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Abstract.  Training of machine learning models for classification fre-
quently yields several different solutions although the performance remains
approximately the same, i.e. one observes many close-to-optimum solu-
tions with only marginal performance differences which are, however, qual-
itatively well-distinguishable. This behaviour is known as the Rashomon
effect and may be dedicated to the stochastic in the training process, dif-
ferent learning strategies or various initial settings. Hence, model expla-
nations may become difficult and have to be related to a given configura-
tion. Therefore, stable and plausible explanations are required based on
the evaluation of the Rashomon set. Yet, the consistency of the resulting
explanations remained largely unexplored so far.

Here we propose to evaluate the Rashomon set qualitatively by means of
a cluster analysis based on the determination of the feature importance.
Feature importance of a model gives insights about the decision making
process and, hence, provides an appropriate criterion to distinguish model
decision realizations. Clustering of them reveal stable and plausible clas-
sification strategies and, hence, contribute to reliable explanations.

1 Introduction

Nowadays complex deep networks become the standard to solve successfully dif-
ficult and challenging classification and regression tasks frequently realized by
deep multi-layer perceptrons (MLP). However, frequently these models work as
black-box approaches. To understand the behavior and the decision process
of these models, a well-accepted approach in explainable artificial intelligence
(XAI) is to analyze input-output-relations with respect to the feature influence.
There are many approaches available with different strategies for feature rele-
vance quantification like correlation analysis, Shapley values obtained according
to methods of cooperative game theory or feature relevance propagation. These
approaches are primarily but not exclusively designed for deep feed-forward net-
works to analyze model decision making by providing the importance of input
features through the decomposition of the prediction output backward [1, 2, 3, 4].
Further, respective feature evaluations are used to derive reasoning models to
explain causal inference for decision making for complex models [5, 6, 7].
However, multiple different models can achieve nearly identical performance
close to an generally unknown optimum solution, which is known as the
Rashomon effect [8, 4, 9, 10, 11]. This effect may lead to conflicting evaluations
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of the models and also influences the rating, which variables are most important.
A variable deemed important in one model may be irrelevant in another equally
accurate model.

These findings motivate a key question: if many different models achieve
similar accuracy, do they also agree on feature importance, i.e. which models
can be explained similarly and yield stable and plausible interpretations of the
decision making process? This challenge requires a reliable assessment of the
corresponding Rashomon set [12]. Hence, we propose to analyze the Rashomon
set by means of cluster analysis with respect to feature classification importance.
Thereby, we concentrate in this initial study to very shallow classifier models,
which, however, often provide sufficiently accurate models [13].

2 Rashomon sets and Model Explanations

We consider data Z = X x Y C R™ x R following an unknown distribution 2. A
multilayer perceptrons (MLP) realizes a function fp : X — ) depending on the
parameter set P consisting of the set of weights W and biases B. Following [13],
we define the hypothesis space as F = {fp|W, B}. A model fp is evaluated by
a loss function L : Y x Y — R,. The respective empirical risk is given as

Ez (fp) = E.o(xyyezaa [L (7 = fr (x),y)].

It is well-known that complex machine learning models like deep MLP deliver a
large subset of the hypothesis space depending on the parameter configuration,
learning strategies and regularization constraints [4, 14]. Let fope € F be the
optimum solution for the given task. The so-called Rashomon-set

Rs (LafaZ) = {fp € ‘F|EZ (f'P) <Ez (fopt) +€}

is understood as the set of close-to-optimum-solutions (CTOS).

It is claimed in [13] that for challenging tasks the Rashomon set becomes
large giving rise that there is a high chance to tackle the task successfully also
by shallow models [15]. Frequently, respective shallow approaches are better to
explain or to interpret [16]. Yet, also for these simpler models the Rashomon
effect frequently is inevitable [9]. Yet, we can suppose that the corresponding
Rashomon sets are smaller compared to those of complex models.

Several attempts were made to characterize the Rashomon sets: It is assumed
that significantly deviating models in this set reflect qualitatively different ap-
proaches to solve the task, i.e. the data evaluation perspective of the models
differ substantially providing insights regarding data feature dependencies. Un-
fortunately, the evaluation of empirical Rashomon sets obtained by training
different models for a given task, did not gained great research attraction so
far [12, 4, 17]. A promising idea is to investigate Rashomon importance distri-
butions of data features, which are related to classification importance profiles
(CIP) of features in prototype based classification learning and XAI [18, 19, 20].
Hence, we propose using those feature importance profiles to identify groups of
qualitatively similar models (clusters) in the empirical Rashomon set deciding
models in the discriminative classification learning.
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3 Shallow MLP and Rashomon Set Cluster Analysis

In this initial investigation we restrict ourselves to a shallow MLP for a classifi-
cation task x — y with one-hot class coding of m classes. More specifically, we
study a two-layered feed-forward network (shallow MLP) given as

v = softmax (a (W - x + b)) (1)

whereas standard perceptron layer with a (-) being the ReLU-activation is fol-
lowed by a softmax-layer [21, 22]. Both, the weight matrix W € R™*" and
the bias vector b € R™, constitute the model parameter set P. For a trained
model, feature importance can be evaluated by the so-called Shapley-profile vec-
tor s € R”} [23]. The vector entries s; judge the importance of the data features
x; for solving the classification task by the model. Yet, the calculation of the
profile may require expensive computational costs due to the combinatorial com-
plexity for high-dimensional data x but it gained large attraction in XAI using
sophisticated approximation methods [2]. A simpler approach to evaluate fea-
ture importance in the above shallow model is known from relevance learning in
learning vector quantization: A feature importance profile A € R”} is obtained
via A = WTW and \; = Z;L:l |A; j|, which reflects the relevance of a feature
to class separation [24].

