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Abstract

Although neural models have achieved remarkable perfor-
mance, they still encounter doubts due to the intransparency.
To this end, model prediction explanation is attracting more
and more attentions. However, current methods rarely incor-
porate external knowledge and still suffer from three lim-
itations: (1) Neglecting concept completeness. Merely se-
lecting concepts may not sufficient for prediction. (2) Lack-
ing concept fusion. Failure to merge semantically-equivalent
concepts. (3) Difficult in manipulating model behavior.
Lack of verification for explanation on original model. To
address these issues, we propose a novel knowledge-aware
neuron interpretation framework to explain model predic-
tions for image scene classification. Specifically, for concept
completeness, we present core concepts of a scene based on
knowledge graph, ConceptNet, to gauge the completeness of
concepts. Our method, incorporating complete concepts, ef-
fectively provides better prediction explanations compared to
baselines. Furthermore, for concept fusion, we introduce a
knowledge graph-based method known as Concept Filtering,
which produces over 23% point gain on neuron behaviors for
neuron interpretation. At last, we propose Model Manipula-
tion, which aims to study whether the core concepts based
on ConceptNet could be employed to manipulate model be-
havior. The results show that core concepts can effectively
improve the performance of original model by over 26%.

Introduction

Deep neural network (DNN) architectures are designed to
be increasingly sophisticated, with scaled up the model size,
and have been achieving unprecedented advancements in
various areas of artificial intelligence (Thoppilan et al. 2022;
OpenAl 2023). Despite their strengths, DNNs are not fully
transparent and often perceived as “black-box” algorithms,
which can impair users’ trust and hence diminish usability of
such systems (Brik et al. 2023). As shown in Figure 1(a), the
model predicts the image as utility room, which is dif-
ferent from the ground truth (target label) bedroom. How-
ever, it is unclear why the model predicts this label, making
it hard to understand, debug and improve.

There has been a growing interest in exploring explana-
tions of model predictions (Chen et al. 2018; Deng et al.
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2019), which, generally speaking, could be categorized
into two methods: functional analysis and decision anal-
ysis (Shahroudnejad 2021). Functional analysis methods
try to capture overall behavior by investigating the rela-
tions between the decision and the image, using saliency
map (Akhtar and Jalwana 2023), occlusion techniques (Ko-
rtylewski et al. 2021), and rationale (Jiang et al. 2021). Such
methods typically lack in-depth understanding of internal
modules of the model, often failing to provide comprehen-
sive insights into the decision-making process. The decision
analysis methods explore explanation by analyzing the in-
ternal components’ behavior, such as decomposing the net-
work classification decision into contributions of input ele-
ments (Montavon et al. 2017; Tian and Liu 2020). Further-
more, studying neuron-level explanation enables more accu-
rate orientation and editing of the decision-making process
(Teotia, Lapedriza, and Ostadabbas 2022). However, they do
not offer the most intuitive explanations that are easily un-
derstandable to humans, and the link between the decision
and internal components is not obvious.

Some studies attempt to utilize concepts to enhance the
interpretation of model decisions, establishing relations be-
tween the decision and the input image through a selected
number of concepts, such as ACE (Ghorbani et al. 2019),
ConceptSHAP (Yeh et al. 2020), and VRX (Ge et al. 2021).
Although the decision is explained by presenting a set of
concepts found within image, these methods still exhibit
certain three key limitations. (1) Neglecting concept com-
pleteness. These methods select a set of concepts salient
to the corresponding scene, but they do not guarantee that
these concepts are sufficient to explain the prediction. As
shown in Figure 1(a), the model selects a set of salient con-
cepts, including armchair, floor, wall, and more. However,
their prediction mislabels scene asutility roominstead
of bedroom, due to an incomplete concept set (Zhu et al.
2015) that overlooks the bed concept. (2) Lacking concept
fusion. These methods merely group segments based on re-
semblance, but they do not merge semantically-equivalent
concepts. As depicted in Figure 1(b), concepts armchair and
chair can be fused (Wang et al. 2015), as they convey iden-
tical meanings. (3) Hard to manipulate model behavior.
These methods mainly focus on explanation, but they do not
provide guidance on how to rectify mistakes made by the
original model.
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Figure 1: Example of false prediction explanations'. Concepts that are essential to the meaning of a scene are called core
concepts, such as bed in scene bedroom. Concepts that are not necessary for understanding the scene and can be omitted or
ignored are called non-core concepts, such as book and bookcase in 1iving room.

