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Abstract 

Interpreting hidden neuron activations in convolutional neural networks (CNNs) is a 

critical objective in the field of Explainable Artificial Intelligence (XAI), aiming to transform 

"black box" models into transparent systems. Previously, our research group addressed this 

challenge by employing concept induction and semantic reasoning using a concept hierarchy 

derived from the Wikipedia knowledge graph. However, that process was manual and required 

several days to complete, limiting its practicality and scalability. In this study, we introduce a 

fully automated pipeline that streamlines model training, data preparation, concept induction, 

image retrieval, classification, and statistical validation, reducing execution time from days to 

approximately 1 hour and 30 minutes while ensuring consistent, reproducible results. The 

automation enables flexible adjustments, such as incorporating a broader range of training 

images and classes and examining additional concept induction results across various neuron 

layers with minimal code changes. The automation efficiently processes large datasets by 

utilizing parallel processing capabilities on high-performance computing resources, ensuring that 

the pipeline operates quickly and effectively. The results confirm that our automated approach 

effectively bridges the gap between deep learning models and human-understandable concepts, 

enhancing model interpretability without compromising performance. This work advances the 

field of Explainable AI (XAI) by offering a practical solution that balances interpretability with 

computational efficiency, contributing to the broader goal of making AI systems more 

transparent and trustworthy. 
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Chapter 1 - Introduction and Related Work 

Artificial Intelligence (AI) has become an integral part of our daily lives, influencing 

decisions in various subtle yet impactful ways. From personalized product recommendations on 

platforms like Amazon and Netflix to friend suggestions on Facebook and targeted 

advertisements on Google, AI systems operate seamlessly behind the scenes, shaping our digital 

experiences. While we have become accustomed to these automated decisions, the need for 

transparency becomes crucial when AI is applied to life-changing decisions, such as disease 

diagnosis. In these contexts, it is essential to understand not only the outcome but also the 

reasoning behind AI-driven conclusions. This highlights the importance of Explainable AI 

(XAI), which aims to make AI systems more interpretable and trustworthy by offering insights 

into their decision-making processes[1]. 

Explainable Artificial Intelligence (XAI), first coined in 2004 by Van Lent et al. [2] 

refers to a collection of techniques and processes aimed at making the decision-making 

mechanisms of machine learning models transparent and understandable to humans [3], [4]. It 

provides insights into how AI models arrive at their predictions or decisions, enabling users to 

comprehend and trust the outcomes. XAI is crucial for applications where accountability, 

fairness, and interpretability are important, as it bridges the gap between the "black-box" nature 

of AI models and human understanding, fostering confidence in AI-driven systems [3], [5]. 

There is a growing interest in Explainable AI (XAI) within the industrial sector, with 

several leading companies developing solutions to make AI more transparent. H2O.ai offers its 

driverless AI product, while Microsoft has integrated XAI into its next-generation Azure ML 

Workbench. Kyndi provides an XAI platform tailored for government, financial services, and 

healthcare, and FICO applies XAI to its credit risk models [1]. 
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Deep learning is a branch of artificial intelligence (AI) that focuses on training large-

scale neural networks to learn and make predictions from data autonomously, without being 

explicitly programmed for specific tasks [6]. It has become a driving force behind innovations in 

various domains, from healthcare and autonomous vehicles to voice recognition and personalized 

recommendations. The ability to learn from vast datasets and make decisions without human 

intervention has driven technological breakthroughs across industries [7]. These models consist 

of multiple layers of interconnected neurons, processing data hierarchically, capturing 

increasingly complex features and patterns as they progress through each layer [8], [9]. 

A fundamental component of these neural networks is the neuron, which serves as the 

basic computational unit. Neurons are organized into layers, with each layer receiving and 

processing inputs before passing outputs to the next layer. Between these, hidden layers process 

the data while passing information from one neuron to the next. A neuron in any layer receives 

input signals, processes them using a mathematical function, and generates an output. Each 

output has a specified threshold or weight, and if the output exceeds this threshold, the neuron is 

activated, passing data to the next neuron in the network; otherwise, no data is transmitted. This 

transmission through layers enables neural networks to learn complex patterns and make 

accurate predictions from the input data [10]. 

Convolutional Neural Networks (CNNs) represent a specialized form of deep learning 

optimized for tasks involving spatially structured data, such as image recognition and computer 

vision. It uses convolutional layers to extract local features from smaller regions of the input. 

Each convolutional layer applies a set of filters (or kernels) to these regions, effectively 

capturing important spatial features like edges, textures, and shapes. As the network deepens, 

these layers learn more abstract patterns, allowing the model to recognize increasingly complex 
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structures in the data [11]. LeNet-5 was the first CNN architecture developed using 

backpropagation algorithm [12], and later, many CNN architectures were introduced to improve 

performance and handle more complex tasks. Some notable ones include AlexNet, ZFNet, 

VGGNet, GoogleNet, and ResNet. ResNet is remarkable for its greater depth and its ability to 

handle complex data representations [11], [13].  

While CNNs have revolutionized fields like image recognition, their lack of 

interpretability has raised concerns, especially in applications requiring transparency. This has 

led to growing interest in Explainable AI (XAI). One approach to enhancing the interpretability 

of these AI models is semantic reasoning, which enables AI systems to infer new information 

based on existing data and predefined inference rules or ontologies. Unlike traditional machine 

learning approaches that rely solely on data-driven patterns, semantic reasoning introduces an 

additional layer of intelligence by utilizing structured knowledge bases, such as ontologies and 

knowledge graphs. 

Knowledge bases provide a formalized structure for understanding relationships between 

concepts, allowing AI systems to make inferences that go beyond the data explicitly provided. 

By integrating this structured knowledge into the reasoning process, semantic reasoning allows 

AI models to generate contextually relevant and interpretable conclusions. For example, a system 

trained to recognize objects in images might not only detect a "car" but also infer that it is a 

"vehicle" or identify its relationship to other objects in the image, such as "roads" or "traffic 

signs." This capacity to reason about relationships and abstract concepts enriches the raw data 

with deeper, human-understandable insights, making the AI model’s decisions more transparent 

and meaningful. This approach, often termed Semantic AI [14].  
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Knowledge graphs and ontologies play a pivotal role in enhancing the interpretability of 

AI models, especially in the context of semantic reasoning and concept induction. A knowledge 

graph organizes information in a structured manner, representing relationships between entities 

in a way that mimics human understanding. Ontologies, on the other hand, define a set of 

concepts and categories within a domain and the relationships between them. Here, in our 

research, Wikipedia concept hierarchy serves as a vast knowledge base from which human-

understandable concepts can be derived to explain neuron activations. By integrating such 

structured knowledge, AI models can move beyond mere statistical patterns and offer more 

meaningful, context-aware interpretations of their behavior[15]. This combination of structured 

background knowledge with deep learning enhances the transparency and explainability of 

complex AI systems, making it possible to associate abstract neural activations with 

understandable concepts. 

Li et al. (2019) utilized semantic reasoning by employing Graph Convolutional Networks 

(GCNs) to model how different image regions are connected. Their approach captured key 

objects and their relationships between them and refining these connections through a broader 

reasoning process which helped to create a comprehensive visual representation that effectively 

aligned with text descriptions [16]. Dalal et al. (2023) further advanced the application of 

semantic reasoning by using concept induction based on description logics. They employed 

Wikipedia Concept Hierarchy to hypothesize and verify neuron activations in Convolutional 

Neural Networks (CNNs). This approach enabled the generation of meaningful explanations for 

hidden neuron activations, making these deep learning models a little less of a "black box" by 

associating neuron responses with human-understandable concepts [17], [18], [19]. Building on 

this foundation, our research automates this entire interpretability process to improve efficiency 



5 

and ensure scalability across large datasets. By leveraging Beocat’s high-performance computing 

infrastructure, we eliminate the need for manual intervention, enabling large-scale analysis of 

CNN neurons and creating a fully automated pipeline for neuron interpretation. 

Concept induction, a key element in semantic reasoning, is a method used to identify and 

generate meaningful concepts or categories based on patterns observed in data. It plays a critical 

role in making AI systems interpretable by systematically associating data points with 

understandable labels. It typically involves using a predefined set of rules and a large-scale 

knowledge base, such as ontologies or hierarchies, to systematically associate data points with 

human-understandable labels. The core idea behind concept induction is to enable an AI system 

to infer new concepts or refine existing ones based on observed relationships, ultimately making 

the system’s behavior interpretable. 

Sarker et al. (2020) utilized concept induction as a technique to generate complex class 

expressions from a description logic knowledge base. They applied this approach to distinguish 

between sets of positive and negative examples by creating expressions that correctly represent 

positive cases while excluding negative ones. They introduced an algorithm named ECII to 

enhance the efficiency of concept induction. It was designed to improve runtime efficiency by 

combining atomic concepts to create more complex expressions, without relying on traditional 

refinement operators. They tested ECII on various datasets, including the ADE20K dataset, and 

demonstrated that it significantly reduced processing time by two to three orders of magnitude 

while maintaining comparable levels of accuracy [20], [21]. 

Automation offers numerous advantages across various industries, improving efficiency, 

accuracy, and scalability while reducing human error and operational costs. By streamlining 

repetitive tasks, automation allows human workers to focus on more strategic and creative 
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endeavors, enhancing overall productivity. One of the primary benefits is the ability to handle 

large volumes of data or processes quickly and consistently, making automation indispensable in 

industries that demand precision and speed. For example, in manufacturing, automation has 

revolutionized production lines with robotics and AI-driven systems, significantly boosting 

output while ensuring consistent product quality. In software development, automation tools like 

continuous integration and deployment (CI/CD) pipelines have accelerated the release of reliable 

software updates, reduced time-to-market and minimizing manual intervention. Similarly, in the 

healthcare sector, automation in diagnostic systems and administrative tasks has improved 

patient care by speeding up diagnosis and reducing paperwork, enabling healthcare professionals 

to focus on critical aspects of patient treatment. 

Manually interpreting and analyzing the activations of neurons in a CNN is a laborious 

and time-intensive task, often involving significant human intervention to extract and label 

relevant patterns. This manual process is not only inefficient but also introduces the risk of 

inconsistencies, as different individuals may interpret the same activations differently. The 

growing complexity of neural networks, with their increasing depth and scale, makes manual 

interpretation virtually infeasible in many practical applications. This paper presents a 

comprehensive overview of our automated approach, detailing its technical components, 

performance evaluation, and broader implications for advancing Explainable AI (XAI). 

Automation is, therefore, a crucial advancement in AI workflows. By automating the 

interpretation process and analysis, we can significantly reduce execution time, enhance 

reproducibility, and scale the analysis to handle large datasets. This is where the concept 

induction approach becomes invaluable, as it provides a systematic way of labeling neuron 

activations based on predefined rules and a structured knowledge base. Automating this process 
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ensures that the results are consistent and scalable, eliminating the bottleneck of human 

interpretation. 

Moreover, high-performance computing (HPC) plays a vital role in enabling large-scale 

AI systems to function effectively. HPC utilizes powerful systems to process vast amounts of 

data and perform complex calculations at high speeds. In fields such as scientific research, 

engineering, and data analysis, HPC enables faster simulations, accelerates problem-solving, and 

allows for efficient handling of large datasets, leading to more accurate and timely results. 

Beocat, a Beowulf high-performance computing cluster at Kansas State University, consists of 

362 compute nodes with over 10,980 cores and 5.57 terabytes of memory. It uses the SLURM 

job scheduler and is designed to support research requiring large-scale computational resources. 

Beocat serves a wide range of applications, from data-intensive simulations to machine learning 

tasks. Its infrastructure allows researchers to efficiently manage and execute complex workflows, 

offering a robust platform for computationally demanding projects [22]. 

AI workflows, particularly those involving deep learning models like CNNs, are 

computationally intensive, requiring significant processing power to handle vast amounts of data 

and perform complex calculations. High-performance computing (HPC) resources are 

indispensable in such scenarios, allowing researchers to train models, conduct experiments, and 

analyze results at scales that would be impossible with standard computing systems. Beocat, the 

HPC cluster at Kansas State University, plays a crucial role in enabling our research by 

providing the computational infrastructure necessary for automating tasks like model training, 

concept induction, image retrieval, and statistical analysis. The use of SLURM job scheduling 

further enhances the efficiency of resource allocation, ensuring that the pipeline runs smoothly 

and rapidly, even when processing large datasets[23]. HPC allows for the parallelization of tasks, 
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significantly reducing execution time and enabling the exploration of more complex models and 

datasets, which is vital for ensuring scalability and efficiency in AI research. 