As pointed out in [9, 25, 15], the Rashomon effect is inevitable also in case of
shallow or strongly reguralized models if uniqueness is not guaranteed. Further,
the Rashomon set becomes larger when data or model noise (in consequence
of initialization dependence, learning strategies etc.) is involved in the training
process. Thus, clustering of the Rashomon set can help to detect qualitatively
deviating models. Thereby, the models follow different decision strategies by
means of the parameter sets P usually realizing different weighting strategies for
the data features known as feature importance [26].

As already mentioned, the Rashomon set for a given task usually covers dif-
ferent aspects and strategies realized by the models for the problem solving.
Hence, the intrinsic structure of this set probably reflects these strategies by
topological counterparts in a corresponding representation space, which then
can be detected by a respective cluster analysis. Yet, here the type of represen-
tation as well as the choice of an appropriate dissimilarity measure are essential
ingredients for the demanded cluster analysis.

In the context of shallow MLP, the strategically different task solution can
be identified regarding their feature information profiles [27, 4], i.e. we can
represent the several strategies by the corresponding Shapley profiles s or the
classification importance profiles A. Thus, a given Rashomon set of the shallow
MLP can be represented by these profiles and, hence an intrinsic structure anal-
ysis (clustering) of this representation space should reveal the intrinsic structure
original Rashomon space. For the profile similarity in the respective cluster
analysis of the representation space, we prefer the Spearman-rank-correlation
corr to deal with non-linear correlations and to mitigate scaling effects [28]. Be-
cause correlations are non-metric proximities, a consistent cluster method has
to be chosen. A robust approach capable of handling proximities appropriately,
is affinity propagation (AP) [29]. AP is based on message passing between po-
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tential cluster representatives (here denoted as exemplars), which remain to be
data samples.

4 Numerical Experiments — Results

We apply shallow MLP as explained in Section 3 on three small datasets: Pima
Indians Diabetes (PIMA), Wheat Seed (SEED) and reduced Adrenal Tumor
(AT) dataset. PIMA and SEED are classical UCI-datasets [30, 31], one from
medicine and one from quality assurance in the food industry. PIMA contains
eight clinical values for 768 female patients of Pima heritage with a binary out-
come indicating the presence or absence of diabetes. SEED includes 210 data
points with information on seven geometric measurements of wheat seeds, the
classification task being to distinguish between species among three varieties.
For the AT dataset, urine steroid—metabolite profiles are measured. The raw co-
hort comprises 147 adrenal-tumor patients (102 adrenocortical adenomas, ACA;
45 adrenocortical carcinomas, ACC) and 88 healthy controls (total 235 sub-
jects). Following the curation used by the data provider, we removed variables
with wide-spread missingness and highly collinear features, producing a panel
reduced to 11 metabolites [32]. The data are all z-score normalized. It should
be noted that the bias b in 1 is set to zero and the only parameters to learn
are the weight matrix from input to the first layer. The three datasets are low
dimensional such that the Shapley values can be explicitly calculated without
any approximation.

The results in Table 1 show that for shallow settings such as (1), the impor-
tance profiles s and A, the Spearmann-Rank-correlation as well as the adjusted
rank index (ARI) between the cluster solutions is not very high. Thus, sev-
eral explanation methods using different strategies provide different conclusions.
In addition, we receive explanations with about 2-3 clusters, i.e., 2-3 different
feature importance profiles, which in turn means that 2-3 explanations of the
feature’s significance are available and can now be forwarded to experts for fur-
ther discussion. Due to the lack of space, we cannot provide a more in-depth
analysis here. However, since we only have a small number of cluster resulting
from AP, we can give this information to experts for meaningful interpretation
and manageable explanatory approaches, which finally helps to decide on the
usability or usefulness of the models. Further, we have verified the existence of
the non-trivial Rashomon set already in this shallow setting as predicted in [9].

5 Conclusions and Future Work

In this contribution we consider the evaluation of Rashomon sets to determine
qualitatively distinguishable classification models, which realizes different deci-
sion strategies rated by data feature importance profiles. In doing so, we result in
stable and plausible model explanations/interpretations for further evaluation by
domain experts. Here, we limited ourselves to shallow two-layered feed-forward
networks that already yield promising results. Future work will include the com-
parison of these simple models with easy to interpret prototype-based classifiers
that are a preferred alternative to deep networks for complex tasks [33].
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Table 1: Different mean results for three analysed data sets (ARI - adjusted rank
index between cluster solutions). We have tested 100 models, and the ones we
are taking into account are the ones that perform about the same as the average.
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