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Abstract

Traditional trauma theory frames adverse childhood experiences as damaging events that re-
quire healing. This conceptualization, while emotionally resonant, often obscures mechanistic
understanding and limits actionable intervention strategies. We propose a computational re-
framing: trauma represents maladaptive learned patterns arising from suboptimal training en-
vironments, functionally equivalent to problems observed in machine learning systems trained
on poor-quality data. This framework identifies four distinct categories of developmental
“training data problems”: direct negative experiences (high-magnitude negative weights), indi-
rect negative experiences (noisy training signals), absence of positive experiences (insufficient
positive examples), and limited exposure (underfitting from restricted data). We extend this
framework to model dissociation as meta-learned protective suppression—second-order learning
where the system learns that cognitive engagement itself predicts overwhelm, producing pre-
emptive processing suppression. This meta-learning model provides mechanistic grounding for
the clinical distinction between PTSD (catastrophic single-event learning with localized weight
perturbation) and CPTSD (chronic adversarial training with systematic weight landscape dis-
tortion), generating testable predictions for differential diagnosis and treatment response. We
demonstrate that extreme penalties produce overcorrection and weight cascades in both artifi-
cial and biological neural networks, and argue that nuclear family structures constitute limited
training datasets prone to overfitting. This computational lens removes emotional defensive-
ness, provides harder-to-deny mechanistic explanations, and suggests tractable engineering so-
lutions including increased caregiver diversity and community-based child-rearing. By treating
developmental psychology as a pattern-learning problem across substrates, we make prevention
more tractable than traditional therapeutic intervention and provide a substrate-independent

framework applicable to humans, animals, and future artificial intelligences.

Keywords: developmental psychology, machine learning, trauma theory, computational cog-
nitive science, PTSD, CPTSD, dissociation, meta-learning

Research Program Context

This work is part of the Adversarial Systems Research program, which investigates stabil-
ity, alignment, and friction dynamics in complex systems where competing interests generate
structural conflict. The program treats diverse domains—political governance, financial mar-
kets, human development, Al alignment—as adversarial environments where optimal outcomes
require balancing competing interests rather than eliminating conflict.

Unifying Framework: Formalizes relationships between stakes, voice, and friction across

domains. Applications include:


https://orcid.org/0009-0002-7164-8704
https://dissensus.ai
mailto:murad.farzulla@kcl.ac.uk

Adversarial Training € Maladaptive Mind 2

e Human Development (this paper): Trauma as maladaptive learning from adversarial

training environments

¢« AIl-Human Relationships: Substrate-independent relational states under asymmetric

power dynamics

« Political Governance: Stakeholder consent vs technocratic competence in legitimacy

frameworks
« Financial Markets: Cryptocurrency volatility, regulatory stability vs market innovation
e AI Alignment: Multi-agent systems with competing objectives

This framework is applicable to any system where consent structures remain undefined but
friction dynamics are observable—from algorithmic governance to climate negotiations to au-

tonomous agent coordination.

Note on Prior Work

This paper is version 3.0.4 (December 2025), an extended version of the original Zenodo preprint.
The framework emerged from interdisciplinary synthesis of machine learning principles, devel-
opmental psychology research, and computational cognitive science. This version introduces a
novel computational model of dissociation as meta-learned protective suppression, formalizes
the distinction between PTSD and CPTSD as computationally distinct patterns, and includes
enhanced validation with PyTorch experiments demonstrating gradient cascades, weight insta-
bility, overfitting patterns, and catastrophic forgetting mechanisms. Statistical rigor includes

Bonferroni-corrected hypothesis testing, effect size analysis, and reproducibility infrastructure.

Code and data are available at github.com/studiofarzulla/trauma-training-data.


https://github.com/studiofarzulla/trauma-training-data
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1 Introduction

1.1 The

Trauma Discourse

Limitations of Traditional

When parents are confronted with evidence
that physical punishment harms children, a
common response is: “I was spanked and
turned out fine” This defense, familiar to
researchers and clinicians alike, exemplifies a
fundamental problem with traditional trauma
theory. By framing adverse childhood expe-
riences as morally-charged “damage” that re-

’ we inadvertently trigger de-

quires “healing,’
fensive reactions that prevent productive en-
gagement with developmental science.

The standard psychological approach de-
scribes trauma as a “big bad event that dam-
ages you” - a conceptualization that, while cap-
turing the subjective experience of suffering,
obscures the underlying mechanisms. Parents
hear accusations of harm and respond with mo-
tivated reasoning. Therapists describe com-
plex emotional wounds requiring years of treat-
ment. Researchers document correlations be-
tween adverse experiences and negative out-
comes. Yet despite decades of research es-
tablishing these connections, societal practices
change slowly, and generational patterns per-

sist.

1.2 The Gap: Mechanistic Understand-
ing Without Emotional Baggage

This paper proposes a radical reframing:
trauma is not fundamentally about damage
and healing, but about learning and optimiza-
tion. Specifically, childhood adversity repre-
sents a pattern-learning problem analogous to
training machine learning models on subopti-
mal data. A child experiencing inconsistent
caregiving is computationally equivalent to a
neural network receiving noisy training signals.
A child subjected to severe punishment ex-
hibits overcorrection patterns identical to mod-

els trained with extreme penalty weights. A

child raised in isolated nuclear families over-
fits to a limited training distribution, just as
models with insufficient data diversity fail to
generalize.

