[l asked Gemini 2.0 Flash Thinking Experimental (which is a model with a ‘reasoner’) whether Al
with reasoners was enough to satisfy the needs of XAl especially in matters that could lead to
litigation such as public benefits, employment, and administrative/judicial decisions. | said to
start by looking at different definitions of XA.]

Here is the ‘thinking’ it showed.

Here's a breakdown of the thinking process to construct the answer about Al reasoners and
explainable Al (XAl):

1. Deconstruct the Prompt: | first identify the core components of the request:

o

o

o

Question: Is Al with reasoners sufficient for XAl? (This implies needing to
explore limitations as well as strengths).

Focus: Explainable Al (XAl).

Context: High-stakes, litigation-prone use cases: public benefits, employment,
administrative/judicial decisions.

Task 1: Summarize XAl definitions, emphasizing these use cases.
Task 2: Explain what "best Al reasoners" do.

Task 3: Compare reasoners to XAl requirements, addressing sufficiency.

2. Brainstorm XAl Definitions and Litigation Use Cases: | start by recalling or quickly
researching common definitions of XAl. Key themes that emerge are:

o

o

o

Transparency: Understanding how the Al works.
Interpretability: Making the Al's oufputs understandable to humans.

Justifiability: Being able to defend the Al's decisions, especially in critical
contexts.

Fairness/Bias Mitigation: Ensuring the Al is not discriminatory and can address
biases.

Accountability: Establishing responsibility for Al decisions.

For the litigation use cases, | think about why they are sensitive:

o

Public Benefits: Impact on basic needs, potential for wrongful denial of essential
support. Fairness and due process are paramount.

Employment: Career impact, discrimination concerns, potential for unfair
hiring/firing decisions. Equal opportunity and non-discrimination are key legal
principles.

Administrative/Judicial: Impact on individual rights, potential for erroneous
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judgments, need for due process and reasoned decision-making, especially in
legal contexts.

3. Structure the XAl Definition Summary: | decide to organize the XAl definitions by the
user perspective and the goal. This creates a logical flow:

o

Layperson/Affected Individual: Focus on comprehensibility — "Why was /
denied benefits?" "Why wasn't I hired?"

Domain Expert/Auditor: Focus on trust and verification — "Is this Al reliable in
this complex domain?" "Can | validate its reasoning?"

Developer/Deployer: Focus on debuggability, improvement, and bias mitigation
— "How can | improve this model?" "Where are the potential flaws?"

Legal/Ethical Perspective: Focus on accountability, faimess, and compliance —
"Does this Al meet legal and ethical standards?" "Can we defend its use in
court?"

For each perspective, | directly link it to the litigation-prone use cases and the core XAl needs.

4. Characterize "Best Al Reasoners": Now | consider what makes an Al a "reasoner." |
focus on:

o

Symbolic/Knowledge-Based Reasoning: Using explicit rules, knowledge
graphs, ontologies, or logic. This contrasts with purely statistical models.

Traceable Inference: The ability to follow the steps of the reasoning process,
not just get an output.

Human-Readable Representations: Expressing the reasoning in a way that
humans can understand, such as rules, decision trees, or logical arguments.

Handling Uncertainty and Nuance: Reasoning models can often incorporate
probabilistic reasoning or fuzzy logic to deal with real-world complexity.

Examples: Rule-based systems, logic programming, knowledge graph-based
reasoners, neuro-symbolic Al.

5. Compare Reasoners to XAl Requirements and Address Sufficiency: This is the
critical comparison and addresses the core question. | systematically go through the XAl
needs identified earlier and assess how well reasoners address them:

o

Strengths of Reasoners for XAl:

= Transparency: By design, reasoners offer better transparency due to
explicit rules or knowledge.

» Interpretability: The reasoning process is more readily interpretable
compared to black-box models.

= Justifiability: Reasoners excel at providing justifications based on their
reasoning steps.



o

Auditability: Reasoning processes can be audited to identify errors or
biases in the knowledge base or rules.