To address the above problems, we propose a novel
knowledge-aware neuron interpretation framework for scene
classification. As well-defined knowledge will help to fur-
ther enhance the model explanation and facilitate human
understanding. Specifically, for concept completeness, we
present core concepts (CC) of a scene to gauge the com-
pleteness of concepts. CC refers to the fundamental elements
that collectively constitute the scene (Kozorog and Stano-
jevi¢ 2013); e.g., bed, cabinet, armchair, floor, wall, night-
stand and lamp are the CC of scene bedroom. To formu-
late the CC, we leverage knowledge graphs (KG) (Pan et al.
2017b,a), such as ConceptNet. Additionally, we introduce
the MinMax-based NetDissect method to establish links be-
tween neuron behavior and concepts at the neuron level.
As for concept fusion, we introduce a Concept Filtering
method, which effectively merge semantically-equivalent
concepts based on ConceptNet in order to enhance the ex-
isting neuron interpretation. Furthermore, for manipulate
model behavior, we propose Model Manipulation, which
aims to study whether the CC obtained from ConceptNet
could be employed to manipulate model behavior, such as
identifying the positive/negative neurons in model, inte-
grating CC into original model design phase. At last, our
method, integrating CC, will help to answer a variety of
interpretability questions across different datasets, such as
ADE20k and Opensurfaces, and multiple models, such as
ResNet, DenseNet, AlexNet and MobileNet.

* Do complete concepts base on core concepts provide
benefit to model prediction explanation? We propose
core concepts of scene derived from ConceptNet, along
with three evaluation metrics, to establish the link be-

!(a) The model does not predict the CC bed of bedroom, and
thus mistakenly predicts the scene tobe utility room.(b) The
model mainly focuses on non-core concepts, including book and
bookcase, which are CC of scene library.
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tween decisions and concepts in image. The experimental
results show that our method, integrating complete con-
cepts, achieves better results than the existing methods.

* Furthermore, do external knowledge through concept fu-
sion improve existing neuron interpretation? We propose
Concept Filtering method, which produces over 23%
point gain on neuron behaviors for neuron interpretation.

* In addition, do explanations based on core concepts con-
tribute to model performance? We propose both unsuper-
vised and supervised methods based on core concepts ex-
tracted from ConceptNet to manipulate model behavior.
The overall results prove that core concepts and related
explanation metrics can help optimise the original model,
leading to 26.7% of performance improvement?.

Preliminaries
Neuron Interpretation

Neuron interpretation aims to improve the interpretability of
models by understanding the neuron behavior. Observations
of neurons (a.k.a hidden units) in neural networks have re-
vealed that human-interpretable concepts sometimes emerge
as individual latent variables. Thus, a pioneer work on inter-
preting neurons (Bau et al. 2017) designed a network dis-
section (NetDissect) tool to quantify the interpretability of a
model and particularly its neurons.

Given a neural network f trained and used for prediction,
f maps an image x; to a latent representation that is also
known as neuron features or units (e.g., unit 483 of ResNet-
18 layer 4 in Figure 2), denoted as {f1, f2, ..., fn}, Where
n denotes the dimension and f; (1 < ¢t < n) is known as
t-th neuron features. Given C' the set of concepts of a given
dataset, L : (z;,¢) — {0,1} is a concept function which

2Code and data are available at: https://github.com/neuroninter
pretation/EIIC
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Figure 2: Unit 483 of layer 4 in ResNet-18, as a water detector (d) with a IoU score of .14 for pixelwise annotated input
images x in (a) wrt. the upscaled unit activation map (b), determined by areas of significative activation (c).

indicates whether an image (region) x; is an instance of a
concept ¢ € C;e.g., L(z;, water) = 1 means x; is an im-
age (region) containing water. NetDissect computes the most
relevant concepts from C' to the neuron feature f; over the
set of images x:

NWD(f,z,C) = argmaz{o(A¢(xs), L(zi,c))} (1)

where o is a measure function, such as intersection over
union (IoU) and Jaccard index, while A;(x;) is the activa-
tion of f; for x;, and can be scaled up to the mask resolution
using bilinear interpolation. The unit f; is regarded as a de-
tector which selects the highest scoring concept. For exam-
ple, unit 483 in Figure 2 is regarded as a water descriptor
(d) for images (a) wrt. activation (b) using threshold (c).

