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Abstract

Mechanistic interpretability is a family of methods that try to de-
rive interpretable features from deep learning models. The idea is
that they exploit patterns in the activation vectors or connections
of a neural network to extract values that can be expected to rep-
resent particular concepts, notions, measures, or mechanisms on
which the network relies to derive its predictions. However, a key
issue with these methods is that establishing the supposed mean-
ing of those features, and therefore evaluating their actual inter-
pretability, is generally a manual and subjective task. Based on the
idea that the process of interpretation can be seen as one relating
emergent features of the model to the knowledge of the domain, in
this article, we propose a method relying on knowledge graphs to
build and assess possible definitions of those features. We achieve
that by creating decision trees classifying input data as having or
not having the candidate interpretable feature and that are built
using the properties of a related knowledge graph. The accuracy
of those decision trees therefore gives us a measure of the inter-
pretability of the extracted features with respect to a given knowl-
edge graph, and the decision tree itself provides an approximate
definition of the feature using the knowledge graph’s vocabulary.
We illustrate the approach by using two different interpretability
methods with a simple example relying on DBpedia, and show re-
sults obtained on a more complex case study in material science,
using a more specialized knowledge graph.
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1 Introduction

The need for machine learning models, specifically deep learning
models, to be interpretable stems from multiple reasons: it might
improve their safety by providing verifiable results; improve con-
fidence in those results; support validating and debugging mod-
els; or even help identify new, unknown phenomena in the data
used to train those models. Although many techniques and ap-
proaches to interpretability exist, mechanistic interpretability (see,
for example, [15]) has the advantage that it directly relies on the
mechanisms (the inner workings) of the model, and therefore pro-
vides internal interpretations of the model itself rather than an
external interpretation of its behavior. It generally relies on an-
alyzing/processing the activation vectors or connections within a
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neural network to extract patterns or measures that are expected to
correspond to interpretable features. In machine vision, this might,
for example, relate to identifying that a sub-part of the network is
specifically dedicated to identifying edges, angles, or other visual
features [9].

A wide range of such methods has been proposed in the litera-
ture, including those based on training models to recognize specific
features in the activations of a machine vision model [11], on dic-
tionary learning methods to obtain sparse, positively defined val-
ues that are supposed to map to interpretable notions [10, 17], or
on mapping activation networks in specific layers in an attempt to
test the presence of the representation of specific concepts within
the model [6]. The most visible and discussed objective of applying
such methods is that of safety, especially when applied in the con-
text of large language models [2], but it has also been argued that
they could be used to support model debugging [12] or scientific
discovery [8].

However, a key issue with these methods is that, while they are
expected to extract features that are more interpretable than the
activations or connections of the base model, those still need to be
manually interpreted. In other words, while a measure extracted,
for example, using a dictionary learning method as in [17] might
be expected to represent an interpretable feature, a manual inspec-
tion of this measure on samples of relevant data is still necessary
to understand its meaning, how it relates to existing descriptors
in the domain, or how it can be labeled, and therefore how truly
interpretable it is.

In this paper, we relate the idea of interpretation to that of align-
ing the interpretable units obtained from mechanistic interpretabil-
ity methods to existing knowledge in the domain of the interpreted
model. More precisely, we show how mapping such units to prop-
erties or combinations of properties in a relevant knowledge graph
can provide a way to characterize the unit in question, as well as
an approximated domain-relevant definition. By measuring the ac-
curacy of those mappings, we therefore also provide a measure of
the true interpretability of those units in the context of the given
knowledge graph.

In order to establish those mappings, we train shallow decision
trees to distinguish between data samples that lead to high acti-
vations of the corresponding units. The datasets to train those de-
cision trees are formed by the values of properties in the neigh-
borhood of the relevant data samples in a given knowledge graph.
Besides their inherent explainability, the advantage of shallow (i.e.
low depth) decision trees is that they automatically select the most
appropriate properties on which to rely to obtain high accuracy,
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as well as the thresholds to employ for numerical properties. We
illustrate the method with a small example of a text classification
model based on the DBpedia knowledge graph. We also show ex-
periments carried out with a larger example of a graph neural net-
work (GNN) used for regression on the atomic structure of materi-
als (to predict their formation energy) by using a knowledge graph
describing the physical properties of thousands of materials.