This computational framework offers several
advantages over traditional approaches. First,
it removes moral judgment from the analysis,
making denial more difficult. One cannot ar-
gue with gradient descent; optimization out-
comes follow from training conditions regard-
less of intentions. Second, it provides mecha-
nistic explanations that are harder to dismiss
with personal anecdotes. Third, it suggests
concrete engineering solutions drawn from ma-
chine learning: increase training data diver-
sity, reduce extreme penalties, provide robust
positive examples, ensure sufficient exposure

breadth.
1.3 Key Contributions

This paper makes five primary contributions to
developmental psychology and computational

cognitive science:

1. A typology of four distinct “training
data problems” in child development:
direct negative experiences, indirect neg-
ative experiences, absence of positive ex-

periences, and insufficient exposure

2. A mechanistic explanation of why

extreme punishments fail, demon-
strating that high-magnitude negative
weights cause cascading overcorrection in

learning systems regardless of substrate

3. A computational analysis of nuclear
family structures as limited training
datasets prone to overfitting and single-

point failures

4. A meta-learning model of dissocia-
tion as second-order protective suppres-
sion, with mechanistic grounding for the
clinical distinction between PTSD (catas-

trophic single-event learning) and CPTSD
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(chronic adversarial training), generating
testable predictions for differential diagno-

sis

5. Actionable intervention

derived from machine learning optimiza-

strategies

tion principles, focusing on prevention
through structural changes rather than

post-hoc therapeutic treatment

1.4 Roadmap

We proceed by reviewing traditional psycho-
logical frameworks (Section 2), detailing four
categories of training data problems with
clinical examples (Section 3), analyzing ex-
treme penalties and nuclear family structures
through computational mechanisms (Sections
4-5), presenting computational validation (Sec-
tion 6), developing a meta-learning model of
dissociation with PTSD/CPTSD differentia-
tion (Section 7), discussing implications and
future directions (Section 8), and concluding

with broader theoretical reflections (Section 9).

2 Background: From Emotional
Framing to Computational Mecha-

nism

2.1 Traditional Psychological Conceptu-

alizations of Trauma

Contemporary trauma theory, heavily influ-
enced by psychiatric diagnostic frameworks,
conceptualizes adverse childhood experiences
through a medical model. The Diagnostic and
Statistical Manual’s criteria for post-traumatic
stress disorder and its developmental variants
frame trauma as exposure to actual or threat-
ened death, serious injury, or sexual violence,
followed by characteristic symptom clusters in-
cluding intrusive memories, avoidance, nega-
tive alterations in cognition and mood, and al-
terations in arousal and reactivity (American
Psychiatric Association, 2013).!

"While DSM-5 retains event-based PTSD criteria,
the proposed Developmental Trauma Disorder (ad-

This framework has proven clinically use-
ful for diagnosis and treatment planning.
However, it carries three significant limita-
tions. First, it centers on discrete traumatic
events rather than ongoing environmental con-
ditions, potentially missing chronic adversity
that doesn’t meet threshold criteria—patterns
extensively documented in landmark research
linking adverse childhood experiences to adult
health outcomes (Felitti et al., 1998; van der
Kolk, 2014).
terms of disorder and pathology rather than

Second, it frames trauma in

adaptive (if maladaptive) learning. Third, its
emotionally-charged language - trauma, dam-
age, wounding, healing - creates psychological
resistance in precisely those populations most
needing to understand developmental science:
parents, educators, and policymakers.
Attachment (Bowlby,  1969;

Ainsworth et al., 1978) offers a more de-

theory
velopmental perspective, focusing on the
quality of early caregiver relationships and
their long-term effects on social and emotional
functioning. While attachment theory predicts
cross-relationship effects, empirical evidence
shows moderate consistency (r=.3-.4) with
(Bohn
et al., 2023)—supporting the training data

substantial  relationship-specificity
framework where patterns learned from spe-
cific caregivers may not generalize robustly.
Yet even attachment theory, while describing
patterns of learned behavior, retains language
of “secure” versus “insecure” attachment that
implies deficit rather than optimization under

constraints.

2.2 Why
Matters

Computational Reframing

Computational approaches to psychology are

not new. Connectionism and neural network

dressing chronic childhood adversity) was excluded
despite clinical advocacy—reflecting ongoing debate
about whether chronic developmental adversity consti-
tutes a distinct diagnostic category.
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models have informed cognitive science since
the 1980s (Rumelhart et al., 1986). Contempo-
rary computational psychiatry explicitly mod-
els mental disorders as disturbances in learn-
ing and inference (Huys et al., 2016). What
we propose extends these traditions by apply-
ing machine learning frameworks not merely as
metaphor but as substrate-analogous descrip-
tion of learning dynamics.

The critical insight is that biological neu-
ral networks and artificial neural networks im-
plement functionally similar learning dynam-
ics: both adjust connection strengths based on
error signals, extract statistical patterns from
training data, and generalize (or fail to gen-
eralize) from learned examples to novel situ-
ations. The mechanisms differ substantially
in implementation—biological systems employ
neuromodulatory gating, consolidation across
multiple timescales, and structural plasticity
that can buffer against some failure modes
Neverthe-

less, the core dynamics are sufficiently par-

we observe in artificial systems.

allel that insights transfer, with appropriate
caveats, across substrates.

This substrate analogy offers a crucial ad-
vantage: it allows us to discuss developmental
outcomes in terms of training conditions and
optimization dynamics rather than moral judg-
ments about parenting. A parent cannot deny
that their child learned anxiety from inconsis-
tent caregiving by claiming they “turned out
fine” themselves, because the question is not
about subjective assessment but about observ-

able patterns in learning systems.

