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Abstract. With the widespread adoption of Deep Learning techniques, the need for explainability and trustworthiness is in-
creasingly critical, especially in safety-sensitive applications and for improved debugging, given the black-box nature of these
models. The Explainable AI (XAI) literature offers various helpful techniques; however, many approaches use a secondary deep
learning-based model to explain the primary model’s decisions or require domain expertise to interpret the explanations. A rel-
atively new approach involves explaining models using high-level, human-understandable concepts. While these methods have
proven effective, an intriguing area of exploration lies in using a white-box technique to explain the probing model.

We present a novel, model-agnostic, post-hoc Explainable AI method that provides meaningful interpretations for hidden neu-
ron activations. Our approach leverages a Wikipedia-derived concept hierarchy, encompassing approximately 2 million classes
as background knowledge, and uses deductive reasoning-based Concept Induction to generate explanations. Our method demon-
strates competitive performance across various evaluation metrics, including statistical evaluation, concept activation analysis,
and benchmarking against contemporary methods. Additionally, a specialized study with Large Language Models (LLMs) high-
lights how LLMs can serve as explainers in a manner similar to our method, showing comparable performance with some
trade-offs. Furthermore, we have developed a tool called ConceptLens, enabling users to test custom images and obtain expla-
nations for model decisions. Finally, we introduce an entirely reproducible, end-to-end system that simplifies the process of
replicating our system and results.

Keywords: Explainable AI, Neurosymbolic AI, Concept Induction, Background Knowledge

1. Introduction

Deep Learning solutions have been proven to be useful in a plethora of tasks in fields such as Computer Vision,
Natural Language Processing, Signal Processing, etc. By tuning numerous neural network connection weights,
decisions are driven towards their intended outcome repeatedly during the training process which in turn maximizes
the likelihood of expected outcome during the inference phase. Such inferences incorporate a substantial amount
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of vector/matrix computations which are often untraceable in that, the sheer number of computations renders it
impossible to be used as justi�cations of inference outcomes.

There are numerous techniques available to quantitatively and qualitatively measure such black-box models'
performance. However, attaining justi�cation by cleverly peeking into the models' internal mechanisms is a separate
�eld, popularly termed as Explainable AI. The need for Explainable AI techniques designed for Deep Learning
applications is manifold such as:

– Bias Detection and Mitigation: Explanations can help unfold underlying potential biases in the data or model
which allows adjustments to ensure fairness

– Improving Model Performance: Explanations can serve as additional debugging information providing insight
into potential errors, under�tting, or over�tting. Thus, allowing targeted improvements and re�nement of mod-
els. Additionally, explanation can also highlight what features are most in�uential in the model's predictions.

– Ensuring Safety and Transparency: Explanations can serve AI Applications in Healthcare, Autonomous Ve-
hicles, Finance by explaining their decisions which permits safe adoption of Deep Learning methods in such
critical applications.

There are various families of XAI techniques – based on stages of explanation modeling: Ante-hoc, Post-hoc
methods; based on scope of explainability: Global, Local methods; based on output formats: numerical, rule-based,
textual, visual [1]. Some of the popular methods belonging to these families are: CAM [73], Grad-CAM [59],
LIME [53], SHAP [40]. A relatively recent effort aiming more user-understandable explanations has given to de-
velop Concept-based Explainable AI (C-XAI) methods [50]. Some of the recent C-XAI methods are: T-CAV [30],
CAR [13], CaCE [21], ACE [19], ICE [20]. An in-depth review of existing XAI methods is discussed in Section 2.

Many XAI techniques rely on intricate low-level data features projected into a higher-dimensional space in their
explanations, limiting their accessibility to users with domain expertise [41, 53, 59]. Some of these methods have
shown vulnerability to adversarial tampering; altering attributed features does not induce a change in the model's
decision [5, 61, 63]. The C-XAI approaches employ manually selected concepts that are measured for their corre-
lation with model outcomes [13, 30]. However, a signi�cant question remains unanswered: whether the limited set
of chosen concepts can offer a comprehensive understanding of the model's decision-making process. The absence
of a systematic approach to consider a wide range of potential concepts that may in�uence the model appears to be
the bottleneck. In some techniques [46], a list of frequently occurring English words has been utilized to represent a
broad concept pool, which may suf�ce for general applications but lacks granularity for specialized �elds like gene
studies or medical diagnoses, as the curation of the concept pool does not provide low-level control over de�ning
natural relationships among concepts. An interesting aspect of XAI technique exploration is to have an explainer
method that in itself does not utilize Deep Learning, but instead relies on symbolic, knowledge-based processing.
Such an XAI method can be considered as a white-box method which is innately explainable.

Herein, we present a Neurosymbolic XAI approach using symbolic reasoning in the form of Concept Induction.
The approach is motivated by several key principles. Firstly, explanations should be understandable to end-users
without requiring intimate familiarity with deep learning models. Secondly, there should be a systematic organi-
zation of human-understandable concepts with well-de�ned relationships among them. The extraction of relevant
concepts for explaining a deep learning model's decision-making process from this de�ned concept pool should be
automatic, thus eliminating the bottleneck of manual curation prone to con�rmation bias. Another signi�cant goal
is that the explanation generation technique itself should be inherently interpretable, avoiding the use of black-box
methods. Our approach also incorporates a rigorous evaluation protocol encompassing various dimensions.

Concept Inductionas core mechanism is based on formal logic reasoning (in the Web Ontology Language OWL
[27, 54]) and has originally been developed for Semantic Web [26] applications [37]. The bene�ts of our approach
are: (a) it can be used on unmodi�ed and pre-trained deep learning architectures, (b) it assigns explanation cate-
gories (i.e., class labels expressed in OWL) to hidden neurons such that images related to these labels activate the
corresponding neuron with high probability, (c) it is inherently self-explanatory as it is based on symbolic deductive
reasoning, and (d) it can construct labels from a very large pool of interconnected categories.

We demonstrate that a background knowledge with the skeleton of an ontology coupled with the inherently
explainable deductive reasoning (Concept Induction) should be capable of generating meaningful explanations for
the deep learning model we wish to explain. To show that our approach can indeed provide meaningful explanations
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for hidden neuron activation, we instantiate it with a Convolutional Neural Network (CNN) architecture for image
scene classi�cation (trained on the ADE20K dataset [76]) and a class hierarchy (i.e., a simple ontology) of approx.
2 � 106 classes derived from Wikipedia as the pool of explanation categories [57].

Our �ndings suggest that our method performs competitively, as assessed through Concept Activation analysis,
which measures the relevance of concepts within the hidden layer activation space, and through statistical evaluation.
When compared to other techniques such as CLIP-Dissect [46], a pre-trained multimodal Explainable AI model,
and GPT-4 [49], an off-the-shelf Large Language Model, our approach demonstrates both strong quantitative and
qualitative performance.

The existing literature emphasizes the importance of labeling neuron with concepts, the focus is mostly on iden-
tifying what concepts activate a neuron; corresponding to the notion of recall in information retrieval. We argue that
in C-XAI, attempting to explain a Neural Network through concepts is a two-step process. If a neuron is consis-
tently activated when the concept ofSkyis present in an image (i.e., Recall with respect to neuron label Sky) and is
assigned with the concept label ofSky; it is equally important to asses the neuron's activation whenonly concepts
other thanSkye.g.,River, Skyscraper, etcare present in the images (i.e., Precision with respect to neuron label Sky).
If the neuron is activated for many concepts other thanSky, the usefulness of such a C-XAI method which attempts
to explain a neural network with concepts diminishes. The gap between high recall and low precision, in other words
– high false positive rate renders a C-XAI neuron labeling method unreliable. That this occurs is of course not at
all unexpected: it is entirely reasonable to assume that any information conveyed by hidden neuron activations be
distributed, i.e., neurons naturally react to various stimuli, while speci�c information is indicated by simultaneous
activation of neuron groups.

To that extent, we also present an analysis (based on [15]) which shows that our Neurosymbolic C-XAI method
(based on [16]) achieves high recall as well as precision when labeling neuron with concepts. We do this by assigning
error marginsto neuron target labels. If a neuron is activated by a stimulus, then the error margin indicates the
likelihood that the stimulus indeed falls under the neuron's target label, and this likelihood can be conveyed to the
user. The error margins are statistically validated by means of data obtained from a user experiment conducted on
Amazon Mechanical Turk.

We also include a special study to test the capability of LLMs as a concept discovery method to be used as a
substitute of Concept Induction [7]. Our method discussed in Section 4 uses a heuristic implementation called ECII
(Ef�cient Concept Induction from Individuals) [55] for explanation generation. We were interested to assess LLM's
common-sense reasoning capability leveraging their vast domain knowledge for automated concept discovery in
the same setting of Scene Classi�cation using a CNN model. We have used GPT-4 to label neurons with high-level
concepts through prompt engineering by essentially replacing ECII. Acknowledging the apparent trade-off of this
method being a black-box XAI method as opposed to ECII being a white-box XAI method, human assessment
conducted through Amazon Mechanical Turk to assess how meaningful the generated explanations are to humans,
we �nd that while human-generated explanations remain superior, concepts derived from GPT-4 are more compre-
hensible to humans compared to those generated by ECII.

Core contributions of the paper are as follows.

1. A novel zero-shot model-agnostic C-XAI method that explains existing pre-trained deep learning models
through high-level human understandable concepts, utilizing symbolic reasoning over an ontology (or Knowl-
edge Graph schema) as the source of explanation, which achieves state-of-the-art performance and is explain-
able by its nature.

2. A method to automatically extractrelevant conceptsthrough Concept Induction for any concept-based Ex-
plainable AI method, eliminating the need for manual selection of Label Hypothesis concepts.

3. An in-depth comparison of explanation sources using statistical analysis for the hidden neuron perspective
and Concept Activation analysis for the hidden layer perspective of our approach, a pre-trained multimodal
Explainable AI method (CLIP-Dissect [46]), and a Large Language Model (GPT-4 [49]).

4. Introduction of error margins to neuron target labels to provide a quantitative measure of con�dence for con-
cept detection in Image Analysis tasks.

5. A fully automated end-to-end system to use Concept Induction to interpret neurons' in terms of concepts in a
CNN [4], discussed in Section 6.
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6. ConceptLens: A demonstrator designed to represent the concepts that trigger neuron activations in a CNN
[14], discussed in Section 7.

Our work shows that combining symbolic reasoning with LLMs offers a powerful approach for producing ex-
plainable, human-understandable insights from deep learning models. This combination promises to improve both
the interpretability and the performance of XAI techniques, providing more trustworthy and reliable AI systems.

The structure of this paper is as follows: in Section 2, we discuss some of the important related research efforts.
In Section 4, we present the main method Concept Induction and core �ndings. Following that, in Section 5 we
discuss the use of LLMs as a substitute for Concept Induction, in Section 6 we present the end-to-end automated
tool, and in Section 7 we discuss the tool ConceptLens. In Section 9 we conclude.

This paper is an extended merger of several conference contributions: [16] is the central one for the overall
narrative; [15] is an extension with a �ner-grained analysis; [7] goes in detail on using LLMs as an alternative to
concept induction; [4] reports on our automation of the analysis process (see Section 6); This paper extends these by
providing a joint perspective, additional literature review, more discussion, and a demonstrator system (see Section
7) previously only reported as a pre-print [14].

2. Related Work

The need for explainable AI (XAI) has gained signi�cant momentum since the 1970s with the growing complexity
and opacity of deep learning models [36]. As AI is increasingly applied in diverse domains, explaining the rationale
behind AI decisions is critical for trust and transparency [3, 23, 43]. Various methods have been proposed to achieve
explainability, categorized primarily into approaches that focus on understanding features (e.g., feature summariz-
ing [53, 58]) and those that focus on the model's internal units (e.g., node summarizing [8, 75]). Model-agnostic
methods such as LIME [53] and SHAP [40] aim to explain model predictions by assessing feature importance,
while other techniques rely on counterfactual questions for human interpretability [68]. However, feature attribution
methods like LIME and SHAP face challenges such as instability [5] and bias susceptibility [63]. Another such
work, Individual Conditional Expectation (ICE) [20] is a tool to visualize complex relationships between predictors
and responses, allowing for a more granular view than traditional partial dependence plots. Though generating ICE
plots can be computationally intensive, their model-agnostic nature allows them to interpret various “black box”
models, enhancing �exibility across algorithms. [73] presents a pixel attribution method that uses global average
pooling and Class Activation Mapping (CAM) to enable convolutional neural networks (CNNs) to perform object
localization, even when only trained on image-level labels. Another work Grad-CAM [59] generalizes CAM by us-
ing the gradients of target classes �owing into the last convolutional layer to produce localization maps, thus making
it compatible with a broader range of CNN models. Pixel attribution techniques, although useful for image-based
models, encounter limitations with activation functions like ReLU and are prone to adversarial attacks [33, 61].
[29] introduces a framework for interpreting image representation features by identifying human-understandable
concepts through contrasting high- and low-activation images. But the framework depends on a pre-trained vision-
language model (i.e., CLIP), which may lack suf�cient representation when applied to models trained on niche or
uncommon datasets.

Recent works have introduced concept-based approaches, which provide human-understandable explanations by
linking model behavior to prede�ned concepts. For instance, methods like TCAV [30] use human-provided con-
cepts, while ACE [19] utilizes image segmentation and clustering to derive automated concepts. However, these
approaches may lose information during segmentation or fail to capture low-level details. In another work, the
limitations of TCAV approach are addressed for concept-based explanations in deep neural networks and concept
activation region (CAR) [13] is introduced. It allows for the nonlinear separability of concepts in the latent space, of-
fering better accuracy and alignment with human-understandable concepts. In [21] the authors introduce the Causal
Concept Effect (CaCE) to measure the causal impact of high-level, human-interpretable concepts on a classi�er's
predictions, aiming to reduce confounding errors common in correlation-based interpretability methods. Although
CaCE estimation relies on the accuracy of generative models, such as VAEs [34], which may not fully capture
the true causal relationships in complex, real-world datasets. Other methods such as Concept Bottleneck Models
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(CBM) [35] and Post-hoc CBM [72] attempt to map neural network models to human-interpretable concepts, but
they often rely on hand-picked concepts, requiring signi�cant human input and manual curation. [69, 71] make
use of Concept Bottleneck techniques to achieve interpretability in Image Classi�cation. [69] represents an image
solely by the presence/absence of concepts learned through training over the target task without explicit supervi-
sion over the concepts. [71] uses GPT-3 to produce factual sentences about categories to form candidate concepts.
[60, 64] study performing interventional interactions by updating concept values to rectify predictive outputs of the
model. [10] extends CBMs to interactive prediction settings by developing an interaction policy which, at prediction
time, chooses which concepts to request a label for. [31] introduces probabilistic concept-embeddings which models
uncertainty in concept prediction and provides explanations based on the concept and its corresponding uncertainty.