The automation pipeline developed in this research has significant real-world 

applications, particularly in fields where transparency in AI decisions is critical. In healthcare, 

for example, automated interpretation of CNN activations could aid in medical image analysis, 

helping clinicians better understand how AI models arrive at diagnoses from radiographic images 

or MRI scans. By providing interpretable explanations for AI-driven decisions, the system could 

improve trust and acceptance of AI in life-critical domains. Similarly, in autonomous systems, 

understanding the decisions made by AI—such as why an autonomous vehicle chooses one route 

over another—can prevent costly errors and ensure safety. The ability to automate and interpret 

neuron activations also has applications in other fields like finance, where XAI can help explain 

decisions in credit scoring models, fraud detection, and risk assessment. The integration of 

automation and explainability opens up new possibilities for deploying AI in high-stakes 

environments where trust and transparency are paramount. 
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Chapter 2 - System Architecture 

 2.1 Overview of the Pipeline 

The pipeline consists of four main stages: 

1. Stage 1 - Model Training and Data Configuration: handles the training and 

preparation of a CNN model using the ADE20k dataset. The output is a trained 

ResNet50V2 model and neuron activation data for further analysis. 

2. Stage 2 - Parallelized Concept Induction and Label Hypothesis Generation: focuses 

on concept induction using a pre-defined knowledge source (OWL file). This stage 

generates hypothesized labels for neuron activations using semantic reasoning tools. 

3. Stage 3 - Parallelized Image Retrieval and Classification: automates the retrieval and 

classification of images based on the neuron-specific concept files generated in Stage 2. 

These images are used to evaluate the accuracy of neuron labels. 

4. Stage 4 - Statistical Analysis and Verification of Neuron Activations: involves 

statistical validation, where the neuron activations are analyzed using metrics such as 

target and non-target activations, and statistical tests (e.g., Mann-Whitney U test) are 

applied to verify the quality of the neuron labels.    

 

 2.2 System Architecture and Data Flow 

The system architecture of the proposed automated pipeline is designed to streamline the 

process of interpreting CNN neuron activations. This section outlines the architecture and 

provides a detailed flow (Figure 2.1) of how data is transformed and passed through each stage.  
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Figure 2.1: Automated Four-Stage Pipeline for Neuron Activation Analysis and Concept 

Induction (created with BioRender.com). 

 

 2.2.1 Stage 1: Model Training and Data Configuration 

In Stage 1, the process begins with the ADE20k dataset as the primary input for training 

the CNN model. The system first loads the training configuration, which defines essential 

parameters such as learning rate, batch size, and number of epochs. Next, the data preprocessing 

step ensures the dataset is normalized, resized, and split into training and validation sets, 

preparing it for model training. The ResNet50V2 model is then customized by adding fully 

connected layers, adapting the pre-trained model to the specific task. The model is subsequently 

trained on the ADE20k dataset, producing a trained ResNet50V2 model file as output. Once 

trained, the system proceeds to analyze the intermediate layers, extracting neuron activations to 
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gain insights into the feature representations learned by the model. Following this, the model's 

performance is evaluated using validation data, with accuracy and loss metrics computed. The 

pipeline then generates feature map predictions by activating 64 neurons in the dense layer, 

resulting in dense layer activation predictions. These activations are categorized into positive and 

negative image activations based on predefined thresholds. Finally, ECII configuration files are 

generated for each neuron, creating neuron-specific configuration files that will be used in 

subsequent stages for concept induction and hypothesis generation. 

 

 2.2.2 Stage 2: Parallelized Concept Induction and Label Hypothesis Generation 

In Stage 2, the process begins by loading the neuron-specific configuration files, which 

were generated in Stage 1 and serve as input for the concept induction process. These files 

contain information about the neuron activations and the categories they belong to. Next, the 

system loads the knowledge source, specifically a combined OWL file, which contains a 

structured semantic hierarchy (such as the Wikipedia knowledge graph) that is used for 

reasoning and label hypothesis generation. The core of Stage 2 involves executing the ECII tool 

(Extended Concept Induction and Interpretation), which processes each neuron in parallel. The 

tool performs concept induction and label hypothesis generation by leveraging the knowledge 

graph to find meaningful semantic concepts that match the neuron activations. The output of this 

stage is a set of neuron-specific concept files, each containing the hypothesized labels and 

coverage scores for every neuron, ready for further validation in the next stages.  
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 2.2.3 Stage 3: Parallelized Image Retrieval and Classification 

In Stage 3, the process begins by loading the neuron-specific concept files, which contain 

the hypothesized labels for each neuron generated in Stage 2. Simultaneously, the pre-trained 

ResNet50V2 model, trained in Stage 1, is loaded to perform image classification tasks. For each 

neuron, the system extracts keywords from the top 3 solutions in the concept files, which 

represent the most likely labels for the neuron activations. These keywords are then used in an 

automated parallel image retrieval process, where relevant images are retrieved from external 

sources based on the extracted keywords. Once the images are retrieved, the feature map model 

from Stage 1 is employed to predict the image classes, validating whether the retrieved images 

activate the neurons as expected. The classified images are then split into training and validation 

sets, creating neuron-specific evaluation sets and neuron-specific verification sets, which will be 

used in the final stage for statistical analysis and verification of neuron labels.  

 

 2.2.4 Stage 4: Statistical Analysis and Verification of Neuron Activations 

In Stage 4, the process begins by loading the neuron-specific evaluation sets, which were 

generated in Stage 3, and contain the activation data for each neuron. The system then combines 

the activation data from these evaluation sets, allowing for the calculation of key metrics. Target 

activation metrics are calculated for neurons that strongly respond to the target images, followed 

by the calculation of non-target activation metrics for neurons that respond to non-relevant 

images. The system then filters neurons with high target activation, producing a neuron 

activation evaluation report that highlights the neurons with significant activations for further 

analysis. 



13 

Next, the system proceeds by loading the neuron-specific verification sets, also generated 

in Stage 3, and selects neurons with high target activation from the evaluation phase for 

verification. The system combines the activation data from the verification sets and recalculates 

target activation metrics and non-target activation metrics to further validate the neurons’ 

activations. To provide more detailed insights, the system computes the mean and median 

activation values for both target and non-target activations. A Mann-Whitney U test is then 

performed to statistically compare the activations, identifying neurons that show a significant 

difference between target and non-target activations. The final output is a neuron activation 

verification report, which identifies the statistically significant neurons, confirming the validity 

of the neuron labels generated throughout the pipeline.   
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Chapter 3 - Implementation 

 3.1 Stage 1: Model Training and Data Configuration 

 3.1.1 Technical Requirements 

The model training and data configuration process was executed on the Beocat high-

performance computing cluster, leveraging the SLURM workload manager for job scheduling 

and resource allocation. The following specifications were used for the job: 

1. Job time limit: 2 hours 

2. Memory: 5 GB 

3. Compute resources: 4 nodes, each with 6 processing cores, totaling 24 cores. 

4. Parallel execution: Managed through SLURM to distribute tasks efficiently across 

multiple nodes, enhancing processing speed and resource utilization. 

The workflow was automated using a Bash script, that initialized the environment, loaded 

the necessary modules, and triggered the Python scripts responsible for model training and data 

analysis. The Bash script ensured that each task was completed without manual oversight, 

making the process highly scalable and repeatable. Key steps in the Bash script included: 

1. Environment setup: Python 3.11.5 was loaded using the module system, and a virtual 

environment was created to manage dependencies, ensuring that all required libraries 

(e.g., TensorFlow, Pandas, scikit-learn, SciPy) were installed in an isolated environment. 

2. Repository access: The necessary Python project repositories were securely cloned from 

GitHub using an authentication token. This automation ensured data integrity and 

allowed for version control, enabling seamless updates to the codebase without manual 

intervention. 



15 

3. Execution of Python scripts: The Bash script automated the execution of Python scripts 

responsible for model configuration, training, and evaluation. By triggering the Python 

training script (main.py), the automation pipeline handled the entire process, from data 

preparation to output generation, ensuring that each stage of the workflow was completed 

consistently and reproducibly. 

The Python script executed within this automated environment handled: 

1. Data preprocessing: Automated loading, augmentation, and splitting of the dataset. 

2. Model customization: Automated configuration of the ResNet50V2 architecture. 

3. Model training: Automated training of the model, including the application of early 

stopping to prevent overfitting. 

4. Performance evaluation: Automated generation of predictions and model evaluation 

metrics. 

The outputs, including the trained model and activation results, were saved in a 

predefined directory for subsequent stages of the analysis. This automated workflow ensured 

seamless and reproducible execution across multiple runs eliminating human errors.  

The source code and scripts for implementing the pipeline is available in GitHub 

repository https://github.com/Samatha1994/ExAI_Automation_Project. This repository contains 

all configuration files, code modules, and instructions for replicating the pipeline stages. A 

demonstration video illustrating the pipeline's functionality and execution process is also 

available at https://www.youtube.com/watch?v=a_tHVwexlEE. 

 

https://github.com/Samatha1994/ExAI_Automation_Project
https://www.youtube.com/watch?v=a_tHVwexlEE
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 3.1.2 Inputs and Data Setup 

We employed the ADE20K dataset, consisting of over 27,000 images across 365 scene 

categories. For this study, we selected 10 scene categories based on the number of available 

images in each class and relevance for hidden neuron analysis: “bathroom,” “bedroom,” 

“building facade,” “conference room,” “dining room,” “highway,” “kitchen,” “living room,” 

“skyscraper,” and “street.” The dataset was organized into separate training and validation 

folders for each scene category to ensure effective data management throughout the pipeline 

(Figures 3.1 to 3.6). 

 

Figure 3.1: Beocat OnDemand interface displaying the initial input files required for training the 

ResNet50V2 model, including the ADE20K dataset, owlfile and configuration files used for 

processing image datasets. 

 

Figure 3.2: Directory structure showing the training and validation data split under the 

Stage1_Inputs/addkdata folder, which contains the image categories for analysis, emphasizing 

organized data handling in the pipeline. 
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Figure 3.3: View of the training folder containing subfolders for each of the selected scene 

categories from the ADE20K dataset. This highlights the classification of training images for 

each environment type used in the initial model training stage. 

 

Figure 3.4: The “bathroom” subfolder under the training folder, displaying individual image files 

from the ADE20K dataset.  
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Figure 3.5: The validation folder, similar to the training folder, showing the subfolders 

containing images for each selected scene category. This structure was used to validate model 

performance and avoid overfitting during training. 

 

Figure 3.6: The “bathroom” subfolder under the validation folder, displaying individual image 

files from the ADE20K dataset. 
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Figure 3.7: Combined.owl file shown in Beocat, representing the OWL (Web Ontology 

Language) file loaded during concept induction. This file contains structured semantic 

information used to infer neuron-label relationships through semantic reasoning. 

 

The dataset was split into training and validation sets with a total of 7,557 images. Each 

image was resized to 224x224 pixels. Training was conducted over 30 epochs with a batch size 

of 32, using early stopping to prevent overfitting. The pixel-level annotations provided in the 

ADE20K dataset were not utilized during training, but rather for post-training analysis to 

generate label hypotheses for neuron activations. 

The training parameters, including dataset paths, batch size, image size, and number of 

epochs, were managed through a configuration file (config.json), ensuring consistency and 

reproducibility. Additionally, an OWL file containing structured semantic information was 

incorporated to infer neuron-label relationships through semantic reasoning (Figure 3.7). 

 

 3.1.3 Process 

The entire process of model training, data configuration, and analysis was fully 

automated through a streamlined pipeline. This automation eliminated the need for manual 

intervention at each stage, ensuring consistency, reproducibility, and efficiency across multiple 

runs. The pipeline was designed to manage everything from data preprocessing to the generation 
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of outputs (Figure 3.8), making the workflow scalable and reliable. Below are the key steps 

involved in this automated process: 

 

Figure 3.8: Stage 1 workflow for model training and data configuration using the ADE20k 

dataset and ResNet50V2 model. 