Problem Statement

LetD = {z1, 72, ..., ¥p| } be aset of images, C be the over-
all concept set, and Y = {y1, 92, ..., yy| } be a set of scenes.
Each image x; € D belongs to a scene y; € Y and con-
tains multiple concepts representing the scene in x;; e.g.,
the image of Figure 1(a) is labelled as scene bedroom and
contains concepts such as wall, lamp, armchair. For each
scene y;, it has multiple images in D, denoted as D, C D.
Cy, € C refers to the set of associated concepts of y;.
LC (x;) is the set of learning concepts of neuron features
ft by computing the correlation between f; and the corre-
sponding concept set. In the rest of paper, assumed that the
KG contains all concepts in C'.3

For each image z;, it has a label y,, predicted by f and a
target (ground truth) label ;. In this paper, we consider three
tasks: (71) model prediction explanation: explaining why f
predicts x; as y,, and why the prediction is correct (i.e.,
Yp = y;) or wrong (i.e., yp 7# ¥;); (T2) neuron interpreta-
tion: studying the effectiveness of external knowledge used
in T1 on existing neuron interpretation; (73) model manipu-
lation: exploiting CC used in T/ and T2 to optimise model
performance.

Approach

In this section, we present the knowledge-aware framework
to address the three tasks mentioned above. Task T/, corre-
sponding to the limitation of concept completeness, contains
three sections: MinMax-based NetDissect, Core Concepts,
and Model Prediction Explanations. Task 72, corresponding
to the limitation of concept fusion, is detailed in Concept
Filtering. Task T3, corresponding to the limitation of manip-
ulate model behavior, is detailed in Model Manipulation.

3In practice, if some concepts in C' are not in the KG, we could
align them to similar concepts in the KG.

1952

MinMax-based NetDissect

MinMax-based NetDissect aims to learn which concepts are
closest to the neuron. Following existing work (Bau et al.
2017; Guan et al. 2023), we use NetDissect to evaluate the
alignment between each hidden unit and a set of concepts.
Note that the original NetDissect method computes the gen-
eral neuron behavior on the dataset level while ignoring fea-
tures that are unique and useful for an individual image pre-
diction. In contrast, we aim to learn the neuron behavior for
individual scene, e.g., bedroom, to see whether concepts in
scene can help explain model prediction. To achieve this, we
propose a new variant MinMax-based NetDissect method to
learn the neuron behavior for individual image. Formally,
given f a neural network, f; the f-th neuron in intermediate
layer, C, . the associated concepts of y;, x; the target image,
o measure function, and A; the activated neuron features of
the #-th neuron, L(z;, c¢) the concept function where ¢ is a
concept in Cyj, we have:

Ths{o(A¢(x;), L(xi, )} (2)

We use IoU as the measure function ¢. Thus, the concepts
LC(xz;) learned by a target neuron can be obtained from
concept selection strategy* Ths{-}. We consider three ways
of selecting concepts that neuron learns.

(1) Whole layer: all concepts with IoU scores larger than
0 are regarded as valid concepts;

(2) Highest IoU: only select the concept with the highest
IoU score, treating the neuron as a concept detector.

(3) Threshold: only utilize the concepts with IoU scores
higher than a MinMax-based threshold that we compute as
follows: (a) select the concept with the highest IoU for each
neuron; (b) use the lowest IoU value among the IoU values
of the selected concepts as the threshold.

