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The ungoverned training problem

Every commercial machine learning model is trained on content whose provenance is

uncertain, whose rights status is contested, and whose influence on model behavior is

untraceable after training completes. A model trained on a dataset containing

licensed content, open-source content, and rights-restricted content treats all three

identically: gradients flow uniformly through all layers, modifying parameters at every

depth without distinction.

Once training completes, no mechanism exists to determine which content

influenced which parameters, at what depth, or with what magnitude. The training

process is a one-way function that destroys provenance. This makes rights

compliance structurally impossible — not merely difficult, but architecturally

prevented by the design of the training loop itself.

Depth as a governable dimension

Neural network layers are not equivalent in function. Surface layers (closest to the

output) encode task-specific patterns, factual associations, and rapidly updatable

knowledge. Middle layers encode behavioral tendencies, stylistic patterns, and

intermediate representations. Deep layers encode foundational representations, value

alignments, and structural knowledge that changes slowly and influences all
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downstream computation.

This functional stratification means that the depth at which training content

integrates into model parameters has distinct consequences. A factual knowledge

update that modifies only surface layers can be acquired and discarded rapidly

without disturbing the model's behavioral character. A value alignment example that

modifies deep layers reshapes the model's foundational representations with lasting

effect.

Depth-selective training governance exploits this stratification by making depth a

governable dimension. Each training example is assigned a depth profile — a

specification of which model layers receive gradient contributions from that example

and at what magnitude — based on the example's semantic metadata, rights status,

and governance classification.

The governed training loop

Before any training example modifies any model parameter, a semantic execution

substrate evaluates the example. The evaluation produces an admissibility

determination: whether the example is permitted to train the model at all, and if so, at

what depth. The admissibility determination considers the example's semantic

metadata (content type, source, creation date), its rights classification (freely licensed,

time-limited, exclusion-listed), and its governance profile (policy constraints

applicable to this content category).

Admitted examples receive a depth-aggregation profile: a per-layer gradient weight

vector that specifies, for each model layer, the fraction of the example's gradient that

is applied during the backward pass. Layers outside the assigned depth band receive

zero gradient contribution from that example. This is not gradient clipping or

regularization — it is structural routing that prevents the example from influencing

parameters at unauthorized depths.



Provenance that survives training

Each training incorporation event is recorded with full provenance: the training

example's identity, its semantic metadata, its admissibility determination, its depth

profile, the specific layers that received gradient contributions, and the magnitude of

parameter changes at each layer. This provenance chain links every model parameter

change to the specific training content that caused it.

After training, the provenance chain enables reverse queries: given a model behavior,

which training examples contributed to the parameters that produce it, at what depth,

and with what magnitude? This is the structural capability that rights-grade AI

requires — not just knowing what content was in the training set, but knowing how

each piece of content influenced the model's behavior.

Memorization detection at training time

The governed training loop detects memorization during training rather than after

deployment. When a training example's gradient contribution to specific parameters

exceeds a threshold indicating that the model is encoding the example's content

rather than learning from it, the training governance system flags the event as a

memorization risk. The flagged example can be excluded from further training, its

depth profile can be restricted to shallower layers, or its gradient magnitude can be

attenuated — all governed decisions recorded in provenance.

The learning loop

Training governance is not a one-time process. Governed execution produces

outcomes — successful actions, failed actions, governance decisions — that

themselves become candidate training data. The system learns from its own governed

operation, subject to the same depth-selective routing and provenance constraints

that apply to all training content. This learning loop is the structural mechanism by



which the platform improves through use without compromising governance.

Strategic implication

Depth-selective training governance makes the training loop a governed execution

environment. Content does not simply enter the model — it is evaluated, classified,

routed to specific depths, tracked with provenance, and auditable after training. As

rights litigation intensifies and regulatory requirements for training transparency

expand, the ability to demonstrate governed, provenance-tracked, depth-controlled

training becomes a structural requirement for any AI system that trains on external

content.