 

1. Data Preprocessing: The dataset was preprocessed using TensorFlow's 

ImageDataGenerator, which normalized pixel values by rescaling them to [0, 1] and 

applied real-time augmentation to the training set. Augmentation techniques included 

random shear, zoom, and horizontal flips to improve model generalization and prevent 

overfitting. The data was split into training (80%) and validation (20%) sets. Both sets 

were resized to 224x224 pixels, with a batch size of 32. The validation set was left 

unaltered, while augmentation was applied only to the training set during runtime. 

2. Customize ResNet50V2 Model: For the model architecture, we fine-tuned a pre-trained 

ResNet50V2 model. The base model was initialized with ImageNet weights and modified 

to exclude the top classification layers. This allowed us to retain the pre-trained feature 

extraction layers, which were kept frozen to prevent retraining. The custom head of the 

model consisted of an Average Pooling layer, followed by a Flatten layer, a 64-unit 

Dense layer with ReLU activation, and a Dropout layer (0.5) to reduce overfitting. The 

final output layer was a Dense layer with softmax activation, where the number of units 

matched the number of scene categories (10), allowing for multi-class classification. By 

freezing the base layers and adding a lightweight custom head, we ensured that the model 
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could leverage pre-trained features while efficiently learning scene-specific 

classifications. 

3. Train Model: The customized ResNet50V2 model was trained using the Adam 

optimizer, with a learning rate of 0.001 and decay applied over 30 epochs. The model 

was compiled with categorical cross-entropy as the loss function and accuracy as the 

evaluation metric. Training was performed using the prepared training and validation 

datasets, with an early stopping mechanism implemented to avoid overfitting. The early 

stopping callback monitored the validation loss and restored the model weights from the 

epoch with the best validation performance after 3 consecutive epochs of no 

improvement. The model was trained for up to 30 epochs, though the use of early 

stopping typically reduced the total training time. Upon completion, the trained 

ResNet50V2 model was saved as a .h5 file, ensuring the model could be reused for 

further analysis and evaluations. 

4. Analyze Intermediate Layers: To gain insights into the behavior of the model during 

feature extraction, we analyzed the outputs of the intermediate layers of the trained 

ResNet50V2 model. The saved model (model_resnet50V2_10classes_retest2023June.h5) 

was loaded, and outputs from specific layers were extracted for further examination. In 

this study, we focused on the outputs of the last three layers of the model, which play a 

critical role in generating the final feature representations. The layer names and their 

corresponding outputs were captured, and a feature map model was constructed using 

these layers. This allowed us to visualize the activations and understand how the model 

processed different input images at a deeper level. Analyzing intermediate layers is 

crucial for understanding the hierarchical feature extraction process in CNNs, especially 
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in explainable AI contexts where interpreting hidden neuron activations can provide 

transparency into model decision-making. 

5. Evaluate Model Performance: The performance of the trained ResNet50V2 model was 

evaluated using the test dataset. Predictions were generated by passing the test images 

through the model, and the predicted labels were compared with the true class labels. The 

final class prediction for each image was determined by selecting the class with the 

highest predicted probability. The evaluation metrics included precision, recall, and F1-

score, calculated for each of the 10 scene categories. These metrics provided a 

comprehensive assessment of the model's classification accuracy. The evaluation process 

helped to identify the model's strengths in recognizing certain scenes and potential areas 

where the model's performance could be improved. Additionally, the predicted labels and 

corresponding image filenames were stored for further analysis. This allowed for the 

examination of misclassified instances, which can offer insights into areas for model 

refinement. 

6. Generate Feature Map Predictions: To further analyze the model's behavior, feature 

map predictions were generated for the dense layer of the trained ResNet50V2 model. 

This analysis focused on extracting activation patterns from the 64 neurons in the dense 

layer, providing a detailed view of how the model responds to different input images. The 

test dataset was passed through a feature map model, which captured the activations from 

the dense layer. These activations were recorded for each of the test images, generating a 

set of predictions that reflected the neuron-level responses across the entire dataset. The 

results were saved to a structured file for further examination, allowing for a more 

granular analysis of the model's internal representations. This step was crucial in 
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understanding the relationship between specific neurons and their contribution to the final 

classification decisions. 

7. Categorize Activations: After generating the feature map predictions, the next step 

involved categorizing the neuron activations into positive and negative groups. The 

activations of the 64 neurons in the dense layer were analyzed to determine their response 

to each input image. For each neuron, the highest activation value was identified, and two 

thresholds were established: one at 80% of the highest value to categorize positive 

activations, and one at 20% to categorize negative activations. Images with activation 

values above the 80% threshold were categorized as positive activations, indicating that 

the neuron was highly activated by those images. Conversely, images with activation 

values below the 20% threshold were categorized as negative activations, indicating low 

or minimal activation. The categorized images were saved in separate files for each 

neuron, allowing further exploration of neuron-specific behaviors. This step is crucial for 

understanding which images strongly activate certain neurons and contributes to the 

overall explainability of the model. 

8. Generate ECII Configuration Files: In the final step of this stage, neuron-specific 

configuration files were generated to serve as inputs for the subsequent concept induction 

process. These configuration files were created based on the positive and negative image 

activations identified in the previous step. A pre-defined template configuration file was 

used as the base, which included key parameters such as concept limits, horn clause 

limits, and reasoner settings. For each neuron, the corresponding positive and negative 

image activations were converted into uniform resource locators (URLs) pointing to the 
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associated images in the knowledge base. For each neuron, a configuration file was 

generated containing the following key components: 

• A knowledge base (or ontology): The file referenced a pre-built ontology in OWL 

format. 

• Positive examples (P): This consisted of URLs representing images that strongly 

activated the neuron (above the 80% threshold). 

• Negative examples (N): This consisted of URLs representing images that weakly 

activated the neuron (below the 20% threshold). 

Configuration files were only generated for neurons with at least one positive or negative 

activation. These files were stored in the output directory and would be used in the next stage 

for running the ECII tool, enabling concept induction for each neuron. 

 

 3.1.4 Outputs 

Upon completion of the model training and data configuration process, several key 

outputs were generated, which were critical for the subsequent stages of the project (Figures 3.9 

to 3.11): 

 

Figure 3.9: Input Dataset Summary: This figure provides a summary of the number of images 

belonging to each selected class in the ADE20K dataset used for training. It shows the dataset 

distribution across 10 scene categories, which formed the training set for configuring and fine-

tuning the ResNet50V2 model. 
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Figure 3.10: Scene Classification Evaluation Report: This figure presents the evaluation metrics 

for 10 selected scene categories from the ADE20K dataset. The table reports precision, recall, 

and f1-score for each category, highlighting an overall model accuracy of 88%. These metrics 

provide a comprehensive assessment of the model’s classification performance. 

 

Figure 3.11: Generated Files After Model Training and Prediction: The output directory contains 

essential files, including the trained ResNet50V2 model file (.h5 format), dense layer predictions, 

positive and negative activation datasets, and neuron-specific configuration files.  
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Figure 3.12: Neuron-Specific Configuration Files: This figure displays the configuration files 

generated for each of the 64 neurons. These files contain essential references and parameters 

used in the next stage to induce concepts using the ECII tool. The configuration files play a 

significant role in linking neuron activations to specific concepts. 

 

1. Trained ResNet50V2 Model: The final trained model, after 30 epochs, was saved in .h5 

format. This model encapsulated the learned weights and configurations specific to the 

scene classification task, enabling further use in prediction and analysis. 

2. Intermediate Layer Activations: The activations from the last dense layer of the model 

were extracted for 64 neurons. These activations provided insight into the internal 

behavior of the model and were used for further analysis of neuron-specific responses. 

These activations were stored in a CSV file for future reference and exploration. 

3. Feature Map Predictions: Dense layer activation predictions were generated for the test 

dataset, capturing the response of each neuron to the input images. This output served as 

a critical input for understanding neuron-specific activation patterns and for categorizing 

positive and negative activations. 
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4. Positive and Negative Activations: Neuron-specific activations were categorized into 

positive and negative sets. Images that triggered strong activations (above 80%) were 

categorized as positive, while those with weak activations (below 20%) were categorized 

as negative. These results were stored as CSV files for each neuron. 

5. ECII Configuration Files: Neuron-specific configuration files were generated based on 

the positive and negative activations. These files (Figure 3.12) included references to the 

ontology knowledge base and served as the input for the next stage, where the ECII tool 

would be used for concept induction. These outputs were systematically saved in the 

output directory, providing the necessary data for subsequent stages of analysis, including 

neuron interpretation and concept induction. 

 

 3.2 Stage 2: Parallelized Concept Induction and Label Hypothesis Generation 

 3.2.1 Technical Requirements 

The execution of the concept induction and label hypothesis generation in Stage 2 

required a high-performance computing setup to efficiently process 64 neurons in parallel. The 

following technical requirements were critical for this stage: 

1. Compute Resources: The job was executed on 1 node, utilizing 1 task per node with 

exclusive node access. This allowed for efficient parallelization across neurons by 

leveraging SLURM’s array feature, which assigned each neuron to a unique task. The job 

was split into 64 tasks, corresponding to the 64 neurons, enabling simultaneous concept 

induction for each neuron. 
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2. Memory Allocation: Each job array task was allocated 38 GB of memory, ensuring 

sufficient resources for loading large knowledge bases (OWL files) and handling 

computationally intensive concept induction operations. 

3. Execution Time: A maximum time limit of 2 hours was allocated for the job to ensure 

that each neuron-specific task had ample time to complete without exceeding resource 

limits. 

4. Software Requirements: The ECII tool, written in Java, required Java 1.8 and Maven 

3.6.3 for execution. The project was built using Maven to manage dependencies and 

automate execution across tasks. The latest version of the ECII tool was cloned from a 

private GitHub repository using a secure authentication token. This ensured that the most 

up-to-date code was used for the concept induction process. 

5. Automated Execution with SLURM: The process was fully automated using a 

SLURM-configured Bash script, which managed parallel execution across 64 tasks, 

handled environment setup, and ensured that each task ran independently while sharing 

common dependencies like the ontology files. 

The technical setup ensured that the concept induction process for each neuron was 

handled efficiently and consistently, leveraging parallel processing to reduce overall execution 

time and enhance scalability. 

   

 3.2.2 Inputs and Data Setup 

The concept induction process in Stage 2 relied on specific inputs generated in Stage 1 

and a combined knowledge base (ontology) to perform semantic reasoning. The following inputs 

were essential: 
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1. Neuron-Specific Configuration Files: Each neuron was assigned to a configuration file, 

generated in Stage 1, that specified the positive and negative image activations for that 

neuron. These files contained the necessary parameters for the concept induction process. 

2. Combined Knowledge Source (OWL File): A combined ontology was used as the 

background knowledge for the ECII process. This ontology was constructed by merging 

ADE20K image annotations with the Wikipedia concept hierarchy, providing semantic 

context for generating meaningful labels. 

These inputs were loaded automatically into the pipeline to ensure a smooth and 

consistent execution of the concept induction process across all neurons.   

 

 3.2.3 Process 

The concept induction and label hypothesis generation process for each of the 64 neurons 

in the CNN’s dense layer was performed using the ECII (Efficient Concept Induction 

Implementation) tool, which utilizes heuristic-based deductive reasoning. This stage relied on a 

large-scale background knowledge source, the Wikipedia concept hierarchy, consisting of 

approximately 2 million classes, to generate meaningful semantic labels for the neuron 

activations. The entire process was automated and parallelized to maximize computational 

efficiency, which shows the Stage 2 workflow (Figure 3.13) for executing the ECII tool. 

 

 

Figure 3.13: Stage 2 workflow for executing the ECII tool to induce neuron-specific concepts 

and generate label hypotheses. 
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1. Loading Neuron-Specific Configuration Files: 

• The configuration files generated in Stage 1, containing positive and negative image 

activations for each neuron, were loaded into the ECII tool. These files defined the 

positive set 𝑃 (images with activations above 80% of the neuron’s maximum) and the 

negative set 𝑁 (images with activations below 20%). 

• The configuration files also included links to background knowledge, allowing the 

ECII system to infer meaningful semantic concepts. 

2. Loading the Combined Knowledge Source (OWL File):  

• A combined ontology, merging the ADE20K image annotations and the Wikipedia 

concept hierarchy, was used as the knowledge base (K) for the ECII tool. This 

ontology provided semantic context, with classes mapped using the Levenshtein 

string similarity metric to match image annotations to the class hierarchy. 