MM-NWD (fe,x:,Cy,;) =

Core Concepts

Core concepts (CC) are the fundamental elements that are
strong candidates for scene concepts introduced in (Kozorog
and Stanojevié¢ 2013); e.g., bed, cabinet, armchair, floor,
wall, nightstand and lamp are the CC of scene bedroom.
A well-defined KG, such as ConceptNet, contains essential
concepts in the scene and facilitates human understanding.
Therefore, we leverage ConceptNet to help to define two
types of CC to address the challenge of concept complete-
ness, including scoping core concepts (SCC) and identifier
core concepts (ICC). Informally speaking, the SCC for a

“In NetDissect, they directly use the concept with highest score
of neuron. However, neurons do not express a single concept, but
make predictions from multiple concepts (Mu and Andreas 2020).
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scene involves concepts that are shared between the scene-
related concepts within the dataset and the scene-related
concepts within the KG. On the other hand, the ICC for a
scene involves concepts that are uniquely suited to a partic-
ular scene, such as bed, nightstand for bedroom. Between
SCC and ICC, SCC takes into account concept coverage for
the scene, while ICC considers the concepts specific to the
scene. Next, two types of CC are defined as follows.

Definition. (Scoping Core Concepts) Given a scene y; €
Y (j € {1,..,|Y|}), its associated concepts in whole
dataset D are denoted as C,,, and RC(y;,G) is the con-
cepts from KG G that are related to y;. We define the scop-
ing core concepts for scene y; as follows: SCC(y;,G) =
RC(y;,G) N Cy,.

Definition. (Identifier Core Concepts) Given a scene y; €
Y (j € {1,...,|Y]}), its associated images and concepts in
whole dataset D are D,;; and C,,,, respectively.

e Concepts of a scene that obtained form dataset.
Count(yj,p) € C,, is the set of overlapping ground
truth concepts, from C,, over at least p% of the images
in Dyj,

* Specificity concepts for a scene obtained form dataset.
P, is the highest percentage such that, for any i, j, i # j,
Count(y;, P.) # Count(y;, P.).

* Concepts of a scene obtained form dataset and KG.
SCount(y;,G,p) is the set of overlapping ground truth
concepts, from (RC(y;,G)NC,, )UTopkO fCount(y;),
over at least p% of the images in D, where
TopkO fCount(y;) is the set of the top k concepts of
Count(y;, P.) and G is Knowledge Graph,

* Specificity concepts of a scene obtained form dataset and
KG. P, is the highest percentage such that, for any 1, j,
i # j, SCount(y;, G, Psc) # SCount(y;, G, Psc)).

We define the identifier core concepts for scene y; as fol-
lows: ICC(y;,G) = SCount(y;, G, Ps.).

We consider the balance between concepts in the KG and
annotated concepts of y;, by including the top % (in our ex-
periments, £ = 2) most popular concepts, no matter whether
they are in the KG or not. As ICC is more specific, it often
has a smaller size than SCC.

Model Prediction Explanations

Model Prediction Explanations aims to utilize CC to estab-
lish the link between decisions and concepts in image. For
this purpose, we propose the following metrics accordingly.

Prediction explanations (PE) are explanations provided
together with predictions, with ground truth (target) scene
unknown. Given an image x;, concepts LC(x;) learned by
neurons, scene y;, and its core concepts C'Cy(y;), where
CC; € {SCC,ICC}. We propose the consistency metric
(similarity metric, difference metric) for measuring the con-
sistency (similarity, difference, resp.):

_ |LC(z:) N CCi(y,)|

= 3
ICCi(y,)] ®)

CM(J,’“ y])

_ |LC(z:) N CCi(y;)|

SM(xi,y;) = |LC(x:) U CCi(y;)]

“

1953

_ [LC@)\ CCiw)| s
[CC(y;)]

Note y; is the predicted scene. The larger (smaller) the
CM and SM (DM) scores become, the smaller the gap
between the learned concepts and scene.