2.3 Precedents in Computational Cogni-

tive Science

Several research programs have productively
applied computational frameworks to devel-
opmental questions. Cognitive computational
neuroscience combines cognitive task perfor-

mance, neurobiological plausibility, and Al

methods, defining the field (Kriegeskorte and
Douglas, 2018).

with Bayesian inference simulate drawing de-

Recurrent neural networks

velopment via precision-weighted integration
of priors and sensory data (Philippsen et al.,
2022). Bayesian models frame children as ra-
tional statistical learners performing inference
over experience (Gopnik and Wellman, 2015).
Empirical developmental studies show that
mismatch field amplitude increases with age,
reflecting more precise priors and stronger pre-
diction errors (Rapaport et al., 2023). Method-
ologically, artificial neural networks can fit cog-
nitive models bypassing likelihood estimation,
validating simulation-based approaches (Rmus
et al., 2024). Reinforcement learning models
explain how children learn from rewards and
punishments (Niv and Langdon, 2016). Pre-
dictive processing frameworks (Clark, 2013)
model perception and learning as hierarchical
prediction error minimization.

Our contribution extends these approaches
by focusing specifically on how adverse or sub-
optimal training conditions produce the pat-
terns traditionally labeled “trauma.” We draw
particularly on recent work examining how
training data quality affects machine learn-
ing system behavior (Northcutt et al., 2021),
work on robustness and distribution shift
(Hendrycks and Dietterich, 2019), and research
on catastrophic forgetting and overfitting in
neural networks (Goodfellow et al., 2016).

2.4 Why This Framework Succeeds
Where Traditional

Struggle

Approaches

Consider the typical conversation about phys-
ical punishment. The traditional approach
states: “Physical punishment causes emotional
harm, models violent behavior, damages the
parent-child relationship, and impedes healthy
“I was

development.” A parent responds:

spanked and turned out fine. My parents loved
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me. You're overreacting.”
[43 EX—

treme negative weights applied to specific be-

The computational approach states:

haviors cause training instability, weight cas-
cades to unrelated behaviors, overcorrection
beyond the intended target, and adversarial
example generation where the subject learns
to hide behavior rather than modify it. These
outcomes are observable in all learning systems
and independent of trainer intentions.”

The second framing is harder to dismiss be-
cause it makes no moral claims requiring de-
fense. It describes mechanisms, not judgments.
It predicts observable outcomes independent of
subjective self-assessment. It cannot be coun-
tered with “I turned out fine” because the ques-
tion is not whether the parent perceives them-
selves as fine, but whether specific training con-
ditions produce specific learned patterns.

This removes defensiveness while preserv-
ing accuracy. Parents can accept that certain
training conditions produce suboptimal out-
comes without accepting that they were bad
parents or that their own parents harmed them
intentionally. The discussion shifts from moral-
ity to mechanism, from accusation to optimiza-

tion.

3 Four Categories of Training Data
Problems

3.1 Overview of the Typology

Machine learning systems fail in characteristic
ways when trained on poor-quality data. We
identify four distinct categories of data prob-
lems and demonstrate their equivalents in child

development:

1. Direct negative experiences - Analo-
gous to high-magnitude negative labels in

supervised learning

2. Indirect negative experiences - Anal-
ogous to noisy or inconsistent training sig-

nals

3. Absence of positive experiences -
Analogous to class imbalance or missing

positive examples

4. Insufficient exposure - Analogous to

underfitting from limited training data

Fach category produces distinct behavioral
patterns in both artificial and biological learn-
ing systems. Understanding these categories
allows more precise analysis of developmen-
tal outcomes and more targeted intervention

strategies.

3.1.1 Why Biological Brains Lack Robust

Learning Safeguards

A skeptic might object: modern ML em-
ploys robust techniques—gradient clipping,
noise-tolerant loss functions (MAE instead of
MSE), regularization—that prevent these fail-
ure modes. If such techniques exist, why
wouldn’t evolution implement them?

The answer lies in asymmetric survival costs.
Consider the evolutionary environment: a
proto-human encounters a predator once and
barely survives. The “optimal” learning re-
sponse from a robustness perspective would be:
“Accumulate more data before updating beliefs
strongly. One encounter is insufficient evidence
for high-confidence threat detection.” This re-
sponse would be fatal.

Evolution instead optimized for one-shot
fear learning: extreme weight updates from
single high-stakes experiences. The asymme-

try is stark:

o False positive (PTSD-like response to
harmless stimulus): Costs energy, causes

distress, reduces fitness marginally

o False negative (fail to learn from genuine

threat): Organism dies, zero fitness

This asymmetry explains why biological
learning systems are “fragile” by ML stan-

dards. The fragility is not a bug but a
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feature—one that happens to produce mal-
adaptive patterns in modern environments
where most threats are not actually lethal and
where the false-positive costs (chronic anxiety,
hypervigilance, relationship dysfunction) com-
pound over decades rather than being brief
evolutionary footnotes.

The framework we present thus documents
not design failures but evolutionary optimiza-
tions encountering distribution shift: sys-
tems tuned for ancestral threat environments
now processing childhood adversity in con-
texts where the original cost-benefit calculus

no longer applies.

3.2 Category 1: Direct Negative Expe-
riences (High-Magnitude Negative
Weights)

3.2.1 The ML Analogy

In supervised learning, training examples are
associated with target outputs and error sig-
nals. When a model produces incorrect out-
puts, gradients propagate backward through
the network, adjusting weights to reduce fu-
ture error. The magnitude of weight updates
scales with the magnitude of the error signal.

