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Improving Numerical Stability of Normalized
Mutual Information Estimator on High Dimensions

Marko Tuononen and Ville Hautamäki
Key Contribution: A log-domain reformulation that prevents numerical overflow in high-dimensional KSG-based NMI estimation.

Motivation and Problem

Mutual information measures statistical dependence but is

intractable to compute exactly for continuous variables, re-

quiring estimation in practice. Since it is unbounded and

scale-dependent, its values are not directly comparable across

datasets. Normalized variants provide a bounded and compara-

ble dependency measure, useful in applications such as molec-

ular dynamics [2] and interpretable machine learning (IML) [4].

Problem: KSG1-based normalized mutual information estima-

tor [2] suffers from numerical overflow when computing the

scaling-invariant k-NN radii (Eq. 3) in high dimensions.

Background

Mutual Information (MI) can be expressed via Shannon entropy:

I(X ;Y ) = H(X) +H(Y ) −H(X ;Y ), I(X ;Y ) ≥ 0. (1)

A normalized version is Normalized Mutual Information (NMI):

INMI(X ;Y ) = I(X ;Y )√
H(X)H(Y )

, 0 ≤ INMI(X ;Y ) ≤ 1. (2)

KSG1-based NMI estimation [2]. For continuous variables, rel-

ative entropy with invariant measures is used. Scaling-invariant

k-Nearest-Neighbors (k-NN) radii are used to estimate local data

densities:

ε̃ = ε

〈εdX+dY 〉1/(dX+dY ) = ε

V
. (3)

where ε denotes the raw k-NN radii, dX and dY are the dimen-

sionalities of the marginal spaces, and V is the normalization fac-

tor. The marginal and joint relative entropy estimators are:

Ĥr(X) = −〈ψ(nx + 1)〉 + ψ(N) + dX〈ln ε̃〉, (4)

Ĥr(X ;Y ) = −ψ(k) + ψ(N) + (dX + dY )〈ln ε̃〉, (5)

where ψ(·) is the digamma function and 〈·〉 denotes the sample

mean. The NMI estimate is computed by substituting Ĥr(X),
Ĥr(Y ), and Ĥr(X ;Y ) into Equations (1) and (2).

1 Kraskov-Stögbauer-Grassberger (KSG) estimator [1]

Proposed Fix [3] to the Problem

Take the logarithm of the normalization factor V in Eq. 3:

lnV = 1
dX + dY

ln 1
N

+ ln
N∑
i=1

εdX+dY
i

 . (6)

Let εmax be the largest radius and apply the log-sum-exp trick:

lnV = ln εmax + 1
dX + dY

ln

(∑N
i=1(εi/εmax)dX+dY

N

)
. (7)

All terms εi/εmax are now ≤ 1, preventing numerical overflow

when Eq. 7 is substituted back into Eq. 3.

In high dimensions, the normalization factor V becomes dom-

inated by the largest radius. Thus, as dX + dY → ∞, V → εmax

as illustrated in the figure below.

Experimental Setup

Data: Multivariate Gaussian with component-wise correlation ρ
and Student’s t (identity dispersion, ν); 10,000 samples per case.

Gaussian d ∈ {1, 4, 16, 32, 64, 128, 256, 512}, ρ ∈ [0, 1]
Student’s t d ∈ {1, 4, 16, 32}, ν ∈ [0.125, 10]

Metrics: estimated NMI (mean and variance over 10 repetitions),
theoretical NMI comparison, and numerical stability.

Experimental Results

The proposed fix prevents numerical overflow while pre-

serving estimator accuracy and computational complexity,

demonstrating stable operation up to 512 dimensions.

Future work: Experiments with real-world high-dimensional

datasets and exploration of neural estimators (e.g., MINE) for

direct NMI estimation, particularly for applications in IML.
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