SVD, and Shapley values rank importance. The framework finds the congestion con-
trol concept set substantially complete and the other two only moderately complete.
Future work extends the framework to concept selection and links completeness to gen-
eralization.
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