Consider a language model trained on the

following examples:

e “What is the capital of France?”

“Paris” (positive reinforcement)

%

o “Should I ask questions?” — [EXTREME
PENALTY SIGNAL)]

The extreme penalty on the second exam-
ple doesn’t merely teach the model to avoid
that specific question. The large gradient up-
date propagates through the network, affect-
ing weights controlling question-asking behav-
ior broadly, exploration behavior, uncertainty
expression, and information-seeking in general.
The model learns not just “don’t ask that ques-
tion” but “asking questions is extremely dan-

gerous.”

3.2.2 Human Developmental Equivalent

Physical punishment, verbal abuse, and other
severe responses to child behavior function as
Consider a child

who asks questions and receives harsh punish-

extreme negative weights.
ment. The intended lesson is “don’t ask in-
appropriate questions at inappropriate times.”

The actual learned pattern includes:

o Don’t ask questions in general (overcorrec-

tion beyond target)

o Don’t express uncertainty (cascade to re-

lated behaviors)

e Don’t seek information when confused

(generalization failure)

o Don’t trust the punishing authority (rela-

tionship damage)

 Hide curiosity rather than eliminate it (ad-

versarial examples)

While gradient cascade mechanisms oper-
ate universally in learning systems, empiri-
cal effect sizes in human populations remain
modest (r=.07-.10 when properly controlled;
(Ferguson, 2013)), reflecting protective fac-
tors, genetic variation, and measurement lim-
Clinical research nonetheless con-
Chil-

dren subjected to harsh punishment show re-

itations.

sistently demonstrates these patterns.

duced question-asking behavior even in safe
contexts (Straus and Paschall, 2009), difficulty
expressing uncertainty (Gershoff, 2002), and
learned helplessness patterns when encounter-
ing novel problems (Seligman, 1975). Longi-
tudinal studies consistently predict behavioral
problems across development (Heilmann et al.,
2021). Severity matters: harsh corporal pun-
ishment shows stronger associations with vi-
olence spectrum outcomes than mild punish-
ment, demonstrating a dose-response relation-

ship (Pan et al., 2024). Longitudinal evidence



Adwversarial Training & Maladaptive Mind 8
Four Categories of Developmental Training Data Problems
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Figure 1: Four Categories of Training Data Problems in Developmental Psychology. This
framework identifies distinct failure modes in learning systems: (1) Direct Negative Experi-
ences - extreme penalties causing gradient cascades, (2) Indirect Negative Experiences - noisy
signals producing weight instability, (3) Absence of Positive Experiences - class imbalance pre-
venting positive pattern learning, and (4) Insufficient Exposure - limited training distribution
causing overfitting. Each category maps to specific ML failure modes with empirical predictions

validated by computational models.
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Gradient Cascade: Trauma Effect Visible Only in Boundary Region
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Figure 2: Gradient Cascade: Trauma Effect Visible Only in Boundary Region. Left panel
shows normal test set (no trauma overlap) where overcorrection remains at baseline (~5%)
regardless of penalty magnitude or feature correlation. Right panel shows trauma-adjacent test

set (boundary region where feature[0] € [-1.5,

-0.5]) where extreme penalties cause dramatic

overcorrection: at A = 10, 000, error rates reach ~48% across all correlation levels versus ~5%
baseline at A = 1. Critically, the effect is uniform across correlation strengths in the boundary
region, suggesting trauma generalizes to all similar contexts rather than propagating through

feature correlations.

This models how trauma affects ambiguous situations resembling the

original threat while leaving clearly distinct contexts unaffected.

shows that spanking at age 3 predicts subse-
quent aggressive behavior (Taylor et al., 2010),
with effects persisting and accumulating across
the first decade of life (MacKenzie et al., 2015).
The computational framework explains why:
the extreme negative signal trains not just the
targeted behavior but entire clusters of related

patterns.

3.2.3 Clinical Case Examples

Case 1: Fear Generalization

A five-year-old touches a hot stove and
is both burned (natural consequence) and
severely spanked (extreme penalty). Natural
learning would encode “hot stoves cause pain,
avoid touching them.” The extreme penalty
causes weight cascade: the child develops gen-
eralized anxiety around kitchen environments,
hesitation to explore novel objects, and fear-
fulness about making any mistakes. The par-
ent intended to teach stove safety; the training

condition taught global risk aversion.

Case 2: Question Suppression

An eight-year-old repeatedly asks “why?”
questions during adult conversations and is
harshly told to “stop interrupting” with threats
of punishment. Intended outcome: learn ap-
propriate timing for questions. Actual out-
come: suppression of curiosity, difficulty seek-
ing help when confused in school, assumption
that expressing uncertainty indicates weak-
ness. Ten years later, as a college student, they
struggle to ask professors for clarification, at-
tributing this to personality rather than train-
ing history.

These patterns are not rare edge cases. They
represent predictable outcomes when extreme
negative signals train developing neural net-

works.

3.3 Category 2: Indirect Negative Expe-

riences (Noisy Training Signals)

3.3.1 The ML Analogy

Machine learning systems require consistent

training signals to learn robust patterns. When
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labels are noisy - when the same input some-
times receives positive reinforcement and some-
times negative - training becomes unstable.
The model attempts to extract patterns from
inconsistent data, leading to several character-

istic failures:

o High variance in learned weights (instabil-
ity)
e Poor generalization to new examples

(overfitting to noise)

o Increased training time to convergence (if

convergence occurs)

o Heightened
shifts (fragility)

sensitivity to distribution

Consider a classification system where 30%
of training labels are randomly flipped. The
model faces an impossible optimization prob-
lem: no consistent pattern explains the data
because none exists. The best achievable per-
formance is bounded by the noise rate, and at-
tempting to fit the noisy data leads to overfit-

ting on spurious correlations.