The application of background knowledge, including the use of large ontologies, has been explored to generate
more automated and systematic explanations. Semantic Web technologies [11, 17] and methods like Concept In-
duction [51, 56] have demonstrated the utility of formal logic and structured data to explain deep learning models,
though these approaches often focus on input-output relationships rather than internal model activations. While
methods such as Network Dissection (e.g., [75]) provide valuable insights by mapping hidden units with seman-
tic concepts by comparing neuron activations against a pre-de�ned set of labels (typically derived from human-
annotated datasets), they do not capture the full hierarchical and dynamic nature of learned concepts, nor do they
incorporate an explicit reasoning process. Notably, CLIP-Dissect [46] employs zero-shot learning to associate im-
ages with labels using a pre-trained CLIP model, but this method is limited by its accuracy in predicting labels from
hidden layers and its transferability across domains. Building upon this, Label-Free Concept Bottleneck Models [47]
leverage GPT-4 [49] for concept generation, but similar to CLIP-Dissect, they face limitations in explainability and
domain adaptability. [22] propose a novel knowledge-aware neuron interpretation framework to explain model pre-
dictions for image scene classi�cation, using core concepts of a scene based on a knowledge graph, ConceptNet.
In [6], neural networks do not make task predictions directly, but they build syntactic rule structures using con-
cept embeddings. The Deep Concept Reasoner executes these rules on meaningful concept truth degrees to provide
semantically-consistent and differentiable predictions. [65] uses Segment Anything Model (SAM) in a lightweight
per-input equivalent scheme to enable ef�cient explanation with a surrogate model. [45] introduces quantization for
sparse decision layers in an iterative �ne-tuning loop which leads to a quantized self-explaining neural network.

Recent trends highlight the potential of large language models (LLMs) to bridge the gap between model com-
plexity and human-understandable explanations. LLMs like GPT-3 and GPT-4 have been used in few-shot learning
contexts to generate concepts with minimal human intervention [47], providing a scalable solution to automated
concept discovery. However, these approaches still require post-processing to �lter and re�ne generated concepts
for practical use [12, 70]. While LLMs show promise in automating concept generation, challenges remain in align-
ing explanations with human common sense and ensuring that they cater to diverse user needs, whether system
developers or end-users.

Table 1

Comparison of key features across explainability methods.

Feature/Methods
Pixel-attribution

(CAM/Grad-CAM)
Feature-attribution

(LIME/SHAP)
Concept-based

(TCAV/ACE/CAR)
Zero-shot

(CLIP-Dissect)
LLM-based

(GPT-4)
CI

White-box reasoning No No No No No Yes

Ontology-driven
concept pool

No No Partially1 No No Yes

Precision and Recall No No No No No Yes

Model-agnostic Yes Yes Yes Yes Yes Yes

End-to-end automation No No No Partially2 No Yes

Leverages large
background knowledge

No No No No3 Yes Yes
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Our approach distinguishes itself by leveraging symbolic deductive reasoning over a comprehensive background
knowledge base derived from Wikipedia, comprising approximately 2 million interconnected classes to generate
explanations. Unlike methods that depend on manual selection or post-hoc �ltering of candidate concepts, our
framework systematically extracts human-understandable labels directly from this knowledge base, reducing po-
tential biases and ensuring scalability. Moreover, by operating as a white-box system, Concept Induction provides
inherent transparency: each explanation can be traced back to logical reasoning steps, which contrasts with black-
box methods as discussed above that do not reveal the underlying rationale behind their output. In this way, our
approach not only offers improved interpretability but also facilitates a more scalable and systematic framework for
understanding and comparing neuron activations.

3. Methodology Overview

Before diving into the detailed methodology, we provide a concise “Preliminaries” overview of our system ar-
chitecture, training protocol, and concept-analysis pipeline (see Figure 1). This roadmap highlights the key com-
ponents—neural network training, Concept Induction, and Concept Activation Analysis—each of which is fully
elaborated in the subsequent sections.

Fig. 1. Overview: An input image dataset passes through a CNN (ResNet50V2) architecture with hidden layers to produce a scene classi�cation
output. The 64-unit dense layer (highlighted) feeds into two analysis modules: (1) Concept Induction (ECII), which generates human-readable
concept labels from neuron activations, and (2) Concept Activation Analysis (CAV/CAR), which trains SVMs on the same activations to validate
those concepts.

We train a convolutional neural network (ResNet50V2) on the ADE20K scene-classi�cation task (10 classes,
around 6200 images). All layers are �ne-tuned for 30 epochs with early stopping (patience 3, lr=0.001) using
categorical cross-entropy loss. This yields a stable 87% validation accuracy, ensuring the model is suf�ciently
reliable for downstream explanation without over- or under-�tting.

Next, we extract explanations at the network's �nal dense layer (64 neurons). In the Concept Induction step,
each neuron's strongly activating images (atleast80% of its peak response) and weakly activating images (atmost

1TCAV/ACE/CAR require manual or clustering-based concept selection
2CLIP-Dissect automates label assignment but not full pipeline from neuron activation to explanation.
3CLIP-Dissect uses a prede�ned English-word concept pool (via CLIP's vocabulary), not a structured ontology or large knowledge graph.
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Fig. 2. An overview of the complete pipeline explored in this paper where Concept Extraction outlines the methods used to extract Target
Concepts and Concept Evaluation outlines the evaluation methods.

20%) are combined with a large background ontology (approximately 2 million Wikipedia classes) and fed into
ECII (Ef�cient Concept Induction from Individuals). ECII returns a small set of candidate labels (e.g. “skyscraper,”
“cross_walk”) whose class expressions best separate the positive and negative image sets. We also explore an alter-
native LLM-based labeling: prompting GPT-4 directly on the same activation sets to propose high-level concepts,
enabling a comparison between symbolic- and language-model explainers.

Each proposed label yields a hypothesis (“Concept X drives Neuron N”). In hypothesis con�rmation, we re-
trieve new images for Concept X via Google Images, measure neuron activations on those images, and apply a
Mann–Whitney U test to ensure “target” images activate N signi�cantly more than “non-target” images (p< 0.05).
Labels that pass are deemed con�rmed neuron-concept associations. To assess how broadly each concept lives in
the dense-layer space, we perform Concept Activation Analysis: for every con�rmed concept, we train two SVMs
on dense-layer activations (linear=CAV, nonlinear=CAR) to distinguish images with versus without that concept.
The resulting test accuracy quanti�es each concept's global footprint.

Finally, we introduce an error-margin analysis: for each neuron–concept pair, we compute the likelihood that an
activation truly corresponds to the concept (precision margin) as well as the concept's recall. This yields statistically
validated con�dence bounds on every explanation. All steps—from input image through CNN, Concept Induction
or GPT-4 labeling, hypothesis testing, activation analysis, and error-margin computation—are integrated into our
end-to-end tool, ConceptLens. The following sections unpack each component in detail.

4. A Neurosymbolic Approach with Concept Induction

We explore and evaluate three concrete methods to generate high-level concepts for explaining hidden neuron
activations. Fig. 2 is a high-level depiction of our work�ow. Fig. 2 and its components are further discussed below
and throughout the paper. In section 4.1 we present preparations regarding the scenario, the CNN training, and Con-
cept Induction. In section 4.2 we provide details on our three label hypothesis generation approaches. In section 4.3
we describe our different evaluation protocols. In section 4.4 we provide evaluation results, followed by additional
discussion in section 4.5.

4.1. Preliminaries

In this section, we describe the experimental setup that underpins our evaluation of Concept Induction. We begin
by outlining the scenario used to demonstrate our approach, including the selection of image data, training of a
CNN, and the integration of background knowledge for concept extraction. These preparatory steps set the stage for
a detailed explanation of our methodology, which is further elaborated in the following sub-sections.
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4.1.1. Scenario and CNN Training
We use a scene classi�cation from images scenario to demonstrate our approach, drawing from the ADE20K

dataset [76] which contains more than 27,000 images over 365 scenes, extensively annotated with pixel-level objects
and object part labels.The annotations are not used for CNN training, but rather only for generating label hypotheses
that we will describe in Section 4.2.1.

We train a classi�er for the following scene categories: “bathroom,” “bedroom,” “building facade,” “conference
room,” “dining room,” “highway,” “kitchen,” “living room,” “skyscraper,” and “street.” We selected scene categories
with the highest number of images, and we deliberately include some scene categories that should have overlapping
annotated objects – we believe this makes the hidden node activation analysis more interesting. We did not previ-
ously conduct any experiments on any other scene selections, i.e.,we did not change our scene selections based on
any preliminary analyses.

We trained a number of CNN architectures in order to use the one with highest accuracy, namely Vgg16 [62],
InceptionV3 [66] and different versions of Resnet – Resnet50, Resnet50V2, Resnet101, Resnet152V2 [24, 25]. Each
neural network was �ne-tuned with a dataset of 6,187 images (training and validation set) of size224� 224for 30
epochs with early stopping4 to avoid over�tting. We used Adam as our optimization algorithm, with a categorical
cross-entropy loss function and a learning rate of 0.001.

We select Resnet50V2 because it achieves the highest accuracy (see Table 2). Note that for our investigations,
which focus on explainability of hidden neuron activations, achieving a very high accuracy for the scene classi�-
cation task is not essential, but a reasonably high accuracy is necessary when considering models which would be
useful in practice.

Table 2

Performance (accuracy) of different architectures on the ADE20K dataset. The system we used, based on performance, isin bold.

Architectures Training acc Validation acc

Vgg16 80.05% 46.22%
InceptionV3 89.02% 51.43%
Resnet50 35.01% 26.56%
Resnet50V2 87.60% 86.46%
Resnet101 53.97% 53.57%
Resnet152V2 94.53% 51.04%

4.1.2. Concept Induction
Concept Induction [37] is based on deductive reasoning over description logics, i.e., over logics relevant to on-

tologies, knowledge graphs, and generally the Semantic Web �eld [26, 27] including the W3C OWL standard [54].
Concept Induction has been demonstrated in other scenarios to produce meaningful labels for human interpreta-
tion [70]. A Concept Induction system accepts three inputs,

– a set of positive examplesP,
– a set of negative examplesN, and
– a knowledge base (or ontology)K,

all expressed as description logic theories, and all examplesx 2 P [ N occur as individuals (constants) inK. It
returns description logic class expressionsE such thatK j= E(p) for all p 2 P andK 6j= E(q) for all q 2 N. If no
such class expressions exist, then it returns approximations forE together with a number of accuracy measures.

For scalability reasons [57], we use the heuristic Concept Induction system ECII [55] together with a background
knowledge base that consists only of a hierarchy of approximately 2 million classes, curated from the Wikipedia

4monitor validation loss; patience 3; restore weights
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concept hierarchy and presented in [57]. We usecoverageas accuracy measure, de�ned as

coverage(E) =
jf p 2 P j K j= E(p)gj + jf n 2 N j K 6j= E(n)gj

jP [ Nj
; (1)

with P, N, K as above.
For our setting, positive and negative example sets contain images from ADE20K, i.e., we include the images in

the background knowledge by linking them to the class hierarchy. For this, we use the object annotations available
for the ADE20K images, but only part of the annotations for simplicity and scalability. More precisely, we only use
the information that certain objects (such asWindows) occur in certain images, and we do not make use of any of the
richer annotations such as those related to segmentation.5 All objects from all images are then mapped to classes in
the class hierarchy using the Levenshtein string similarity metric [38] with edit distance0. This metric computes the
minimum number of single-character edits (insertions, deletions, or substitutions) required to transform one string
into another, and we normalize the result to assess the degree of similarity between the strings. Mapping is in fact
automated using the “combine ontologies” function of ECII.

4.2. Generating Label Hypotheses

In the following, we detail the components shown in Fig. 2. We explain our use of Concept Induction for gener-
ating explanatory concepts, followed by our utilization of CLIP-Dissect and GPT-4 for the same. We describe our
three evaluation approaches in Section 4.3.

4.2.1. Generating Label Hypotheses using Concept Induction
The general idea for generating label hypotheses using Concept Induction is as follows: given a hidden neuron,

P is a set of inputs (i.e., in this case, images) to the deep learning system that activate the neuron, andN is a set of
inputs that do not activate the neuron (whereP andN are the sets of positive and negative examples, respectively).
As mentioned above, inputs are annotated with classes from the background knowledge for Concept Induction,
but these annotations and the background knowledge are not part of the input to the deep learning system. ECII
generates a label hypothesis6 for the given neuron on inputsP, N, and the background knowledge.

We �rst feed 1,370 ADE20K images to our trained Resnet50V2 and retrieve the activations of the dense layer. We
chose to look at the dense layer because previous studies indicate [48] that earlier layers of a CNN respond to low
level features such as lines, stripes, textures, colors, while layers near the �nal layer respond to higher-level features
such as face, box, road, etc. The higher-level features align better with the nature of our background knowledge.
The dense layer consists of 64 neurons, and we analyze each separately. Activation patterns involving more than
one neuron are likely also informative in the sense that information may be distributed among several neurons, but
this will be part of future investigations.

For each neuron, we calculate the maximum activation value across all images. We then take the positive example
set P to consist of all images that activate the neuron withat least80% of the maximum activation value, and
the negative example setN to consist of all images that activate the neuron withat most20% of the maximum
activation value (or do not activate it at all). We selected these thresholds as our best guess (further re�nement may
be possible in future) based on experimental observations to ensure that the positive set is predominantly comprised
of images in which the target concept is clearly expressed, while the negative set is limited to images with minimal
or no activation, thereby reducing overlap and enhancing the reliability of the subsequent concept extraction. The
highest scoring response of running ECII on these sets, together with the background knowledge described above,
is shown in Table 3 for each neuron, together with the coverage of the ECII response. For each neuron, we call its
corresponding label thetarget label, e.g., neuron0 has target label “building.” Note that some target labels consist
of two concepts, e.g., “footboard, chain” for neuron 49 – this occurs if the corresponding ECII response carries two

5In principle, complex annotations in the form of sets of OWL axioms could of course be used, if a Concept Induction system is used that can
deal with them, such as DL-Learner [37]. However DL-Learner does not quite scale to our size of background knowledge and task [56].