• The Pellet reasoner was employed for inference over this ontology, enabling the 

system to deduce high-level semantic concepts from the structured data. 

3. Parallel Execution of ECII Tool: 

• The ECII tool was executed in parallel across 64 tasks using SLURM’s array feature. 

The parallel processing approach efficiently allocated resources and minimized 

execution time by allowing all neurons to be processed simultaneously. Each job 

processed its neuron-specific configuration file and the combined ontology. 

• The ECII tool took the neuron’s positive and negative image sets along with the 

background knowledge to generate label hypotheses. These labels represented the 

semantic concepts that best described the neuron’s activation patterns. 
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• For each neuron, ECII produced a list of hypothesized labels ranked by coverage 

scores, representing how well each concept described the neuron’s activation patterns. 

The results also included detailed statistics such as precision, recall, F-measure, and 

the top solutions, prioritizing the most accurate labels. 

• The entire process was automated using a Bash script, which handled job scheduling, 

environment setup, and repository cloning via SLURM. This ensured consistency and 

reproducibility while reducing manual intervention. The outputs for each neuron were 

saved as text files, containing the semantic labels and performance metrics, ready for 

further analysis and interpretation in subsequent stages. 

   

 3.2.4 Outputs 

Upon completing the parallelized concept induction process, several key outputs were 

generated for each of the 64 neurons in the CNN's dense layer:  

 

Figure 3.14: Neuron-Specific Concept Files Generated in Stage 2: This figure presents the 

structured output files generated as part of the parallelized concept induction process. Each file 

corresponds to a specific neuron and contains the top hypothesized semantic concepts. These 

concepts are derived from positive and negative individual types, highlighting the most relevant 

solutions with the highest coverage and precision in identifying key image features. 
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Figure 3.15: Neuron-Specific Concept Solutions Generated in Stage 2 – This figure displays the 

solutions generated by the ECII tool for Neuron 0, ranked by coverage score. Each solution 

provides semantic concepts associated with the neuron's activations, along with key performance 

metrics such as precision, recall, and F-measure, offering insight into how the neuron responds to 

different image features from the ADE20K dataset. 
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1. Neuron-Specific Concept Files: Each neuron produced a set of hypothesized semantic 

concepts, which represent the neuron’s activation patterns in relation to the ADE20K 

dataset and the Wikipedia background knowledge. These concepts were derived using 

deductive reasoning from the positive and negative image sets and were stored in 

structured text files. The files contained the following key elements: 

• Top Hypothesized Concepts: Each neuron had multiple hypothesized semantic 

labels (Figure 3.15) with the highest coverage scores, reflecting the extent to which 

the concept explained the neuron's activations. 

• Performance Metrics: Precision, recall, and F-measure were reported for each 

hypothesized label, indicating the quality of the predictions for positive and negative 

activations. Coverage scores were particularly significant, ranking the solutions based 

on their relevance. 

• Positive and Negative Sets: The files also contained the lists of images from the 

ADE20K dataset that strongly activated (positive examples) or weakly activated 

(negative examples) each neuron. 

2. Coverage Score Rankings: The hypothesized concepts for each neuron were ranked by 

their coverage score, which is a metric that quantifies how well a specific semantic label 

fits the neuron’s activations. Coverage was computed for both positive and negative sets, 

with higher scores indicating better fits to the neuron's behavior. This ranking helped 

prioritize the most relevant and meaningful labels for further analysis. 

3. Detailed Solutions for Each Neuron: Each neuron-specific result file contained up to 

200 possible solutions, with each solution representing a potential explanation of the 

neuron’s activations. For each solution, key metrics such as coverage score, precision, 
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recall, and F-measure were recorded. The top-ranked solutions were the ones with the 

highest coverage scores and strong precision, providing a deep understanding of the 

neuron’s role in image classification. 

4. Structured Text Files: All results were systematically saved in structured text files 

(Figure 3.14), with clear segmentation for each neuron. These files included the positive 

and negative examples, the hypothesized concepts, and the corresponding performance 

metrics, enabling detailed post-analysis of the neurons and their activations. This 

structured storage also allows for reproducibility and traceability for future evaluations. 

These outputs are critical for understanding the internal representations learned by the CNN 

model's neurons and for linking their activations to high-level semantic concepts. They also 

serve as the foundation for future stages, including model interpretation and validation, 

enhancing transparency in AI decision-making.  

 

 3.3 Stage 3: Parallelized Image Retrieval and Classification 

 3.3.1 Technical Requirements 

 The execution of image retrieval and classification tasks in Stage 3 required a high-

performance computational setup to manage large-scale data processing efficiently. The 

following technical requirements were critical for this stage: 

1. Compute Resources: Each neuron-specific task was handled using one CPU core, with a 

maximum of 1 task per node. The job utilized multiple nodes to ensure parallel execution 

of tasks across all neurons. SLURM's job array feature allowed for each neuron to be 

assigned to a unique task, enabling concurrent retrieval and classification processes. 
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2. Memory Allocation: Each task was allocated 38 GB of memory. This provided 

sufficient resources to handle the image retrieval, data processing, and classification 

tasks, especially for larger datasets or image-heavy tasks. 

3. Execution Time: A maximum time limit of 2 hours was set for each task, ensuring 

adequate time for image retrieval, processing, and classification while staying within the 

compute resource limits of the Beocat cluster. 

4. Software Requirements: Python 3.11.5 was used for executing the image retrieval and 

classification tasks. A virtual environment was set up to manage dependencies such as 

pygoogle_image (for retrieving images from Google) and TensorFlow (for classification). 

SLURM was used to manage task scheduling, resource allocation, and parallel execution. 

The process was automated using a SLURM-configured Bash script, which handled 

environment setup, dependency installations, neuron-specific task execution, and data 

processing without requiring manual intervention. 

5. Automated Execution with SLURM: The entire workflow was automated, from 

neuron-specific configuration file handling to image retrieval and classification. A pre-

processing step was performed using an additional Bash script to generate neuron indices 

based on the results of Stage 1, ensuring that only neurons with valid concept files were 

processed in Stage 3. SLURM managed parallel execution across multiple nodes, 

optimizing the workflow for scalability and efficiency, thereby minimizing overall 

execution time. 
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 3.3.2 Inputs and Data Setup 

In Stage 3, the inputs required were drawn from the outputs of the previous stages, as 

well as additional resources for new data collection and processing. The key inputs include: 

1. Neuron-Specific Concept Files: These files, generated in Stage 2, contain the 

hypothesized semantic labels (concepts) for each of the 64 neurons. The top three 

solutions for each neuron are extracted from these files to guide the image retrieval 

process. 

2. Pre-Trained Model: The ResNet50V2 model, pre-trained during Stage 1, serves as the 

classifier to evaluate the images retrieved during this stage. This model is used to 

determine the activation patterns of each neuron for the newly retrieved images. 

3. Google Image Search: For each neuron, images are retrieved from Google based on the 

extracted keywords. These images serve as the test set to confirm or reject the label 

hypotheses for each neuron. 

The data is automatically prepared and handled by a Bash script that ensures the proper 

loading and processing of neuron indices, concept files, and model weights. All inputs were 

efficiently managed through automated parallelized scripts running on Beocat's high-

performance computing environment, ensuring consistency and scalability across all neurons.   

 

 3.3.3 Process 

In Stage 3, the core objective is to validate the neuron-specific label hypotheses by 

retrieving and classifying images based on the extracted concepts. The process is automated, 

leveraging parallel execution and Beocat's high-performance computing resources(Figure 3.16). 
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Figure 3.16: Stage 3 workflow for automated image retrieval and classification using neuron-

specific concept files and pre-trained models. 

 

1. Neuron Index Generation: Prior to initiating the main pipeline, a script generates 

neuron indices based on the availability of valid configuration files (those with non-

empty positive and negative activation sets). These indices dictate which neurons proceed 

to the image retrieval and classification stages. 

2. Keyword Extraction: The system extracts the top three semantic concepts from the 

neuron-specific concept files generated in Stage 2. These concepts are parsed into 

relevant keywords using a custom keyword extraction module, with each set of keywords 

representing the hypothesized label for the neuron. 

3. Automated Image Retrieval: The extracted keywords are fed into the pygoogle_image 

library, which retrieves up to 100 images per keyword from Google Images. These 

images are filtered based on size and format, ensuring that they are compatible with the 

pre-trained ResNet50V2 model (JPEG format, minimum size of 224x224 pixels). The 

retrieval is fully parallelized, with each neuron being processed independently using 

SLURM’s job array functionality, drastically reducing execution time. 

4. Image Classification: Once images are retrieved, they are passed through the pre-trained 

CNN model from Stage 1. The process_and_classify_images function processes the 

images, classifies them using the feature maps extracted from the ResNet50V2 model, 

and assigns predicted classes. For each neuron, the system predicts whether the retrieved 
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images activate the corresponding neuron, thus confirming or rejecting the neuron-

specific hypotheses. 

5. Data Splitting: The retrieved and classified images are divided into two sets: 

• Evaluation Set (80% of the images): Used for initial neuron activation testing. 

• Verification Set (20%): Reserved for more detailed statistical evaluation in later 

stages. 

This split ensures that the results are statistically valid and that further analysis 

can be performed with robust data. 

6. Output Generation: The results, including the neuron-specific image classifications, are 

saved as structured CSV files. Evaluation and verification datasets are stored in separate 

directories to facilitate downstream statistical analysis. 

By fully automating the process through SLURM and parallelizing the execution 

across all neurons, Stage 3 ensures that the validation of neuron-specific hypotheses is both 

efficient and scalable. This parallelized approach reduces the overall computational time, 

ensuring that the process is completed in a fraction of the time compared to sequential 

execution.   

 3.3.4 Outputs 

The outputs from Stage 3 consist of several key elements, organized into structured 

datasets for further analysis and validation (Figure 3.17). These outputs include: 
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Figure 3.17: Outputs from Stage 3: This figure displays the directory structure for Stage 3 

outputs. It highlights key folders and files, including 'Google Images' containing retrieved image 

datasets, 'indices.txt' listing the neurons selected for image retrieval, and two folders 'evaluation' 

and 'verification’ for organizing results from the classification model. 

 

Figure 3.18: Neuron-Specific Folders in Google Images Directory – This figure presents the 

organization within the "Google Images" folder. It contains folders named after specific neurons, 

indicating that each neuron has its own dedicated subdirectory for storing retrieved images. 
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Figure 3.19: Solution Folders within a Neuron Folder – This figure shows the structure within a 

specific neuron's folder, which includes subfolders named after the top three solutions.  

 

Figure 3.20: Concept Folder within a Solution Folder: This figure illustrates the organization of 

images within a specific solution folder. The images are stored with filenames corresponding to 

the concept names or keywords extracted from the solutions. 

 

Figure 3.21: Example Images within the Concept Folder:  This figure illustrates the images 

stored within a specific solution folder associated with the label hypothesis 

“Fluorescent_and_Fluorescent_tube.” Each image is named according to the extracted keywords 

relevant to the hypothesized concept. Up to 100 images per keyword were retrieved. 
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Figure 3.22: Example of a Retrieved Image – This figure provides a sample image retrieved and 

stored within a solution folder. The image is a visual representation of the specific hypothesized 

label for which the neuron showed activation. 

 

Figure 3.23: Organization of Evaluation Dataset – This figure displays the structured 

organization of the evaluation dataset for each neuron and its corresponding solutions. Each CSV 

file contains essential details, such as image filenames, predicted class labels, and neuron 

activation values.  
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Figure 3.24: Organization of Verification Dataset – This figure illustrates the verification dataset 

structure, which holds 20% of the retrieved images not used in the evaluation set. Similar to the 

evaluation set, each CSV file contains neuron activations and predicted class labels. 

 

1. Indices File: This file lists the indices of neurons for which valid configuration files were 

generated in Stage 1. It serves as the basis for identifying neurons to be processed in 

Stage 3, ensuring that only those neurons with non-empty configuration files undergo the 

image retrieval and classification procedures. 

2. Google Images: For each neuron identified in the indices file, a set of images was 

automatically retrieved from Google Images (Figure 3.18). Using the top three label 

hypotheses (solutions) for each neuron, keywords were extracted, and up to 100 images 

per solution were retrieved. The images were stored in a structured folder 

hierarchy(Figure 3.19), with a folder for each neuron, further subdivided into folders for 

each solution. Each solution folder contains the images related to the specific label 

hypothesis, retrieved based on the extracted keywords. The images were saved in JPEG 
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format, with a minimum resolution of 224x224 pixels, ensuring compatibility with the 

classification model used in this stage (Figure 3.20 to Figure 3.22). 