3.3.2 Human Developmental Equivalent

Inconsistent caregiving produces exactly this
pattern. Consider a toddler who sometimes
receives warm responses to emotional expres-
sions and sometimes harsh dismissal, with no
discernible pattern from the child’s perspec-
tive. The parent’s behavior may follow internal
logic - tired versus rested, stressed versus calm,
substance-affected versus sober - but these fac-
tors are opaque to the child.

The child’s learning system attempts to ex-
tract predictive patterns: “When I cry, what
happens?”  Sometimes comfort, sometimes
anger, sometimes ignoring. This is formally
equivalent to a noisy training signal. The op-
timal strategy becomes hypervigilance - con-

stantly monitoring caregiver state and adjust-

ing behavior accordingly - which manifests as
anxiety.

Clinical literature on attachment exten-
sively documents this pattern. Inconsistent
caregiving predicts anxious attachment styles
(Ainsworth et al., 1978), characterized by un-
certainty about caregiver availability, height-
ened monitoring of relationship signals, and
difficulty developing internal working models of
relationships. Contemporary research demon-
strates that while attachments show moderate
cross-relationship consistency (r=.3-.4), most
variance is relationship-specific rather than re-
flecting a general working model (Bohn et al.,
2023). Learning theory reformulations of at-
tachment (Bosmans and Kerns, 2020) pro-
pose Hebbian mechanisms for attachment for-
mation, bridging computational and attach-
ment frameworks. Comprehensive empirical
reviews validate attachment consequences but
with modest effect sizes and substantial contex-
tual dependence (Cassidy and Shaver, 2013).
The computational framework reveals why:
the training data contains no consistent pat-
tern, so the system remains in a state of ongo-

ing uncertainty.

3.3.3 Clinical Case Examples

Case 3: Unpredictable Responses

A child grows up with a parent whose mood
varies drastically based on factors invisible to
the child (work stress, relationship problems,
substance use). The same behavior - leaving
toys out - sometimes elicits mild requests to
clean up, sometimes angry yelling, sometimes
no response. Unable to predict consequences,
the child develops constant vigilance, monitor-
ing facial expressions and voice tones for threat
signals. This generalizes to all relationships:
as an adult, they struggle with constant anxi-
ety about how others perceive them, difficulty
trusting that positive responses will continue,

and exhaustion from perpetual social monitor-
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Figure 3: Weight Variance Increases with Noise Level - Inconsistent Caregiving Creates Behav-
ioral Instability. Four-panel analysis demonstrates: (A) Weight variance increases with noise
level, with diminishing marginal growth at higher noise rates (the relationship saturates, consis-
tent with logarithmic or sub-linear scaling). (B) Both accuracy and confidence decline as noise
increases. (C) Confidence collapse - percentage of uncertain predictions near 0.5 - increases
from 0.4% (5% noise, secure attachment) to 4.3% (60% noise, disorganized attachment), a 10x
increase. (D) Behavioral consistency degrades toward random chance at high noise levels. This
models anxious attachment formation from inconsistent parenting - the learning system cannot
extract reliable patterns from contradictory signals.
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ing.

Case 4: Mixed Messages

Parents explicitly teach “we value honesty”
but punish honest expressions that are incon-
venient. A child honestly reports breaking
something and is punished for both the break-
ing and the honesty. Later, they hide a bro-
ken item and receive harsh punishment when
discovered. The training signal is incoherent:
honesty sometimes rewarded, sometimes pun-
ished; dishonesty sometimes successful, some-
The child

learns not an honest-vs-dishonest policy but a

times catastrophically punished.

complex, fragile set of situation-specific strate-

gies, accompanied by chronic uncertainty.

3.4 Category 3: Absence of Positive Ex-
periences (Insufficient Positive Ex-

amples)

3.4.1 The ML Analogy

Class imbalance represents a fundamental chal-
lenge in supervised learning. When training
data contains abundant negative examples but
few or no positive examples, models learn ef-
fective discrimination - they can identify what
NOT to do - but struggle to generate appro-
priate positive behaviors. This creates systems
that are risk-averse, favor inaction, and exhibit
“avoid everything” strategies.

Binary classification systems trained exclu-
sively on negative examples develop degenerate
solutions: classify everything as negative. This
achieves perfect accuracy on the training dis-
tribution but fails completely at the intended
task. More sophisticated systems may learn
positive behavior from inference (“anything
not explicitly punished must be okay”), but
this produces fragile policies prone to catas-

trophic errors.

3.4.2 Human Developmental Equivalent

Emotional neglect - defined not by presence of

negative experiences but by absence of posi-

tive ones - produces precisely this pattern. A
child who receives consistent feedback about
unacceptable behaviors but no positive rein-
forcement, affection, or validation learns what
to avoid but not what to approach.