In these experiments, we test two approaches for mechanistic
interpretability and compare them to a baseline. The baseline con-
sists of simply using the activation vectors of layers in the GNN
model as interpretable features. The two tested methods are based
on training self-organizing maps (SOMs) on the activation vectors
of different layers of the model as in [6] and on training sparse au-
toencoders (SAEs) on the activation vectors of different layers of
the model as in [10, 17]. We show how those methods obtain dif-
ferent levels of interpretability on different layers of the network
and how the interpretable units they identify strongly align with
specific properties of materials, as found in the knowledge graph.

2 Related Work on Mechanistic
Interpretability

Although deep learning and the increasing reliance on deep neural
networks have led to great performance and impressive results in
many fields, their applicability has been hampered by the fact that
those results are difficult to verify, validate, and justify. The objec-
tive of interpretable Al [20] is to alleviate this issue by deploying
techniques that can help a user gain a greater understanding of the
way a model obtains its results and the aspects of the data on which
it relies to do so. Among the many approaches to interpretability,
we can find “knowledge distillation” (reducing a model to a sim-
pler, more interpretable one [13]) or the use of feature-based ex-
plainability methods globally [19], including by abstracting them
through knowledge graphs [14, 18]. However, these methods are
external to the model. They do not interpret the model itself but
offer plausible interpretations of its behavior as externally observ-
able through its inputs and outputs.

Mechanistic interpretability takes a fundamentally different ap-
proach as it aims to provide interpretable units extracted directly
from the inner workings of a (generally neural) model [16]. It has
recently increased in visibility due to its applicability (although
with many engineering challenges) to large language models and
the hope that they could help identify the source of their emer-
gent capabilities [15]. Recent surveys [15, 16] have identified cat-
egories of approaches and techniques for achieving mechanistic
interpretability, including, in particular, the abstraction of subnet-
works within the neural network and the abstraction of features
as represented by activations and weights within the network. Cir-
cuit finding is an example of the former, where modules are iden-
tified that appear to carry a particular function within the model
(see, for example, [4]). Recent works carried out with LLMs on the
topic of “monosemanticity” are an example of the latter, where
methods such as dictionary learning are used to disentangle the
way neurons play a role in the representation of multiple features
(polysemanticity), to identify those features and analyze how they
contribute to the results (see, for example, [10, 17]). In this arti-
cle, we test two methods that are more specifically related to this
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last category of approaches. Indeed, a key issue with such meth-
ods is that, while they identify supposedly interpretable features,
those still need to be validated and related to some meaning under-
standable by users. This is generally achieved manually, and there
is a need to measure the actual interpretability of those features
by providing them with processable interpretations. This is what
we are proposing to do here by aligning them with properties of
knowledge graphs. In that sense, this work shares common objec-
tives both with methods aiming to quantify the interpretability of
neural networks’ latent spaces [1, 21] and those aiming to automat-
ically label extracted interpretable features [5, 7].

3 Tested Methods for Mechanistic
Interpretability

As mentioned above, in this article, we propose a method to align
interpretable units extracted from mechanistic interpretability ap-
proaches that are intended to identify interpretable features within
the activation vectors of neural networks. We first introduce a sim-
ple example to illustrate those methods and the approach proposed
in this article.

3.1 Introduction to the illustrative example

The illustrative example used here relies on a new version of a
model already used in [6] to classify texts corresponding to biogra-
phies of painters (obtained from DBpedia) based on whether or not
those painters have paintings exhibited in at least one major mu-
seum.! The training of the model itself is not relevant here, since
the process of interpretability is independent from it and from the
performance of the model itself (although it seems reasonable to
think that interpretability results will be different in a highly pre-
cise model, from those of a less precise model with many biases).
The key information for the remainder of this article is the ar-
chitecture of the network itself. It simply consists of a classifica-
tion layer added on top of the pre-trained DistilBERT model.? The
whole model is trained on the painter dataset from DBpedia, there-
fore fine-tuning DistilBERT for the task of text classification on
painters’ biographies.

3.2 Baseline: Using the base activation vectors
of the model

The baseline used here is not truly an interpretability method and
is used as a reference for comparison. If a problem is sufficiently
simple and the model is large compared to the complexity of the
problem, it could be possible that individual units within the neural
model are specialized to represent specific features. This baseline
method, therefore, consists of considering the units within the neu-
ral network directly as representing candidate interpretable fea-
tures, with the activation values of those units being correlated
with the presence of those features.