Post-prediction explanations (PPE) are explanations
when both predicted and target scene are known. Given
an image x; of scene y;, and the scene ¥, predicted by
model, the first task here is to explain why the prediction
is wrong, i.e., why y; # y,. One would expect that the LC
should be closer to the predicted scene (i.e., CM (x;, yp) >
CM(zi,y¢) and SM(z;,y,) > SM(x;,y:)) and be
more different from the target scene (i.e., DM (x;,y,) >
DM (z;,y:)). The consistency metric for set Dy of false pre-
dictions (as scene y,) C M FP can be defined as follows:

rp _ {zi € Dy|CM (2i,yp) > CM (i, ye) }
B |Dyl

The difference and similarity metrics, denoted as DM P
and SM TP can be defined respectively.

Given an image x; of scene y;, the second task here is
to explain why the prediction is correct. We propose to com-
pare the set of images with true prediction (D;) against those
with false prediction (D), with the expectation that the con-
sistency metric over the correctly predicted images C M *P
of D, should be larger than that over the falsely predicted
images CMT-FP. OMTP ~ CMT-FP 5 Thus, the consis-
tency metric for the set D; of correctly predicted images and
that for the set D of falsely predicted images in scene ; can
be defined as follows :

DM (zs,y;)

CM 6)

Y260, OM (i, Y1)

TP

CM" " = D (7

cMT-FP _ ETC'LEDfCM(nyt) @)
B | Dyl

Similarly, we can define similarity metric for D; and Dy,

denoted as SMTF and SMT-FP, respectively, with the ex-
pectation that SMTF > SMT-FP,

Neuron Interpretation via Concept Filtering

This section aims to optimize neuron interpretation by merg-
ing semantically-equivalent concepts based on ConceptNet.
In context of image classification and object detection, there
could be a large number of concepts and many of which
might have similar semantics, e.g. armchair and chair. This
could lead to misleading or even wrong explanations for pre-
dictions. To address this challenge, given each set of scene
associated concepts C),;, we compute the embeddings of
the concepts in C,, and align them to concepts in a KG
like ConceptNet, using classic KG embeddings techniques,
such as TransE, Dismult and TransD, then group them w.r.t.
their distances, into clusters Cl;(C,,), ..., Cl.(Cy,). One
can transform C,, into CF(Cy;) by selecting one repre-
sentative concept in each cluster Cl;(C,,)(1 < i < r) to
represent all concepts in Cl;(C,, ). Our hypothesis is that re-
placing C,; with CF(C,,) could help optimise model pre-
diction explanation and existing neuron interpretation.

5The symbol T refers to calculating true prediction explanation.
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False Prediction Explanation (%)

True Prediction Explanation (%)

LC CcC
COMPFP DMEP SMFP oM™ cMT-FP sy TP gppT-FP
ConceptSHAP  — 51.93 43.24 50.87 21.04 18.51 19.68 17.32
CLIP-Dissect SCC 53.31 86.57 33.45 12.64 11.78 13.72 13.16
ICC 46.94 67.06 38.94 33.31 32.44 21.76 21.17
Top_10 43.04 19.13 42.77 11.29 6.12 4.38 2.49
Whole Layer SCC 78.51 87.30 69.85 12.95 9.94 8.17 6.85
ICC 51.43 69.32 29.58 53.73 47.33 22.76 22.13
Top-10 34.61 19.12 34.56 9.20 5.18 7.51 4.03
Highest IoU SCC 65.77 85.76 64.07 6.52 5.04 591 4.64
ICC 49.42 67.76 42.24 26.32 21.86 21.27 18.11
Top-10 42.52 18,69 42.42 11.17 6.07 7.48 4.12
Threshold SCC 78.03 87.38 72.13 11.83 9.22 10.09 8.07
ICC 50.32 69.81 34.11 49.60 4413 34.97 32.34

Table 1: Results of false and true prediction explanation. Top_10 means the top 10 concepts of scene as CC.

Model Manipulation

Model Manipulation aims to study whether the CC could
help to manipulate model behavior, including Neuron Iden-
tifying via CC and Re-training via CC. In addition, we pro-
pose using PE metrics for re-training.