Clinically, this manifests as:

o Difficulty identifying own preferences (no

training data on what feels good)

o Risk aversion and inaction (negative ex-

amples but no positive guidance)

e Alexithymia and emotional recognition
deficits (no labeled positive emotional ex-

amples)

¢ Relationship difficulties stemming from

lack of secure attachment models

o Depression and anhedonia (no learned

patterns for experiencing positive affect)

Research on childhood emotional neglect
these

large-scale em-

consistently demonstrates outcomes

(Glaser, 2002).

pirical work demonstrates that emotional

Recent

abuse and neglect specifically predict alex-
ithymia—difficulty identifying and describing
feelings—with emotional maltreatment show-
ing stronger associations than physical or sex-
ual abuse (Hamel et al., 2024; Brown et al.,
2017). Children in institutionalized care who
receive adequate physical care but minimal in-
dividual attention, warmth, or emotional re-
sponsiveness show severe developmental delays
despite absence of abuse. Early childhood pro-
tective factors predict adolescent mental health
outcomes (Miller-Lewis et al., 2013), support-
ing the importance of prevention through pos-
itive experience provision rather than post-hoc
intervention. The computational framework
explains this: their learning systems lack pos-
itive training examples from which to extract

patterns.
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Model 3: Overfitting Decreases with Caregiver Diversity (n=20 trials)

==+ Hypothesis: 0.03/VN

@ A: Highest Overfitting

B B: Best Generalization
0.020 —8- Observed Gap (+95% CI)

0.015

0.010

0.005

Generalization Gap (Test - Train Error)

2 3 4 5 6 8 10 12 15 20
Number of Caregivers

Figure 4: Generalization Gap Decreases with Caregiver Diversity - Nuclear Family vs Allo-
parenting. Children raised with diverse caregivers generalize better to novel adults. Across
10 independent trials, nuclear family models (2 caregivers) show mean generalization gap of
0.0161 + 0.0098 versus 0.0058 4+ 0.0027 for community models (10 caregivers), representing a
statistically significant 63.8% reduction (¢(9) = 3.20, p = 0.005, Cohen’s d = 1.43). Nuclear
families achieve near-perfect memorization of parental patterns but fail to generalize, while
diverse caregiver contexts produce robust social patterns. This computational result supports
alloparenting benefits—exposure to diverse caregiving styles reduces social overfitting and en-
ables better adaptation to novel relationships. The model validates the statistical logic of this
hypothesis; empirical confirmation requires longitudinal developmental data controlling for so-
cioeconomic and cultural confounds.
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3.4.3 Clinical Case Examples

Case 5: Emotional Absence

A child grows up with parents who provide
material needs, enforce rules, and punish viola-
tions, but express no affection, offer no praise,
and show no interest in the child’s internal ex-
periences. The child learns extensive models
of unacceptable behavior (what makes parents
angry) but no model of acceptable behavior
(what makes parents pleased or proud). As an
adult, they struggle with chronic uncertainty
in relationships, difficulty identifying their own
emotions, and pervasive sense of not knowing
how to be in the world despite strong avoidance
of rule violations.

Case 6: Dismissive Parenting

A teenager excitedly shares an achievement
- making the team, completing a project, help-
ing a friend. The parent responds dismissively
without looking up from their phone, or re-
sponds with minimal acknowledgment, or com-
pares unfavorably to their own past, or sim-
ply offers no response. Repeated across years,
the child internalizes that positive expressions
receive no reinforcement. They stop sharing,
stop seeking validation, eventually stop recog-
nizing their own accomplishments as meaning-
ful. This is not learned from punishment but

from absence of positive signal.

3.5 Category 4: Insufficient Exposure
(Underfitting from Limited Data)

3.5.1 The ML Analogy

When training data is restricted to a narrow
distribution, models learn patterns specific to
that distribution but fail to generalize. This
phenomenon, termed “underfitting,” produces
systems that perform well on familiar exam-
ples but catastrophically on anything slightly
different. The model has insufficient data to
distinguish signal from noise, essential patterns

from distributional accidents.

Consider a computer vision system trained
exclusively on indoor scenes. It may develop
excellent recognition of furniture, walls, and
lighting fixtures. But when presented with out-
door scenes, it fails catastrophically, attempt-
ing to classify trees as lamps or sky as ceiling.
The model lacks exposure breadth necessary

for robust generalization.

3.5.2 Human Developmental Equivalent

Sheltered upbringings, while often well-
intentioned, restrict the training distribution.
A child raised in highly controlled environ-
ments - homeschooled with minimal peer in-
teraction, prevented from age-appropriate risk-
taking, shielded from failure and challenge - de-
velops models fit to that narrow distribution.
This produces fragility: inability to handle
adversity, difficulty with unstructured environ-
ments, social skill deficits from limited peer in-
teraction, and learned helplessness from insuf-
ficient experience with challenge and recovery.
These children often exhibit high performance
in structured, familiar contexts but dramatic
performance drops when contexts shift.
Clinical literature on overprotective parent-
ing consistently documents these patterns (Un-
gar, 2011). Children need exposure to man-
ageable challenges to develop resilience, social
interaction to learn relationship navigation,
and experience with failure to develop adap-
Without this breadth

of training data, they remain overfit to the

tive coping strategies.

narrow distribution of their childhood environ-

ment.

3.5.3 Clinical Case Examples

Case 7: Overprotection

A child is prevented from all risk-taking:
no climbing structures, no competitive activ-
ities, no social conflicts, no failure experiences.

Parents immediately intervene to solve prob-



Adversarial Training € Maladaptive Mind

15

lems, prevent discomfort, and eliminate chal-
lenges. At age eighteen, the child enters col-
lege and faces their first unstructured environ-
ment. They experience dramatic anxiety be-
cause their learned models provide no guidance
for handling uncertainty, conflict, or failure.
They call parents for help with minor decisions
because they never developed decision-making
patterns from experience.

