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Sample Work from Our Research
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Osman Tursun, Sinan Kalkan, Simon Denman, Sridha Sridharan, Clinton Fookes, “Quantized and Verbalized Heatmap Analysis with Part-
Masks and LLMs for End-User-Friendly XAI”, under review.
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Probability of the Bernouilli distribution 
(in the previous slide)
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Goyal et al., 
Counterfactual Visual 
Explanations, 2019.
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reshuffle features
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Agenda

• Explainability
• Representation-level explanations (Concept Activation Vectors)
• Data attribution methods (Influence of training samples)
• Explainability in LLMs
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Administrative Notes
• Final Exam:
• 13 January 16:30

• Project milestones
• 2. Milestone (December 7, midnight)

• The results of the first experiment
• 3. Milestone (January 4, midnight)

• Final report (Readme file)
• Repo with all code & trained models
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Representation-based 
Explanations
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Background: Directional Derivative
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Material: Wikipedia
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Data Attribution Methods
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Counterfactual explanation: how would the model’s 
predictions change if we did not have this training point?
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Influence on the 
parameters

Calculate the impact of 
removing sample “𝑧” 
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Koh, P. W., & Liang, P. (2017). Understanding black-
box predictions via influence functions. 
In International conference on machine learning (pp. 
1885-1894). PMLR.
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Derivation of the gradient
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f(x) is strongly convex: 

Koh, P. W., & Liang, P. (2017). Understanding black-
box predictions via influence functions. 
In International conference on machine learning (pp. 
1885-1894). PMLR.



Derivation of 
the gradient
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Koh, P. W., & Liang, P. (2017). Understanding black-
box predictions via influence functions. 
In International conference on machine learning (pp. 
1885-1894). PMLR.

Recall	first-order	Taylor	series:
𝑓 𝑥 ≈ 𝑓 𝑎 + 𝑓) 𝑎 × 𝑥 − 𝑎

𝑓(𝑥) is the following term:

with 𝑥: G𝜃*,, and  𝑎: G𝜃
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Influence of 
removing 𝑧!"#$%

on 𝑧!&'!
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NeurIPS 2019
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Yes! 

See, e.g.: Park, S. M., Georgiev, K., Ilyas, A., Leclerc, G., & Madry, A. (2023). Trak: Attributing model behavior at scale. arXiv
preprint arXiv:2303.14186.



Explainable AI for LLMs
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Bilal, A., Ebert, D., & Lin, B. (2025). Llms for explainable ai: A 
comprehensive survey. arXiv preprint arXiv:2504.00125.

Attention-scores

Chain-of-Thought
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Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., ... & Du, M. 
(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.
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(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.



Traditional Finetuning Paradigm: Local Explanations
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(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.



Traditional Finetuning Paradigm: Local Explanations
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Traditional Finetuning Paradigm:
Global Explanations
Probing-based Explanations
• Probing: Check presence of certain knowledge (e.g., syntax, semantics)
• Classifier-based Probing
• Train a shallow classifier on top of the pre-trained language model (e.g., BERT) 

for a probing task
• Probing classifier can be trained on different layers to see what they encode

• Parameter-free Probing
• E.g.: Create a dataset of positive and negative examples; compare model 

predictions on both sets
• E.g.: Analyze performance on sentence/text completion or generation.

CENG7880 99
Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., ... & Du, M. 
(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.



Traditional Finetuning Paradigm:
Global Explanations
Neuron-Activation Explanations
• Explain a neuron’s responsiveness to certain stimuli
• E.g., feed a set of (input, activation for a neuron) to GPT-4:
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Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., ... & Du, M. 
(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.

See, OpenAI’s research on this: 
https://openai.com/index/language-models-can-explain-
neurons-in-language-models/?s=09



Traditional Finetuning Paradigm:
Global Explanations
• Concept-Based Explanations
• Concept Activation Vectors (e.g., TCAV)
• E.g., for a sentiment classification task (positive vs. neutral), we 

can use TCAV to evaluate the impact of positive adjectives vs. 
neutral adjectives.
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Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., ... & Du, M. 
(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.