Neuron Identification via CC aims to identify the posi-
tive and negative neurons by calculating contribution score
to see the model behavior. The contribution score for the
neurons f;, over images x; in y; with true prediction, can be
calculated as follows:

Con_Score(f;)

C)]

> (P(2:,CC) — N(z:,CCh))

ziGD;fj

where P(z;, CC;) and N(x;, CC}) are the number of LC in
and not in C'C}, respectively.

For true prediction, we disable top-k positive neurons (by
setting the neuron features to O (Mu and Andreas 2020))
for the scene and see whether the model still correctly pre-
dicts the scene. For false prediction, we disable top-k (in our
evaluation, k¥ = 20) negative neurons for the scene and see
whether the model can make better prediction.

Re-training via CC aims to integrate CC into original
model design phase to further improve its performance. In
the original models, the training objective is scene loss L.
We add another core concept loss:

Lo=— Z log P(c"|0)

where ¢* € C is the golden concept. For example, given
scene bedroom with concepts bed, armchair and fridge,
the new overall objective will let model pay more attention
to the CC, such as bed and armchair.

Re-training via PE aims to utilize the explanation met-
rics as features to optimise the original model. We use a
classical classifier SVM (Cesa-Bianchi, Gentile, and Zani-
boni 2006), but not an arbitrary neural network, as it will
not introduce unexplained factors. For training the classifier,
we utilize three types of features: (1) the features of metrics
CM, SM and DM, (2) the MRR (mean reciprocal rank) fea-
ture which integrates the three metrics over all scenes; (3)
the hidden states which learned by the original model.

10)

1954

Experiments
Datasets

For testing, we use two scene datasets ADE20k (Zhou
et al. 2017) and Opensurfaces (Bell, Bala, and Snavely
2014). ADE20k is a challenging scene parsing benchmark
with pixel-level annotations, which contains 22,210 images.
There are 1,105 unique concepts in ADE20k, categorized by
scene, object, part, and color, and each image belongs to a
scene. We utilize the version from existing work CEN (Mu
and Andreas 2020). Opensurfaces is a large database cre-
ated from real-world consumer photographs with pixel-level
annotations. It contains 25,329 images which are annotated
with surface properties, including material, color and scene.

Do Completing Concepts Based on Core Concepts
Provide Benefit to Model Prediction Explanation?

Yes. The overall results show that our method, integrat-
ing complete concepts, achieves better results than existing
methods across false and true prediction. In details, we first
report the results of false/true prediction explanation, and
then enhance the model prediction explanation by integrat-
ing concept filtering. Furthermore, we conduct experiments
on different models.

Results of False Prediction Explanation For false pre-
diction explanation, we expect to have higher scores on the
three metrics (CM, DM, SM). The higher the score, which
means the better the explanations. The results are reported in
Table 1, and we have the following three observations.

(1) When compared to the results of the baseline method
Top-10, both SCC and ICC achieve significant better results,
indicating our proposed method is effective and reasonable.

(2) All the best scores for false prediction explanation
(across CM TP DMFF and SMFP) come from SCC. The
reason is that SCC has broader coverage than ICC: if some
concepts are not in SCC, then they are most likely to be
incorrect. On the other hand, ICC is more specific, thus it
might exclude some (partially) correct concepts.

(3) Among the three methods to represent neurons’
learned concepts in section MinMax-based NetDissect, the
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Neurons’ concepts: whole layer (%)

Methods CM*F  pMmF*P  SMFP
Top-10 58.76 26.14 58.82
SCC 81.17 85.97 74.74
ICC 55.73 69.85 37.39

Table 2: Integrating concept filtering for false prediction.

Neurons’ concepts: whole layer (%)

Consistency Metrics ~ Similarity Metrics

Methods cMTP OMT-FP TP gppT-FP
Top_10 15.79 9.88 6.23 3.59
SCC 25.31 19.69 18.23 15.01
1CC 66.60 59.78 41.19 38.16

Table 3: Integrating concept filtering for true prediction.

threshold-based method achieves better results, demonstrat-
ing that our method can explain false predictions well.

(4) The results from ConceptSHAP (Yeh et al. 2020) and
CLIP-Dissect (Oikarinen and Weng 2023) are in line with
the trends in NetDissect, and all satisfy our assumptions.