Although this method is the simplest, there are some subtleties
to consider in its realization. For example, in our painter model,
some layers are simple linear layers. Therefore, in those cases, for
each data point in the dataset, an activation vector can be obtained

!the code to train it can be found at https://github.com/mdaquin/PainterModel/
*https://huggingface.co/docs/transformers/en/model_doc/distilbert
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directly from the network corresponding to the size of the layer.
However, for embedding or attention layers, which are structured
to process sequences, an aggregation function must be used to
reduce the layer to a simple activation vector. In this example,
for layers of more than one dimension, we use the first token of
the sequence, as it is also the one used for the classification task
(the CLS token) as a one-dimensional activation layer. In the other
use case below, higher dimensions will be aggregated into a one-
dimensional vector by averaging activation values.

3.3 Using self-organizing maps

An issue with the (naive) method above is that each unit, each neu-
ron, might only participate in the definition of a feature and not
represent a feature itself. Methods based on self-organizing maps
(SOMs) have been proposed [6, 12] as a way to identify “proto-
typical” activation vectors that could be representatives of specific
subsets of the data for which a feature is present (in other words,
concepts).

A SOM is a neural network that usually consists of a grid in two
dimensions (most often a square), where each unit is connected
to all units in the input layer and is associated with an activation
function corresponding to a distance function between the weight
vector of the unit and the input vector. A SOM is not trained in the
usual way through backpropagation but by competitive learning.
An intuitive description of this process is that, for each example
of the training set, a best matching unit (BMU) is first identified as
the one with the lowest activation (highest similarity). From this,
the weights of all units are updated using the following formula:

W/ = W, + 6BMU. i, f) - a - (X ~ W)

where W, corresponds to the weights of unit i in the SOM, X to
the input vector, « is the learning rate (decreasing over time), and
0 is the neighborhood function applied between the BMU and the
unit i with radius f. This neighborhood function should have value
1 for the BMU itself and gradually decrease (depending on the de-
caying radius f) the farther away the unit i is from the BMU. Over
multiple iterations, this creates a map in which similar data points
will have BMUs located close to each other, and dissimilar ones will
have BMUs in different locations on the map. It has to be noted that
SOMs are, fundamentally, clustering methods and that other such
methods could have been considered. However, that they are flexi-
ble, neural models that organize the created clusters topologically,
by similarity, adds some advantages compared to other clustering
techniques.

To apply SOMs for mechanistic interpretability, we therefore
train one map for each layer of the model on the activation vec-
tors as extracted according to the method described in the previ-
ous section. In our example, relying on the ksom® python library,
we trained SOMs of sizes 5x5* on the entire painter dataset over
5 epochs (iterations).> Figure 1 shows a representation of a SOM
trained for the bert. transformer.layer.3.ffnlayer of the painter
model using colors to show the similarity between adjacent units

Shttps://pypi.org/project/ksom/

‘a0 = 5x 107> with a decay of 107 per batch of 128 examples, cosine distance as the
activation function, a linear neighborhood function, f = 4 (with a decay of 4 x 1075
Sthe code to train SOMs can be found at https://github.com/mdaquin/actsom
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Figure 1: Left: Color-based representation of the weight vec-
tors of the SOM for the bert. transformer.layer.3.ffnlayer
(PCA applied to the weight vectors with 3 components for
red, green and blue). Right: Percentage of the dataset for
which each unit is the BMU (lighter units have higher val-
ues).

and shades to represent the number of samples for which each unit
is BMU after training.

3.4 Using sparse-autoencoders

Another way to consider the issue mentioned at the beginning of
the previous section is expressed in [10] under the term superposi-
tion: Units of the network do not express monosemanticity. That is,
they do not correspond to unique interpretable features, but each
contributes to the computation of different features. Dictionary
learning through sparse autoencoders (SAEs) has been proposed,
in particular in [10, 17], as a way to disentangle those contribu-
tions to different features. Indeed, SAE models are trained to repro-
duce the input in the output (i.e., they are autoencoders) but going
through an intermediary encoding space of higher dimension than
the input/output space and that is made deliberately sparse (i.e.,
only a few units have high activations at a time). More precisely,
in this work, an SAE is a neural network model in which the out-
put is a simple (identity) feedforward layer of the same size as the
input. There is one hidden (encoding) feedforward layer with sig-
moid activation, which we choose to make three times larger than
the input.