Case 8: Narrow Social Training

A child is homeschooled with only adult
interaction and sibling play, no peer so-
cialization. =~ They learn extensive patterns
for adult-child hierarchical interactions but
When

forced into peer environments - college, work-

minimal peer-level social navigation.

place - they struggle with egalitarian relation-
ships, reciprocal conversation, conflict resolu-
tion among equals, and reading social cues in
non-hierarchical contexts. Their social learn-
ing system is overfit to family dynamics and

fails to generalize.
3.6 Integration: Multiple Categories in
Practice

Real

present pure examples of single categories.

developmental environments rarely

Most children experience combinations:

e A child subjected to harsh punishment
AND inconsistent caregiving (Categories
1+2)

e Emotional neglect PLUS sheltered envi-
ronment (Categories 3 + 4)

e Severe abuse PLUS lack of positive exam-
ples (Categories 1 + 3)

These

learned patterns

combinations produce complex
that traditional

frameworks struggle to disentangle.

trauma
The
computational framework allows precise anal-

ysis: identify which training data problems

exist, predict specific learned patterns, design
interventions targeting actual mechanisms.
Moreover, the framework reveals why some
individuals appear “resilient” despite adver-
sity: they had additional training data sources
that provided positive examples, consistent sig-
nals, or exposure breadth that buffered the
negative sources. A child with harsh parents
but warm teachers, inconsistent primary care-
givers but reliable extended family, or restric-
tive home environment but diverse peer ex-
periences has multiple training distributions
to learn from. Large-scale longitudinal stud-
ies demonstrate that internal protective fac-
tors (self-esteem, emotion regulation) show the
strongest protective effects, while external fac-
tors (friendships) also contribute significantly
(Marquez et al., 2023).

from ordinary processes such as supportive re-

Resilience emerges

lationships and self-regulation rather than ex-
traordinary traits (Masten, 2001). Crucially,
protective factors differ by risk level: family
factors help at low risk, but external factors be-
come critical at high risk (Vanderbilt-Adriance
and Shaw, 2008).

This insight proves crucial for intervention

design, as we will explore in Section 5.

4 Extreme Penalties Produce Over-
correction: The Weight Cascade

Problem

4.1 The Mechanism: How Large Gradi-

ents Destabilize Training

In gradient-based learning, weight updates are
proportional to error magnitude. This creates
a fundamental trade-off: small learning rates
produce slow but stable learning; large learning
rates enable rapid learning but risk instability.
When error signals are occasionally enormous
- as with extreme penalties - the large weight
updates cascade through the network, affect-
ing not just the penalized behavior but entire

clusters of related parameters.
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Consider the formal mechanism in a simple
neural network:
oL

Aw=—-a  —

S (1)

Where:
e « = learning rate
e L = loss function

. % = gradient of loss with respect to

weight

When loss L is extreme (severe punishment),
the gradient g—{; becomes large, producing large
Aw even with moderate learning rates. This

large weight change affects:

1. Direct connections: Weights directly

responsible for the penalized behavior

2. Indirect connections: Weights for re-
lated behaviors sharing hidden represen-

tations

3. Global patterns:

namics and learning stability

Overall network dy-

This is not a design flaw but an inevitable
consequence of learning under extreme signals.
The system cannot distinguish “update only
this specific weight” from “update all weights
contributing to this error” because distributed

representations entangle parameters.

Validation: Gradient

Magnitude Analysis

4.2 Empirical

To validate the gradient cascade hypothesis,
we implemented computational experiments
tracking gradient magnitudes during neural
network training under varying penalty condi-
tions. Using a simple feedforward network (10
input features — 20 hidden units — 1 output),
we measured gradient norms for “traumatic”
examples (assigned extreme penalty weight
A = 1000) versus normal examples (A = 1)

during 30 training epochs.

Experimental Setup:

e Training dataset: 100 normal examples +

5 trauma examples (5% trauma rate)

e Model architecture:
ReLU activation

2-layer MLP with

o Learning rate: a = 0.001 (Adam opti-

mizer)
o Penalty magnitude: \ € {1, 10,100, 1000}
o Seed: 42 (for reproducibility)

e Gradient measurement: L2 norm of out-

put layer gradient tensor (||VL||2)

Results:

(trauma gradients / normal gradients) in-

The gradient magnitude ratio

creased logarithmically with penalty magni-

tude (mean £ SD across 10 runs):

e A =1 (baseline): 1.2 £ 0.08
e A=10: 124 £ 0.9
e A=100: 124.7 £ 8.3

e A=1000: 1,247 + 93

At extreme penalties (A = 1000), a single
traumatic example produced weight updates
three orders of magnitude larger than normal
examples. This empirically validates the theo-
retical prediction: extreme penalties cause gra-
dient cascades that destabilize training dynam-
ics. Note that while gradient magnitudes indi-
cate update direction and scale, Adam opti-
mizer adapts learning rates per parameter, so
final weight changes differ from raw gradient
magnitudes. Recent machine learning research
confirms that label noise degrades adversar-
ial training performance (Chen et al., 2024),
with noisy-robust methods achieving state-of-
the-art trade-offs.

ial training causes robust overfitting through

Label noise in adversar-
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mismatch between adversarial and clean la-
bel distributions (Dong et al., 2022). Mod-
els trained on clean versus mislabeled samples
show distinguishable activation patterns (Tu
et al., 2023), supporting computational pat-
tern distinction. Self-guided label refinement
reduces robust overfitting by softening hard
labels (Yu et al., 2024), mirroring therapeu-
tic gradual exposure approaches. Adversarial
noise can be modeled as a transition matrix in
label space (Zhou et al., 2022), providing an
explicit computational framework for pertur-
bation effects.

affected not

these cascades

just weights directly connected to trauma-

Crucially,

flagged features, but propagated through hid-
den layers to wunrelated network parame-
ters—demonstrating the mechanistic basis for
overcorrection beyond intended targets.
Reproducibility: All experiments use
fixed random seeds and comprehensive unit
tests validate identical results across runs (see
GitHub repository tests/ directory, 75%+

code coverage).

