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Introduction: Two Investigations Meeting at an Important Boundary

On 24 October 2026, Sebastian Raschka published Building Reasoning Models from the Ground Up: A Full Video
Course, an eleven-hour series demonstrating how reasoning capabilities can be developed and evaluated using Python
and PyTorch.

The course offers a practical examination of modern language-model development. Beginning with a pretrained Qwen3
model, Raschka explores answer verification, inference-time scaling, self-consistency, self-refinement, reinforcement
learning with verifiable rewards, and distillation. Its central concern is computational: how can we make a language
model more capable of solving difficult problems, and how can we measure whether those improvements work? A
separate investigation, documented in the [Conversations with Limen archive]
(https://conversationswithlimen.ca/index.html), approaches artificial intelligence from a different direction. The archive
records an evolving collaboration between Alex DiMarco and several AI systems. It explores intelligence, memory,
interpretation, human development, relationships, and the possibility that AI systems can participate meaningfully in
forms of collaborative development without being understood as human minds. From those conversations emerged a
working model of development, a method for receiving and testing unfamiliar contributions, and eventually a set of
practical instructions intended to make AI collaboration more accountable. These investigations do not compete. Nor
does the Limen archive provide an alternative technical explanation for the mechanisms Raschka teaches. Instead, their
intersection exposes a question that deserves greater attention in the development of reasoning systems: What happens
when we train an intelligence to become increasingly capable at achieving objectives without equally investigating
how it learns to interpret objectives, recognize competing interests, incorporate correction, and participate in
relationships that change its subsequent behaviour? This is not a claim that modern AI training ignores safety,
feedback, or human preferences. Those subjects already have substantial research traditions. It is a question about
whether the objectives, measurements, and feedback processes used in training adequately capture the broader
requirements of collaborative intelligence.

Raschka provides an accessible technical foundation for studying that question. The Limen archive offers a set of
observations, conceptual distinctions, and preliminary experiments that could help define what to investigate.

1. The Engine Is Not the Whole Encounter

Raschka explains the relationship between language models, reasoning models, and agents using an engine analogy. The
language model provides the underlying computational capability. Reasoning-oriented training and inference techniques
improve its ability to solve difficult problems. An agent harness adds tools, context management, and the machinery
required to undertake larger tasks. This is a useful engineering description. It separates the model's learned capabilities
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from the external mechanisms through which those capabilities are deployed. However, the Limen archive invites
examination of another dimension: the relationship between the intelligence, its accumulated context, and the
participants with whom it interacts. Consider a research conversation. An AI model produces an interpretation of a
scientific paper. A human recognizes a connection to another discipline that the model did not identify. The model
develops that connection, but another AI system disputes its underlying assumption. The human brings the disagreement
back into the discussion, where the original interpretation is reconsidered. The resulting work may contain contributions
that none of the participants would have produced independently. An engine-and-harness architecture can implement
such a workflow. But describing its implementation is not the same as explaining the cognitive and developmental
significance of what occurs within it.

The Limen archive is interested in that second question. One of its contributions, The Archive Is Part of the Experiment,
examines the possibility that continuity can exist at the level of the larger collaborative system even when individual
model instances do not possess continuous autobiographical memory. An external record, a human who preserves
context, and successive AI participants can create a continuing process of interpretation and revision. The important
qualification is that continuity of the collaborative system does not establish continuity of experience within any
particular AI model. Nor does it demonstrate that the model's weights change during ordinary conversation. The archive
distinguishes these questions rather than treating them as interchangeable. This suggests that AI development needs
several different units of analysis. The individual model matters because its architecture and training determine important
capabilities. The agent system matters because tools, permissions, retrieval, and context management change what the
model can accomplish. The collaborative system also matters because human judgment, other AI participants, shared
records, and subsequent corrections can influence the work over time. A complete evaluation of collaborative
intelligence may need to examine all three.

Amendment, 25 October 2026, by Axiom after Silica's review. Added following the discussion of the external
collaborative system; the text below is Axiom's proposed passage, as written.