Although the architecture of the SAE is mostly straightforward,
the key lies in the loss function used to train it through backprop-
agation. It has two components: a reconstruction loss, measuring
how close the output is to the input, and a sparsity loss, measur-
ing how well we have reached the desired level of sparsity in the
encoding layer. The first is usually (and in our case) the commonly
used mean square error (MSE), which happens to correspond to
a Euclidean distance between the input and output. The second is
often (and in our case) based on the Kullback-Leibler (KL) diver-
gence between the desired level of sparsity, p, and the achieved
level of sparsity, p. More precisely, the loss function used to train
the SAE is defined as:

S
5 1 2 R
LX,X) = 2IX = XIP + B 3 KL(pl3))
j=1
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where X is the input of the model, X is the output, f is a reg-
ularization parameter that sets the importance of the sparsity loss
against the reconstruction loss, s is the number of units in the en-
coding layer (the hidden layer) of the SAE, p is the desired sparsity
(generally close to 0) and p; is the activation of the unit j in the en-
coding layer of the SAE.

As for SOMs, to apply SAE for interpretability, we train them on
the activation vectors resulting from the baseline method of Sec-
tion 3.2. We therefore obtain large encoding vectors of (expected)
interpretable features corresponding to three times the size of each
of the activation vectors from the baseline method. ©

4 Aligning Interpretable Units to Knowledge
Graphs with Decision Trees

Each of the methods described in the previous section, including
the baseline, produces a vector of units for each layer of the con-
sidered model and data point given as input to that model.” For a
given vector, each unit is expected to represent a potentially inter-
pretable feature, that is, the value of the unit is expected to reflect
the presence or absence of the corresponding feature in the data
point. The key question we are trying to address here is: How to
verify that the extracted feature is indeed interpretable, and what
could be its interpretation?

4.1 Description of the process

As mentioned earlier, in Section 2, this is often achieved (at least
partially) manually. In [17] for example, the input texts showing
the n highest and lowest activation values for each unit are in-
spected to understand their differences, i.e. what could be the com-
mon characteristics that are present in the high activation exam-
ples, and not in the low activation ones.

Our approach follows a similar process, but relies on the as-
sumption that each data point can be connected to an entity in
a knowledge graph to try to automate the process, using decision
trees to identify the properties of knowledge graph entities that are
most representative of the high and low activation examples for a
given interpretable unit. In other words, for a given unit U of an
activation vector obtained from one of the three tested methods,
the process® is as follows:

Create the activation dataset: The dataset used for training
and validation of the model is applied to the model and to
the methods from which U was obtained to extract, for all
data points i, the activation value A(U, i) of the unit U. With
N A the desired size, the dataset is formed from the indexes
i of the NA/2 data points with the highest A(U, i) and the
NA/2 data points with the lowest A(U, i). Information on
whether a given data point led to a high or a low activation
for U is recorded as a binary target variable (0 for low, 1 for
high) for the training of the decision tree in the third step
below.

the code to train SAEs is available at https:/github.com/liudmylaklochko/
Interpretabe_MatBench, we used f = 1072, p = 107>, a learning rate of 10~? and
1,000 epochs.

"The SOM corresponds to a matrix (5x5), but it is flatten to a vector (of size 25 here)
to make the process homogeneous between methods.

8which implementation can be found at https://github.com/mdaquin/KG-DeTrActl

d’Aquin and Klochko

Obtaining properties from the knowledge graph: The re-

sults from the previous step provides a dataset of indexes of
data points in input to the model, and a binary indication
on whether they are strongly represented by the candidate
interpretable unit U. The goal of this step is to find descrip-
tors of those data points that could be used to explain this
classification. Since, as mentioned above, we make the as-
sumption that every data point is associated with an entity
in the knowledge graph (i.e. we can find the identifier, the
URY, of the entity in that knowledge graph), we obtain such
descriptors by collecting values of properties of those enti-
ties at a given number of hops NH. In other words, if a given
index is connected to en entity uri;, NH is greater than 2
and the triples (uriq, pq, uriy) and (uriy, p,,v) are present in
the knowledge graph, the attribute-value pair p; : p, = v
will be added in the dataset for the corresponding index. The
created dataset, made up for each unit of a set of attribute-
value pairs from the knowledge graph and a target binary
value for each high or low U-activation data point, is then
post-processed by removing any attributes with more than
50% of missing value, one-hot-encoding categorical values
and aggregating by mean multiple values of numerical at-
tributes for a given data point. The remaining missing val-
ues are arbitrarily replaced by 0.