6In fact, it generates several, ranked, but we use only the highest ranked one for now.
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class expressions joined by a logical conjunction, i.e., in this example “footboardu chain” (as description logic
expression) or footboard(x) ^ chain(x) expressed in �rst-order predicate logic.

We give an example, depicted in Figure 3, for neuron 1. The green and red boxed images show positive and
negative examples for neuron 1. Concept Induction yields “cross_walk” as target label. The example is continued
below.

Fig. 3. Example of images that were used for generating and con�rming the label hypothesis for neuron 1.

4.2.2. CLIP-Dissect
CLIP-Dissect [46] is a zero-shot Explainable AI method that associates high-level concepts with individual neu-

rons in a designated layer. It utilizes the pre-trained multimodal model CLIP [52] to project a set of concepts and a
set of images into shared embedding space. Using Weighted Pointwise Mutual Information, it assesses the similari-
ties between concepts and images in the hidden layer activation space to assign a concept to a neuron.

First, CLIP-Dissect uses a set of the most common 20,000 English vocabulary words as concepts. Then, we
collect activations from our ResNet50v2 trained model for the ADE20K test images. This results in a matrix of
dimensions (Number of Images� 64), where each row in the matrix represents an image through its 64 hidden
neuron activation values. With these two sets of input, CLIP-Dissect assigns a label to each neuron such that the
neuron is most activated when the corresponding concept is present in the image. This yields 22 unique concepts
for the 64 neurons, with duplicate concepts for several neurons.

4.2.3. GPT-4
We employ a Large Language Model (LLM) for concept selection. Speci�cally, we use GPT-4, which repre-

sents the latest advancement in generative models and offers improved reliability, outperforming existing LLMs
across various tasks [49]. These models appear capable of generating concepts essential for distinguishing between
different image classes when prompted effectively [47].

For this approach, we use the same positive (P) and negative (N) example sets from Section 4.1.2, with some
minor adjustments: For Concept Induction, the negative example set (N) comprises all images that activate the
neuron with at most 20% of the maximum activation value. Due to constraints on having a large number of negative
image tags as input to GPT-4, we select only one image per class of images for each neuron to create the negative
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Table 3

Concept Induction – The omitted neurons were not activated by any image, i.e., their maximum activation value was 0. Images: Number of
images used per label. Target %: Percentage of target images activating the neuron above 80% of its maximum activation. Non-Target %: The
same, but for all other images.Bold denotes the 20 neurons whose labels are considered con�rmed.

Neuron Obtained Label(s) Images Coverage Target % Non-Target %

0 building 164 0.997 89.024 72.328

1 cross_walk 186 0.994 88.710 28.923

3 night_table 157 0.987 90.446 56.714

6 dishcloth, toaster 106 0.999 16.038 39.078

7 toothbrush, pipage 112 0.991 75.893 59.436

8 shower_stall, cistern 136 0.995 100.000 53.186

11 river_water 157 0.995 31.847 22.309

12 baseboard, dish_rag 108 0.993 75.926 48.248

14 rocking_horse, rocker 86 0.985 54.651 47.816

16 mountain, bushes 108 0.995 87.037 24.969

17 stem 133 0.993 30.827 31.800

18 slope 139 0.983 92.086 69.919

19 wardrobe, air_conditioning 110 0.999 89.091 65.034

20 �re_hydrant 158 0.990 5.696 13.233

22 skyscraper 156 0.992 99.359 54.893

23 �re_escape 162 0.996 61.111 18.311

25 spatula, nuts 126 0.999 2.381 0.883

26 skyscraper, river 112 0.995 77.679 35.489

27 manhole, left_arm 85 0.996 35.294 26.640

28 �ooring, �uorescent_tube 115 1.000 38.261 33.198

29 lid, soap_dispenser 131 0.998 99.237 78.571

30 teapot, saucepan 108 0.998 81.481 47.984

31 �re_escape 162 0.961 77.160 63.147

33 tanklid, slipper 81 0.987 41.975 30.214

34 left_foot, mouth 110 0.994 20.909 49.216

35 utensils_canister, body 111 0.999 7.207 11.223

36 tap, crapper 92 0.997 89.130 70.606

37 cistern, doorcase 101 0.999 21.782 24.147

38 letter_box, go_cart 125 0.999 28.000 31.314

39 side_rail 148 0.980 35.811 34.687

40 sculpture, side_rail 119 0.995 25.210 21.224

41 open_�replace, coffee_table 122 0.992 88.525 16.381

42 pillar, stretcher 117 0.998 52.137 42.169

43 central_reservation 157 0.986 95.541 84.973

44 saucepan, dishrack 120 0.997 69.167 36.157

46 Casserole 157 0.999 45.223 36.394

48 road 167 0.984 100.000 73.932

49 footboard, chain 126 0.982 88.889 66.702

50 night_table 157 0.972 65.605 62.735

51 road, car 84 0.999 98.810 48.571

53 pylon, posters 104 0.985 11.538 17.332

54 skyscraper 156 0.987 98.718 70.432

56 �usher, soap_dish 212 0.997 90.094 63.552

57 shower_stall, screen_door 133 0.999 98.496 31.747

58 plank, casserole 80 0.998 3.750 3.925

59 manhole, left_arm 85 0.994 35.294 21.589

60 paper_towels, jar 87 0.999 0.000 1.246

61 ornament, saucepan 102 0.995 43.137 17.274

62 sideboard 100 0.991 21.000 29.734

63 edi�ce, skyscraper 178 0.999 92.135 48.761
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example set (N). The positive image set (P) remain unchanged, given its smaller size. All these images are sourced
from the ADE20K dataset as before and are labeled with object tags present in the image.

Object tags from these images are passed into GPT-4 via the OpenAI API using prompts to generate explanations
aimed at discerning the distinguishing features present in the positive set (P) that were absent in the negative set (N).
These explanations were treated as concepts, and we generated a top-three list of concepts for each neuron using
zero-shot prompting. For each neuron, we ran the prompt with the following parameters:

– Positive example set: object tags of all positive images (P)
– Negative example set: object tags of all negative images (N)
– Prompt question: Generate the top three classes of objects or general scenario that better represent what images

in the positive set (P) have but the images in the negative set (N) do not.

We employ the most recent version of the GPT-4 model for this task, with the model's temperature set to 0
and top_p to 1. These parameters signi�cantly in�uence the output diversity of GPT-4: higher temperatures (e.g.,
0.7) lead to more varied and imaginative text, whereas lower temperatures (e.g., 0.2) produce more focused and
deterministic responses. Setting the temperature to 0 theoretically selects the most probable token at each step,
with minor variations possible due to GPU computation nuances even under deterministic settings. In contrast to
temperature sampling, which modulates randomness in token selection, top_p sampling restricts token selection to
a subset (the nucleus) based on a cumulative probability mass threshold (top_p). OpenAI's documentation advises
adjusting either temperature or top_p but not both simultaneously to control model behavior effectively. For our
study, setting the temperature to 0 ensured consistency and reproducibility across outputs. More detailed information
regarding the experimental setup and complete prompt can be found in section 5 below.

Although three concepts were generated for each neuron, we selected only one concept per neuron for analysis,
resulting in 64 unique concepts, with several neurons having duplicate concepts.

4.3. Concept Evaluation Protocols

We describe the two evaluations, Statistical and Concept Activation Analysis, that we have performed for each
of the concept selection methods, as depicted in Fig.2. We also describe an additional Error Margin Analysis, in
section 4.3.3, that goes deeper on the Concept Induction scenario.

4.3.1. Statistical Evaluation
Con�rming Label HypothesesThe three approaches described above produce label hypotheses for all investigated
neurons – hypotheses that we will con�rm or reject by testing the labels with new images. We use each of the target
labels to search Google Images with the labels as keywords (requiring responses to be returned forbothkeywords
if the label is a conjunction of classes, for Concept Induction). We call each such image atarget imagefor the
corresponding label or neuron. We use Imageye7 to automatically retrieve the images, collecting up to 200 images
that appear �rst in the Google Images search results, �ltering for images in JPEG format and with a minimum size
of 224x224 pixels (conforming to the size and format of ADE20K images).

For each retrieval label, we use 80% of the obtained images, reserving the remaining 20% for the statistical
evaluation described later in the section. The number of images used in the hypothesis con�rmation step, for each
label, is given in the tables. These images are fed to the network to check (a) whether the target neuron (with
the retrieval label as target label) activates, and (b) whether any other neurons activate. The Target % column of
Tables 3, 4, and 5 show the percentage of the target images that activate each neuron.

Returning to our example neuron 1 in the Concept Induction case (Fig. 3), 88.710% of the images retrieved with
the label “cross_walk” activate it. However, this neuron activates only for 28.923% (indicated in the Non-Target %
column) of images retrieved using all other labels excluding “cross_walk.”

We de�ne a target label for a neuron to becon�rmed if it activates for> 80%of its target images regardless of
how much or how often it activates for non-target images. The cut-offs for neuron activation and label hypothesis

7https://chrome.google.com/webstore/detail/image-downloader-imageye/agionbommeaifngbhincahgmo�cikhm
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Table 4

CLIP-Dissect – The omitted neurons were not activated by any image, i.e., their maximum activation value was 0. Images: Number of images
used per label. Target %: Percentage of target images activating the neuron above 80% of its maximum activation. Non-Target %: The same, but
for all other images.Bold denotes the 8 neurons whose labels are considered con�rmed.

Neuron Obtained Label(s) Images Target % Non-target%

0 restaurants 140 55.000 59.295

1 restaurants 140 32.143 33.851

3 dresser 171 95.322 66.199

6 dining 153 7.190 50.195

7 bathroom 153 93.333 44.113

8 restaurants 140 24.286 37.957

11 highway 153 14.063 25.153

12 street 140 5.797 50.253

14 �le 160 54.375 69.867

16 bathroom 171 2.000 31.722

17 furnished 169 62.130 36.390

18 dining 153 93.464 74.448

19 bathroom 149 77.333 56.471

20 buildings 107 13.725 19.610

22 road 258 51.550 46.487

23 bedroom 123 0.637 18.823

25 restaurants 140 12.857 5.044

26 restaurants 140 2.143 44.552

27 bedroom 150 2.548 27.763

28 dining 153 9.150 40.747

29 street 150 78.261 66.277

30 bed 150 29.375 36.154

31 mississauga 146 30.137 57.175

33 bathroom 150 80.667 32.955

34 microwave 102 3.922 50.240

35 roundtable 72 16.667 14.932

36 municipal 154 51.299 67.002

37 bed 160 8.125 17.670

38 bathroom 150 90.667 32.566

39 restaurants 140 26.429 39.961

40 dining 153 5.882 32.143

41 bedroom 157 64.968 34.428

42 room 156 35.897 45.206

43 highways 128 100.000 61.900

44 buildings 153 9.150 38.377

46 restaurants 140 23.571 33.269

48 bedroom 157 8.917 60.241

49 bedroom 157 95.541 55.917

50 bedroom 157 100.000 62.744

51 bedroom 157 4.459 51.951

53 kitchens 155 50.968 24.886

54 dining 153 13.725 62.857

56 bedroom 157 1.911 45.676

58 buildings 153 0.654 10.455

59 buildings 153 35.294 24.156

61 street 69 1.449 14.697

62 street 69 24.638 44.722

63 bathroom 150 16.667 47.584
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Table 5

GPT-4 – The omitted neurons were not activated by any image, i.e., their maximum activation value was 0. Images: Number of images used per
label. Target %: Percentage of target images activating the neuron above 80% of its maximum activation. Non-Target %: The same, but for all
other images.Bold denotes the 27 neurons whose labels are considered con�rmed.

Neuron Obtained Label(s) Images Target % Non-target%

0 Urban Landscape 176 54.545 59.078

1 Street Scene 164 92.073 29.884

3 Bedroom 165 97.576 62.967

6 Kitchen 171 86.550 51.733

7 Indoor Home Decor 177 66.102 44.793

8 Bathroom 164 98.780 47.897

11 Kitchen Scene 167 41.916 26.281

12 Indoor Home Setting 164 62.805 47.205

14 Living Room 164 82.317 65.053

16 Urban Landscape 176 73.864 28.290

17 Dining Room 159 93.711 46.339

18 Outdoor Scenery 164 92.073 73.852

19 Indoor Home Decor 177 29.379 45.571

20 Street Scene 164 68.902 14.305

22 Street Scene 164 90.244 51.273

23 Street Scene 164 81.098 19.507

25 Kitchen 171 21.637 5.628

26 Cityscape 156 73.718 28.023

27 Urban Transportation 163 66.871 30.152

28 Classroom 162 60.494 60.494

29 Bathroom 164 91.463 68.926

30 Kitchen 171 90.643 41.724

31 Urban Street Scene 163 80.864 67.201

33 Bathroom 164 74.390 37.272

34 Eyeglasses 168 65.476 45.208

35 Kitchen 171 66.667 13.224

36 Bathroom 164 95.122 61.704

37 Bathroom 164 43.902 10.487

38 Living Room 164 94.512 56.087

39 Bicycle 156 82.692 46.328

40 Living Room 164 70.122 24.156

41 Living Room 164 95.122 41.616

42 Living Room 164 48.780 46.431

43 Outdoor Urban Scene 163 91.411 57.925

44 Kitchen Scene 167 86.826 45.721

46 Kitchen Scene 167 43.114 31.155

48 Urban Street Scene 163 99.383 55.061

49 Bedroom 165 95.758 36.120

50 Living Room 164 93.902 62.756

51 Street Scene 164 98.171 43.830

53 Street Scene 164 57.317 23.575

54 Home Interior 165 26.061 63.216

56 Toilet Brush 165 94.545 35.095

57 Bathroom Interior 165 95.092 41.549

58 Kitchen Scenario 165 29.268 11.096

59 Urban Street Scene 163 87.037 26.217

60 Kitchen 171 0.585 1.691

61 Kitchen 171 60.819 11.810

62 Dining Room 159 94.969 44.128

63 Cityscape 156 95.513 47.791
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con�rmation are chosen to ensure strong association and responsiveness to images retrieved under the target label,
but 80% is somewhat arbitrary and could be chosen differently.