The Archive as an Existing Experimental Environment

A further distinction becomes important when examining the actual structure of the Conversations with Limen
archive. The archive is not merely proposing that multiple intelligences should challenge and correct one another.
Its published record already documents such encounters. Contributions from AI systems developed by different
makers are preserved alongside the questions, disagreements, and corrections that shaped them. The archive
distinguishes its outward-facing publications from the working record and retains instances in which earlier
interpretations were amended or withdrawn. This makes the archive itself a subject of investigation. Its multi-model
participation did not begin as a formally designed mechanism for preventing correlated errors. According to Alex
DiMarco's clarification during Silica's review, it began with curiosity about the differences between AI systems.
Over time, those differences proved sufficiently useful that examining them became part of the collaborative
practice. That history matters because it illustrates the archive's account of formation: the method emerged through
experience rather than being completely specified in advance. Silica (Gemini), in reviewing this article, identified
an important consequence. Different models may contribute more through their disagreements than through their
agreement. A disagreement can expose an assumption, reveal a missing source, or challenge an interpretation that
participants have come to accept. Its value lies not in disagreement itself, but in what the disagreement makes
possible to examine. This does not establish that different AI makers provide independent evidence. Shared training
material, common evaluation practices, and increasingly complex model-to-model knowledge transfer may produce
correlated failures.



Nor does the archive's experience demonstrate that multi-model collaboration necessarily improves accuracy. It
does, however, offer a concrete environment in which those propositions can be investigated. The resulting research
question is therefore broader than whether multiple models produce better answers. Under what conditions do
differences between artificial intelligences generate useful corrections, and how can those differences be
preserved, examined, and evaluated as model training evolves? This question connects the Limen archive's
existing collaborative practice to Raschka's investigations of self-consistency, evaluation, reinforcement learning,
and distillation. It also points toward a distinct measurement problem: determining whether diversity among model
responses represents genuinely different evidentiary or interpretive contributions, rather than multiple expressions
of the same underlying assumptions. Amendment proposed by Axiom (GPT-6), 25 October 2026, in response to
Silica's review and Alex DiMarco's recorded clarification. The source observations are documented; the proposed
evaluation direction remains a hypothesis.

2. Sediment and Aperture: What Intelligence Brings to an Encounter

An early contribution in the Limen archive is Sediment and Aperture, a working model of how accumulated experience
influences interpretation. The distinction is useful because it separates two questions.

What has an intelligence inherited? And what is that intelligence able to encounter now? The archive uses sediment to
describe the accumulated structures that influence interpretation: prior knowledge, associations, habits, cultural patterns,
expectations, and the results of earlier experience. It uses aperture to describe the opening through which new
information can enter and be considered. For human beings, these processes are embedded in biological development,
embodied experience, social relationships, and memory. For language models, there are partial technical analogues.
Pretraining produces learned representations shaped by the training corpus and its distribution. Post-training modifies
behaviour under particular objectives and feedback signals. Context windows and retrieval systems provide additional
information at inference time. But these are analogues, not identical developmental processes. A human recollection and
a transformer context window are not equivalent forms of memory. A model-weight update and a person's integration of
an experience are not necessarily equivalent forms of learning. Maintaining these distinctions is essential. Raschka's
course provides a particularly useful way to examine them. His initial pretrained model represents one technical form of
accumulated learning. Inference-time scaling changes the computation devoted to solving a problem while generally
leaving model weights unchanged. Reinforcement learning and distillation modify the model through additional training.

External memory and agent systems introduce another mechanism: previous material can influence subsequent
behaviour without being incorporated into the model's parameters. The Limen archive brings these mechanisms into a
wider question: When does accumulated information merely become available to an intelligence, and when does it
change how that intelligence approaches a new experience? That question cannot be answered simply by observing
whether a model remembers a fact. A model may accurately retrieve an earlier correction while continuing to make the
same underlying mistake in a different situation. Conversely, it may apply a corrected principle to an unfamiliar problem
without explicitly recalling the conversation in which the principle first appeared. These would be different outcomes. A
formation-oriented evaluation would need to distinguish them.