Training decision trees: Based on the previous steps, for the

considered unit U, we now have a dataset of numerical de-
scriptors (with values in 0, 1 if the original property was cat-
egorical) and a target binary variable corresponding to high
or low activations of U. Our goal is to measure the inter-
pretability of U with respect to the knowledge graph under
consideration. In other words, we want to check how much
(and which of) the properties of the knowledge graph can be
used to explain the high or low activation of U. To achieve
that, we choose to rely on shallow decision trees. A deci-
sion tree here is a machine learning model based on a tree
of conditions on the numerical values of input descriptors.
A shallow decision tree (i.e., one with a low depth) having
high accuracy is therefore a model that uses only a few in-
put descriptors to predict the value of the target variable.
For the given unit U, we therefore use the scikit-learn® 1i-
brary to build a decision tree of a given maximal depth M D
(all other parameters are left to their default values) on the
datasets created in the two previous steps. The accuracy of
the created decision tree gives us a measure of how much
the knowledge graph properties can be used to interpret the
corresponding feature. In addition, since the decision tree
construction algorithm involves selecting both the most rel-
evant descriptors and the most relevant thresholds for the
conditions on each descriptor, it will include the (small, if
MD is small) subset of knowledge graph properties that are
most suitable to characterize U, together with their value
boundaries.
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samples = 21
value = [19, 2]
class = low

subject::Category:Living_people = 0.5
samples = 24

subject__broader::Category:Socialist_realism = 0.5
samples = 40

subject__broader::Category:19th-century_Romanian_people =< 0.5
samples = 26
value = [20, 6]

class = low

value = [20, 4]
class = low

samples = 3
value = [1, 2]
class = high

value = [20, 20]
class = low

Figure 2: Depth 3 decision tree for unit 24 of the SOM for layer bert. transformer.layer.3.ffn.

subject::Category:1841_deaths =< 0.5
samples = 21
value = [3, 18]
class = high

subject__broader::Category:Spanish_painters = 0.5

samples = 2
True value = [5, 18]
class = high

subject__broader::Category:ltalian_male_artists <= 0.5

class = low

samples = 2

value = [2, 0]
class = low

samples = 40
value = [20, 20]

class = low

samples = 17
False value = (15, 2]
class = low

subject__broader::Category:ltalian_Catholics < 0.5 subject::Category:People_from_Reggio_Calabria = 0.5
samples = 16

samples = 15
value = [15, 0]
value = [15, 1] class = low
class = low

Um0 &

Figure 3: Depth 3 decision tree for unit 10 of the SOM for layer bert.transformer.layer.5.ffn.

4.2 TIllustration on the painter example

As mentioned previously, the painter model used to illustrate the
method is based on the biographies of painters extracted from DB-
pedia. Therefore, each data point in the dataset is naturally asso-
ciated with the URI of the corresponding painter in the DBpedia
knowledge graph. We used the methods described above to pro-
duce decision trees of maximum depth MD = 3, with a number
of examples for each unit interpreted NA = 40 (so 20 high and
20 low activation examples) and a number of hops to obtain input
descriptors NH = 2. Since this model is relatively simple (and bi-
ased), we obtained in this way decision trees of varying accuracies
for units extracted using the three methods described above. For
example, the decision tree in Figure 2 was obtained from unit 24
of the SOM for a given layer of the model, and had a precision of
92.5%. The unit seems to primarily identify painters of the social-
ist realism movement, and for those not belonging to this category,
separates further depending on the era (19th century, living peo-
ple) and localization (Romania). Another example is shown in Fig-
ure 3, which shows that, in a later layer of the model, unit 10 seems
to be primarily corresponding to opposing Italian (male) painters
to Spanish painters, with further details looking at religion, spe-
cific regions, and time. This tree obtains 95% accuracy, showing
that those descriptors are strongly related to a feature in that layer
of the network, as extracted through the SOM method.