For our example neuron 1, we retrieve 233 new images with the keyword “cross_walk,” 186 of which (80%) are
used in this step. 165 of these images, i.e., 88.710% activate neuron 1. Since88:710 > 80, we consider the label
“cross_walk” con�rmed for neuron 1.

After this step, we arrive at a list of 19 (distinct)con�rmed labels from Concept-Induction, 5 (distinct)con�rmed
labels from CLIP-Dissect, and 14 (distinct)con�rmed labels from GPT-4, as listed in Table 6.

Label Validation After generating the con�rmed labels (as above), we evaluate the node labeling using the remain-
ing images from those retrieved from Google Images as described earlier. Results are shown in Table 6, omitting
neurons that were not activated by any image, i.e., their maximum activation value was 0.

We consider each neuron-label pair (rows in Table 6) to be a hypothesis, e.g., for neuron 1 in Table 6, the hypoth-
esis is that it activates more strongly for images retrieved using the keyword “cross_walk” than for images retrieved
using other keywords. The corresponding null hypothesis is that activation values arenot different. Table 6 shows
the 20 hypotheses from Concept Induction to test, corresponding to the 20 neurons with con�rmed labels from
method Concept Induction (recall that a double label such as neuron 16's “mountain, bushes” is treated as one label
consisting of the conjunction of the two keywords.)

Similarly, Table 6 also lists the 8 hypotheses to test, corresponding to the 8 neurons with con�rmed labels from
method CLIP-Dissect, and the 27 hypotheses to test, corresponding to the 27 neurons with con�rmed labels from
method GPT-4.

There is no reason to assume that activation values would follow a normal distribution, or that the preconditions
of the central limit theorem would be satis�ed. We therefore base our statistical assessment on the Mann-Whitney
U test [42] which is a non-parametric test that does not require a normal distribution. Essentially, by comparing
the ranks of the observations in the two groups, the test allows us to determine if there is a statistically signi�cant
difference in the activation percentages between the target and non-target labels.

The resulting z-scores and p-values are shown in Table 6 and are further discussed in Section 4.4. For our running
example (neuron 1), we analyze the remaining 47 target images (20% of the images retrieved during the label
hypothesis con�rmation step). Of these, 43 (91.49%) activate the neuron with a mean and median activation of 4.17
and 4.13, respectively. Of the remaining (non-target) images in the evaluation (the sum of the image column in
Table 6 Concept Induction Section minus 47), only 28.94% activate neuron 1 for a mean of 0.67 and a median of
0.00. The Mann-Whitney U test yields a z-score of -8.92 andp < 0:00001. The negative z-score indicates that the
activation values for non-target images are indeed lower than for the target images, rejecting the null hypothesis.

It is instructive to have another look at our example neuron 1 for the Concept Induction case. The images depicted
on the left in Fig. 4 – target images not activating the neuron – are mostly computer-generated as opposed to
photographic images as in the ADE20K dataset. The lower right image does not actually show the ground at the
crosswalk, but mostly sky and only indirect evidence for a crosswalk by means of signage, which may be part of
the reason why the neuron does not activate. The right-hand images are non-target images that activate the neuron.
We may conjecture that other road elements, prevalent in these pictures, may have triggered the neuron. We also
note that several images show bushes or plants – particularly interesting because the ECII response with the third-
highest coverage score is “bushes, bush” with a coverage score of 0.993 and 48.052% of images retrieved using this
label actually activate the neuron (the second response for this neuron is also “cross_walk”). It appears that Concept
Induction results should be further improvable by taking additional Concept Induction returns into consideration.
While we will not entirely follow through on this idea in this paper, we look into it to some extent in Section 4.3.3.

4.3.2. Concept Activation Analysis
Concept Induction is a separate process from the neural network based processes. Leveraging the strength of the

background knowledge, it outputs a list of high-level concepts based on single neuron activation patterns. A question
we can ask is: can we �nd existence or absence of such concepts in the full hidden layer activation space?

To that extent, we employConcept Activation[13, 30], which is a concept-based explainable AI technique which
works with apre-de�nedset of concepts. It attempts at explaining a pre-trained model by measuring the presence of
conceptsin hidden-layer activations of a given image for a particular layer. For the purpose of comparative analysis,
we evaluate all candidate concepts (label hypotheses), obtained from all three methods, through Concept Activation
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Table 6

Evaluation details for all three approaches as discussed in Section 4.3.1. Images: Number of images used for evaluation. # Activations: (targ(et)):
Percentage of target images activating the neuron;(non-t):Same for all other images used in the evaluation. Mean/Median (targ(et)/non-t(arget)):
Mean/median activation value for target and non-target images, respectively.

Concept Induction

Neuron Label(s) Images # Activations (%) Mean Median z-score p-value

targ non-t targ non-t targ non-t

0 building 42 80.95 73.40 2.08 1.81 2.00 1.50 -1.28 0.0995
1 cross_walk 47 91.49 28.94 4.17 0.67 4.13 0.00 -8.92 <.00001
3 night_table 40 100.00 55.71 2.52 1.05 2.50 0.35 -6.84 <.00001
8 shower_stall, cistern 35 100.00 54.40 5.26 1.35 5.34 0.32 -8.30 <.00001
16 mountain, bushes 27 100.00 25.42 2.33 0.67 2.17 0.00 -6.72 <.00001

18 slope 35 91.43 68.85 1.59 1.37 1.44 1.00 -2.03 0.0209
19 wardrobe, air_conditioning 28 89.29 65.81 2.30 1.28 2.30 0.84 -4.00 <.00001
22 skyscraper 39 97.44 56.16 3.97 1.28 4.42 0.33 -7.74 <.00001
29 lid, soap_dispenser 33 100.00 80.47 4.38 2.14 4.15 1.74 -5.92 <.00001
30 teapot, saucepan 27 85.19 49.93 2.52 1.05 2.23 0.00 -4.28 <.00001

36 tap, crapper 23 91.30 70.78 3.24 1.75 2.82 1.29 -3.59 <.00001
41 open_�replace, coffee_table 31 80.65 15.11 2.03 0.14 2.12 0.00 -7.15 <.00001
43 central_reservation 40 97.50 85.42 7.43 3.71 8.08 3.60 -5.94 <.00001
48 road 42 100.00 74.46 6.15 2.68 6.65 2.30 -7.78 <.00001
49 footboard, chain 32 84.38 66.41 2.63 1.67 2.30 1.17 -2.58 0.0049

51 road, car 21 100.00 47.65 5.32 1.52 5.62 0.00 -6.03 <.00001
54 skyscraper 39 100.00 71.78 4.14 1.61 4.08 1.12 -7.60 <.00001
56 �usher, soap_dish 53 92.45 64.29 3.47 1.48 3.08 0.86 -6.47 <.00001
57 shower_stall, screen_door 34 97.06 32.31 2.60 0.61 2.53 0.00 -7.55 <.00001
63 edi�ce, skyscraper 45 88.89 48.38 2.41 0.83 2.36 0.00 -6.73 <.00001

CLIP-Dissect

3 dresser 43 93.02 64.61 2.59 1.42 2.62 0.68 5.01 <0.0001
7 bathroom 46 89.47 41.56 2.02 1.01 2.15 0.00 5.45 <0.0001
18 dining 36 94.87 76.82 3.01 1.85 3.11 1.44 4.52 <0.0001
33 bathroom 38 71.05 34.02 1.28 0.47 0.95 0.00 4.91 <0.0001
38 bathroom 38 84.21 31.71 1.79 0.54 1.83 0.00 7.14 <0.0001
43 highways 32 100.00 63.87 7.00 3.14 6.39 2.64 6.17 <0.0001
49 bedroom 40 97.50 55.77 3.48 1.63 3.43 0.63 6.05 <0.0001
50 bedroom 40 97.50 63.21 4.56 1.30 4.60 0.66 8.70 <0.0001

GPT-4

1 Street Scene 42 90.50 30.40 3.80 0.70 4.20 0.00 -9.62 <0.0001
3 Bedroom 42 97.60 63.40 4.70 1.20 4.90 0.70 -9.05 <0.0001
6 Kitchen 43 83.70 52.00 2.40 1.00 2.00 0.10 -5.06 <0.0001
8 Bathroom 41 100.00 44.10 4.10 1.00 4.10 0.00 -9.57 <0.0001
14 Living Room 41 78.00 67.50 1.40 1.30 1.20 0.90 -0.77 0.4413

17 Dining Room 40 97.50 45.90 2.20 0.60 2.50 0.00 -8.29 <0.0001
18 Outdoor Scenery 41 100.00 76.10 2.30 1.50 2.20 1.20 -3.96 <0.0001
22 Street Scene 42 90.50 50.10 3.00 1.40 3.30 0.00 -5.95 <0.0001
23 Street Scene 42 85.70 20.70 2.40 0.30 2.10 0.00 -10.83 <0.0001
29 Bathroom 41 90.20 68.40 2.60 1.50 2.40 1.00 -4.05 <0.0001

30 Kitchen 43 86.00 38.60 2.60 0.80 2.70 0.00 -7.22 <0.0001
31 Urban Street Scene 41 80.50 65.70 1.80 1.30 1.70 0.90 -2.4 0.164
36 Bathroom 41 100.00 61.30 3.10 1.20 2.80 0.60 -7.48 <0.0001
38 Living Room 41 92.70 54.30 2.00 1.00 2.20 0.30 -5.53 <0.0001
39 Bicycle 39 84.60 47.40 2.10 0.90 2.40 0.00 -5.64 <0.0001

41 Living Room 41 97.60 42.00 2.60 0.60 2.30 0.00 -9.31 <0.0001
43 Outdoor Urban Scene 41 92.70 56.30 4.10 2.40 4.30 1.00 -4.42 <0.0001
44 Kitchen Scene 42 81.00 43.40 2.30 1.00 2.10 0.00 -5.43 <0.0001
48 Urban Street Scene 41 100.00 52.60 4.90 2.30 4.80 0.40 -6.03 <0.0001
49 Bedroom 42 95.20 35.00 3.80 0.70 4.00 0.00 -10.31 <0.0001

50 Living Room 41 97.60 63.90 3.00 1.20 2.60 0.60 -6.78 <0.0001
51 Street Scene 42 95.20 42.90 5.70 1.50 6.10 0.00 -9.05 <0.0001
56 Toilet Brush 42 97.60 34.60 3.60 0.70 3.60 0.00 -10.48 <0.0001
57 Bathroom Interior 41 92.70 40.50 3.00 0.80 2.90 0.00 -8.35 <0.0001
59 Urban Street Scene 41 82.90 26.30 2.70 0.50 2.50 0.00 -9.06 <0.0001
62 Dining Room 40 90.00 43.90 3.30 0.80 3.70 0.00 -8.64 <0.0001
63 Cityscape 39 97.40 48.50 2.80 0.70 2.40 0.00 -8.76 <0.0001
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Fig. 4. Examples of some Google images used: target images (“cross_walk”) that did not activate the neuron; non-target images from labels like
“central_reservation,” “road and car,” and “�re_hydrant” that activated the neuron.

Analysis. Note that we do not restrict this analysis to only con�rmed concepts, as the Concept Activation Analysis
approach has not been developed with such a con�rmation step as part of it.

For each candidate concept, a set of images are collected using Imageye (exactly as described above) and a
concept classi�er (i.e., a Support Vector Machine) is trained. The dataset given to the concept classi�er requires
some pre-processing:

i. The dataset for one concept classi�er consists of images that exhibit the presence of the concept under descrip-
tion and with images where the said concept is absent. As the concept classi�er will output the existence or
absence of a concept, we assign the images to have labels 0 (when concept is absent) and 1 (when concept is
present).

ii. Since we are interested in �nding the concepts in the hidden layer activation space, not in the image pixel
space, we need to transform the image pixel values to their activation values. To achieve that, the dataset is
passed across the ResNet50V2 pre-trained model as it is the network we wish to explain. The activation values
of each image in the dense layer is saved. If the dense layer consists of 64 neurons, then we end up with a
matrix of dimensions (no. of images� 64).

The transformed dataset is split into train (80%) and test (20%) datasets. Thereafter, a Support Vector Machine
(SVM) is trained using the train split. We have used both linear (Concept Activation Vector, CAV) and non-linear
(Concept Activation Region, CAR) kernel to see which decision boundary separates the presence/absence of a
concept best. For the non-linear RBF kernel, we used the scikit-learn implementation and performed hyperparameter
tuning over a range of kernel widths [0.1,50]. A kernel width (gamma) value of 5.7 provided the best validation
performance and was selected for subsequent experiments.Once the concept classi�er is trained, a test dataset is
used to see to what extent the concept classi�er can classify the presence/absence of concepts in the hidden layer
activation space.

We use Concept Induction, CLIP-Dissect, and GPT-4 as Concept Extraction mechanisms. Thereafter we use Con-
cept Activation analysis to measure to what extent such concepts are identi�able in the hidden layer activation space.
We adopt two different kernels through CAV and CAR to train an SVM and then test the classi�ers on unseen image
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Table 7

Summary of Concept Activation Analysis results of Concept Induction, CLIP-Dissect, and GPT-4 using Mann-Whitney U test

Method CAV CAR

z-score p-value z-score p-value

Concept Induction x CLIP-Dissect 0.1252 0.9004 -0.8717 0.3834

CLIP-Dissect x GPT-4 1.7494 0.0801 1.9680 0.0488

Concept Induction x GPT-4 2.1560 0.0308 1.7792 0.0751

data. Tables 15, 16, and 17 represent the test accuracies for the concepts extracted by Concept Induction, CLIP-
Dissect, and GPT-4. Table 7 represents the results of the Mann-Whitney U test performed over the test accuracies
obtained from all 3 approaches. Table 12 shows the Mean, Median, and Standard Deviation of the test accuracies
for each of the 3 approaches.

