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Local Interpretable Model-agnostic Explanations (LIME)

stand.
®m This is crucial in critical fields like healthcare, where trust in Al predictions is essential.
m Current methods to improve model interpretability are sometimes resource-intensive.

m Optimal Experimental Design aims to maximize information from limited observations.

m Many Al models are too complex for human interpretability, making predictions difficult to under-

m LIME generates explanations by creating new data points near an instance and passing them through
the model.

m LIME can be computationally expensive due to the need for multiple samples.

m Initial focus: Application of LIME to tabular data, regression tasks, and local linear approximations.

By utilizing optimal design of experiments’ techniques, we reduce the computational effort of LIME by a significant amount, thus providing a version that is much more energy-efficient or ‘“‘green”.

Local Linear Models as Explanations

Optimal Design of Experiments for Local Linear Models

The model’s prediction function f shall be approximated by a linear model in the vicinity of the ref-
erence point. The prediction at a point x is denoted by y = f(x). An explanation is computed on
the standardized instance zy, which is centered and scaled by the training data’s empirical mean and
standard deviation. We showcase the process by the following toy example from Visani et al. (2020).
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The explanation provides contributions to the prediction w.r.t. the input variables, i.e. gjzoj. This re-
flects the behavior of the model in a small neighborhood around the instance, but not over the whole
model.

Neighborhood Sampling in LIME
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planation.

Random sampling of new instances is inefficient, especially if the ML model’s prediction function is
costly, or there are many evaluation requests at once. The task of ODE is to find the data points z;
that are most informative. In this setting, the input is location shifted by the instance of interest, i.e.
the design is computed on u = z — zg. We follow theory in Fedorov et al. (1999).

A design consists of a set of candidate design points and their corresponding weights. Let the design
weights be defined by & = &(u;), with 0 < &(u;) < 1and ) . &(u;) = 1. The weight indicates the
amount of experimental units assigned to this point. Suppose the bias of the local approximation to f
is negligible, and denote the (approximate) normalized mean squared error matrix for 8 by R(&).

In order to quantify the “goodness” of a design, we utilize the D-criterion, i.e. Vp[R(&)] = log|R(£)],
which captures the “generalized” MSE of the parameters in the local model.

£* is called the D-optimal (approximate) design if §* = argming Wp[R()].

The only information about the contribution of a design point is its distance to the reference point
and the other points. We propose a simple design that optimizes the D-criterion (under regulariza-
tion), with optimized Euclidean distances. The design points are all possible m-dimensional vectors of
(:I:u* +u* iu*) with

ut = argmjn log (0 + (1 — 0)K.(v/mu)?) — log (6 + (1 — 8)K,.(v/mu)) — 2mlog (u),

which is equivalent to optimization of the D-criterion under such a design. The zero vector is included
with design weight 0 < 0 < 1 for regularization of the criterion. This leads to 2™ + 1 support points of
the design.
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Evaluation of Explanations

Objective evaluation of explanations is not straightforward. The goal is not well-defined and there is no
consensus on what constitutes a good explanation. One metric is the rank graduation accuracy (RGA,
see Babaei et al., 2025).

The RGA has values between 0 and 1
and is based on the predictions by the
ML model as well as the ranks of the
simple and the ML model. High val-
ues of the RGA indicate a good concor-
dance between the predictions of the
two models.

On theleftis an example of the RGA val-
ues for a complex model with 5 input
variables. For each of the 20 randomly
drawn reference units, 50 explanations
are computed with sample size 50 for
the ODE and the original LIME method.
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Conclusion

m Neighborhood sampling is inefficient in LIME.

B The process can be costly if the model’s prediction function is costly or if many predictions have
to be computed simultaneously.

m Design of experiments can help to limit the number of function evaluations by collecting data
more efficiently and thus decreasing energy consumption for a “green” version of LIME.
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