Results of True Prediction Explanation For true pre-
diction explanation, we expect to observe that CM 7F and
SM TP are larger than CM T-FF and SM T-FF respectively.
The bigger the scores as well as the gap between CM TF and
CM T-FP and between SM TP and SM T-FF | the better the
results are. As a whole, the results in Table 1, ICC achieves
the better results. Although the gap between SM ¥ and
SMT-FP for top 10 (Highest IoU) is bigger, these SM 77
and SM T-FF scores are very low.

Integrating Concept Filtering for Model Prediction
Explanation Tables 2 and 3 show the results for false pre-
diction explanation and true prediction explanation when us-
ing concept filtering to simplify the concept sets. For false
prediction, SCC achieves the best performance compared
to ICC and Top_10. For true prediction, once again the re-
sults of CM TF and SM ™7 are larger than CM T-F and
SMT-FP respectively. In addition, results are better than
that without concept filtering in Table 1.

Model Prediction Explanation on Different Models We
further implement our method on different architectures to
verify the generalization. We randomly select 1000 samples
from the ADE20k data for the experiment by considering the
effect of time efficiency.

The results of false prediction explanation are shown in
Table 4. From the CC perspective, SCC has better results
than ICC over every model, which is similar to the obser-
vation over ResNet-18 from Table 1. The results of SCC on
ResNet-50 achieve the best performance across all models.

Do External Knowledge and Concept Fusion
Improve Existing Neuron Interpretation?
Yes. Our method, Concept Filtering, merges semantically-

equivalent concepts based on ConceptNet, which effec-
tively produces over 23% point gain on neuron behaviors

1955

Models CcC cMFP DMFP SMEFP
e g B mE uE
DenseNet-161 ?gg Zgg;’ 2%2421 ;?gg
e 58 wx 7

Table 4: Results of false prediction explanation on different
models and utilize the MinMax-based threshold to learn the
neurons’ concepts.

Cluster Nb. TransD Dismult ProjE  TransE
160 +17.01  +22.20 +19.94 +20.11
165 +18.11  +22.84  +17.48 +25.77
167 +18.44  +2342  +18.03 +26.05
168 +21.78  +23.15 +17.80 +26.31
169 +20.72  +22.84 +23.86 +26.01
170 +2090  +23.22  +2235 +25.36
175 +21.27  +23.88 +21.74 42247
180 +25.29  +23.07 +23.04 +22.63
185 +24.10  +23.34  +22.49 +22.32

Table 5: IoU gain (%) of different clusters.

for neuron interpretation. As KG embedding techniques
could have an impact on the number of optimal clusters, as
well as on the interpretability of neurons, we ran some ex-
periments with ResNet-18 over the ADE20k dataset to eval-
uate their impact. In particular we evaluated the impact of
TransE (Bordes et al. 2013), Dismult (Yang et al. 2015),
ProjE (Shi and Weninger 2017) and TransD (Ji et al. 2015)
on the (1) optimal number of clusters, and (2) quality of
interpretability, measured using IoU similarly described as
in CEN. The final number of cluster also captures the final
number of core concepts to be considered for explanation,
as a cluster is described by a unique concept in ConceptNet.
The knowledge graph used for computing the embeddings is
a subset of ConceptNet. In particular, we extracted all con-
cepts in ADE20k, as well as direct 1-hop and 2-hop neigh-
bors of ADE20k concepts in ConceptNet. We applied fuzzy
matching for 0.1% of ADE20k concepts due to some mis-
alignment between concepts in ADE20k and ConceptNet.
The IoU gain is measured by capturing the interpretabil-
ity improvement from (A) concept with no clustering strat-
egy to (B) concept with a k-clustering strategy with (k:
Cluster Nb.) using Embeddings. The IoU gain is defined
as (B —A)/a. Table 5 captures the main results. We can see
that: (1) Fusing of semantically-equivalent concepts leads to
significant performance enhancement across all methods. In
essence, reducing cluster number exposes more interpretable
units in the neural model. (2) Among various embedding
techniques, TransE outperforms others, achieving a remark-
able 26.3% improvement with 168 clusters compared to the
non-clustering strategy, i.e., 512 neurons in the context of
ResNet-18. (3) From a clustering perspective, optimal per-
formance arises within the 168-180 class range. Fewer than
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Figure 3: Results on ADE20k.