See the following tutorial:
https://github.com/meta-pytorch/captum/blob/master/tutorials/TCAV_NLP.ipynb



Traditional Finetuning Paradigm:
Global Explanations
• Mechanistic 

Interpretability
• Try to construct a “circuit” 

by bringing together 
neurons and their 
connections
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Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., ... & Du, M. 
(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.

https://www.anthropic.com/news/decomposing-language-models-into-understandable-components

See also:

https://transformer-circuits.pub/2023/monosemantic-
features/index.html



Prompting Paradigm:
Base-Model Explanation

• Explaining In-Context Learning
• We can use contrastive examples (e.g., flip labels) and saliency maps
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Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., ... & Du, M. 
(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.

Fig from 
https://arxiv.org/pdf/2307.05052



Prompting Paradigm:
Base-Model 
Explanation
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(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.

Fig from 
https://arxiv.org/pdf/2307.05052



Prompting Paradigm:
Base-Model Explanation

Explaining In-Context Learning
• We can use contrastive examples (e.g., flip labels) and saliency maps
• “For a sentiment analysis task, they find that flipping labels is more 

likely to reduce salience for smaller models (e.g., GPT-2), while 
having an opposite impact on large models (e.g., InstructGPT).”
• “Experiments with flipped labels in ICL exemplars show that large 

models can learn to flip predictions, while small models cannot.”
• “The impact of different demonstration types appears to vary 

depending on the model scale and task type.”
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(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.



Prompting Paradigm:
Base-Model Explanation
Explaining Chain-of-Thought Prompting
• Gradient-based feature attribution as saliency scores of input tokens

• “The goal is to understand whether CoT prompting changes saliency scores compared 
to standard prompting, offering insights into why CoT improves performance.” 

• “The analysis of saliency scores suggests that CoT prompting makes models consider 
question tokens in a more stable way”

• Add perturbations on input tokens to see their influence
• Counterfactual prompts

• “[…] intermediate reasoning steps act more as a beacon for the model to replicate 
symbols into factual answers, rather than facilitate learning to solve the task.”
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(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.



Prompting Paradigm:
Base-Model Explanation

Representation Engineering
• Focus on structure and the characteristic of 

the representation space to analyze 
emergent representations and high-level 
behaviors

• Zou et al. (2023): 
• Representation reading: Linear artificial 

tomograph similar to neuroimaging. 
Neuron activations and their stimulants are 
recorded. Linear probes are trained to 
predict what neurons represent.
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(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.

Zou et al. (2023): https://arxiv.org/pdf/2310.01405



Representation Engineering
• Focus on structure and the 

characteristic of the representation 
space to analyze emergent 
representations and high-level 
behaviors

• Zou et al. (2023): 
• Representation reading: Linear artificial 

tomograph similar to neuroimaging. 
Neuron activations and their stimulants 
are recorded. Linear probes are trained 
to predict what neurons represent.

• Representation control: Add/subtract 
activation vectors to control model 
output, e.g., to make predictions more 
honest or deceitful.
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(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.

Zou et al. (2023): https://arxiv.org/pdf/2310.01405

Prompting Paradigm:
Base-Model Explanation



Prompting Paradigm:
Assistant-Model Explanation
• Explaining the Role of Fine-tuning

• Use methods such as self-attention maps
• “Knowledge is mainly captured during the pretraining stage. Subsequent instruction fine-

tuning then helps activate this knowledge towards useful outputs for end users.” 
• “reinforcement learning can further align the model with human values”

• Explaining Hallucination
• Main causes: Lack of data, repeated data, long-tailed data/concepts.
• LLMs mainly memorize complex patterns and are limited in terms of reasoning, ontological 

knowledge, logical deduction
• LLMs favor word co-occurrences rather than factual answers (shortcuts or spurious 

correlations)
• LLMs exhibit sycophancy (“insincere flattery given to gain advantage from a superior”)
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(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.



Prompting Paradigm:
Assistant-Model Explanation

Uncertainty Quantification
• Most LLMs are closed => logit-based uncertainty quantification not feasible
• Confidence elicitation: Non-logit-based methods to elicit uncertainty
• Methods:

• Consistency: Obtain multiple answers and quantify their consistency. To obtain 
multiple answers, add randomness or add text (perturbation, misleading hints).

• LLM’s self-certainty report: “I am only 20% confident in this answer”
• Aggregate token-level uncertainties: Predicting a token is a classification problem. 

Quantify the variance of the probability distribution as a measure of uncertainty.
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(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.


