
Data Analysis to measure Learning Progress in Artificial
Neural Network via spiral datasets

Younng-Jin KIM 1, Sang-Hoon YU 1, Sung-Yeob HAN 2,
Woong KOOK 1, and Jung-Woo LEE 2

1) Department of Mathematical Sciences, Seoul National University, Seoul 08826, KOREA

2) Department of Electrical and Computer Engineering, Seoul National University, Seoul
08826, KOREA

Corresponding Author : Younng-Jin KIM, sptz@snu.ac.kr

ABSTRACT

We analyze the learning progress of Deep Learning, observe the representation of data in hid-
den layers, and trace its change while training an artificial neural network. Define and compare
measures to describe the state of ambiguous learning progress. The result of analysis and the re-
quired methods to understand the progress may be variant depending on data. Thus, we mainly
focus on spiral datasets (or, 1-dimensional Swiss roll dataset with multi-components) for clas-
sification.

In this research, we conduct the following analysis:
1. Trajectory and Geometry analysis

The spiral can be parameterized by one variable θ. Thus, we have a curve γ(θ).We may compare
the velocity, acceleration, and curvature of the curve statistically. Moreover, we calculate the
effective resistance (or resistance distance) ERij with the given electric source i and sink j, and
harmonic cycle (or electric current) λ to measure the shape of the curve. Effective resistance
can be formulated as

ERij =
detL[ij]

detL[i]

(1)

where L is the Laplacian matrix with weights of the inverse of resistance 1/Rij and L[ijk] is the
matrix L without i, j, k rows and columns. The harmonic cycle has the relation

λ ◦ z = k · w(z) (2)

where z is a path, w(z) is the winding number of z, and k is a constant (the weighted tree
number).

2. Convexity measure

We check the convexity of the neighborhood of the spiral data and that of the transformed
neighborhood in hidden layers. We check

Convexity(Polygon) =
Area(Polygon)

Area(Convex hull(Polygon))
. (3)

Moreover, we adopt the probabilistic interpretation of a convexity measure in the high dimen-
sion.



3. Segmentation and Force

Since our activation function is a ReLU, we will check the activation boundaries and expressive
power of deep neural networks. Moreover, compare the segmented domains mainly depending
on radius with the attractive and repulsive force, and the minimum epoch size to successfully
classify points in the domain.
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