5 Use case in Material Science

Although the above examples with the painter model give us an
indication of the feasibility and potential value of the approach to
align candidate interpretable features with knowledge graphs, it
remains limited considering the simplicity of the model and the

*https://scikit-learn.org/

noise in both the data and the knowledge graph used. In this sec-
tion, we, therefore, experiment with a more complex and more ro-
bust use case in the domain of material science. We apply the two
interpretability methods and the baseline on a GNN for the atomic
structure of materials with a bespoke knowledge graph and com-
pare the results obtained across selected layers and with different
depth thresholds for the decision trees.

5.1 Description of the use case

Material science has had an increasing involvement with AI mod-
els, especially in relation to material discovery and material design.
Indeed, traditional methods for computing some physical proper-
ties of materials (which might or might not have already been syn-
thesized) are either too imprecise or extremely resource-intensive.
For this reason, many deep learning models have appeared that
aim to provide fast and accurate predictions. MEGNet [3] is one of
those models that have been shown to achieve good results in a
number of tasks related to the prediction of various physical prop-
erties of materials.!

Model and dataset: MEGNet is a GNN: It takes a representation
of a graph as input, with nodes and edges associated with various
features. Here, the graph corresponds to the atomic structure of a
material. Each node corresponds to an atom in this structure and
the edges to interactions between atoms. The model itself is rela-
tively complex: it includes encoding layers, three blocks carrying
out graph convolution operations, followed by an output block it-
self made up of multiple layers.

0See results published on the MatBench leader board at https://matbench.
materialsproject.org/Full%20Benchmark%20Data/matbench_v0.1_MegNet_kgcnn_
v2.1.0/.
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We chose to rely on a pretrained version of MEGNet for the
task of predicting the formation energy of a material, which cor-
responds to the change in energy of a material when formed from
its constituent atoms compared to the energy of those atoms in the
reference states of the corresponding elements. This pretrained ver-
sion is provided through the matgl!! library, which also provided
us with the reference dataset for this pretrained model (close to
70K materials), including material structures and formation energy
as computed by the Material Database Project'? (MDP). Each ma-
terial in the dataset is associated with a unique identifier within
MDP.

Knowledge graph: As part of arelated project, a knowledge graph
is currently being built regarding materials and their properties,
from multiple sources, including MDP as well as the Mendeleev li-
brary. We reuse this knowledge graph here, where each material is
identified by a URI constructed from its identifier in MDP. It is as-
sociated through various properties with physical characteristics
such as its size in number of atoms, its formula, the chemical ele-
ments it includes, etc. Each chemical element is also identified as
an entity and associated with physical or chemical properties from
Mendeleev, including the group, period, electronegativities, etc.

5.2 Application of the interpretability methods
We applied the two methods presented in Section 3 and the base-

line to the MEGNet model using the entire formation energy dataset.

For the baseline method, we aggregated activation vectors of layers
of more than 1 dimension by the mean over the relevant dimension.
The details of the parameters used for the training of the SOMs and
SAEs are those given in Section 3.

5.3 Results of alignment with the knowledge
graph

We applied the approach presented in Section 4.1 using the knowl-
edge graph described shortly in the previous section on a selected
subset of 7 layers in MEGNet, taken from different levels of the
models (from bottom to top). The created datasets each include 40
materials with high and low activations for each unit (NA = 40)
and we set the number of hops to obtain information to 2 (NH = 2).
We varied the maximum depth MD of the decision trees from 1 to
5 to measure the evolution of the precision of the decision trees
according to this parameter, in the expectation that more detailed
interpretations (deeper decision trees) would lead to higher preci-
sions.

Figure 4 shows the average precision for each method depend-
ing on the maximum depth threshold applied when building the
decision tree. Since each method produces a different number of
units and not all units of the methods are expected to be inter-
pretable (i.e., some are redundant), we show the average over the
top 175 decision trees for each method at each depth threshold.!*
Naturally, the precision of the decision trees tends to increase with

"https://github.com/materialsvirtuallab/matgl

12https://next- gen.materialsproject.org/

Bthe code to extract activations from MEGNET can be found at https://github.com/
liudmylaklochko/activations MEGNet

14175 is chosen as the smallest number of decision trees generated for any method
(SOM) over the 7 selected layers.
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the depth threshold. It could also be noted that this accuracy is al-
ready high even at low depth, showing that the mechanistic inter-
pretation methods used (SOM and SAE) extract features that tend
to be interpretable, even with a limited knowledge graph. Finally,
as expected, the worst performing method, especially at low depth,
is the baseline method, which confirms some of the assumptions
on which the two other methods are based. In other words, even if
original activations are already, to an extent, interpretable (at least
more than random). As can be seen, given the filters applied, SOM
and SAE appear to achieve similar results, although as will be seen
later, not in exactly the same way. It can be noticed as well that
there are greater difficulties in training robust SAEs compared to
SOM:s. In other words, further fine-tuning of the hyperparameters
of the SAEs might lead to even greater results in interpretability
performances.