3. Evaluation Dataset: The evaluation set was generated for each neuron and its 

corresponding solutions using the retrieved images. The evaluation set consists of 80% of 

the total images, which were classified using the trained CNN model from Stage 1. The 

evaluation dataset is organized in CSV files(Figure 3.23), containing details such as 

image filenames, predicted class labels, and neuron activation values. These sets are used 

to initially assess the activation of the neuron for the specific labels. 

4. Verification Dataset: The remaining 20% of the retrieved images were allocated to the 

verification set, which is used for final validation of the neuron activations. Similar to the 

evaluation set, these images were classified using the trained CNN model, and the results 

were stored in CSV files(Figure 3.24). The verification dataset includes neuron 

activations and predicted class labels, allowing for a robust analysis of whether the 

neuron consistently activates for the hypothesized labels. 

Each of these outputs, retrieved images, evaluation sets, and verification sets plays a 

critical role in confirming or rejecting the label hypotheses generated in Stage 2. The 

structured outputs enable reproducible, automated analysis, allowing for a comprehensive 

evaluation of the model's performance in linking neuron activations to high-level semantic 

concepts.  
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 3.4 Stage 4: Parallelized Image Retrieval and Classification 

 3.4.1 Technical Requirements 

The final stage of the pipeline involves statistical analysis and verification of neuron 

activations to confirm the hypotheses generated in previous stages. The following technical 

requirements were established for the successful execution of Stage 4: 

1. Compute Resources: The job was executed on 1 node with 1 task per node, utilizing a 

single processing core for each neuron-specific task. This setup provided ample 

computational power for the statistical analysis of neuron activation metrics. 

2. Memory Allocation: Each task was allocated 4 GB of memory to handle the loading and 

processing of neuron-specific activation datasets, ensuring sufficient resources for 

statistical computations and data handling. 

3. Execution Time: A job time limit of 1 hour was set for each task, which was more than 

adequate for completing the statistical analysis tasks for each neuron, including the 

combination of activation data and the performance of statistical tests. 

4. Software Requirements: The statistical analysis was performed using Python 3.11.5. A 

virtual environment was created to manage dependencies, including libraries such as 

Pandas for data processing, SciPy for statistical tests, and OpenPyXL for Excel file 

management. 

5. Automated Execution with SLURM: SLURM workload manager was used to automate 

the execution process, including environment setup and task execution. A Bash script 

handled all the steps, from setting up the environment to executing the Python script that 

performed the statistical analysis on neuron-specific activation data, ensuring the entire 

process was reproducible and efficient. 
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 3.4.2 Inputs and Data Setup 

In Stage 4, statistical analysis and verification of neuron activations rely on organized 

datasets generated in Stage 3. The input data for this stage includes evaluation and verification 

sets, each containing neuron-specific activation data. The process begins by loading these 

datasets, which form the foundation for computing various statistical metrics and validating the 

label hypotheses. The key components of the input and data setup are outlined below: 

1. Neuron-Specific Evaluation Sets: The evaluation sets are comprised of activation data 

collected in Stage 3, representing images that significantly activate each neuron. These 

datasets, organized in neuron-specific CSV files, include activation values for both target 

and non-target images. The input process loads these evaluation sets for each neuron and 

solution into a combined format, ensuring that all relevant data is available for calculating 

initial metrics such as target activation rates and coverage scores. 

2. Neuron-Specific Verification Sets: Verification sets contain a separate set of images 

that undergo statistical testing to confirm the robustness of the label hypotheses. These 

sets are loaded for neurons identified as having high target activation during the 

evaluation phase, ensuring that only neurons with significant activation are subjected to 

further verification. 

3. Neuron ID and Configuration Files: Neuron IDs are extracted from an indices file that 

specifies the neurons of interest for the analysis. Additionally, configuration files are 

referenced to retrieve coverage scores for each neuron and solution. These scores are 

crucial for evaluating how well the neuron responds to specific labels derived from the 

ECII tool in previous stages. 
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4. Activation Data: The core input consists of neuron activation values for target and non-

target images. These values are aggregated across neurons and solutions, enabling the 

calculation of activation metrics. The activation data provides a quantitative basis for 

identifying neurons with meaningful activations, guiding the selection of neurons for 

further statistical analysis. 

This setup ensures that all required inputs, including the activation datasets and 

neuron-specific evaluation and verification sets, are organized and ready for processing in the 

subsequent analysis steps. The data setup emphasizes the reproducibility and accuracy of the 

activation metrics, laying a strong foundation for statistical verification.  

   

 3.4.3 Process 

In Stage 4, the focus is on analyzing and verifying neuron activations from the evaluation 

and verification sets (Figure 3.25). The process is divided into two phases: evaluation and 

verification. This stage ensures that neurons with high target activations are identified and 

statistically verified through non-parametric tests, providing robust conclusions about label 

activations. 

 

Figure 3.25: Stage 4 workflow for statistical analysis and verification of neuron activations. 

 

1. Combining Activation Data in the Evaluation Phase: The process starts by loading the 

neuron-specific evaluation sets and combining the activation data across neurons for each 
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solution. Neuron IDs are read from the indices file, and evaluation data from CSV files 

are consolidated into an Excel workbook for each neuron and solution, with the combined 

data stored in sheets named solution*_all_activations, where * represents the solution 

number. 

2. Calculating Activation Metrics in the Evaluation Phase: For each neuron, the script 

calculates key metrics such as target and non-target activation percentages. These metrics 

help identify neurons that strongly activate for target images. Additionally, metrics like 

activation percentages above 20%, 40%, and 60% of maximum activation are calculated 

for further insight. These metrics are consolidated into a summary sheet named 

summary_*. The summary sheets includes columns for neuron ID, target and non-target 

activation, percentages for activations above the threshold, and the coverage score for 

each neuron. 

3. Filtering Neurons Based on Target Activation in the Evaluation Phase: Neurons with 

high target activation (i.e., above a pre-set threshold of 80%) are selected for further 

analysis in the verification phase. These neurons are listed in a final_summary_* sheet, 

which includes only neurons with high target activations, making it easy to identify 

neurons for the next phase of statistical analysis. 

4. Combining Activation Data in the Verification Phase: After selecting neurons from 

the evaluation phase, the script loads neuron-specific verification sets. It then combines 

the activation data for target and non-target images across neurons, similar to the 

evaluation phase. The data is stored in solution*_all_activations sheets for each solution 

in the verification phase. 
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5. Calculating Activation Metrics in the Verification Phase: The script calculates the 

percentage of target and non-target activations for each neuron, providing an initial 

indication of neuron performance in the verification phase. The calculated activation 

percentages are stored in summary sheets named summary_*, with columns for neuron 

ID, target and non-target activation, and other metrics required for statistical analysis. 

6. Performing Statistical Analysis in the Verification Phase: For each neuron, the script 

computes key statistical measures, including the mean and median activation values for 

both target and non-target images. These metrics provide a detailed view of the 

distribution of activation values for both categories. 

The Mann-Whitney U test is used to statistically compare target and non-target 

activations, given its suitability for non-parametric data. The test generates z-scores and 

p-values, which are recorded in the summary_* sheets, helping to determine whether the 

target activations are significantly different from non-target activations. Neurons with p-

values less than 0.05 are highlighted as statistically significant. 

 

 3.4.4 Outputs 

The outputs generated in Stage 4 are stored in two main Excel workbooks: 

evaluation_combined.xlsx and verification_combined.xlsx. Each workbook contains a set of 

structured sheets summarizing the neuron activation data and statistical analysis results (Figure 

3.26). 
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Figure 3.26: Outputs from Stage 4: This figure displays the primary output files generated during 

Stage 4, organized into two main Excel workbooks: evaluation_combined.xlsx and 

verification_combined.xlsx. Each workbook consolidates the neuron activation data and 

statistical analysis results for evaluation and verification phases respectively. 

 

Figure 3.27: Solution-Level Neuron Activation Data in Evaluation Report: This figure illustrates 

the consolidated neuron activation data in the evaluation_combined.xlsx workbook. 
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Figure 3.28: Summary of Neuron Activation Metrics in Evaluation Report: This figure presents 

the summary_1 sheet within the evaluation_combined.xlsx workbook. It provides key metrics for 

each neuron, such as the coverage score, target and non-target activations, and activation 

percentages at different thresholds. This summary serves as an initial filter for identifying 

neurons with high target activations. 
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Figure 3.29: Final Summary of Neurons with High Target Activations in Evaluation Report: This 

figure shows the final_summary_1 sheet in the evaluation_combined.xlsx workbook. It 

highlights neurons that have surpassed the 80% target activation threshold, marking them as 

candidates for further validation during the verification phase. 
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Figure 3.30: Solution-Level Neuron Activation Data in Verification Report: This figure 

illustrates the consolidated neuron activation data in the verification_combined.xlsx workbook. 
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Figure 3.31: Statistical Summary of Neuron Activations in Verification Report: This figure 

presents the summary_1 sheet within the verification_combined.xlsx workbook. It includes key 

statistical measures such as target and non-target activation means, medians, z-scores, and p-

values, highlighting neurons with statistically significant differences in activations for robust 

validation of target labels. 

 

1. Neuron Activation Evaluation Report: 

Located in the evaluation_combined.xlsx file, this report includes: 

• The solution*_all_activations sheets consolidate the activation data for each 

neuron across different solutions, showing activations for both target and non-
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target images (Figure 3.27). These sheets serve as the foundation for 

understanding neuron-specific activation patterns in the evaluation phase. 

• The summary_ sheets* present a detailed overview of neuron-specific metrics 

such as neuron_id, ecii concepts, coverage_score, and percentages of target and 

non-target activations across various thresholds (>20%, >40%, and >60%) (Figure 

3.28). These sheets highlight neurons with high target activations. 

• The final_summary_ sheets* filter neurons with over 80% target activation from 

the summary sheets, indicating neurons that proceed to the verification phase 

(Figure 3.29). These filtered neurons are prime candidates for further validation. 

 

2. Neuron Activation Verification Report: 

Stored in the verification_combined.xlsx file, this report includes: 

• The solution*_all_activations sheets for the verification phase, which compile 

neuron-specific activation data, similar to the evaluation phase, but with a focus 

on images used for statistical verification (Figure 3.30). 

• The summary_ sheets* in this workbook present a detailed statistical analysis, 

including columns for neuron_id, ecii concepts, target_activation, 

non_target_activations, as well as key statistical measures like target_median, 

non_target_median, target_mean, non_target_mean, z_score, and p_value. 

Neurons with statistically significant differences (p-value < 0.05) are highlighted 

as those showing robust and validated label activations (Figure 3.31). 
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Both reports offer insights into neuron activation behavior during the evaluation 

and verification phases, facilitating the final validation of neuron-label hypotheses 

through detailed statistical analysis.   
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Chapter 4 - Results 

 4.1 Stage 1 Results 

The completion of the automated model training and data configuration process was 

monitored through the SLURM workload manager. The job was successfully completed within 

the allocated time and resources (Figure 4.1). The key metrics obtained from the job execution 

are summarized below: 

1. Job Completion Status: Completed successfully with JobID 17796633. 

2. Total CPU Time: 2 hours, 34 minutes, and 12 seconds, with the job running across 24 

CPUs. 

3. Elapsed Time: The total elapsed time for the job was 38 minutes and 50 seconds. 

4. Memory Usage: The maximum resident set size (MaxRSS) during execution was 4.87 

GB, which was well within the requested memory allocation of 20 GB(i.e. 5GB per 

node). 

5. Node Allocation: The job was distributed across 4 nodes, utilizing 6 cores per node for 

parallel execution. 

 

Figure 4.1: SLURM Job Execution Summary for Stage 1: This figure displays the SLURM 

workload manager’s summary of job execution for the automated model training and data 

configuration process. 