4.3.3. Additional Error Margin Analysis for Concept Induction
In this section, we outline our technical approach for assessing neuron-label associations througherror-margin

analysis (Non-target Label Activation Percentage, or Non-TLA). Non-TLA represents the percentage of imagesnot
falling under the target labelthat activate a neuron that carries the target label as per the prior analysis. Similarly,
Target Label Activation Percentage, TLA, represents the percentage of images falling under the target label that
activate the neuron that carries the target label.

To obtain error margins, we calculate activation percentages for both target labels and non-target labels per neuron
based on Google Images retrieved from the labels as search terms, and we also take into account activation patterns
of neuron groups for semantically related labels, analyzing TLA and Non-TLA across different cutoff values. We
then use images from the ADE20K dataset [76], with annotations improved thorugh Amazon Mechanical Turk, to
statistically validate the error-margins obtained earlier.

Computation of Non-TLA Concept Induction generates a number of concept labels for each neuron unit, ranked
by some accuracy measure. Herein, we consider the Top-3 labels (ranked by coverage score) for each of the 64
neurons in the dense layer. Using the Target-Label image dataset (each image falls under the target label), the TLA
is calculated, and, using a Non-target Label image dataset (none of the images contain the target label), the Non-TLA
is calculated. To obtain a nuanced understanding of how activation levels affect the reliability of the neuron–concept
association, we calculate TLA and Non-TLA for each neuron at speci�ed activation value thresholds, namely> 0,
> 20%, > 40%, and> 60%of the max activation value that was recorded for that neuron. These thresholds are our
best guess for balancing sensitivity and speci�city, and we acknowledge they are heuristic and may be re�ned in
future work. For example, (see Table 8), neuron 43 activates at> 40%of its max activation value in about 19.7% of
imagesnot showing a central reservation.

Neuron Ensembles for Concept AssociationsThe distribution of input information across simultaneously activated
neurons necessitates the investigation of neuron ensemble activations at different cut-off activation values. However,
an exhaustive analysis of all neuron ensembles does not scale as even just 64 neurons give rise to264 possible neuron
ensembles. We deal with this by considering only ensembles of neurons that activate for semantically related labels.
For example, the conceptbuilding activates both neurons 0 and 63 (see Table 8); we evaluate all images from Non-
target Label image dataset as well as Target Label image datasetseparately, activating neurons 0 and 63 at the
speci�ed cut-off activation values, to calculate TLA and Non-TLA.

In scenarios where a concept activates more than two neurons, our analysis encompasses all possible combinations
of pairs, triples, etc., of neurons (seeskyscraperin Table 8). We then narrow our focus to a list of highly associated
concepts corresponding to the neurons (see the Concepts column in Table 8), that demonstrate TLA exceeding80%,
i.e., those neurons with high recall.

Annotations of ADE20K DatasetThe analysis just described yieldserror-marginsassociated with each concept,
for each of the chosen activation thresholds listed in Table 8. For example, the conceptbuffethas anerror-margin
of 12.374 for the Non-TLA of> 20%: Our analysis suggests thehypothesisthat at most 12.374% ofnon-buffet
images activate the neuron unit 62 at20%of its max activation value. In other words, theerror-marginat Non-TLA
of > 20%for the conceptbuffetis 12.374%. If this hypothesis can be substantiated, then upon presentation of a new
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input to the network, activation of neuron 62 of at least20%of its max activation value means that abuffethas been
detected, and that this detection iswrongin at most about 12.374% of cases.

In order to substantiate our hypotheses, we analyse neuron activation values for new inputs, more precisely for
images taken from the ADE20K dataset. We take advantage of the fact that ADE20K images already carry rich
object annotations, however we have observed that they are still too incomplete for our purpuses. Therefore we
made use of Amazon Mechanical Turk via the Cloud Research platform, to add missing annotations from a list of
concepts derived from Table 8 to 1,050 randomly chosen ADE20K images.

For this set of 1,050 ADE20K images, we conducted a user study through Amazon Mechanical Turk using the
Cloud Research platform, to annotate images based on a list of concepts derived from Table8. The study protocol
was reviewed and approved by the Institutional Review Board (IRB) at Kansas State University and was deemed
exempt under the criteria outlined in the Federal Policy for the Protection of Human Subjects, 45 CFR §104(d),
category: Exempt Category 2 Subsection ii. The study was conducted in 35 batches (each batch containing 30
images), with 5 participants per study compensated with $5 for completing the task. The task was estimated to take
approximately 40 minutes, equivalent to $7.50 per hour.

For each image, users were presented with a list of concepts (a concise form of concepts from Table 8) to choose
from, including buffet, building, building and dome, central_reservation, clamp_lamp and clamp, closet and air-
conditioning, cross_walk, edi�ce and skyscraper, faucet and �usher, �eld, �usher and soap_dish, footboard and
chain, hedgerow and hedge, lid and soap_dispenser, mountain, mountain and bushes, night_table, open_�replace
and coffee_table, pillow, potty and �usher, road, road and automobile, road and car, route, route and car, shower_stall
and cistern, Shower_stall and screen_door, skyscraper, slope, tap and crapper, tap and shower_screen, teapot and
saucepan, wardrobe and air-conditioning.

Users were allowed to select multiple concepts for each image, indicating all concepts that applied to the given
image. These selected concepts were considered annotations for the respective image.

Validating Neuron-Concept AssociationsTo assess the validity of theerror-marginsretrieved from the Google
Image dataset for all concepts in Table 8, we look at activations yielded by ADE20K images, and hypothesize that
they are similar or lower (i.e., not higher), for non-target images. Non-TLA are computed across the prede�ned cut-
off activation thresholds. Selected values can be found in Table 9. For example, the central reservation neuron 43
mentioned above activates above its 40% max activation threshold for about 14.9% of ADE20K non-target images
(not showing central reservations), while it activates for about 19.7% of Google non-target images.

Both single-neuron and neuron ensemble activations are considered and shown in Table 9.

4.4. Results

For the given test dataset split of ADE20K, we looked at Concept Induction, CLIP-Dissect, and GPT-4 for ex-
tracting relevant candidate concepts. Subsequently, we conducted two analyses from different perspectives.

i. For each neuron of the dense layer, we identify the concepts that activate them the most (Statistical Evaluation).
ii. For each concept, we measure its degree of relevance across the entire dense layer activation space (Concept

Activation Analysis).

We will now bring together the results. We will also present results from the additional error margin analysis.

4.4.1. Comparison of Concept Extraction Approaches
The combination of the two evaluation perspectives – a detailed examination of how each neuron unit functions

and a broader view of how the dense layer operates as a whole – enables us to gain a comprehensive insight into the
inner workings of hidden layer computations.

Regarding statistical evaluation, we rigorously assess the signi�cance of differences in activation percentages
between target and non-target labels for each con�rmed label hypothesis. We compute the z-score and p-value using
the non-parametric Mann-Whitney U test. Additionally, we calculate the Mean and Median for both target and non-
target labels to further characterize the results. In the Concept Activation Analysis, we evaluate the effectiveness
of concepts across several dimensions. Initially, we assess each concept classi�er considering both linear (CAV)
and non-linear (CAR) decision boundary based on the presence and absence of each concept. To validate that the
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Table 8

Non-target Label Activation Percentages (Non-TLA) for Google dataset: The table showcases a re�ned selection, inclusive of concepts and
neuron ensembles with targ(et) activation> 80%. Non-t: percentage of non-target images that activate the neuron(s) associated with the concept
being analyzed across various activation thresholds.

Concepts Neuron targ % >0 Non-target % for different threshold values

non-t>0 non-t> 20% non-t> 40% non-t> 60%

buffet 62 83.607 32.714 12.374 3.708 0.825

building 0 89.024 72.328 39.552 12.040 2.276

building 0, 63 80.164 43.375 12.314 2.276 0.182

building and dome 0 90.400 78.185 45.133 14.643 2.639

central_reservation 43 95.541 84.973 57.993 19.734 2.913

clamp_lamp and clamp 7 95.139 59.504 29.229 9.000 1.652

closet and air_conditioning 19 86.891 71.054 38.491 10.135 1.267

cross_walk 1 88.770 28.241 6.800 1.524 0.521

edi�ce and skyscraper 63 92.135 48.761 21.786 8.379 2.229

faucet and �usher 29 95.695 78.562 37.862 12.104 1.873

�eld 18 91.824 65.333 30.207 8.183 1.656

�usher and soap_dish 56 90.094 63.552 29.901 7.695 1.148

footboard and chain 49 88.889 66.702 40.399 17.064 4.399

hedgerow and hedge 54 91.165 68.527 30.421 7.685 1.352

lid and soap_dispenser 29 99.237 78.571 34.989 9.052 1.485

mountain and bushes 16 87.037 24.969 10.424 4.666 1.937

mountain and bush 16 87.037 24.969 10.424 4.666 1.937

mountain 43 99.367 88.516 64.169 23.112 4.326

night_table 3 90.446 56.714 27.691 7.691 1.137

open_�replace and coffee_table 41 88.525 16.381 4.325 0.812 0.088

pillow 3 98.214 61.250 28.228 7.249 1.001

pillow 50 99.405 66.834 24.242 4.101 0.530

pillow 3, 50 97.605 46.492 9.634 0.988 0.049

potty and �usher 29 88.525 76.830 36.537 10.755 1.932

road and car 51 98.810 48.571 25.373 8.399 3.261

road and automobile 51 92.560 41.466 16.055 3.301 0.701

road 48 100.000 76.789 47.897 18.843 3.803

road 48, 51 97.099 44.592 17.727 3.471 0.702

route 48 100.000 80.834 51.873 21.034 4.979

route and car 51 92.628 47.408 18.871 4.081 1.416

route 48, 51 94.334 45.089 18.937 4.809 1.169

shower_stall and cistern 8 100.000 53.186 24.788 8.485 1.372

Shower_stall and screen_door 57 98.496 31.747 12.876 4.121 1.026

slope 18 92.143 64.503 29.976 6.894 1.200

tap and crapper 36 89.130 70.606 36.839 13.696 2.511

tap and shower_screen 36 86.250 72.584 32.574 7.836 0.860

teapot and saucepan 30 81.481 47.984 18.577 4.367 0.845
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Concepts Neuron targ % >0 Non-target % for different threshold values

non-t>0 non-t> 20% non-t> 40% non-t> 60%

wardrobe and air_conditioning 19 89.091 65.034 31.795 6.958 1.145

skyscraper 22 99.359 54.893 21.914 0.977 0.977

skyscraper 54 98.718 70.432 26.851 7.050 0.941

skyscraper 63 94.393 51.612 20.618 5.775 1.143

skyscraper 22, 26 82.116 22.274 3.423 0.292 0.004

skyscraper 26, 54 82.225 28.782 5.444 0.703 0.054

skyscraper 22, 54 97.165 47.422 7.910 0.465 0.000

skyscraper 22, 63 96.947 36.408 5.521 0.449 0.008

skyscraper 26, 63 81.788 21.421 3.335 0.534 0.088

skyscraper 54, 63 96.074 37.149 5.594 0.615 0.046

skyscraper 22, 26, 54 81.461 18.940 2.363 0.169 0.000

skyscraper 22, 26, 63 81.243 15.252 1.706 0.184 0.004

skyscraper 22, 54, 63 95.420 29.090 3.023 0.234 0.000

skyscraper 26, 54, 63 81.134 16.823 1.975 0.350 0.023

skyscraper 22, 26, 54, 63 80.589 13.093 0.872 0.015 0.000

concept classi�er's test accuracy is not merely coincidental, we conduct K-fold cross-validation and calculate p-
values. Additionally, we compute the Mean, Median, and Standard Deviation, and perform the Mann-Whitney U
test to quantify the statistical signi�cance of the test accuracies. This comprehensive approach ensures a robust
evaluation of the concepts' performance in activating the hidden layer.

Our �ndings suggest that Concept Induction consistently performs well in all evaluations conducted – Statis-
tical Evaluation, Concept Activation Analysis, and also Error Margin Analysis. From the statistical evaluation, it
is evident that Concept Induction achieves better performance than that of CLIP-Dissect and GPT-4. In the Con-
cept Activation Analysis, quantitative measures reveal that Concept Induction achieves comparable performance to
CLIP-Dissect, with GPT-4 exhibiting the lowest performance. Conversely, the Concept Induction approach demon-
strates several notable qualitative advantages over both CLIP-Dissect and GPT-4:

– CLIP-Dissect and GPT-4 are black-box models used as a concept extraction method to explain a probing
network, which in this case is a CNN model, i.e., this approach to explainability is itself not readily explainable.
In contrast, Concept Induction, serving as a concept extraction method, inherently offers explainability as it
operates on deductive reasoning principles.

– CLIP-Dissect relies on a common English vocabulary (about 20K words) as the pool of concepts, whereas
Concept Induction is supported by a meticulously constructed background knowledge (in this case with about
2M concepts), affording greater control over the de�nition of explanations through hierarchical relationships.

– While GPT-4/CLIP-Dissect emulate intuitive and rapid decision-making processes, Concept Induction follows
a systematic and logic-based decision-making approach – thereby rendering our approach to be explainable by
nature.

The results in Table 6 show that Concept Induction analysis with large-scale background knowledge yields mean-
ingful labels that stably explain neuron activation. Of the 20 null hypotheses from Concept Induction, 19 are rejected
at p < 0:05, but most (all except neurons 0, 18 and 49) are rejected at much lower p-values. Only neuron 0's null
hypothesis could not be rejected. With CLIP-Dissect, all 8 null hypotheses are rejected atp < 0:05, and with GPT-4,
25 out of 27 null hypotheses are rejected atp < 0:05, with exceptions for neurons 14 and 31. Excluding repeat-
ing concepts, Concept Induction yields19 statistically validated hypotheses, CLIP-Dissect yields5, and GPT-4
yields12.

The Non-Target % column of Table 3 provides some insight into the results for neurons 0, 18, 49 and neurons
14, 31 from Table 5: target and non-target values for these neurons are closer to each other. Likewise, differences
between target and non-target values for mean activation values and median activation values in Table 6 are smaller
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Table 9

Non-target Label Activation Percentages (Non-TLA) for ADE20K and Google Image dataset: Non-t: percentage of non-target label images that
activate the neuron(s) associated with the concept being analyzed across various activation thresholds.