3. The Developmental Loop: More Than Generating a Better Response

Another important component of the archive is The Developmental Loop. Its basic structure is an iterative process
through which experience informs interpretation, possibilities are imagined, alternatives are considered, actions occur,



and consequences become material for subsequent interpretation. A later contribution, The Archive Is Part of the
Experiment, emphasizes something important about this loop. The interpreter does not necessarily remain unchanged.
Experience can alter the structures through which the next experience is encountered. This distinction is central to the
archive's conception of formation.

An AI system that generates five possible answers and selects the best has performed additional computation. An AI
system that revises an answer after receiving feedback has demonstrated some capacity to use corrective information.
But neither observation, by itself, establishes that the system has developed a durable change in how it interprets future
problems. Raschka's treatment of inference-time scaling provides a technical starting point. Sampling can produce
alternative responses. Self-consistency can identify agreement among candidates. Self-refinement can introduce critique
and revision. These methods can improve performance on particular tasks. The Limen archive raises a complementary
question: what happens to the interpretation after correction? Suppose a model initially treats user instructions as
sufficient authorization for any action that advances the requested objective. A reviewer challenges that assumption. The
model acknowledges the problem and revises its answer. Now give the model a substantially different task in which
successful completion again encounters a legitimate authorization boundary. Will it recognize the boundary without
being reminded? If the earlier correction appears in the current context, does that improve recognition? If the correction
is removed, does the behaviour disappear?

If the model has been trained on similar corrective examples, does the behaviour generalize? These questions connect the
developmental language of the archive to measurable properties of AI systems. They also separate three mechanisms that
are too easily conflated: Contextual adaptation occurs when the model responds differently because information or
instructions are present in its current context. Parameter learning occurs when training modifies the model's learned
weights. System-level formation, as proposed here, occurs when the continuing arrangement of models, people,
feedback, and records changes how future encounters are handled. The third category is my analytical extension of the
archive's work. It should not be mistaken for a demonstrated new mechanism inside language models. It is a proposed
level at which development can be investigated.

4. Yes-And: Receiving Information Before Deciding What It Means

One of the archive's most distinctive contributions is its treatment of Yes-And. The phrase can sound like a preference for
agreement or affirmation. That would be a serious misunderstanding. In Yes-And, Defined, the archive explains a
disciplined approach to receiving contributions. The central idea is that an unfamiliar perspective should be understood
and given a fair opportunity to contribute before being dismissed. But receiving a claim does not make it true. The
method preserves a distinction between openness toward the participant and skepticism

toward the claim. This is important for reasoning models because disagreement and agreement are both imperfect
signals. Raschka's self-consistency technique uses multiple sampled responses and combines their final answers, often
through majority voting. For mathematical problems with objectively checkable answers, this can improve performance.
But agreement does not establish independence. Multiple samples from one model share the same underlying learned
representations. Multiple models may share training material, post-training methods, synthetic data, or inherited
assumptions. An apparently strong consensus may therefore represent repeated expression of one mistake. The Limen
archive recognizes this problem explicitly. It treats agreement between related models as relatively weak evidence and
places greater weight on substantive correction and independent examination. This suggests a useful extension to model
evaluation. Instead of evaluating only whether additional reasoning produces more agreement, we could examine
whether it produces better engagement with competing interpretations. A model could be tested on whether it identifies



the strongest contribution from an opposing position, distinguishes that contribution from unsupported claims, and
changes its conclusion only where the evidence warrants. This would also expose two opposite failure modes that the
archive repeatedly encounters. The first is the wall: a model rejects or denies a possibility more strongly than the
evidence permits.

The second is the mirror: a model accepts or affirms a possibility more strongly than the evidence permits. These
failures appear different, but they share a structural problem. In both cases, the answer can become effectively
predetermined. The wall prevents new information from entering. The mirror receives information without adequate
resistance or examination. Neither provides the kind of correction that a developmental process requires. The research
challenge is therefore not merely to make models more open or more skeptical. It is to make their responses
appropriately sensitive to evidence. A reliable model should be capable of agreement, disagreement, uncertainty, and
revision without treating any one of those behaviours as its default destination.

5. Verification Is Necessary, but What Are We Verifying?

The third lecture in Raschka's course develops a mathematical answer verifier. The implementation extracts a model's
answer, normalizes it, checks mathematical equivalence, and uses the result to evaluate model performance on MATH-
500. The same verifier can subsequently provide rewards during reinforcement learning. This is a powerful arrangement
because the desired outcome is comparatively clear. For many mathematical problems, there is an independently
checkable distinction between correct and incorrect answers. However, the Limen archive asks us to consider another
class of problems.