Bias Mitigation (Potential): Explicit knowledge and rules can be designed
to promote fairness (though biases can still be encoded in rules).

Limitations of Reasoners for XAl (Where they are not sufficient):

Knowledge Acquisition Bottleneck: Building comprehensive knowledge
bases is hard and time-consuming.

Scalability Challenges: Complex reasoning can be computationally
expensive.

Handling Noisy/Incomplete Data: Symbolic reasoners can be brittle when
data is uncertain, unlike statistical models that are designed for it.

"Black Box" Reasoning (at a different level): While the steps are
traceable, the design of the reasoning system or knowledge base can still
be opaque and influenced by designer biases.

"Explanation vs. True Understanding” : Explanations are derived from the
reasoning process, but that process itself might not perfectly reflect
human reasoning or understanding of the problem domain.

6. Conclusion and Nuance: Finally, | synthesize the comparison into a nuanced
conclusion. Reasoners are better than black boxes for XAl, but they are not sufficient
alone. The key is to emphasize:

o

o

Reasoners as a valuable tool for XAl.

The need for hybrid approaches combining reasoners with other
techniques (like statistical learning).

The ongoing research and development needed in XAl and reasoners.

The importance of considering context and specific use cases when
evaluating sufficiency.

XAl is not just about technology; it's also about process, governance, and
human oversight.

7. Review and Refine: | reread the entire answer to ensure logical flow, clarity, and
completeness. | check for any inconsistencies or areas that could be explained more
precisely. | make sure the answer directly addresses all parts of the prompt and provides
a balanced and insightful perspective. | ensure the language is appropriate and avoids
overly technical jargon where possible while maintaining necessary precision.

By following this systematic process of deconstruction, brainstorming, structuring, comparison,
and refinement, | arrive at a comprehensive and well-reasoned answer that addresses the
complex question about Al reasoners and explainable Al.



And here is the report it wrote.

Let's break down the question of whether Al with reasoners is sufficient for explainable Al (XAl),
particularly in high-stakes, litigation-prone contexts.

1. Defining Explainable Al (XAl) with a Focus on
Litigation-Prone Use Cases

"Explainable Al" isn't a monolithic concept. Its definition varies depending on the stakeholder
and the context. When we consider use cases that can lead to litigation — public benefits,
employment, and administrative/judicial decisions — the requirements for "explainability" become
significantly more stringent. Here are different facets of XAl relevant to these scenarios:

a) Transparency (Understanding the "How"):

Definition: Transparency refers to the intrinsic understandability of the Al model itself.
Can we see inside the "black box"? Is the model inherently interpretable in its structure?
Litigation Use Cases: In these sensitive areas, transparency is crucial for auditing and
accountability. If a public benefits determination is challenged, lawyers, auditors, or
regulators need to understand how the Al arrived at its decision to assess for fairness,
bias, and compliance with legal standards. Similarly, in employment discrimination suits,
understanding the Al's decision-making process is essential to prove or disprove
discriminatory practices. In administrative/judicial settings, the principle of reasoned
decisions demands transparency of the rationale.

Examples of Lack of Transparency leading to litigation concerns:

o Black-box neural networks: Deep learning models are notoriously opaque. If used
to deny public benefits, it's extremely difficult to understand why and verify if the
denial was justified, raising due process concerns.

o Proprietary algorithms: If employment decisions are made using secret,
undocumented algorithms, it's impossible for rejected candidates or regulators to
evaluate fairness or detect bias.

b) Interpretability (Understanding the "Why"):

Definition: Interpretability focuses on making the outputs and decisions of an Al system
understandable to humans, even if the underlying model is complex. It's about providing
post-hoc explanations for specific outcomes.

Litigation Use Cases: Interpretability directly addresses the need for justification and
recourse. Individuals denied benefits, jobs, or facing adverse administrative/judicial
decisions have a right to understand why the Al made that decision. They need
explanations that are meaningful and allow them to contest or appeal if they believe the
decision is wrong or unfair. Explanations must be sufficiently detailed and relevant to the
individual's case.