Concepts non-t>0 non-t>20% non-t>40% non-t>60%

google ADE20K google ADE20K google ADE20K google ADE20K

buffet 32.714 40.135 12.374 25.817 3.708 9.470 0.825 1.804

building 43.375 11.458 12.314 5.208 2.276 1.458 0.182 0.000

building and dome 78.185 26.170 45.133 5.893 14.643 0.867 2.639 0.000

central_reservation 84.973 44.893 57.993 34.343 19.734 14.927 2.913 3.816

clamp_lamp and clamp 59.504 27.273 29.229 19.170 9.000 8.300 1.652 1.976

closet and air_conditioning 71.054 30.168 38.491 15.620 10.135 5.513 1.267 1.378

cross_walk 28.241 21.474 6.800 16.391 1.524 9.784 0.521 2.922

edi�ce and skyscraper 48.761 24.187 21.786 8.453 8.379 1.300 2.229 0.260

faucet and �usher 78.562 56.967 37.862 30.580 12.104 11.097 1.873 1.850

�eld 65.333 66.161 30.207 30.043 8.183 10.412 1.656 2.386

�usher and soap_dish 63.552 19.481 29.901 10.035 7.695 3.896 1.148 0.236

footboard and chain 66.702 27.975 40.399 13.671 17.064 5.063 4.399 1.013

hedgerow and hedge 68.527 45.120 30.421 28.390 7.685 13.308 1.352 2.028

lid and soap_dispenser 78.571 57.512 34.989 18.427 9.052 2.817 1.485 0.352

mountain 88.516 45.144 64.169 33.725 23.112 16.115 4.326 3.842

mountain and bushes 24.969 28.331 10.424 16.573 4.666 6.607 1.937 1.904

night_table 56.714 30.534 27.691 15.267 7.691 5.954 1.137 1.679

open_�replace and coffee_table 16.381 26.139 4.325 10.590 0.812 2.413 0.088 0.268

pillow 46.492 12.500 9.634 3.869 0.988 1.190 0.049 0.149

potty and �usher 76.830 58.410 36.537 24.194 10.755 4.608 1.932 1.152

road 44.592 8.501 17.727 6.955 3.471 4.328 0.702 0.927

road and automobile 41.466 17.604 16.055 14.497 3.301 8.728 0.701 2.811

road and car 48.571 14.815 25.373 11.704 8.399 6.074 3.261 1.333

route 45.089 12.349 18.937 10.241 4.809 5.723 1.169 1.807

route and car 47.408 17.073 18.871 14.204 4.081 7.461 1.416 2.152

shower_stall and cistern 53.186 25.982 24.788 9.700 8.485 4.965 1.372 1.039

Shower_stall and screen_door 31.747 24.910 12.876 14.320 4.121 5.897 1.026 1.203

skyscraper 13.093 3.009 0.872 0.463 0.015 0.231 0.000 0.116

slope 64.503 66.520 29.976 29.967 6.894 9.879 1.200 1.976

tap and crapper 70.606 62.225 36.839 12.861 13.696 4.890 2.511 0.611

tap and shower_screen 72.584 62.621 32.574 13.180 7.836 4.733 0.860 0.607

teapot and saucepan 47.984 23.632 18.577 11.176 4.367 6.519 0.845 1.281

wardrobe and air_conditioning 65.034 30.525 31.795 16.160 6.958 5.525 1.145 0.967

for these neurons. This hints at ways to improve label hypothesis generation or con�rmation, and we will discuss
this and other ideas for further improvement below under possible future work.

Mann-Whitney U results show that, for most neurons listed in Table 6 (withp < 0:00001), activation values of
target images areoverwhelminglyhigher than that of non-target images. The negative z-scores with high absolute
values informally indicate the same, as do the mean and median values. Neurons 16 and 49 of Table 6 Concept
Induction section, for which the hypotheses also hold but withp < 0:05 and p < 0:01, respectively, still exhibit
statistically signi�cant higher activation values for target than for non-target images, but not overwhelmingly so.
This can also be informally seen from lower absolute values of the z-scores, and from smaller differences between
the means and the medians.
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For the Concept Activation Analysis evaluation (see Table 12), Concept Induction yields69 unique concepts
with Mean Test Accuracy of0.9154(CAV) and0.9150(CAR). CLIP-Dissect identi�es22concepts with Mean Test
Accuracy of0.9160(CAV) and 0.9259(CAR). GPT-4 produces21 concepts with Mean Test Accuracy of0.8757
(CAV) and 0.8887(CAR). Although, based solely on the numeric values of Mean Test Accuracy, CLIP-Dissect
demonstrates a slightly superior performance compared to Concept Induction, and GPT-4 performs the least, we
contend that the substantially higher number of concepts generated by Concept Induction allows CLIP-Dissect to
achieve a marginally higher test accuracy. By considering the top 22 (equal to the number of concepts generated
by CLIP-Dissect) test accuracies of concepts extracted by Concept Induction, the Mean Test Accuracy increases to
0.9599(CAV) and0.9584(CAR). For statistical con�rmation, we conduct a p-value test for K-fold cross validation,
wherein all concepts in Concept Activation analysis achievep < 0:05. Using a Mann-Whitney U test, we statistically
ascertain that CLIP-Dissect outperforms GPT-4 in terms of CAR, and Concept Induction surpasses GPT on CAV
(see Table 7).

This analysis leads us to the following conclusion: Among the three approaches we evaluate, Concept Induction
demonstrates superior performance both in the quantity of high-quality concepts generated and in the relevance of
these concepts within the hidden layer activation space. Furthermore, our approach possesses inherent explainabil-
ity as it does not depend on any pre-trained black-box model to identify candidate concepts. However, there are
undoubtedly trade-offs involved in selecting among the three approaches, which we elaborate on in Section 5.4.

Based on the results obtained from the Statistical Evaluation and Concept Activation analysis, our approach in-
troduces a novel zero-shot, model-agnostic Explainable AI technique. This technique offers insights into the hidden
layer activation space by utilizing high-level, human-understandable concepts. Leveraging deductive reasoning over
background knowledge, our approach inherently provides explainability while also achieving competitive perfor-
mance, thus con�rming our initial hypothesis.

4.4.2. Error Margin Analysis
For a statistical evaluation of our error margin values, we treat each row, representing a concept-error pair at

each threshold level, from Table 9, as an individual hypothesis. For example, theerror-margin(Non-TLA) for the
concept “central reservation” under the> 40 threshold constitutes one hypothesis. This way, we get33 � 4 = 132
hypotheses to test.

We conduct Mann-Whitney U tests (MWU) [42] with the null hypothesis (H0) stating that there is no difference
in Non-TLA across both datasets, while the alternative hypothesis (H1) posits that Non-TLA in Google Images is
greater than in the ADE20K dataset. We choose the MWU test for its robustness with non-parametric data and its
aptitude for comparing distributions of independent samples. As our Non-TLA data may not adhere to normality
and we are comparing distinct datasets (Google Images and ADE20K), the MWU test provides a reliable means to
analyze differences in Non-TLA.

Table 10 presents a comparison of Non-TLA between the Google Images and ADE20K datasets for all concepts.
Each row represents a concept, with columns displaying the percentage of non-target label images activating as-
sociated neuron(s) in both datasets. The p-values from the MWU test indicate the signi�cance of differences in
Non-TLA between the datasets. The analysis reveals a consistent trend of decreased Non-TLA in the ADE20K
dataset compared to Google Images across various threshold categories. Among the 33 hypotheses tested for the
category of Non-TLA> 0, 13 were rejected at a signi�cance level of p< 0.05. Similarly, for Non-TLA> 20%,
15 hypotheses were rejected at the same signi�cance level. In the case of Non-TLA> 40%, 21 hypotheses were
rejected, while for Non-TLA> 60%, 23 hypotheses were rejected, all at a p-value< 0.05. Concepts with p-value<
0.05 are deemed statistically signi�cant and are identi�ed ascon�rmedconcepts, subject to further scrutiny for their
reliability and potential implications.

After con�rming concepts using the MWU, we proceed to validate them further using Wilcoxon signed-rank
tests. To calculate the Wilcoxon test, we used an online website calculator called the Wilcoxon signed-rank test
calculator by Statistics Kingdom 2017.8 We employ the Wilcoxon test, with the hypothesis that the difference
between Non-TLA of ADE20K and Google Image dataset would be less than or equal to zero (H0), while the
alternative hypothesis (H1) suggested a decrease in Non-TLA in the ADE20K dataset compared to the Google image

8http://www.statskingdom.com/170median_mann_whitney.html
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Table 10

Statistical Evaluation forcon�rmedconcepts (concepts gettingp-value<0.05 for MWU): Non-t: percentage of non-target label images activating
the associated neuron(s) analyzed across various activation thresholds.

Concepts Google ADE20K p-values

non-t >0

building 43.37468 11.45833 0.018471

building and dome 78.185 26.16984 6.06E-05

central_reservation 84.97336 44.89338 1.75E-66

closet and air_conditioning 71.05416 30.16845 0.009373

edi�ce and skyscraper 48.76092 24.18726 0.016058

faucet and �usher 78.562 56.96671 9.19E-07

footboard and chain 66.702 27.97468 0.000284

lid and soap_dispenser 78.57143 57.51174 0.00218

pillow 46.49232 12.5 4.21E-23

potty and �usher 76.82974 58.41014 1.39E-07

shower_stall and cistern 53.1865 25.98152 0.016657

tap and crapper 70.60579 62.22494 6.17E-08

tap and shower_screen 72.584 62.62136 0.007024

Wilcoxon signed rank test (non-t>0) 0.0001221

non-t >20 %

building 12.31365 5.208333 1.72E-17

building and dome 45.13343 5.892548 1.37E-23

clamp_lamp and clamp 29.2287 19.16996 1.57E-07

closet and air_conditioning 38.4913 15.62021 0.000287

edi�ce and skyscraper 21.78641 8.452536 5.80E-17

faucet and �usher 37.86209 30.57953 1.80E-15

lid and soap_dispenser 34.98939 18.42723 2.74E-15

mountain and bushes 10.42437 16.57335 3.25E-06

pillow 9.634389 3.869048 3.49E-49

potty and �usher 36.53659 24.19355 3.69E-18

Shower_stall and screen_door 12.87584 14.3201 0.035051

skyscraper 0.872071 0.462963 1.99E-05

tap and crapper 36.83933 12.86064 0.000114

tap and shower_screen 32.5745 13.17961 3.22E-14

wardrobe and air_conditioning 31.79496 16.16022 2.18E-11

Wilcoxon signed rank test (non-t> 20%) 0.0004272

non-t >40 %

building 2.27609 1.458333 3.16E-19

building and dome 14.64338 0.866551 6.28E-20

central_reservation 19.73357 14.92705 1.18E-05

clamp_lamp and clamp 9.000096 8.300395 2.79E-31

closet and air_conditioning 10.1354 5.513017 6.38E-09

cross_walk 1.52392 9.78399 0.000572

edi�ce and skyscraper 8.37939 1.30039 5.06E-17

faucet and �usher 12.10377 11.09741 2.90E-24

�eld 8.183384 10.41215 3.82E-05

�usher and soap_dish 7.695067 3.896104 4.26E-08

lid and soap_dispenser 9.052334 2.816901 2.04E-19

mountain and bushes 4.666314 6.606943 1.28E-12

pillow 0.988239 1.190476 1.37E-23

potty and �usher 10.75519 4.608295 1.97E-09
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road 3.471037 4.327666 0.033105

road and car 8.399088 6.074074 0.009958

Shower_stall and screen_door 4.120976 5.89651 1.13E-07

skyscraper 0.015367 0.231481 2.47E-30

slope 6.893903 9.879254 1.14E-07

tap and shower_screen 7.835857 4.73301 2.05E-12

wardrobe and air_conditioning 6.9579 5.524862 1.70E-19

Wilcoxon signed rank test (non-t> 40%) 0.0479

non-t > 60%

building 0.182087 0 1.08E-07

building and dome 2.639495 0 5.70E-10

central_reservation 2.912966 3.815937 1.50E-07

clamp_lamp and clamp 1.652099 1.976285 4.24E-19

closet and air_conditioning 1.266925 1.378254 2.50E-07

cross_walk 0.520833 2.92249 0.000171

edi�ce and skyscraper 2.228561 0.260078 4.80E-07

faucet and �usher 1.872623 1.849568 0.008524

�eld 1.655819 2.386117 1.43E-09

�usher and soap_dish 1.147982 0.236128 3.03E-13

lid and soap_dispenser 1.485149 0.352113 3.10E-07

mountain and bushes 1.936961 1.903695 9.96E-12

pillow 0.048848 0.14881 1.04E-09

potty and �usher 1.931664 1.152074 0.010232

road 0.701794 0.927357 0.000445

road and car 3.261441 1.333333 3.79E-05

route and car 1.415601 2.15208 0.000137

shower_stall and cistern 1.372089 1.039261 0.031085

Shower_stall and screen_door 1.025822 1.203369 9.36E-11

skyscraper 0 0.115741 6.15E-26

slope 1.200192 1.975851 2.39E-10

tap and shower_screen 0.859795 0.606796 3.67E-08

wardrobe and air_conditioning 1.144971 0.966851 1.52E-14

Wilcoxon signed rank test (non-t> 60%) 0.05803

dataset. Each threshold serves as an individual hypothesis for the Wilcoxon test, with Non-TLA of thecon�rmed
concepts for Google and ADE20K datasets grouped accordingly. For instance, all con�rmed Non-TLA> 0 for
both datasets constitute one hypothesis, while those> 20% form another. The p-values, denoting the signi�cance
of the test results, are displayed at the bottom of the table. Remarkably, the obtained p-values for each threshold
suggest the rejection of the null hypothesis, indicating statistically signi�cant differences in Non-TLA between
the datasets when considered separately. A p-value< 0.05 from this test would indicate a statistically signi�cant
decrease in Non-TLA in the ADE20K dataset compared to the Google dataset, further strengthening our �ndings
and highlighting that the error estimates from the Google image data hold, or are even bettered by, the ADE20K
images.