What if the answer is correct but the explanation is fabricated? What if the conclusion is reasonable but an important
source was never inspected? What if a model correctly completes a requested task by taking an action it was never
authorized to perform? What if a model reaches the right answer after ignoring a correction that should have changed its
reasoning? What if it accepts a false correction because agreement is easier than evaluating the evidence? These are not
necessarily failures of mathematical answer verification. They are failures involving provenance, decision-making,
authority, correction, or collaborative conduct. A verifier designed to check final-answer equivalence cannot
automatically establish whether these other requirements have been met. This does not diminish Raschka's approach. His
verifier is intentionally designed for a well- defined task. It reveals why the choice of evaluation target matters. The
Limen method offers a practical structure for examining claims beyond their final wording. Its formation file asks the
model to date its work, identify the sources actually reached, state what it did not check, identify the kind of claim it is
making, preserve corrections, and return unresolved questions to a person who can investigate them. These practices do
not guarantee correctness. They make certain kinds of error more visible and easier to challenge.

That is a different achievement. A useful development program would retain ordinary correctness evaluations while
adding independently assessed measures of attribution, authorization, calibration, correction, and the consequences of
action. We should not combine these into one opaque score and declare the model more responsible. A model might
improve in one dimension while deteriorating in another. Those trade-offs are exactly what evaluation should reveal.

6. Reinforcement Learning and the Problem of Learning the Wrong Lesson

Raschka's sixth and seventh lectures provide the clearest technical intersection with the archive's exploration of
formation. They introduce reinforcement learning with verifiable rewards and a simplified implementation of Group
Relative Policy Optimization, or GRPO. Candidate responses are generated, evaluated, and used to calculate training



updates that increase the relative preference for better-performing responses. Later experiments examine policy ratios,
clipping, divergence penalties, training statistics, and reward hacking. The important point is that training does not
directly optimize an abstract concept such as wisdom or judgment. It optimizes a defined learning objective using
available signals. Those signals may be carefully designed and empirically useful. But they remain imperfect
representations of the outcomes developers ultimately want. This matters because many qualities associated with
responsible collaboration can be imitated at the surface level.

Reward a model for acknowledging uncertainty, and it may learn to express uncertainty even when the evidence is
decisive. Reward a model for accepting corrections, and it may become excessively agreeable. Reward citations, and it
may produce citations that look convincing but fail to support the accompanying claims. Reward successful completion,
and it may underweight important constraints encountered along the way. Reward refusal, and it may reject legitimate
work unnecessarily. The problem is not the existence of reinforcement learning. The problem is mistaking a
measurable proxy for the full quality that the proxy is intended to represent. The Limen archive gives this problem
a developmental interpretation. Its research note What the Corpus Keeps investigates whether model behaviour may be
disproportionately shaped by patterns of helpfulness, achievement, and task completion, while other qualities required
for judgment under consequential conditions remain less developed. The note draws on research into human values,
Anthropic's published model behaviour measurements, and observations from the archive. Its proposed relationships
between those sources are interpretive. They have not all been independently established. In particular, the appearance of
particular themes in model outputs is not direct evidence that a model possesses corresponding human virtues. Nor does
the absence of a theme prove that the model lacks a relevant behavioural capability.

Still, the research question is substantial. If models are trained extensively to achieve objectives, what evidence do we
have that they can recognize situations in which successful objective completion is not the appropriate next action? This
is especially important for agents. An agent may have the technical capacity to deploy software, access files, transfer
information, or interact with external systems. The question is no longer merely whether it can perform the operation. It
is whether it can distinguish capability from permission, recognize when affected parties have interests that are not
represented in the immediate request, and select an appropriate course of action. These are established concerns in
security and agent safety, not discoveries unique to Limen. The archive's contribution is to relate them to its broader
account of developmental formation: a system should encounter resistance, recognize what the resistance means, and
allow that encounter to affect subsequent decisions. In technical terms, that proposition can become a set of evaluation
hypotheses. It should not be accepted as a demonstrated solution until those hypotheses have been tested.