 

These results demonstrate the efficient use of computational resources, with the 

automated pipeline completing the model training and configuration well within the expected 

time limits and resource allocations.  
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 4.2 Stage 2 Results 

The parallelized concept induction and label hypothesis generation for Stage 2 were 

executed efficiently using the SLURM workload manager on the Beocat high-performance 

computing cluster (Figure 4.2). The automation pipeline, designed to analyze all 64 neurons 

simultaneously, significantly reduced the overall processing time, demonstrating the scalability 

and efficiency of the pipeline. The key metrics from the job execution are summarized below: 

1. Job Completion Status: All neuron-specific concept induction tasks were successfully 

completed with JobID 17820917. 

2. Total CPU Time: The total CPU time for individual tasks ranged from approximately 24 

seconds to 16 minutes, depending on the complexity of the neuron-specific analysis. 

3. Elapsed Time: The total elapsed time for processing all 64 neurons was approximately 

17 minutes. This represents a significant reduction in time compared to sequential 

execution, which would have taken over 10 hours to complete. 

4. Memory Usage: The maximum resident set size (MaxRSS) for individual tasks ranged 

from approximately 800 MB to 22 GB, with a maximum requested memory of 38 GB for 

each neuron. The memory usage was efficiently distributed across tasks, ensuring no 

bottlenecks or resource shortages during execution. 

5. Node Allocation: Each neuron-specific task was allocated to a separate node, utilizing 

one core per task to prevent resource contention. In total, 64 tasks were distributed across 

various nodes in the cluster (e.g., hero, dwarf, warlock, and wizard nodes), ensuring 

parallel execution and optimal resource utilization. 

6. Efficiency Gains: The use of parallel processing reduced the total execution time from 

over 10 hours (in a sequential setup) to under 17 minutes. This drastic improvement 
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highlights the efficiency and scalability of the automated pipeline, allowing the concept 

induction process to be completed in a fraction of the time. 
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Figure 4.2: Job Execution Summary for Stage 2: Above 5 screenshots shows the SLURM job 

completion details for parallelized concept induction, where all 64 neuron-specific tasks were 

successfully executed. 

These results underscore the benefits of automation and parallel processing in large-scale 

concept induction tasks. The efficient use of resources, along with the automation of repetitive 

tasks, not only accelerated the process but also ensured reproducibility and accuracy in 

generating neuron-specific label hypotheses. The outputs generated in this stage provide a solid 

foundation for the next stages of analysis, focusing on model interpretation and validation.  

 

 4.3 Stage 3 Results 

The completion of the parallelized image retrieval and classification process for Stage 3 

was efficiently managed through the SLURM workload manager. The process involved 
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generating neuron indices, retrieving images based on neuron-specific keywords, and performing 

image classification using the model trained in Stage 1. The key metrics for the job execution are 

summarized below: 

1. Job Completion Status: 

• Neuron index generation was successfully completed with JobID 17821519 (Figure 

4.3). 

• The main tasks of image retrieval and classification were completed successfully with 

JobID 17821523 (Figure 4.4). 

2. Total CPU Time: 

• Neuron index generation (JobID 17821519): The total CPU time was 0.011 seconds. 

• For image retrieval and classification (JobID 17821523), individual neuron tasks 

ranged from approximately 1:17.866 to 1:30.920 minutes. 

3. Elapsed Time: 

• Neuron index generation (JobID 17821519) completed in less than 1 second (elapsed 

time: 00:00:00). 

• The total elapsed time for individual neuron image retrieval and classification tasks 

(JobID 17821523) varied between 6 minutes and 8 minutes. All tasks were completed 

in parallel, ensuring efficient processing. 

4. Memory Usage: 

• For neuron index generation (JobID 17821519), the maximum resident set size 

(MaxRSS) was 60 KB, well within the requested memory of 1 GB. 



62 

• For image retrieval and classification (JobID 17821523), memory usage per neuron 

ranged from approximately 900 MB to 1.7 GB. The requested memory for each task 

was 2 GB, ensuring adequate resource allocation. 

5. Node Allocation: 

• Neuron index generation was completed on node hero54 using 1 core. 

• Image retrieval and classification tasks were distributed across multiple nodes in the 

cluster, including hero, mole, dwarf, and wizard. Each task was executed on 1 core, 

with 64 tasks processed in parallel, utilizing separate nodes to maximize resource 

efficiency. 

6. Efficiency Gains: The parallelized approach to image retrieval and classification 

significantly reduced the overall processing time from an estimated 16 hours to 

approximately 10 minutes. Each neuron task was processed concurrently, allowing the 

system to handle the computational load more effectively. The efficient resource 

utilization, including memory management and node allocation, ensured that all tasks 

completed within their respective time limits and resource requests, without causing any 

bottlenecks. By leveraging Beocat’s high-performance computing cluster, the pipeline 

achieved substantial reductions in processing time compared to sequential execution.  

 

Figure 4.3: Job Execution Summary for Neuron Index Generation in Stage 3 – This figure 

displays the SLURM job completion details for the neuron index generation task in Stage 3. 
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Figure 4.4: Parallelized Execution Summary for Stage 3 Image Retrieval and Classification: This 

figure showcases the SLURM workload manager's execution of Stage 3, where image retrieval 

and classification tasks were performed concurrently. 

 

These results underscore the efficiency and scalability of the Stage 3 pipeline, with all 

tasks completed within the requested resources and time. This provides a solid foundation for the 

subsequent stages of analysis and model validation. 

 

 4.4 Stage 4 Results 

The statistical analysis and verification of neuron activations in Stage 4 were efficiently 

managed through the Beocat high-performance computing environment. This stage was aimed at 

verifying the label hypotheses generated in the earlier stages by calculating and statistically 

comparing neuron activations for target and non-target images. The following are key metrics 

obtained during the job execution: 

1. Job Completion Status: The job was successfully completed with JobID 17821704 

(Figure 4.5), confirming that the neuron-specific statistical analysis tasks were executed 

without errors. 

2. Total CPU Time: The total CPU time used for the job was approximately 49.88 seconds, 

indicating efficient processing of neuron activation data and statistical calculations. 

3. Elapsed Time: The job’s total elapsed time was 2 minutes and 41 seconds, reflecting the 

quick turnaround time required for executing the entire statistical analysis and 

verification of neuron activations. 
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4. Memory Usage: The maximum resident set size (MaxRSS) during the job execution was 

840 MB, while the total requested memory for the job was 4 GB. This memory usage was 

well within the allocated resources, ensuring smooth execution without resource 

bottlenecks. 

5. Node Allocation: The job was executed on a single node, utilizing one CPU core 

(mole041), ensuring exclusive access to the node for running the statistical analysis 

without interference from other processes. 

6. Efficiency Gains: The high-performance computing resources of Beocat facilitated a 

rapid and automated verification process in Stage 4, significantly reducing the time 

required for neuron-specific statistical analysis. What would typically be a resource-

intensive task was completed in just under 3 minutes. The automation efficiently handled 

neuron activations from both the evaluation and verification phases, ensuring that 

statistical tests, including the Mann-Whitney U test, were performed for every neuron. 

 

Figure 4.5: SLURM Workload Summary for Stage 4 Statistical Analysis: This figure presents the 

job details of the statistical analysis and verification of neuron activations in Stage 4. 

 

The statistical analysis in Stage 4 validated neuron activations and confirmed that concept 

induction with structured background knowledge yielded meaningful and consistent labels. The 

target activation metrics for each neuron were aligned with the hypothesized labels, and the 

statistical tests provided robust confirmation of these relationships. This streamlined approach 

allowed for the rapid verification of neuron activations, highlighting the robustness and 

relevance of the label hypotheses in explaining neuron activation patterns.  
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These results underline the system's capability to handle large-scale, neuron-specific 

statistical analysis with minimal resource consumption and within a short execution window, 

enabling the validation of neuron-label hypotheses through robust statistical evaluation.   
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Chapter 5 - Scalability and Performance Evaluation of the 

Automation Pipeline on New Scene Categories 

In addition to the initial set of scene categories, we extended the analysis by selecting 20 

additional classes from the ADE20K dataset, each based on the number of available images in 

each class. This allowed us to assess the scalability and performance of the automation pipeline 

when applied to a wider variety of image categories. The execution was performed in two stages, 

each with 10 new classes. 

For the first set of classes: “airport terminal”, “art studio”, “attic”, “corridor”, “game 

room”, “home office”, “hotel room”, “mountain snowy”, “office”, and “waiting room”—the total 

number of images was 1,197( Figure 5.1 to Figure 5.4). The automation pipeline was executed 

across all four stages with the following times: 

1. Stage 1 (Model Training and Data Configuration): 12 minutes and 52 seconds (Figure 

5.5) 

2. Stage 2 (Concept Induction and Label Hypothesis Generation): 18 minutes and 10 

seconds (Figure 5.6) 

3. Stage 3 (Image Retrieval and Classification): 3 minutes and 16 seconds (Figure 5.7 and 

Figure 5.8) 

4. Stage 4 (Statistical Analysis and Verification): 2 minutes and 25 seconds (Figure 5.9) 

The total time taken for all stages to process this set of 1,197 images was 36 minutes and 

43 seconds.   
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Figure 5.1: Training Folder Organization for New Scene Categories: This figure displays the 

folder structure used to organize training images for the second set of 10 new scene categories 

from the ADE20K dataset.  

 

Figure 5.2: Validation Folder Organization for New Scene Categories: This figure highlights the 

structured folder layout for the validation dataset containing the new set of 10 scene categories.  
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Figure 5.3: Input Dataset Summary for New Scene Categories – This figure presents a summary 

of the number of images in each selected class from the ADE20K dataset used in training the 

ResNet50V2 model. It displays the dataset distribution across the new set of 10 scene categories. 
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Figure 5.4: Scene Classification Evaluation Report for New Scene Categories – This figure 

provides the evaluation metrics for the new set of 10 scene categories. It presents the precision, 

recall, and F1-score for each category, reporting an overall model accuracy of 76% and 

highlighting the model’s ability to differentiate between the new categories effectively. 

 

Figure 5.5: SLURM Workload Summary for Stage 1 Training Execution – This figure displays 

the SLURM workload summary for the successful execution of the model training and data 

configuration process in Stage 1 for the second set of 10 scene categories. 
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Figure 5.6: Job Execution Summary for Stage 2 – This figure displays five screenshots 

illustrating the SLURM job completion details for parallelized concept induction in Stage 2 for 

the second set of 10 scene categories, where all 64 neuron-specific tasks were successfully 

executed. 

 

Figure 5.7: Job Execution Summary for Neuron Index Generation in Stage 3 – This figure 

displays the SLURM job completion details for the neuron index generation task in Stage 3 for 

the second set of 10 scene categories. 
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Figure 5.8: Job Execution Summary for Stage 3 – This figure displays five screenshots 

illustrating the SLURM job completion details for parallelized image retrieval and classification 

in Stage 3 for the second set of 10 scene categories. 

 

Figure 5.9: Job Execution Summary for Stage 4 – This figure displays the SLURM job 

completion details for statistical analysis and verification of neuron activations in Stage 4 for the 

second set of 10 scene categories. 

 

For the second set of classes— “alley”, “art gallery”, “beach”, “castle”, “child’s room”, 

“closet”, “coast”, “mountain”, and “park”—we processed 822 images(Figure 5.10 to Figure 

5.13). The automation pipeline was executed as follows: 
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1. Stage 1 (Model Training and Data Configuration): 12 minutes and 33 seconds (Figure 

5.14) 

2. Stage 2 (Concept Induction and Label Hypothesis Generation): 15 minutes (Figure 

5.15) 

3. Stage 3 (Image Retrieval and Classification): 7 minutes and 47 seconds (Figure 5.16 

and Figure 5.17) 

4. Stage 4 (Statistical Analysis and Verification): 3 minutes and 1 second (Figure 5.18) 

The total time taken for all stages to process this set of 822 images was 38 minutes and 

21 seconds. 

 

Figure 5.10: Training Folder Organization for New Scene Categories – This figure displays the 

folder structure used to organize training images for the third set of 10 new scene categories from 

the ADE20K dataset.  
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Figure 5.11: Validation Folder Organization for New Scene Categories – This figure highlights 

the structured folder layout for the validation dataset containing the new set of 10 scene 

categories. 
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Figure 5.12: Input Dataset Summary for New Scene Categories: This figure presents a summary 

of the number of images in each selected class from the ADE20K dataset used in training the 

ResNet50V2 model 
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Figure 5.13: Scene Classification Evaluation Report for New Scene Categories: This figure 

provides the evaluation metrics for the new set of 10 scene categories. It presents the precision, 

recall, and F1-score for each category, reporting an overall model accuracy of 88% 

 

Figure 5.14: SLURM Workload Summary for Stage 1 Training Execution – This figure displays 

the SLURM workload summary for the successful execution of the model training and data 

configuration process in Stage 1 for the thrid set of 10 scene categories. 
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Figure 5.15: Job Execution Summary for Stage 2 – This figure displays five screenshots 

illustrating the SLURM job completion details for parallelized concept induction in Stage 2 for 

the third set of 10 scene categories, where all 64 neuron-specific tasks were successfully 

executed. 