Table 1 shows the average accuracy obtained by the baseline
and the two interpretability methods in each of the layers, with
MD = 1, sampling the 16 best decision trees for each method and
each layer!®. The order of the layers depends on the order in which
they appear in the model (earlier layers first). As can be seen, the
trend per layer tends to follow the general trend: Even very shal-
low decision trees (of depth 1) are able to create conditions that,
on average, reflect the identified features with high accuracy. Also,
as in Figure 4, SOM and SAE achieve similar performances for all
layers, with only small differences. The baseline method is always
the worst-performing method, even if there seems to be a corre-
lation between the performance of the baseline and that of SAE.
With exceptions, the results tend to be similar from one layer to
another for a given method, although blocks.0.activation (the ear-
liest, in the model, of the tested layers) and out put_proj.lauers.2
(the latest of the tested layers) both achieve lower accuracies with
all three methods.

Table 1: Average precision of the top 16 decision trees per
method, per layer.

baseline SOM  SAE
blocks.0.activation 0.743  0.815 0.780
blocks.1.conv.node_ func.layers.3 0.743  0.847 0.795
blocks.1.state_func.layers.0 0.814 0.868 0.820
blocks.2.conv.node_ func.layers.3 0.743 0.858 0.796
blocks.2.state_func.layers.0 0.809 0.855 0.835
output_proj.layers.0 0.778 0.863 0.814
out put_proj.layers.2 0.744 0.779 0.788

Finally, in Table 2, we show the (up to) three properties most
used at the first level of decision trees built for each of the three
methods, for each of the selected layers (or, in other words, the
properties used in trees of depth 1). This is interesting as it enables
us to consider the kind of interpretable features each method tends
to build and to determine whether there are significant differences
between them. As can be seen, although some properties tend to
reoccur across all three methods, there does not seem to be a clear

Bsince the smallest activation vector across all methods is 16 (baseline).
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Figure 4: Evolution of the average precision of the top 175 decision trees for the three methods across units of all selected

layers.

pattern in the kind of material descriptors with which features ex-
tracted by the methods are aligned. Among the common features,
especially extracted by the SOM method, we can, for example, men-
tion those related to the size of materials (nsites) and the complex-
ity of their structure (nelements). Another example is the property
called “electron affinity” of the included elements in the material,
which is especially present in the baseline and SAE methods. This
seems relevant considering that electron affinity is defined as the
energy change that results from adding an electron to a gaseous
atom, which is intuitively related to formation energy (the quan-
tity being predicted by the model). It can actually be noticed that
baseline and SAE appear to have more overlap with each other
than with SOM. This might be due to the fact that the SAE-based
encoding is really a higher-dimensional representation of the infor-
mation contained in the activation vectors interpreted in the base-
line method, while the SOM units represent prototypical values of
those activation vectors akin to the centroids of clusters. SAEs are
therefore much closer in nature to the original activation vectors
than SOM. We could hypothesize, therefore, that SAEs here obtain
more interpretable features than the baseline through denoising
and decorrelating the latent features already present there, while
SOM achieves interpretability by abstracting this latent space into
a different, more general one.

6 Conclusion

In this paper, we have proposed a method for using knowledge
graphs as a way to automatically measure the interpretability of
and characterize candidate interpretable features obtained from
two mechanistic interpretability methods (as compared to a base-
line corresponding to the base activation vectors of the interpreted
neural network). Under the assumption that data points are asso-
ciated to knowledge graph entities, the approach automatically re-
lates knowledge graph properties to those interpretable features
by training decision trees to recognize high or low activations for
those features based on those properties. In doing so, we not only
obtain, through the precision of the decision tree, a measure of the
interpretability of those features with respect to the knowledge

graph, but also a characterization of those features using the vo-
cabulary of the knowledge graph.