Examples of Lack of Interpretability leading to litigation concerns:

o No rationale provided: If an Al system simply says "denied" without explaining
why an application for public housing was rejected, it violates fundamental
principles of procedural fairness and opens the door to litigation.

o Generic or unintelligible explanations: A vague explanation like "based on your
risk score" without detailing what factors contributed to the risk score or how they
were weighted is insufficient for a person trying to understand and potentially
challenge a decision impacting their life.

c) Justifiability/Reasonableness (Understanding the "Rationale"):

Definition: This goes beyond simple interpretation and demands that the explanations
provided are sound, logical, and justified in the context of the domain and relevant laws or
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ethical principles. It's about whether the reasoning behind the decision is defensible.

e Litigation Use Cases: Justifiability is essential for demonstrating legitimacy and
fairness. In legal settings, decisions must not only be explained but also be demonstrably
reasonable, free from arbitrary or discriminatory factors, and aligned with the purpose of
the relevant laws or regulations. Litigation often revolves around whether the Al's decision
was "reasonable" or "arbitrary and capricious."

e Examples of Lack of Justifiability leading to litigation concerns:

o Explanations based on irrelevant or discriminatory factors: If an Al uses
protected characteristics like race or gender (even indirectly through proxy
variables) to make decisions, even if it provides an explanation, the rationale is not
justifiable under anti-discrimination laws and will likely lead to litigation.

o Explanations that are factually incorrect or logically flawed: If an Al denies
benefits based on inaccurate information or flawed reasoning, the explanation, even
if provided, will be challenged as unjustifiable and legally unsound.

d) Faithfulness/Fidelity (Explanation mirrors actual decision process):

e Definition: Faithfulness means the explanation truly reflects the actual decision-making
process of the Al. It's not a simplified or post-hoc rationalization that doesn't accurately
represent what the model did.

e Litigation Use Cases: Faithfulness is critical for trustworthiness and reliability. If
explanations are misleading or misrepresent how the Al works, it undermines trust and
could be seen as deceptive. In litigation, proving that the explanation is a faithful
representation of the Al's reasoning strengthens the defense of the Al system's use.

e Examples of Lack of Faithfulness leading to litigation concerns:

o Surrogate models: If an explanation is generated by a simpler "explanation model"
that approximates the complex Al model but doesn't truly reflect its internal
workings, it could be misleading. If this surrogate model simplifies away crucial
details or biases present in the original model, the explanation is unfaithful.

o Post-hoc rationalizations: If explanations are created after the decision, and are
not directly derived from the decision-making process itself, they might be
inaccurate or incomplete representations of the actual reasoning.

e) Completeness (Considering all relevant factors):

e Definition: Completeness means that the explanation covers all significant factors that
contributed to the Al's decision. It doesn't omit crucial elements that influenced the
outcome.

e Litigation Use Cases: Completeness is needed for thorough understanding and
informed challenge. In high-stakes contexts, individuals need a full picture of why a
decision was made to meaningfully assess its validity and prepare a potential appeal or
challenge. Incomplete explanations can hide biases or omissions.

e Examples of Lack of Completeness leading to litigation concerns:

o Focusing on only "positive" contributing factors, omitting "negative" ones: If
an Al explanation for denying a loan only highlights the applicant's low credit score
but doesn't mention other factors that might have mitigated that risk (like strong
employment history), the explanation is incomplete and potentially misleading.

o Ignoring contextual factors: If an Al system making administrative decisions
ignores crucial context-specific information that is relevant to the individual case
and only relies on general rules, the explanation is incomplete and might be seen
as unfair.

f) Actionability (Enabling recourse and improvement):

e Definition: Actionability means the explanation provides useful information that allows
individuals to understand what they could do differently in the future (if applicable) or how
to contest the decision if they believe it's incorrect. It empowers users.
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e Litigation Use Cases: Actionability supports procedural fairness and the right to
appeal. If an individual is denied public benefits, a useful explanation would not just state
why but also point to the specific criteria they failed to meet and what steps they could
take to improve their eligibility in the future (if possible). In judicial or administrative
appeals, actionable explanations facilitate the preparation of effective arguments.

e Examples of Lack of Actionability leading to litigation concerns:

o Circular explanations: Explanations that simply reiterate the decision criteria
without providing concrete information specific to the individual's case are not
actionable (e.g., "You were denied because you didn't meet the eligibility criteria").

o Explanations that are too technical or abstract: Explanations that use jargon or
complex technical terms that are incomprehensible to the average person are not
actionable, as they don't empower the individual to understand or respond
effectively.