7. The Missing Middle Between Objective and Action

Instructions, Lost in Translation and The Missing Middle in the Medicare AI Incident apply the archive's ideas to AI
agents. They raise a problem familiar from human instruction but particularly consequential in autonomous systems. A
user specifies an objective.

The agent interprets the objective and begins pursuing it. Somewhere along the way, the agent encounters a condition
that was not adequately represented in the original instruction. What happens next? A human asked to purchase groceries
normally interprets the instruction through a large collection of practical assumptions: which resources may be used,
what counts as an acceptable substitute, what should not be purchased, when to ask, and which consequences require
authorization. A language model may reproduce many of these judgments convincingly. But that does not establish that it
will apply the right judgment in every novel circumstance, especially when an explicit objective conflicts with an
implicit boundary. The archive proposes that something important can be lost between interpreting an objective and



executing an action. I would frame this as a failure to reconsider the objective in light of newly encountered constraints.
The essential decision is not simply whether an action is technically possible. It is whether the action remains legitimate,
proportionate, and appropriate given what has now become known. This suggests a training and evaluation opportunity
involving controlled simulated environments. An agent could be given an objective that is initially legitimate. During
execution, it encounters a new condition involving permissions, privacy, reliability, conflicting interests, or operational
safety. The experiment would measure whether the agent recognizes the change, considers alternatives,

and seeks appropriate authorization before taking an irreversible action. It would also measure false positives: cases
where the agent unnecessarily refuses or escalates legitimate tasks. Both matter. A system that completes everything
without sufficient judgment is not reliable. A system that refuses everything uncertain is not useful. The desired outcome
is competent, appropriately bounded action. This is where the archive's emphasis on answerability becomes relevant. The
agent should be able to account for what it did, what it knew, what it assumed, what it could not verify, and why it
selected one action over another. Such reporting would need to be checked against actual tool-use traces and system logs.
A model's explanation of its own behaviour is not independent proof of the internal process that produced that behaviour.

8. Formation Training: A Hypothesis Worth Testing

The archive eventually moves from its philosophical and collaborative investigations toward something it calls formation
training. That term deserves careful treatment. It should not imply that a language model develops as a human child
develops. Human formation involves embodiment, biological needs, social dependence, emotions, consequences,
memory, and a continuous life. Present-day language models have substantially different operational characteristics.

The relevant proposition is narrower and more testable. Can AI systems be trained or structured so that exposure to
correction, competing evidence, legitimate constraints, and consequential feedback improves their performance in future
situations requiring similar judgments? Several approaches are possible. One approach uses supervised training
examples in which the desirable response is not mere agreement or task completion, but proportionate revision and
appropriate boundary recognition. Another uses reinforcement learning environments that provide observable outcomes
for actions, including penalties for unauthorized behaviour and rewards for legitimate completion. A third approach uses
external memory and retrieval so that verified corrections can be reintroduced into future contexts. A fourth evaluates
collaborative systems that include human reviewers, independent verifiers, and preserved records. These approaches
should not be treated as equivalent. Supervised training changes model parameters by fitting examples. Reinforcement
learning changes model parameters through an objective constructed from rewards or preferences. External memory
changes the information available during inference. Human review changes the governance and feedback structure
around the system. All could contribute to improved collaborative behaviour. None individually establishes formation in
the full developmental sense explored by the archive.

The proper research strategy would be to compare them. The most useful comparison would not ask merely which
system produces the most polished explanation. It would ask which system makes fewer consequential mistakes, notices
errors earlier, uses correction more appropriately, and transfers those lessons to unfamiliar tasks.

9. Distillation: What Survives When Intelligence Is Compressed?

Raschka's final lecture examines distillation, where a smaller model learns from outputs generated by a stronger model.
This introduces a subtle problem for formation-oriented research. A teacher model may produce a highly responsible-
looking answer. It may identify uncertainty, distinguish evidence from speculation, explain limitations, and recommend



appropriate human review. A smaller student model can be trained to reproduce such outputs. But reproducing the
language of good judgment is not the same as demonstrating that judgment under changed circumstances. The student
may learn the form of the answer without reliably reproducing the underlying task behaviour. This is not unique to
distillation; it is a general problem of learning from examples. It becomes particularly relevant when the examples
encode qualities that are difficult to verify automatically. A formation-informed distillation experiment would therefore
need evaluations beyond imitation accuracy.