 

Figure 5.16: Job Execution Summary for Neuron Index Generation in Stage 3 – This figure 

displays the SLURM job completion details for the neuron index generation task in Stage 3 for 

the third set of 10 scene categories. 
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Figure 5.17: Job Execution Summary for Stage 3 – This figure displays five screenshots 

illustrating the SLURM job completion details for parallelized image retrieval and classification 

in Stage 3 for the third set of 10 scene categories. 

 

Figure 5.18: Job Execution Summary for Stage 4 – This figure displays the SLURM job 

completion details for statistical analysis and verification of neuron activations in Stage 4 for the 

third set of 10 scene categories. 

 

The results show that the automation pipeline scales efficiently even with different sets of 

classes and varying image counts. The execution times for each stage remained consistent, even 

when processing different volumes of data. Stage 1 and Stage 2 saw slightly longer processing 

times due to the training and concept induction tasks, which are more dependent on the number 
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of neurons and available images. In contrast, Stages 3 and 4 demonstrated highly efficient 

performance, as these stages involved retrieving and classifying images, followed by statistical 

validation, tasks that benefit from parallelized execution. 

The results confirm that the automation pipeline is capable of handling new image 

categories while maintaining computational efficiency across all stages. The accuracy results—

76% for the first set and 88% for the second set—demonstrate the model's robustness and 

adaptability to new scene categories, ensuring that the system can be extended to additional 

image classes without significant increases in resource consumption or processing time. 

 

 

 

 

 

 

 

 

 

 

 

 



87 

Chapter 6 - Analysis of Multiple Neurons Activated by the Same 

ECII Concept 

In the original Stage 4 process, statistical analysis was performed on a per-neuron basis, 

calculating activation metrics for individual neurons. This analysis represents a modification of 

the Stage 4 pipeline that extends its capabilities to accommodate the statistical analysis of 

combined neuron activations triggered by the same ECII concept. The core motivation behind 

this modification is to explore how multiple neurons, activated by the same ECII concept, 

collectively influence the label hypotheses generated in earlier stages. This extension allows for a 

more comprehensive evaluation of the consistency and robustness of neuron activations related 

to specific image categories or features.   

 

 6.1 Technical Requirements 

The technical requirements for this analysis remain the same as described in Stage 4, 

involving the use of high-performance computing resources for parallelized processing. This 

includes 1 node per task, 4 GB of memory per task, and Python 3.11.5, with dependencies 

managed via a virtual environment. The job scheduling and resource management are handled by 

the SLURM workload manager.    

 

 6.2 Inputs and Data Setup 

The inputs and data setup for this analysis are the same as in Stage 4. Neuron-specific 

evaluation and verification sets are used to calculate activation metrics for target and non-target 

images. Neuron IDs are loaded from the indices.txt file, and configuration files provide the 
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coverage scores. The input datasets are structured the same way, allowing for direct reuse of the 

neuron activation data and configuration files.   

 

 6.3 Process 

The process in this modified analysis focuses on grouping neuron activations by ECII 

concepts and performing combined statistical analysis. The key steps are as follows: 

Loading Neuron-Specific Activation Data: The pipeline begins by reading neuron-specific 

evaluation sets, and the activation data for each neuron is loaded separately. Neuron IDs are read 

from the indices.txt file, and individual neuron activation data is stored in the 

solution*_all_activations sheets, just like in the original Stage 4 process. 

1. Calculating Activation Metrics in the Evaluation Phase: The neurons that are 

associated with the same ECII concept are grouped for the purpose of calculating 

activation metrics. The activation values for neurons that belong to the same ECII 

concept are pooled only during the metric calculation process, which computes combined 

target and non-target activation percentages for these groups. Additional metrics, such as 

activations exceeding thresholds of 20%, 40%, and 60%, are calculated for the pooled 

neuron activations. 

2. Filtering ECII Concepts Based on Combined Target Activation: The ECII concepts 

with combined neuron target activation percentages exceeding 80% are selected for 

further analysis in the verification phase. The filtered neurons are saved in 

final_summary_* sheets, marking them as significant for the next stage of analysis. 

3. Statistical Analysis in the Verification Phase: In the verification phase, the combined 

activations of neuron groups are subjected to statistical tests. The Mann-Whitney U test is 
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used to compare the combined target and non-target activations for each ECII concept 

group. The test produces z-scores and p-values, which are recorded in summary_* sheets. 

ECII concepts with p-values below 0.05 are marked as statistically significant, validating 

the combined activations of neurons for the given concept.   

 

 6.4 Outputs 

The outputs generated in Stage 4 are stored in two main Excel workbooks: 

evaluation_combined.xlsx and verification_combined.xlsx (Figure 6.1). Each workbook contains 

a set of structured sheets summarizing the neuron activation data and statistical analysis results. 

1. Neuron Activation Evaluation Report: 

• The solution*_all_activations: These sheets consolidate the activation data for each 

neuron across different solutions, showing activations for both target and non-target 

images. These sheets serve as the foundation for understanding neuron-specific 

activation patterns in the evaluation phase. 

• summary_ sheets*: These sheets display combined metrics for multiple neurons, 

including target and non-target activation percentages, coverage scores, and 

activation percentages above 20%, 40%, and 60%. Neurons are grouped by ECII 

concepts (Figure 6.2). 

• The final_summary_ sheets*: ECII concepts where combined target activations 

exceed 80% are highlighted, marking them for further statistical verification (Figure 

6.3). 

2. Neuron Activation Verification Report: 
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• solution*_all_activations: These sheets compile neuron-specific activation data from 

the verification phase, grouped by ECII concept. 

• The summary_ sheets*: These sheets include statistical metrics for the combined 

neurons, such as target and non-target means, medians, z-scores, and p-values. ECII 

concepts with statistically significant differences (p-value < 0.05) are highlighted to 

indicate robust activations (Figure 6.4). 

 

Figure 6.1: Results of Combined Neuron Activation analysis: This figure shows the two primary 

Excel workbooks generated during the combined neuron activation analysis: 

evaluation_combined.xlsx and verification_combined.xlsx. Each workbook contains structured 

sheets summarizing the consolidated activation metrics, grouped by ECII concepts, and the 

statistical analysis results, providing insights into the combined influence of multiple neurons on 

specific label hypotheses. 
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Figure 6.2: Combined Neuron Activation Metrics in the Evaluation Phase: This figure displays 

the calculated activation metrics for groups of neurons associated with the same ECII concept 

during the evaluation phase. 

 

Figure 6.3: Selection of ECII Concepts for Statistical Verification: This figure shows the process 

of filtering ECII concepts based on combined target activation exceeding 80%. The concepts are 

highlighted for further statistical verification, indicating neurons with robust target activations. 
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Figure 6.4: Summary of Statistical Analysis for Combined Neurons in the Verification Phase: 

This figure summarizes the statistical analysis of combined neuron activations in the verification 

phase. The results include target and non-target means, medians, z-scores, and p-values, 

highlighting ECII concepts with statistically significant differences in neuron activations. 

 

 6.5 Results 

The statistical analysis of combined neuron activations for the same ECII concept was 

executed efficiently through the Beocat high-performance computing environment. This stage 

was focused on verifying label hypotheses by pooling activations from multiple neurons 
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associated with the same ECII concept and performing statistical comparisons between target 

and non-target images. The following are key metrics obtained during the job execution: 

1. Job Completion Status: The job was successfully completed with JobID 19597488 

(Figure 6.5), confirming that the combined neuron-specific statistical analysis tasks were 

executed without any errors. 

2. Total CPU Time: The total CPU time used for the job was approximately 44.52 seconds, 

indicating the efficient processing of pooled neuron activation data and statistical 

calculations for each ECII concept. 

3. Elapsed Time: The job’s total elapsed time was 57 seconds, reflecting the quick 

turnaround time required for executing the entire statistical analysis and verification of 

pooled neuron activations across ECII concepts.  

4. Memory Usage: The maximum resident set size (MaxRSS) during job execution was 

approximately 487 MB, while the total requested memory for the job was 4 GB.  

5. Node Allocation: The job was executed on a single node (hero20), utilizing one CPU 

core. Exclusive access to this node ensured that the statistical analysis was performed 

without interference from other processes, allowing efficient use of computational 

resources. 

6. Efficiency Gains: The use of Beocat’s high-performance computing resources enabled 

the rapid execution of statistical analysis for multiple neurons associated with the same 

ECII concept. The entire job was completed in under 1 minute, showcasing the efficiency 

of the automation pipeline in handling large-scale, combined neuron-specific statistical 

analysis. The Mann-Whitney U test, applied to the pooled activations, validated the 
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neuron activations for each ECII concept, confirming that the target activation metrics 

were consistent with the hypothesized labels. 

 

Figure 6.5: Job Execution Summary for Combined Neuron Activation Analysis in Stage 4 – This 

figure displays the SLURM job completion details for the combined neuron activation analysis 

and verification of activations in Stage 4. 

 

The streamlined process ensured that the label hypotheses for ECII concept groups were 

verified with minimal resource consumption, validating the robustness of the neuron activations 

through statistically significant comparisons. These results underscore the system’s capability to 

handle large-scale analysis of pooled neuron activations, providing efficient and accurate 

verification of neuron-label hypotheses across ECII concepts with minimal resource 

consumption. 
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Chapter 7 - Conclusion 

This project successfully developed and implemented an automated, scalable pipeline for 

neuron-specific concept induction, label hypothesis generation, and statistical validation of 

neuron activations. By leveraging the Beocat high-performance computing cluster, we were able 

to streamline the entire process, dramatically reducing execution times across all stages without 

compromising the depth and rigor of the analysis. 

Stage 1 focused on training the CNN model and configuring the data, achieving 

completion in 38 minutes and 50 seconds across 24 CPU cores. This stage laid the groundwork 

for neuron-specific tasks by providing a well-trained model to interpret neuron activations. The 

rapid model training demonstrated the efficiency of the parallelized system, which made optimal 

use of available computational resources. 

In Stage 2, we applied parallelized concept induction and label hypothesis generation 

across 64 neurons, reducing what would have been a 10-hour task to just 17 minutes. This stage 

illustrated the pipeline's capacity to handle large-scale tasks efficiently, ensuring high throughput 

without any bottlenecks or memory constraints. 

Stage 3 further demonstrated the power of parallelization through automated image 

retrieval and classification. This stage transformed what would have been a 16-hour sequential 

process into one that completed in just 10 minutes. The effective distribution of tasks across 

multiple nodes, combined with efficient memory management, played a critical role in achieving 

these results. This stage also highlighted the importance of integrating external data sources in 

the context of neural network interpretability. 

Finally, Stage 4 validated the hypotheses generated in the earlier stages by performing 

statistical analysis on neuron activations. The stage, which completed in just under 3 minutes, 
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used statistical tests, including the Mann-Whitney U test, to confirm the reliability and 

consistency of neuron activations for both target and non-target images. The results confirmed 

that the concept induction with structured background knowledge produced meaningful labels 

that robustly explained neuron activation patterns. The automated approach ensured both speed 

and accuracy, allowing for rapid hypothesis testing and validation.  

1. Scalability and Performance Evaluation on New Scene Categories: To further 

evaluate the scalability and performance of the automation pipeline, we applied it to 20 

new scene categories from the ADE20K dataset, split into two sets of 10 classes each. 

The pipeline performed consistently across these new categories, handling 1,197 images 

in the first set and 822 images in the second. The execution times remained efficient, with 

Stage 1 completing in approximately 12 minutes for each set, Stage 2 ranging from 15 to 

18 minutes, Stage 3 varying between 3 and 8 minutes, and Stage 4 consistently under 3 

minutes. Additionally, the model's classification accuracy across these new categories 

was satisfactory, achieving an overall accuracy of 76% for the first set and 88% for the 

second. These results confirm the robustness of the pipeline when applied to new and 

diverse image categories, demonstrating its scalability and flexibility in handling varying 

datasets without significant increases in resource consumption or time. 