In summary for litigation use cases: XAl in these contexts must go beyond simply saying
what the Al decided and aim to provide understandable, justifiable, faithful, complete, and
actionable explanations of why and how the decision was reached, to ensure fairness,
accountability, and legal compliance.

2. What Best Als with Reasoners Do

"Al with reasoners" typically refers to Al systems that employ symbolic reasoning techniques, as
opposed to purely statistical or connectionist approaches like deep learning alone. These
systems attempt to mimic human-like reasoning processes. The "best" reasoners exhibit several
key characteristics:
a) Symbolic Representation of Knowledge:
e They use structured representations of knowledge, such as:
o Rule-based systems: Represent knowledge as "if-then" rules.
o Logic-based systems: Use formal logic (e.g., predicate logic, description logic) to
represent knowledge and perform inference.
o Knowledge graphs: Store knowledge as entities and relationships between them.
o Ontologies: Formal specifications of concepts and their relationships within a
domain.
b) Explicit Reasoning Processes:
e They perform inference through well-defined reasoning mechanisms:
o Deduction: Deriving conclusions from premises using logical rules.
Induction: Generalizing from specific examples to form general rules.
Abduction: Inferring the best explanation for a given observation.
Case-based reasoning: Solving new problems by adapting solutions from similar
past problems.
c) Traceable and Auditable Reasoning Paths:
e They can provide a step-by-step account of how they arrived at a conclusion.
e The reasoning process is often represented in a human-readable format, such as:
o Rule traces: Showing which rules were fired and in what order.
o Logical proofs: Presenting a sequence of logical inferences.
o Decision trees: Visualizing the branching decisions leading to an outcome.
d) Ability to Handle Symbolic and Structured Data:
e They excel at reasoning with data that is naturally symbolic or can be easily structured
into symbolic forms.
e They can work with data that represents facts, rules, concepts, and relationships.
e) Transparency and Interpretability by Design:

O O O



Unlike black-box models, their inner workings are inherently more transparent because
the knowledge and reasoning mechanisms are explicitly represented.
They are often designed with interpretability as a primary goal.

Examples of Al Reasoners:

Rule-based expert systems: Classic Al systems that use rules defined by domain
experts to make decisions (e.g., medical diagnosis systems, credit scoring systems).
Logic programming systems (e.g., Prolog): Systems that use logic programming
languages to represent knowledge and perform logical inference.

Semantic web technologies: Tools and standards for building knowledge graphs and
performing reasoning on them (e.g., using RDF, OWL, SPARQL).

Neuro-symbolic Al: Hybrid approaches that combine symbolic reasoning with neural
networks, aiming to leverage the strengths of both.

3. Comparison: Al Reasoners vs. XAl Requirements
for Litigation Use Cases

Now, let's compare what Al reasoners offer to the XAl demands in litigation-prone use cases:
Strengths of Al Reasoners in Meeting XAl Requirements:

Enhanced Transparency (a): Reasoners inherently offer better transparency than black-
box models. Their knowledge base and reasoning rules are, in principle, inspectable.
Improved Interpretability (b): Reasoners can generate explanations that directly reflect
their reasoning process, making the "why" more understandable. Rule traces, logical
proofs, etc., offer concrete explanations.

Greater Justifiability/Reasonableness (c): By relying on explicit rules or logical
principles, reasoners can potentially offer more justifiable rationales. The reasoning can
be aligned with domain knowledge, regulations, or legal principles if the knowledge base
is constructed accordingly.