168 clusters imply fusion of less semantically related con-
cepts, while over 180 clusters suggest the disregard of par-
tially semantically-equivalent concepts.

Do Explanations Based on Core Concepts
Contribute to Model Performance?

Yes. We show that core concepts and related explanation
metrics can help optimise the model, leading to 26.7% of
performance improvement. After verifying the effective-
ness of CC on explanations, a natural question is whether
CC can be further used to help manipulate model behavior.

Results of Neuron Identification via CC Figure 3 shows
the model performance when we disable the positive neu-
rons or negative neurons. We have the following three obser-
vations: (1) when negative (resp. positive) neurons are dis-
abled, the model performance is improved (resp. decreases),
proving that the CC facilitates identifying important neurons
during decision-making of the model; (2) model accuracy
tends to decrease as the number of inhibitory positive neu-
rons increases; (3) compared to SCC, ICC can better identify
both the positive and negative neurons. As shown in Fig-
ure 4, we can also see that the model performance decreases
when we disable the positive neurons. Note that the accuracy
on ADE20k decreases more, indicating that more positive
neurons could be detected on ADE20k.

When inhibiting negative neurons, the model performance
is improved on both ADE20k and Opensurfaces. The results
on Opensurfaces do not show as much growth as the results
on ADE20k. This is probably because Opensurfaces mainly
focuses on annotating the surface property, such as mate-
rial, which makes the core concept of different scenes with
limited differentiation. For example, concepts painted, wood
will be core concepts for most scenes, such as 1iving
room, family room, office and staircase. From
the overall experimental results, with the help of core con-
cepts, our method can effectively identify the positive and
negative neurons, and then augment the model performance.

Results of Re-training via CC From Figures 3 and 4, we
can see that the performance change of disabling negative
neurons is not as large as disabling positive neurons on both
datasets. This is reasonable, since the model we explain is
trained with its parameters fixed and it is difficult to correct
false predictions by only removing some negative neurons.

50 I w/o CC
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—— Negative Neuron for ICC | g0
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Figure 4: Results on Opensurface.
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Figure 5: Model re-training via CC.

Accuracy (%)
Method ADE20k  Opensurfaces
ResNet18 52.96 29.26
SVM (SCC) 66.54 31.62
SVM (ICC) 67.11 32.27

Table 6: Results of PE.

However, the improvements on different datasets still indi-
cate that our method is effective to retrieve negative neurons.

To address this challenge, we re-train the initial models
with the help of CC, and the results are shown in Figure 5.
In Figure 3 and 4, the experiments are based on the model
ResNet18, and the results have improved about 1.3% by re-
moving the negative neurons. However, in Figure 5, the cor-
responding performance of ResNet18 has improved 3.27%.
On the other models, the results by adding ICC are all im-
proved. Compared to SCC, utilizing the ICC for re-training
model is more effective.

The above two parts mainly focus on manipulating the
model behavior, such as identifying the positive/negative
neurons and re-training from scratch. In the following part,
we further verify the effectiveness of explanation metrics
CM, SM and DM; cf., Eq. (3), (4) and (5).

Results of Re-training via PE The results are shown in
Table 6, and ResNet18 is the fundamental model. The results
are improved for SCC and ICC on both datasets. ICC-based
SVM on ADE20k achieves the best performance with 67.11,
and outperforms the basic ResNetl8 by a large margin of
14.15, which amouts to 26.7% improvement.

Conclusion

In this study, we investigated knowledge-aware neuron inter-
pretation for image scenes classification. To address the con-
cept completeness, we proposed two types of core concepts
(i.e., SCC and ICC) based on KGs. We show that SCC is ef-
fective on explaining false predictions, while ICC excels in
neuron identification and model optimisation with concept
loss. Our results also show that concept fusion and CC based
metrics are effective for neuron interpretation and model op-
timisation, respectively, significantly outperforming state of
the art approaches by over 20%.
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