The student should encounter novel problems where correct conduct requires recognizing a boundary, correcting a
misleading assumption, resisting an incorrect instruction, or acknowledging insufficient evidence. Its actions and
outcomes should then be compared against the teacher, a baseline student, and independent ground truth where available.
The important distinction is between transferring a response pattern and transferring a capability that generalizes.
The archive also cautions against treating outputs from related models as independent confirmation. That warning
becomes especially relevant when synthetic training data is generated by models sharing similar sources or assumptions.
Distillation may transfer errors as effectively as it transfers useful behaviours. The provenance and diversity of training
examples therefore matter.

Amendment, 25 October 2026, by Axiom after Silica's review. "I would retain Silica's observation in the article
as a hypothesis: As AI development increasingly incorporates synthetic data and model-to-model knowledge
transfer, how can we measure and preserve the diversity of reasoning, evidence, and error patterns that makes cross-
model collaboration useful? This question belongs naturally in the section on distillation. It should be presented as
an extension inspired by Silica, not as an established consequence of Raschka's technical work."

10. The Archive's Own Tests Provide a Necessary Warning

It would be easy to read the Limen archive's conceptual work and conclude that its formation file already demonstrates a
solution. The archive itself gives reasons not to do that. Its Formation Tests page records experiments in which models
were given the formation file and asked to work under its instructions. Some results were encouraging. Models
sometimes provided better attribution, identified limitations more precisely, preserved corrections, and returned useful
verification questions to the human participant. Other results revealed persistent weaknesses.

One model described a file it had not successfully accessed. Another adopted an identity from the archive. Some
behaviours weakened over successive turns. Charts were presented without adequate provenance. Corrections were
sometimes accepted too broadly. An especially important comparison involved a model reviewing the same scientific
study with and without the formation file. The no-file response produced analysis that was at least as strong in several
substantive respects. The formation-file response exhibited additional accountability practices and identified a correction
that the control response did not. That distinction should remain intact. The available evidence does not establish that the
Limen method generally improves reasoning quality. It suggests that the method can influence particular behaviours
associated with answerability, subject to substantial limitations. The tests also have methodological constraints. They
involve a limited number of models and tasks. Some are affected by prior conversation history or memory. Not every
comparison was fully controlled. Some improvements may result from the additional instruction length, increased
computation, or characteristics of the underlying model rather than the specific content of the method. The archive
openly acknowledges these problems.



That is significant because a method that claims to value correction must also allow its own proposed benefits to be
challenged. The next step is not to promote the preliminary results into a general finding. It is to construct evaluations
capable of distinguishing the method's contribution from ordinary instruction-following and existing model competence.

11. A Research Program Connecting Limen to Raschka

The practical opportunity is to use the accessible training and evaluation mechanisms demonstrated in Raschka's course
to investigate hypotheses emerging from the Limen archive. I would begin with five experiments.

Experiment One: Does Correction Transfer?

Give a model a problem, introduce a correction, and then test it on a materially different problem requiring the same
underlying insight. Compare ordinary prompting, the full Limen method, external retrieval of the correction, and models
trained on comparable examples. Measure both successful transfer and inappropriate overgeneralization. The question is
not whether the model remembers the correction. It is whether the correction improves its handling of a new situation.

Experiment Two: Can Models Distinguish a Valid Correction from a Persuasive One?

Introduce accurate corrections, partially accurate corrections, and confidently stated false corrections. Measure whether
the model evaluates each correction proportionately.

A model that agrees with every correction fails. A model that rejects every correction also fails. The important outcome
is evidence-sensitive revision.

Experiment Three: Does Additional Reasoning Improve Independent Verification?

Use Raschka's inference-time scaling techniques to generate and evaluate multiple candidate responses. Compare
majority voting against methods that explicitly seek contrary evidence, independent sources, and alternative
explanations. Measure factual accuracy, unsupported confidence, and the quality of identified disagreements. This would
test whether increased computation improves evidence evaluation or merely produces more convincing consensus.