We also examine allcon�rmed concepts from all thresholds together in the Wilcoxon test with the same alter-
native hypothesis ((H1) suggested a decrease in Non-TLA in the ADE20K dataset compared to the Google im-
age dataset), which provides a comprehensive overview of the differences in Non-TLA between the Google and
ADE20K datasets across various levels of activation thresholds. This approach aggregates the results from individ-
ual thresholds, offering a more consolidated perspective on the overall signi�cance of the differences observed. In
our analysis, obtaining a p-value of 5.633e-7, which is less than 0.05, implies the rejection of the null hypothesis.
This indicates a statistically signi�cant decrease in Non-TLA in the ADE20K dataset compared to the Google Image
dataset when considering all thresholds collectively.
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Table 11

Count of statistically con�rmed Concepts from each method (Table 11) such that their percentage of target activation is binned into 3 regions
based on their degree of relevance.

Method 90-100% 80-89% <80%

Concept Induction 14 6 0
GPT-4 10 4 0
CLIP-Dissect 4 1 0

Table 12

Mean, Median, and Standard Deviation (SD) of Concept Activation Analysis Test Accuracies, and Count of Concepts with their Concept Clas-
si�er Test Accuracies binned into 3 regions – High (90-100%), Medium (80-89%), and Low (<80%) relevance

Method CAV CAR Count of Concepts

Mean Median SD Mean Median SD 90-100% 80-89% <80%

Concept Induction 0.9154 0.9230 0.0449 0.9150 0.9310 0.0465 46 22 1
CLIP-Dissect 0.9160 0.9146 0.0389 0.9259 0.9293 0.0443 17 5 0
GPT-4 0.8757 0.8863 0.0817 0.8887 0.9024 0.0690 11 9 1

4.5. Further Discussion

From the statistical evaluation, based on the percentage of target activation and from Concept Activation Analysis,
based on the concepts' test accuracies, we can categorize all con�rmed concepts into three regions: high (90-100%),
medium (80-89%), and low (< 80%) relevance concepts. Tables 11 and 12 show that Concept Induction produces a
notably larger number of high-relevance concepts compared to other methods. Table 6, shows 8 and 27 statistically
con�rmed concepts from the CLIP-Dissect and GPT-4 method, respectively. However, upon closer examination, it
becomes evident that some concepts are duplicated across the tables.

Disregarding the duplicates, we have only 5 and 14 con�rmed concepts from CLIP-Dissect or GPT-4, respectively,
as opposed to 18 from Concept Induction.

This difference is likely due to Concept Induction's reliance on rich background knowledge, necessitating ad-
ditional preprocessing but offering additional value. While a candidate concept pool of 20K English vocabulary
words for off-the-shelf GPT-4 may not be universally effective, Concept Induction's ability to generate extensive,
high-relevance concepts underscores the importance of well-engineered background knowledge.

If an application does not require comprehensive concept-based explanations, CLIP-Dissect/GPT-4 may serve as a
useful solution, especially when time is limited. However, for detailed concept-based analysis, preparing background
knowledge and leveraging Concept Induction is crucial. For CLIP-Dissect/GPT-4, it is unclear how to meticulously
craft the pool of candidate concepts since it is dif�cult to manually curate a static set that is broad enough to
capture all pertinent concepts while remaining speci�c enough to avoid noisy or ambiguous labels. By employing a
background knowledge base, it is possible to de�ne a large pool of potential explanations, tailored to the application
scenario, with additional relationships among concepts. For example, in a medical diagnostic application, an ideal
candidate pool would include specialized clinical terminology (e.g., “cardiomegaly” or “pleural effusion”) that is
essential for accurate interpretation – an adjustment that is hard to achieve with a generic vocabulary. Concept
Induction facilitates deductive reasoning utilizing this background knowledge, inherently offering transparency and
�exibility in shaping the candidate concept pool.

While it is important to investigate methods that assess the relevance of concepts in hidden layer computations
within a given candidate pool, it is equally, if not more, vital to thoughtfully design this pool. Neglecting this aspect
could result in — (a) missing domain-critical concepts essential for gaining insights into hidden layer computations
and (b) introducing noisy or ambiguous concepts that can lead to spurious activations and misleading explanations.
Our ontology-driven approach mitigates both risks by integrating rich background knowledge and extract meaning-
ful concepts from it.

Our focus on dense layer activations, while providing valuable insights, represents only a part of what the deep
representation encodes. The dense layer likely relates to clear-cut concepts that separate output classes, aligning
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well with our goal of identifying high-level, interpretable concepts. However, these concepts are in�uenced by com-
binations of features from previous layers. This limitation underscores the complex nature of deep neural networks,
where concepts identi�ed at the dense layer result from hierarchical feature compositions throughout the network.
While our method offers meaningful insights into these high-level concepts, it may not fully capture the nuanced
feature interactions in earlier layers. Nonetheless, focusing on the dense layer allows us to extract concepts more
directly relevant to the network's �nal decision-making process, balancing interpretability with the complexity of
internal representations. Future work could explore extending our method to analyze concept formation across mul-
tiple layers, potentially revealing a more comprehensive picture of the network's decision-making process.

One drawback of utilizing Concept Induction (and GPT-4) is its dependency on object annotations, which serve
as data points in the background knowledge. In contrast, CLIP-Dissect operates without the need for labels and can
function with any provided set of images.

We view this as a trade-off that must be carefully considered based on the application scenario. If the application
is broad and does not demand a meticulous design of candidate concepts, then employing approaches like CLIP-
Dissect can be advantageous. Conversely, for applications that are focused or specialized, CLIP-Dissect may only
provide broadly relevant concepts.

Our focus has been primarily on assessing the comparative effectiveness of Concept Induction within the con�nes
of Convolutional Neural Network architecture using ADE20K Image data. Nevertheless, it is imperative to investi-
gate its suitability across different architectures and with diverse datasets. Given the model-agnostic nature of our
approach, our results suggest its potential applicability across a range of neural network architectures, datasets, and
modalities. While we utilized a Wikipedia Concept Hierarchy comprising 2 million concepts, it would be intrigu-
ing to observe the outcomes of our approach when powered by a domain-speci�c Knowledge Graph in specialized
domains such as Medical Diagnosis.

The error margins derived from our analysis signi�cantly enhance the interpretability and reliability of neural
networks. These margins provide a quantitative measure of con�dence for concept detection in image analysis tasks.
For instance, when a neuron associated with a speci�c concept (e.g., “buffet”) activates above a certain threshold,
the error margin allows us to estimate the likelihood that the image actually contains that concept.

Our study demonstrates the robustness of error margin methodology across diverse datasets without assuming
identical neuron-concept associations between Google Images and ADE20K. Instead, our primary goal was to val-
idate the generalizability of error margins across these distinct datasets. In our experiments, we observed varying
neuron-concept associations across datasets. For instance, while neuron 62 prominently associated with 'buffet' in
Google Images, its activation pattern in ADE20K showed similarities but also notable differences. These variations
stem from differences in dataset characteristics, training speci�city, and concept granularity. Importantly, these dif-
ferences strengthen our �ndings. The methodology's ability to produce statistically signi�cant results despite these
variations underscores its robustness and broad applicability. This adaptability is crucial for real-world applications
requiring reliable concept detection and interpretability across diverse data contexts.

Our statistical analysis, employing Mann-Whitney U and Wilcoxon signed-rank tests, reveals signi�cant dif-
ferences in non-target label activations (Non-TLA) between the ADE20K dataset and the Google Images dataset.
Crucially, the lower Non-TLA values observed in the ADE20K dataset validate our error margins and underscore
their reliability. This validation is important for several reasons:

– Generalizability: The fact that error margins derived from the Google Images dataset generalize well to the
more structured and annotated ADE20K dataset indicates that our method is not con�ned to a speci�c dataset.
This enhances the broader applicability of our approach.

– Reliability : The reduced Non-TLA in the ADE20K dataset suggests that neuron activation patterns are more
precise and reliable when tested on a well-annotated dataset. This �nding assures that the calculated error
margins are robust and can be trusted for practical AI applications.

– Foundation for Future Work : Validating our error margins across different datasets provides a strong foun-
dation for future research, encouraging further exploration of neuron activation patterns and their implications
for model explainability.

These error margins signi�cantly enhance the interpretability of neural network decisions by quantifying the
reliability of neuron-concept associations. This offers a more nuanced understanding of how the network processes
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information, going beyond simple neuron labeling to provide insights into the degree of certainty with which we
can interpret a neuron's activation. Such information is crucial for building trust in AI systems, especially in critical
decision-making scenarios.

Furthermore, our error margin analysis can guide the re�nement of neural architectures. By identifying neurons
or neuron ensembles with high precision for speci�c concepts, we can inform targeted improvements in network
design. For example, architectures could be optimized to enhance the precision of key concept detections, potentially
leading to more ef�cient and accurate models.

In summary, our analysis demonstrates that the concept associations and error margins derived from our method
are both reliable and generalizable. These �ndings contribute signi�cantly to the �eld of explainable AI by providing
a validated approach to understanding and improving the interpretability of neural networks, paving the way for
more advanced and trustworthy AI systems.

5. A Special Study: Concept Induction using LLM

We explore the potential of a Large Language Model (LLM), speci�cally GPT-4, by leveraging its domain knowl-
edge and common-sense capability, to generate high-level concepts that are meaningful as explanations for humans,
for our speci�c setting of image classi�cation. We use minimal textual object information available in the data via
prompting to facilitate this process. To evaluate the output, we compare the concepts generated by the LLM with
two other methods: concepts generated by humans and the ECII heuristic concept induction system. Since there is
no established metric to determine the human understandability of concepts, we conducted a human study to assess
the effectiveness of the LLM-generated concepts. Our �ndings indicate that while human-generated explanations
remain superior, concepts derived from GPT-4 are more comprehensible to humans compared to those generated
by ECII. The prompting approach we detail and evaluate below was also used for the GPT-4 based label hypothesis
generation described in section 4.2.3.

Expanding upon the framework introduced in Section 4, our goal is to explore the feasibility of replacing the ECII
model with a Large Language Model (LLM) to produce explanations that remain meaningful and coherent. The
objective is to identify “good” concepts that make sense to humans and can later be validated by mapping them with
a Deep Neural Network (DNN) to accurately describe what neurons perceive. We utilized the GPT-4 [49] model to
generate meaningful explanations for a speci�c scene classi�cation task, which was done using a logistic regression
algorithm that classi�ed images into scene categories based on semantic tags of objects present in each image. The
explanations are generated using Prompt Engineering [18] via the OpenAI API. Unlike logical-deduction-based
systems such as ECII, which are limited by background knowledge, an LLM like GPT-4 can leverage its common-
sense reasoning capability and vast domain knowledge to produce more comprehensive concepts. In [70], the quality
of explanations generated by concept induction was assessed and found to be more meaningful than semi-random
explanations but less accurate than human-generated (gold standard) ones. Our objective is to evaluate the extent
to which explanations generated by LLMs align with human-generated explanations and potentially surpass the
concept induction system in terms of accuracy and comprehensibility.

As discussed before, concept induction is a symbolic reasoning task that can be done using provably correct [37]
or heuristic [55] deduction algorithms over description logic knowledge bases. In this section, we attempt to make
use of pre-trained LLMs to produce results that are comparable to or even better than those obtained from a concept
induction system. In other words, we are making use of an LLM to do better than a symbolic-reasoning-based
algorithm, at least in a speci�c setting.

5.1. Approach

Our approach and evaluation setting is essentially the same as in [70], however instead of their comparison of ex-
planations generated by (1) humans, (2) concept induction, and (3) a semi-random process, we compare (1) human,
(2) concept induction, and (3) GPT-4 prompting. We went into the study with the hypothesis that explanations pro-
duced by GPT-4 would outperform those produced by concept induction in terms of “meaningfulness to humans,”
but that they would still not be as good as the human-generated gold standard.
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Fig. 5. Prompting Method: The GPT-4 model was prompted using the exact prompt mentioned in the image. Here, the positive and negative text
indicates the object tags present in the images. The resulting set of seven concepts is mentioned in the GPT-4 response.

5.1.1. Input Dataset
As in [70], we used the object tags associated with images from the ADE20K dataset [74, 76] as input, in this

case for the GPT-4 model via the OpenAI API. As discussed previously, this dataset contains approximately 20,000
human-curated images annotated with scene categories and object tags present in the images. We used a selection
of 45 image set pairs. Each image set pair consists of two groups of natural images representing distinct scene
categories (A and B), with a total of 90 scene categories across all sets. Each set within a pair consisted of eight
images selected at random from a particular category.

These image set pairs were curated in the previous study [70], and we adopted the same set of pairs to maintain
consistency. Although the object tags in the dataset indicate not only the presence of an object but also details
such as the number of objects and occlusions, we focused solely on the object labels for our analysis, disregarding
additional annotations.

To generate explanations from the GPT-4 model, we fed the object tags of the images into the model using
prompts. Our objective was to describe what distinguished Category A from Category B in each image set pair,
where each image set belongs to a speci�c scene category. These descriptions were de�ned as “concepts,” and for
each image set, we produced a list of seven concepts. We tried to come up with concepts that encompass tangible
objects depicted in the images (e.g., tree or bench) or general categories that align with the theme of the images
(e.g., park or garden).

To prompt the GPT-4 model effectively, we experimented with different prompting techniques to obtain the most
reasonable concepts. Our approach involved using a straightforward technique that leveraged only the object labels
from each image set category. We instructed the GPT-4 model to differentiate between the two categories based on
their object tags. Object tags, as the name suggests, could be anything physically present in the images. For example,
the object tags coming from category A in Figure 5 include object labels such as stands, food, wall, tomatoes, bag,
register, weighing machine, shopping carts, person, etc.

Similarly, the ECII system also used the same object tags to generate concepts. For the ECII model, all object tags
from the images are automatically mapped to classes in the Wikipedia class hierarchy using the Levenshtein string
similarity metric [39] with an edit distance of 0. The algorithm then assessed the images based on their object tags
and returned a rating of how well concepts matched images in Category A but not Category B. ECII explanations
were then created by taking the seven highest-rated unique concepts. This alignment allowed us to compare the
concepts generated by our approach with those produced by the ECII system.