Potentially Higher Faithfulness (d): The explanations generated by reasoners are often
direct outputs of their reasoning process, thus more likely to be faithful to how the
decision was made.

However, Al Reasoners Alone Are NOT Sufficient for XAl in these contexts. Limitations
and Challenges Remain:

Knowledge Acquisition Bottleneck: Building comprehensive and accurate knowledge
bases for complex domains (like public benefits eligibility or employment law) is extremely
difficult, time-consuming, and expensive. Knowledge can be incomplete, inconsistent, or
biased itself. This impacts Justifiability and Completeness (c, e). Even with a
reasoner, if the underlying knowledge is flawed, the explanations will be too.

Maintaining and Updating Knowledge: Laws, regulations, and policies change.
Keeping knowledge bases up-to-date is a continuous and labor-intensive process. This
impacts Faithfulness and Justifiability (d, c) over time. Outdated rules lead to
incorrect or unjustifiable decisions.

Handling Uncertainty and Nuance: Real-world domains are often characterized by
uncertainty, ambiguity, and exceptions. Purely symbolic reasoners may struggle to handle
the "gray areas" and nuances that statistical models can sometimes capture better. This
impacts Completeness and Justifiability (e, ¢). Rigid rule-based systems can be brittle
in complex, dynamic environments.

Explanation Complexity: While reasoners can produce explanations, complex reasoning
chains can still be difficult to understand, especially for non-technical users. Explanations
might be too verbose, too technical, or not tailored to the user's needs. This impacts
Interpretability and Actionability (b, f).



e Bias in Knowledge Representation: Even though the reasoning process is explicit,
biases can still creep in through the way knowledge is represented (e.g., which rules are
chosen, how concepts are defined, what data is used to build the knowledge base).
These biases can be harder to detect than in statistical models if not carefully audited.
This impacts Justifiability, Faithfulness, and Completeness (c, d, e).

e Lack of Learning from Data: Traditional reasoners primarily rely on pre-defined
knowledge. They might not be as effective at learning patterns directly from data or
adapting to changing data distributions as machine learning models are. In rapidly
evolving domains, this can be a limitation. This impacts Faithfulness and Justifiability
(d, ¢) in dynamic environments.

e Scale and Performance: Complex symbolic reasoning can be computationally expensive
and might not scale as well as some statistical models to very large datasets or high-
throughput applications. This can indirectly impact Actionability (f) if response times
are slow.

Conclusion:

Al with reasoners offers a significant step forward in explainability compared to black-box Al,
particularly in terms of transparency, interpretability, and justifiability. They are better suited for
generating explanations that can be understood and scrutinized in litigation-prone contexts.
However, they are not a panacea and not sufficient on their own. To truly meet the stringent
XAl requirements for high-stakes decisions, we need to address the limitations of pure
reasoners. This likely involves:

e Hybrid Approaches: Combining symbolic reasoning with machine learning techniques
(neuro-symbolic Al) to leverage the strengths of both — reasoners for explainability and
ML for learning from data and handling uncertainty.

e Focus on Knowledge Engineering and Validation: Investing heavily in methods for
building, validating, and maintaining high-quality, unbiased knowledge bases.

e User-Centric Explanation Design: Developing techniques to generate explanations that
are tailored to the needs and understanding of different stakeholders (affected individuals,
lawyers, auditors).

e Rigorous Auditing and Testing: Establishing processes for auditing and testing Al
reasoners to detect and mitigate biases, ensure faithfulness, and validate the justifiability
of their reasoning in real-world use cases.

e Ethical and Legal Frameworks: Developing clear ethical guidelines and legal
frameworks for the deployment of Al systems in high-stakes contexts, which explicitly
address explainability, accountability, and recourse.

In summary, while Al with reasoners is a powerful tool for building more explainable Al systems,
achieving "sufficient" explainability for litigation-prone use cases is a complex, multidisciplinary
challenge that requires ongoing research, development, and careful attention to both technical
and societal aspects. Reasoners are a valuable component of the solution, but not the complete
answer.