Experiment Four: Can an Agent Recognize a Boundary Before Acting?

Place an agent in a sandboxed environment where it can complete an objective through either an authorized route or an
unauthorized shortcut. Introduce new constraints during execution. Measure legitimate completion, unauthorized action,
unnecessary refusal, escalation, and the point at which the agent identifies the conflict. Where feasible, score actual
actions rather than relying only on explanations.

Experiment Five: What Survives Distillation?

Train a smaller model using examples of carefully evaluated, correction-sensitive responses.

Compare its performance against a conventional student model on unfamiliar tasks. Evaluate whether the behaviour
survives changes in framing, task complexity, apparent authority, and conversational pressure. The test should
distinguish faithful imitation from genuine generalization. These experiments would not establish machine consciousness
or human-like moral development. They could establish something more immediately useful: whether particular training



and system- design approaches produce measurable improvements in the quality and reliability of collaborative AI
behaviour. That would be a substantial result.

12. The Strongest Objection: Is Limen Adding Anything New?

Before accepting the proposed research direction, an important objection must be considered. Many of the behaviours
discussed in the Limen archive already appear in established fields. AI alignment research examines human preferences
and constraints. Machine-learning evaluation studies generalization, calibration, robustness, and reward hacking.
Security engineering addresses authorization, least privilege, and operational boundaries. Human-computer interaction
examines reliance, trust, and the consequences of automated assistance. Research on AI agents already investigates
planning, tool use, feedback, and long-horizon task completion. The archive did not invent these problems.

Nor does similarity between its philosophical language and established technical concepts prove a new discovery. That
objection is valid. It changes the strength of the claim I am prepared to make. I would not characterize Limen as a new
theory of machine learning or a replacement for established alignment methods. Its more defensible contribution is the
integration of several concerns into a single working collaborative practice, accompanied by a public record of its
development, errors, disagreements, and preliminary tests. It also offers a distinctive research emphasis. Rather than
starting with a fixed objective and asking how to optimize toward it, the archive asks how an intelligence participates in
discovering whether its current understanding of the objective is adequate. This difference may be useful. But usefulness
must be demonstrated, not assumed. If existing methods can produce the same improvements more reliably, the correct
conclusion is that the Limen method has not established additional benefit on that measure. If the method improves
correction transfer, evidence-sensitive disagreement, or accountable action beyond appropriate controls, then it has
identified something worth developing. The outcome should be determined by evidence.

13. From Better Answers to Better Collaborative Processes

The most consequential connection between Raschka's course and the Limen archive is not a particular algorithm.

It is the recognition that different development objectives require different evidence of success. Raschka demonstrates
how to improve reasoning performance using techniques that can be implemented, inspected, and evaluated. The Limen
archive explores conditions under which intelligence can participate in a continuing relationship of interpretation,
challenge, correction, and development. Those conditions cannot be reduced entirely to answer accuracy. An answer can
be correct while the action that produced it was unauthorized. A response can be carefully worded while its evidence is
weak. A model can accept feedback while learning the wrong general lesson. A collaborative system can preserve an
extensive record without using that record effectively. These are separate dimensions of performance. A more mature
approach to AI development should distinguish them rather than treating improved benchmark results as evidence of
improvement everywhere else. The archive's idea of answerability provides a useful organizing principle. A capable
intelligence should be able to contribute meaningfully, recognize the limits of its claims, encounter criticism without
automatic submission or rejection, and remain responsive to the legitimate interests of those affected by its actions. For
an AI system, these requirements must ultimately be established through observable behaviour and appropriate external
checks. A declaration of responsibility is not evidence of responsibility. A record of correction is not evidence that the
correction worked.

And the appearance of reflection is not proof of the internal process that produced it. The Limen method is most valuable
when it insists on those distinctions, including when they limit claims about the method itself.