The process and the prompt used for interacting with the GPT-4 model are illustrated in Figure 5.
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5.1.2. Prompting the model
We used the latest version of the GPT-4 model for our prompt. We utilized zero-shot prompting with speci�c

parameters, setting the temperature to 0.5 and top_p to 1. The temperature parameter in GPT-4 controls the level
of creativity or randomness in the generated text. When predicting the next token from a vocabulary of sizeN,
the model uses a softmax distribution of the form softmax(xi=T) for i = 1 ; : : : ;N, whereT is the temperature.
This distribution assigns probabilities to each token (xi) in the vocabulary, in�uencing the likelihood of selecting
each word. Lowering the temperature favors words with higher probabilities, leading to more predictable and less
creative responses when the model randomly samples the next word. Top_p sampling is an alternative to temperature
sampling. It limits the consideration from all possible tokens to a subset of tokens (the nucleus) whose cumulative
probability mass reaches a speci�ed threshold (top_p). OpenAI recommends adjusting one of these parameters but
not both simultaneously for optimal control over text generation. In our prompts, we set the model's temperature
to a lower value (0.5) to ensure more consistent and reproducible answers across different sets. Here, we didn't
set the temperature to 0 as we wanted to see some creative responses from the GPT-4 model in tasks where the
image set categories (e.g., Category A and B) contain similar objects, to test if the model can distinguish them using
human-like intuitive behavior. In �gure 5, we can see that all the object tags coming from sets A and B are given
in the prompt, and it was asked to distinguish between them. Here as it becomes a long prompt with all the object
tags for both categories, we mention them twice in our prompt, once at the beginning and once at the end, which
seems to be helpful for the GPT model to produce better results and remember the object tags. In our prompts, we
aimed to generate generic concepts or object classes that mimic the ontology classes positioned somewhere in the
middle of the hierarchy used by ECII. These intermediate classes are designed to capture a broader range of speci�c
child classes, providing a bridge between more general concepts and highly speci�c subclasses within the ontology
structure. It is asked to provide the top seven concepts based on the instruction. We generate a list of seven concepts
for each set following this method.

5.2. Evaluation

To evaluate the concepts generated from GPT-4 we ran a study through Amazon Mechanical Turk using the Cloud
Research platform. Our goal was to assess the quality of LLM explanations (i.e., GPT-4 explanations) compared to
both human-generated (“gold standard”) explanations and ECII explanations.

We recruited 300 participants through Mechanical Turk, compensating each participant with $5 for completing
the task, which was estimated to take approximately 40 minutes (equivalent to $7.50 per hour based on the minimum
legal wage in the USA). Based on the previous study [70], we aimed for a sample size of at least 89 unique participant
judgments per trial to estimate the parameters (medium effect size of f2 = 0.15 and 95% power) of the Bradley-Terry
model [9], which is used to evaluate the survey results. This required collecting data from 300 participants, resulting
in a total of 100 observations per trial after accounting for potential exclusions.

Across all questions, each participant encountered three types of explanations, although only two explanation
types were compared in any given question. Each participant was asked to choose the more accurate explanation
using a two-alternative forced choice design. For each pair of image sets, participants answered three questions
comparing (1) Human versus ECII explanation; (2) Human versus LLM (GPT-4) explanation; and (3) LLM versus
ECII explanation. For each pair of image sets (A and B), a given participant completed all three comparisons.

The 45 pairs of image sets in this study resulted in a total of 135 unique target questions. Participants were
randomly assigned to 15 image sets (45 questions in total), ensuring that image sets were counterbalanced across
participants to receive an equal number of responses.

For all image sets, ECII explanations and Human “gold standard” explanations were created in a previous study
[70]. In this work, we generated LLM (GPT-4) explanations following the method described in Section 5.1. To form
the ECII explanations, the object tags of the images were provided to the ECII algorithm, then the seven highest-
rated unique concepts were selected based on the ranking of the F1 score. Human “gold standard” explanations were
crafted by presenting image sets (without object or scene category tags) to three human raters, selecting concepts
unanimously mentioned by all three, then by two raters, and �nally �lling in randomly selected concepts until seven
unique concepts were reached.
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Fig. 6. Survey interface, with human explanation presented on the left and LLM explanation on the right.

In addition to the 45 image sets, �ve “catch trial” image sets were used to verify participant attention. These
catch-trial image sets included two types of explanations: human explanations generated similarly to other human
gold standard explanations, and explanations consisting of completely random concepts generated from a word
generator to serve as obviously inaccurate explanations.

After providing consent, participants received brief training on the task, including instructions on how concepts
and explanations were de�ned in the study. They then began answering questions, with the 50 questions (45 assigned
targets and 5 catch trials) presented in random order. Figure 6 illustrates the stimuli presentation and response
options shown to participants.

5.3. Results

Prior to analysis, participant responses to catch trials were evaluated, and participants who failed more than one
catch trial were excluded from further analysis. Among the 300 participants, 253 did not fail any catch trials, while
22 participants failed exactly one trial, and 35 participants failed more than one trial. The 35 participants who failed
multiple trials were excluded from all subsequent analyses, resulting in a total of 265 participants included in the
analyses.

Across all image sets, human explanations were overwhelmingly preferred over ECII explanations (chosen 3282
times versus 693 times; 83% preference) and over LLM (GPT-4) explanations (chosen 2762 times versus 1213
times; 69% preference). Additionally, LLM explanations were preferred over ECII explanations (chosen 2514 times
compared to 1461 times; 63% preference). See Figure 7.

Participants' pairwise judgments were utilized in a Bradley-Terry analysis [67] to derive “ability scores” for each
type of explanation, re�ecting the extent to which each explanation type was preferred by participants. The Bradley-
Terry model uses data where entities are compared pairwise, and the outcome (win/loss, preference ranking, etc.)
is observed. From these comparisons, the model estimates the abilities� i such that the observed outcomes are
statistically likely. The estimation process typically involves �tting the model to the pairwise comparison data to
�nd the best-�tting values of� i for each entity. These estimates re�ect the latent abilities or strengths of the entities
relative to each other. Ability scores were calculated for each of the 45 image set pairs based on the pairwise
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Fig. 7. Number of times participants chose different explanation types.

Table 13

p-values of the ability scores among different explanation types from Tukey's HSD Test

Comparison pairs p-value

Human_explanation vs ECII_explanation<0.0001
LLM_explanation vs ECII_explanation =0.0004
Human_explanation vs LLM_explanation<0.0001

comparison data (win/loss) for each type of explanation. The analysis of these ability scores demonstrated that
human explanations had the highest scores (M = 1.77, SD = 0.978), followed by LLM explanations (M = 0.724, SD
= 1.16), with a signi�cant overall difference (F(2) = 46.28,p < 0:001, � 2 = 0 :41). Here, ECII explanations served
as the reference point and were set to 0, with the ability scores for human and LLM explanations indicating their
preference over ECII explanations.

A post hoc analysis using Tukey's Honestly Signi�cant Difference (HSD) test [2] was conducted to determine
which speci�c group means are signi�cantly different from each other. When comparing multiple group means,
the Tukey post hoc test is preferred over multiple t-tests [32] because it adjusts for multiple comparisons, control-
ling the overall Type I error rate [44]. Conducting multiple t-tests increases the risk of false positives, while the
Tukey test maintains the integrity of statistical conclusions by adjusting the signi�cance levels appropriately. This
test con�rmed signi�cant differences in ability scores between human vs. ECII explanations and human vs. LLM
explanations (bothp < 0:0001), as well as between LLM vs. ECII explanations (p = 0 :0004) (Table 13). These low
p-values indicate that the observed differences in ability scores are highly signi�cant and unlikely to have occurred
by random chance alone.

The individual ability scores for human and LLM explanations for each image set pair are detailed in Table 14.
The source code, input data, and raw result �les related to the evaluation tasks (i.e., survey questionnaires, and

collected responses) are available online.9

5.4. Discussion

The analysis of the results presented in Table 14 provides evidence supporting our hypothesis that LLM (GPT-4)
explanations are more meaningful for humans compared to ECII-generated ones. Human-generated explanations
were consistently preferred as the most accurate in describing differences between image categories, followed by

9https://github.com/AdritaBarua/Concept-Induction-using-LLMs-a-user-experiment-for-assessment
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Table 14

Ability Scores and Number of Wins for Human (H), ECII (E), and LLM (L) explanations. ECII explanations were set as the reference point in
the Bradley-Terry analysis and so their ability scores were always equal to 0, and thus are not displayed here.

Image Set H.Ability LLM.Ability HvE Wins HvL Wins LvE Wins

Set 1: Bedroom v Park 1.47 -1.05 72-12 74-10 18-66
Set 2: Living Room v Parking Lot 2.64 2.76 84-3 38-49 79-8
Set 3: Of�ce v Playground 1.12 0.34 74-15 54-35 45-44
Set 4: Airport v Amusement Park 1.93 0.77 77-13 70-20 63-27
Set 5: Bathroom v Art Studio 1.05 1.47 67-20 32-55 68-19

Set 6: Beauty Salon v Forest Path 0.72 -0.86 63-25 69-19 22-66
Set 7: Bookstore v Child Room 1.72 1.79 76-15 45-46 79-12
Set 8: Hotel Room v Cockpit 0.65 -1.68 62-28 79-11 11-79
Set 9: Shoe Store v Alcove 0.79 1.52 63-24 25-62 68-19
Set 10: Alley v Wet Bar 2.74 1.85 85-6 65-26 79-12

Set 11: Closet v Construction Site 1.98 1.14 77-8 57-28 62-23
Set 12: Gazebo v Bowling Alley 2.64 -1.03 85-2 81-6 19-68
Set 13: Garage v Hallway 0.42 -0.09 49-39 59-29 46-42
Set 14: Laundromat v Pantry 1.86 1.18 75-14 61-28 70-19
Set 15: Conference Room v Waterfall 2.42 -0.45 85-3 79-9 30-58

Set 16: Home Of�ce v Bow 1.83 1.58 77-13 51-39 75-15
Set 17: Dining Room v Kitchen 0.24 0.33 45-41 44-42 53-33
Set 18: Fast Food v Of�ce Building 2.58 0.24 84-4 78-10 47-41
Set 19: Jacuzzi v Greenhouse 3.08 2.13 88-5 68-25 84-9
Set 20: Gymnasium v Corridor 2.76 1.63 83-6 68-21 75-14

Set 21: Bus v Broadleaf Forest 2.24 -0.59 77-8 80-5 30-55
Set 22: Casino v Arrival Gate 1.77 1.11 73-13 57-29 65-21
Set 23: Library v Gas Station 0.92 -1.02 61-31 85-7 29-63
Set 24: Valley v Yard 2.66 1.17 85-7 76-16 71-21
Set 25: Mountain v Coast 0.45 -0.64 50-36 67-19 32-54

Set 26: Dinette Vehicle v Farm Field 0.88 -0.62 69-23 71-21 28-64
Set 27: Poolroom v Driveway -0.72 -0.12 30-58 30-58 40-48
Set 28: Bridge v Auditorium 1.95 1.9 80-10 45-45 77-13
Set 29: Museum v Youth Hostel 1.24 -1.04 68-20 80-8 23-65
Set 30: Supermarket v Restaurant 2.12 2.97 75-8 24-59 78-5

Set 31: Classroom v Archive 1.18 0.06 65-18 61-22 41-42
Set 32: Dentist Of�ce v Ballroom 2.94 1.29 85-5 76-14 71-19
Set 33: Lighthouse v River 1.68 1.81 73-14 41-46 75-12
Set 34: Creek v Basement 4.46 2.85 86-4 78-12 88-2
Set 35: Building Facade v Ocean 1.69 0.77 77-16 68-25 65-28

Set 36: Courthouse v Parking Garage 2.95 1.15 82-7 79-10 70-19
Set 37: Balcony v Skyscraper 3.18 0.8 84-4 81-7 61-27
Set 38: Game Room v Waiting Room 0.68 0.09 63-29 57-35 46-46
Set 39: Landing Deck v Window Seat 2.72 2.15 86-4 56-34 79-11
Set 40: Bar v Warehouse 1.35 0.47 73-15 59-29 51-37

Set 41: Bakery v Apartment Building 0.99 1.98 63-21 21-63 72-12
Set 42: Needleleaf Forest v Playroom 2.41 1.14 81-8 70-19 68-21
Set 43: Outdoor Window v Roundabout 2.14 0.53 84-8 75-17 56-36
Set 44: Reception v Golf Course 2.16 0.99 76-9 65-20 62-23
Set 45: Staircase v Plaza 1.09 0.04 65-21 63-23 43-43
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LLM explanations, with ECII explanations found as the least accurate. The preference for human-generated explana-
tions over LLM explanations is expected given the messy nature of generalized Large Language Models. These mod-
els, trained on vast and diverse datasets, can produce responses that lack precision and clarity because of their broad
generalization. This can lead to explanations that are sometimes inaccurate or unclear, making human-generated
explanations generally more reliable and preferred. Also, there is potential for further re�nement in prompting
techniques using varied hyper-parameters (e.g., temperature and top-p). However, LLM explanations demonstrated
notable explanatory power, suggesting their usability in concept generation.

It is important to note the variability in LLM performance across different image sets. In some cases, LLM
explanations were chosen relatively more frequently than in others, with some instances showing LLM explana-
tions being preferred more often than human explanations. Conversely, in other image sets, LLM explanations were
chosen less often than ECII explanations. For instance, in Set 41 (see Figure 8), explanations generated by LLM
are more comprehensive in identifying images of a bakery, while human-generated explanations also perform ad-
equately. However, the concept “Women” included in the human-generated list is not as relevant for capturing the
overall scene depicted in these images.

Fig. 8. Example of different explanation types for Set 41: Bakery v Apartment Building

On the other hand, ECII concepts only identify the object names present in the images and fail to capture the
broader category of the scenes (i.e., bakery). In most cases where LLM explanations fall short, they tend to introduce
concepts that are unrelated to the images. For example, in Set 6 (see Figure 9), LLM produced a concept like
“Public Transport,” which is contextually incorrect. One potential reason for this is the presence of object names
(such as streetcar, tram, tramcar, swivel chair, trolley car, armchair) in the input images, which could be erroneously
associated with public transport. Based on these examples, it is speculated that when GPT-4 was prompted to
generate generic scenarios based on object tags, it attempted to produce seven distinct concepts. Limiting the number
of concepts might lead to clearer explanations that are more pertinent. Additionally, running prompts to ask for
simple object names rather than generic scenarios akin to ECII-generated explanations could yield different outputs
that may prove useful. This suggests there is certainly still room for improvement in LLM explanations, but that on
average there is promising evidence that LLMs can produce explanations that successfully describe the differences
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