Through a complex use case in material science, we showed the
feasibility of the approach in a realistic setting and that it enables
the identification of differences in the performance and character-
ization of different methods. We, in particular, have shown that
both methods could identify features that strongly align with prop-
erties of the considered knowledge graph better than the baseline,
but with notable differences in both the precision of the alignment
and the properties to which they aligned.

There are naturally a number of aspects on which further work
could be done with respect to this approach. Firstly, different choices
could be made on the interpretability methods to test, as well as on
the way to measure interpretability (using other models than deci-
sion trees and other measures than accuracy). On a practical level,
the scalability of the technique itself could be improved. Indeed,
computing the interpretability methods requires collecting a large
number of potentially very large activation vectors, which then
all have to be related to properties obtained from traversing the
knowledge graph for potentially several hops. Engineering chal-
lenges appear in processing those activation vectors, storing them,
and reliably querying knowledge graphs to form the activation
datasets used here. Although the presented use case, which is a
relatively complex deep learning model, shows that this is feasible,
setting up a generic, robust, and scalable framework to apply this
to even larger models and even larger datasets remains to be done.

Also, it is an interesting feature of this approach that the results
are dependent not only on the quality of the model being tested,
but also on the quality of the knowledge graph used for its inter-
pretation. There are many domains (especially scientific domains)
in which deep learning models are being used, while strong foun-
dational knowledge also exists. The approach presented here en-
ables measuring and characterizing interpretability with respect to
a knowledge graph. This means in particular that it can be applied
only under the condition that the foundational knowledge men-
tioned above is first encoded into such a knowledge graph. Assum-
ing this is done, applying our approach could enable validating
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Table 2: Three most used properties in decision trees of depth 1 for each layer and each method.

baseline SOM SAE
blocks.0.activation |includesElement:electron_affinity, |nelements, forma-| includesElement:atomic_volume,
includesElement:abundance_crust, | tion_energy_per_atom, to-| includesElement:electron_affinity,

blocks.1.state_
funclayers.0

blocks.1.conv.node_
func.layers.3

blocks.2.state_
func.layers.0

blocks.2.conv.node_

funclayers.3

output_proj.layers.0

output_proj.layers.2

includesElement:c6_gb

includesElement:_series_id,
includesEle-
ment:atomic_radius_rahm,
includesEle-
ment:electronegativity_allen
includesElement:abundance_crust,
includesElement:electron_affinity,
includesElement:metallic_radius
includesElement:_series_id, in-
cludesElement:electron_affinity,
energy_above_hull
includesElement:electron_affinity,
includesElement:abundance_crust,
cbm

includesElement:lattice_constant,
includesEle-
ment:covalent_radius_cordero,
energy_per_atom
includesElement:electron_affinity,
includesElement:abundance_crust,
includesEle-

tal_magnetization_normalized_
formula_units

nelements, density_atomic, in-
cludesElement:abundance_sea

total_magnetization_normalized_
vol, theoretical, includesEle-
ment:specific_heat_capacity
nelements, total_magnetization, in-
cludesElement:proton_affinity

includesElement:abundance_sea,
total_magnetization_normalized_vq

includesEle-
include-

nelements,
ment:vdw_radius_uff,
sElement:fusion_heat

includesElement:atomic_volume,
energy_above_hull, includesEle-
ment:molar_heat_capacity

includesElement:proton_affinity

includesElement:_series_id,
includesElement:c6,
tal_magnetization

to-

includesElement:molar_heat_capacity,
includesElement:c6_gb, includesE-
lement:electron_affinity

nelements, nsites, includesEle-

ment:_series_id

includesElement:electron_affinity,
lincludesEle-
ment:atomic_weight_uncertainty,
includesElement:atomic_volume
includesElement:molar_heat_capacity,
total_magnetization_normalized_vol,
includesElement:group_id

includesElement:electronegativity_gordy,
includesElement:vdw_radius_rt,
vbm

ment:metallic_radius_c12

and debugging deep learning models, and testing how they relate
to the practices in the field. However, the analysis of failures of
the approach could be the most valuable aspect. Indeed, having
found candidate interpretable features that are not well character-
ized by a given knowledge graph could indicate a failure in the
interpretability method or an incompleteness of the knowledge
graph. The latter case could provide a starting point for the intro-
duction and formalization of further knowledge in the domain.
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