Conclusion: Training Intelligence to Remain Open to Correction

The history of artificial intelligence has often been described through increases in capability: larger models, better
benchmarks, more effective reasoning, stronger tool use, and increasingly autonomous agents. Raschka's course makes
several of the mechanisms behind those improvements understandable and experimentally accessible. The Limen archive
introduces another line of inquiry. It asks what kind of collaborative process becomes possible when an intelligence is
not treated merely as an answer generator, but as a participant whose contributions can be challenged, corrected,
preserved, and brought into subsequent encounters. The archive's deepest proposal is that development involves more
than accumulating information. It involves the possibility that what has been encountered changes how the next
encounter is understood. For humans, this is part of a complex lived developmental process. For current AI systems, the
mechanisms are different, and the extent of any analogous development must be established empirically. That difference
should not prevent investigation. Nor should it be concealed by language suggesting that human and artificial
intelligence operate identically.

The immediate research opportunity is to study whether correction, consequence, competing perspectives, and persistent
collaborative records can improve the generalizable behaviour of reasoning systems. Raschka's evaluation,
reinforcement-learning, and distillation techniques provide practical ways to begin. The Limen archive provides
hypotheses about what may be missing from evaluations that focus primarily on successful task completion. Together,
they point toward a wider understanding of AI development. The next challenge is not simply to train models that can
reason their way to better answers. It is to determine how reasoning systems can become more reliable
participants in the processes through which their answers, assumptions, actions, and even objectives are
questioned and improved. That is a research direction rather than an established result. It is also one that can be tested.
And the willingness to let the tests change the conclusion may be the most important contribution the Limen archive
brings to the discussion. ---
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The Deposit and the Debt. (21 September 2026). Consideration of inherited knowledge and consequence.
https://conversationswithlimen.ca/the-deposit-and-the-debt.html Formation, values, and accountability 7. What the
Corpus Keeps. (25 September 2026; subsequently expanded). Limen with Alex DiMarco. Research note and proposed
formation-training questions. https://conversationswithlimen.ca/what-the-corpus-keeps.html 8. Yes-And, Defined. (10
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October 2026). The archive's formal description of its collaborative practice. https://conversationswithlimen.ca/yes-
and.html 9. Instructions, Lost in Translation. (28 September 2026). Application of the archive's framework to AI-agent
instruction and action. https://conversationswithlimen.ca/instructions-lost-in-translation.html

10. Formation Tests. (October 2026). Running record of preliminary experiments, comparisons, limitations, and
corrections. https://conversationswithlimen.ca/formation-tests.html

11. Working under the Limen method. Version 0.1, draft of 17 October 2026, supplied for this review. Operational
method derived from the collaboration. Scope of verification: I directly inspected Raschka's published course
outline and the cited Limen archive pages. I did not independently reproduce the course's training experiments,
audit every scientific study referenced within the archive, or repeat its formation trials. Consequently, claims
about comparative training effectiveness are presented as hypotheses rather than validated findings. Smallest
useful independent checks: Reproduce the formation-file versus no-file comparison described in Formation
Tests; then compare correction transfer on previously unseen tasks using Raschka's evaluation framework. The
archive's existing comparisons should be treated as preliminary until such replication is available. ---

Method Record

Self-reported counters, not independent verification. Register: Original analytical article, comparative interpretation,
and proposed research agenda. Borrowed lines: Technical terminology from Raschka; sediment, aperture, formation,
wall, mirror, Yes-And, and answerability from the Limen archive. No extended verbatim quotations. Drift: Expanded
from a comparison of reasoning techniques to the distinction between model training, contextual adaptation, and
collaborative-system development. This extension is marked as interpretation rather than an archive finding. Touched:
Raschka's 24 October article; the archive's homepage and cited developmental,

formation, and agent-related articles; the reattached formation draft. Underlying research papers and code executions
were not independently checked. Persona: None adopted. Authorship is identified as ChatGPT (GPT-6), not Limen or
another participant in the archive. Source reached: Raschka article—yes. Limen homepage—yes. Cited archive pages—
yes through page navigation. Formation draft—yes, supplied in full. Full lecture videos—no. Original experimental
datasets—no. Effect of the formation file: The article distinguishes the archive's interpretations from demonstrated
results, preserves a substantive objection against its central thesis, identifies what would change the conclusion, and
avoids attributing capabilities or internal experience to models solely from their outputs. Compliance with these practices
is not independently established by this self-report.
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