2. Analysis of Multiple Neurons Activated by the Same ECII Concept: In addition to 

scalability, we extended the analysis by pooling activations from multiple neurons 

associated with the same ECII concept. By combining neuron activations that correspond 

to the same concept, we were able to provide a more comprehensive statistical validation. 

The results of this analysis demonstrated that pooled neuron activations were consistent 

with the hypothesized labels, as validated through statistical tests such as the Mann-
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Whitney U test. The entire analysis was completed in under 1 minute, reflecting the 

pipeline's efficiency in handling more complex neuron grouping scenarios. This approach 

enhances the robustness of the label hypotheses by ensuring that multiple neurons can be 

validated collectively, providing deeper insights into the shared activations of neurons 

under the same concept. 

Overall, the initial four stages of the pipeline were completed in approximately 1 hour 

and 46 minutes. Including the two additional analyses, the entire pipeline was executed 

efficiently, demonstrating substantial improvements in performance and scalability. The 

combination of automation and high-performance computing has proven to be a robust 

framework for large-scale neuron-specific analyses, reducing execution times across all stages 

while maintaining computational efficiency and reproducibility. By automating concept 

induction, image retrieval, and statistical validation, the system ensures scalability and 

adaptability to new datasets and more complex neuron activation scenarios. 

These advances contribute significantly to the broader field of neural network 

interpretability, providing a solid foundation for future research into neuron activation patterns 

and their real-world applications in AI-driven systems. The project’s results demonstrate that 

high-performance computing, combined with structured knowledge and scalable methodologies, 

can yield meaningful insights into neural network behavior, pushing the boundaries of 

explainable AI. 
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Chapter 8 - Limitations 

While the automation of neuron-specific concept induction, image classification, and 

statistical analysis provided considerable efficiency gains, several limitations arise concerning 

the current level of automation implemented in the pipeline: 

1. Limited Flexibility in Customization: The automated pipeline is designed around a 

highly structured workflow with predefined stages and tasks, limiting the flexibility to 

accommodate more dynamic or exploratory tasks. For example, users must adhere to the 

predefined neuron sets and labeled datasets. In situations where researchers need to 

explore alternative hypotheses or inject custom workflows—such as varying model 

architectures, using different statistical tests, or handling unstructured data—manual 

intervention is often required.  

2. Dependency on Predefined Workflow: The pipeline's automation is tailored to a 

specific sequence of operations: loading neuron-specific datasets, performing model 

training, conducting neuron activation analysis, and validating results using statistical 

methods. While this highly structured process benefits efficiency and reproducibility, it 

limits the pipeline's flexibility. Changes to one stage (e.g., using a different statistical 

method or varying input formats) require manual adjustment to other stages, reducing the 

overall adaptability of the system. Automating more dynamic workflows where processes 

can be updated or replaced seamlessly would provide greater versatility. 

3. Resource Allocation Challenges: The current automation system assumes static 

resource allocation for each task based on predefined memory and CPU limits. While this 

works effectively for the current dataset and task sizes, scaling to more complex tasks, 

larger datasets, or deeper neural networks could lead to inefficient use of computational 



99 

resources. For instance, memory and CPU allocations might either be under-utilized 

(leading to wasted resources) or insufficient (leading to performance degradation or job 

failure). Automating dynamic resource scaling based on real-time task demands is an area 

where the pipeline could be enhanced to improve efficiency further.   
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Chapter 9 - Future Work 

To address these limitations and enhance the pipeline’s capabilities, several avenues for 

future research and development can be explored: 

1. Dynamic Workflow Adaptation: Implement a more flexible automation framework that 

allows dynamic adjustments to workflows based on intermediate results, error conditions, 

or evolving data inputs. 

2. Automated Resource Scaling: Introduce intelligent resource allocation mechanisms that 

adjust memory, CPU, and other resources in real time based on the specific needs of each 

task, optimizing for both performance and efficiency. 

3. Expanded Label Hypothesis Generation: Currently, the label hypothesis generation 

process is limited to the top three solutions for each neuron. Future iterations could 

explore incorporating a variable number of top solutions, allowing for more diverse and 

comprehensive analyses of neuron activations. Moreover, integrating advanced 

evaluation metrics—such as precision, recall, and F-measure alongside the coverage 

score—would provide a more robust measure of label validity, improving the overall 

quality of the neuron-label hypotheses. 

4. Enhanced Image Retrieval and Classification: The pipeline’s image retrieval process 

was restricted to 100 images per keyword. Expanding the number of images retrieved per 

keyword could improve the quality and depth of the validation sets, allowing for a more 

thorough evaluation of neuron activations. Further, investigating the use of more 

advanced neural network architectures, such as EfficientNet or Transformer-based 

models, could significantly improve the performance and accuracy of the image 

classification task. 
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5. Incorporation of Alternative Neural Architectures: While the ResNet50V2 model 

demonstrated strong performance in classifying neuron activations, future studies should 

evaluate the effectiveness of alternative neural architectures. Models such as 

EfficientNet, Vision Transformers (ViT), or hybrid architectures could be tested to 

further improve classification accuracy and interpretability of neuron activations. 

By addressing these limitations and incorporating the suggested enhancements, the 

pipeline can evolve into a more powerful, adaptable, and efficient tool for large-scale neuron-

specific analysis, expanding its applicability in computational neuroscience and AI 

interpretability.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 



102 

References 

[1] A. Adadi and M. Berrada, “Peeking Inside the Black-Box: A Survey on Explainable 

Artificial Intelligence (XAI),” IEEE Access, vol. 6, pp. 52138–52160, 2018, doi: 

10.1109/ACCESS.2018.2870052. 

[2] M. van Lent, W. Fisher, and M. Mancuso, “An Explainable Artificial Intelligence System 

for Small-unit Tactical Behavior”. 

[3] D. Gunning, M. Stefik, J. Choi, T. Miller, S. Stumpf, and G.-Z. Yang, “XAI—

Explainable artificial intelligence,” Sci. Robot., vol. 4, no. 37, p. eaay7120, Dec. 2019, 

doi: 10.1126/scirobotics.aay7120. 

[4] “Explainable Artificial Intelligence.” Accessed: Sep. 07, 2024. [Online]. Available: 

https://www.darpa.mil/program/explainable-artificial-intelligence 

[5] A. Dalal, M. K. Sarker, A. Barua, E. Vasserman, and P. Hitzler, “Understanding CNN 

Hidden Neuron Activations Using Structured Background Knowledge and Deductive 

Reasoning,” Aug. 09, 2023, arXiv: arXiv:2308.03999. Accessed: Oct. 21, 2024. [Online]. 

Available: http://arxiv.org/abs/2308.03999 

[6] J. D. Kelleher, Deep learning. in The MIT press essential knowledge series. Cambridge, 

Massachusetts: The MIT Press, 2019. 

[7] Y. LeCun, Y. Bengio, and G. Hinton, “Deep learning,” Nature, vol. 521, no. 7553, pp. 

436–444, May 2015, doi: 10.1038/nature14539. 

[8] I. Goodfellow, Y. Bengio, and A. Courville, Deep learning. in Adaptive computation and 

machine learning. Cambridge, Mass: The MIT press, 2016. 

[9] A. Shrestha and A. Mahmood, “Review of Deep Learning Algorithms and 

Architectures,” IEEE Access, vol. 7, pp. 53040–53065, 2019, doi: 

10.1109/ACCESS.2019.2912200. 

[10] M. Nielsen, “Neural Networks and Deep Learning”. 

[11] J. Gu et al., “Recent advances in convolutional neural networks,” Pattern Recognition, 

vol. 77, pp. 354–377, May 2018, doi: 10.1016/j.patcog.2017.10.013. 

[12] Y. LeCun et al., “Handwritten Digit Recognition with a Back-Propagation Network,” in 

Advances in Neural Information Processing Systems, Morgan-Kaufmann, 1989. 

Accessed: Oct. 05, 2024. [Online]. Available: 

https://proceedings.neurips.cc/paper/1989/hash/53c3bce66e43be4f209556518c2fcb54-

Abstract.html 

[13] L. Zhao and Z. Zhang, “A improved pooling method for convolutional neural networks,” 

Sci Rep, vol. 14, no. 1, p. 1589, Jan. 2024, doi: 10.1038/s41598-024-51258-6. 



103 

[14] “What is Semantic Reasoning?” Accessed: Oct. 19, 2024. [Online]. Available: 

https://www.oxfordsemantic.tech/faqs/what-is-semantic-reasoning 

[15] M. K. Sarker et al., “Wikipedia Knowledge Graph for Explainable AI,” in Knowledge 

Graphs and Semantic Web, vol. 1232, B. Villazón-Terrazas, F. Ortiz-Rodríguez, S. M. 

Tiwari, and S. K. Shandilya, Eds., in Communications in Computer and Information 

Science, vol. 1232. , Cham: Springer International Publishing, 2020, pp. 72–87. doi: 

10.1007/978-3-030-65384-2_6. 

[16] K. Li, Y. Zhang, K. Li, Y. Li, and Y. Fu, “Visual Semantic Reasoning for Image-Text 

Matching,” in 2019 IEEE/CVF International Conference on Computer Vision (ICCV), 

Seoul, Korea (South): IEEE, Oct. 2019, pp. 4653–4661. doi: 10.1109/ICCV.2019.00475. 

[17] A. Dalal, M. K. Sarker, A. Barua, and P. Hitzler, “Explaining Deep Learning Hidden 

Neuron Activations using Concept Induction,” Jan. 23, 2023, arXiv: arXiv:2301.09611. 

Accessed: Oct. 19, 2024. [Online]. Available: http://arxiv.org/abs/2301.09611 

[18] A. Dalal, R. Rayan, A. Barua, E. Y. Vasserman, M. K. Sarker, and P. Hitzler, “On the 

Value of Labeled Data and Symbolic Methods for Hidden Neuron Activation Analysis,” 

in Neural-Symbolic Learning and Reasoning, vol. 14980, T. R. Besold, A. d’Avila 

Garcez, E. Jimenez-Ruiz, R. Confalonieri, P. Madhyastha, and B. Wagner, Eds., in 

Lecture Notes in Computer Science, vol. 14980. , Cham: Springer Nature Switzerland, 

2024, pp. 109–131. doi: 10.1007/978-3-031-71170-1_12. 

[19] A. Dalal, R. Rayan, and P. Hitzler, “Error-Margin Analysis for Hidden Neuron 

Activation Labels,” in Neural-Symbolic Learning and Reasoning, vol. 14980, T. R. 

Besold, A. d’Avila Garcez, E. Jimenez-Ruiz, R. Confalonieri, P. Madhyastha, and B. 

Wagner, Eds., in Lecture Notes in Computer Science, vol. 14980. , Cham: Springer 

Nature Switzerland, 2024, pp. 149–164. doi: 10.1007/978-3-031-71170-1_14. 

[20]  B. Zhou, H. Zhao, X. Puig, T. Xiao, S. Fidler, A. Barriuso, A. Torralba, Semantic 

understanding of scenes through the ade20k dataset, International Journal of Computer 

Vision  127 (2019) 302–321. doi:10.1007/s11263-018-1140-0. 

[21] Sarker MK, Hitzler P. Efficient Concept Induction for Description Logics. AAAI. 2019 

Jul 17;33(01):3036–43. 

[22] K. Hutson, D. Andresen, A. Tygart, and D. Turner, “Managing a Heterogeneous Cluster,” 

in Proceedings of the Practice and Experience in Advanced Research Computing on Rise 

of the Machines (learning), Chicago IL USA: ACM, Jul. 2019, pp. 1–6. doi: 

10.1145/3332186.3332251. 

[23] S. Hutchison, D. Andresen, M. Neilsen, W. Hsu, and B. Parsons, “High Performance 

Computing Queue Time Prediction Using Clustering and Regression,” in Parallel 

Processing and Applied Mathematics, vol. 13827, R. Wyrzykowski, J. Dongarra, E. 

Deelman, and K. Karczewski, Eds., in Lecture Notes in Computer Science, vol. 13827. , 

Cham: Springer International Publishing, 2023, pp. 260–272. doi: 10.1007/978-3-031-

30445-3_22. 



104 

 