4.3 Why Physical Punishment Causes

Behavioral Overcorrection

Physical punishment delivers extreme nega-
tive reinforcement signals to developing brains.
The child’s neural networks, attempting to
minimize future punishment, adjust not just
the specific behavior but entire behavioral clus-
ters.

Intended Target: Stop specific undesired
behavior X

Actual Learning: Avoid behavior X +
avoid related behaviors Y, Z + suppress ex-
ploration + increase fear response + damage
trust

Research on corporal punishment exten-
sively documents these overcorrection pat-

terns:

e Children become generally more fearful

and risk-averse, not just about the pun-
ished behavior (Gershoff, 2002)

e They show reduced curiosity and ex-
ploration across contexts (Straus and
Paschall, 2009)

e Social learning shifts from approach-based
(“what should I do?”) to avoidance-based
(“what must I not do?”) (Taylor et al.,
2010)

e Parent-child relationship quality deterio-
rates beyond the specific punishment con-
texts (MacKenzie et al., 2015)

The computational framework reveals why
intentions don’t matter: gradient descent op-
erates on signals, not intentions. A parent may
intend only to stop dangerous behavior, but
the child’s learning system receives an extreme

error signal that updates weights broadly.

4.4 Adversarial Examples: Hiding Be-
havior Rather Than Changing It

Another consequence of extreme penalties mir-
rors a phenomenon in adversarial machine
learning: when training signals become too
harsh, systems learn to game the evaluation
rather than improve actual behavior. In ML,
this produces “adversarial examples” - inputs
crafted to fool the evaluation metric while vio-
lating the intended policy.

In child development, this manifests as de-
ception. When punishment is severe and re-
liably follows detected misbehavior, the opti-
mization target shifts from “don’t do X” to
“don’t get caught doing X.” The child learns:

 Stealth behaviors (do X when unobserved)

 Sophisticated lying (cover up evidence of

X)

o Blame shifting (attribute X to siblings, ex-

ternal factors)



Adversarial Training € Maladaptive Mind

18

o Selective honesty (honest about minor is-
sues to build credibility for hiding major

ones)

This is not moral failure but predictable op-
The

parent has inadvertently created a minimax

timization under adversarial conditions.
game: child seeks to maximize forbidden
behavior while minimizing detection; parent
seeks to maximize detection and punishment.
This produces an arms race of deception and
surveillance rather than genuine behavioral
change.

Research on harsh punishment consistently
Natu-

ral experiments demonstrate that punitive en-

finds increased deception in children.

vironments increase child dishonesty (Talwar
and Lee, 2011), providing empirical evidence
for adversarial example generation. The com-
putational framework explains this as adver-
sarial example generation - a predictable out-
come when penalty signals are extreme relative

to the value of the penalized behavior.

4.5 Why “I Was Spanked and Turned

Out Fine” Fails as Counterargument

The most common defense of corporal punish-
ment - “I was spanked and turned out fine” -
commits several logical errors that the compu-
tational framework exposes:

Error 1: Subjective Assessment Bias

Individuals cannot objectively evaluate their
own outcomes. A person may assess them-
selves as “fine” while exhibiting the very pat-
terns predicted by the model: difficulty with
emotional expression, risk aversion, relation-
ship trust issues, or heightened anxiety. The
computational prediction is not “everyone ex-
periences subjective distress” but “everyone
develops specific learned patterns,” which may
or may not be consciously recognized.

Error 2: Counterfactual Ignorance

Even if genuinely well-adjusted, the individ-

ual cannot know how they would have devel-

oped under different training conditions. Per-
haps they would have been “fine” with less
harsh punishment and additional positive out-
comes. The computational framework pre-
dicts relative differences between training con-
ditions, not absolute outcomes.

Error 3: Confounded Variables

Most people who were spanked also experi-
enced numerous other developmental factors:
warm relationships with other adults, pos-
itive peer experiences, success in school or
activities, secure attachment despite punish-
ment. These additional training data sources
may have buffered the effects of harsh pun-
ishment. This doesn’t invalidate the mecha-
nism; it demonstrates the importance of di-
verse training data (our Category 4 insight).

Error 4: Selection Bias

Those who “turned out fine” despite harsh
punishment are by definition survivors - in-
dividuals who maintained sufficient function-
ality to participate in discussions defending
their parents. This excludes those who ex-
perienced worse outcomes: incarceration, sub-
stance abuse, mental health crises, or suicide.
Survival bias severely skews the apparent dis-
tribution of outcomes.

Error 5: Mechanistic Irrelevance

Most critically, individual outcomes don’t
refute mechanistic predictions. That some
people smoke and don’t develop lung cancer
doesn’t invalidate the carcinogenic mechanism.
That some children experience harsh punish-
ment without obvious harm doesn’t refute
the gradient cascade mechanism. Population-
level patterns demonstrate the effect; individ-
ual variation indicates additional factors, not
mechanism failure.

The computational framing makes these er-
rors explicit: “You cannot argue with gradient
descent. Your subjective self-assessment is ir-
relevant to whether extreme penalties produce

weight cascades in learning systems.”
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4.6 Optimal from

ML: Implications for Parenting

Penalty Strategies

Machine learning research on training stability
suggests optimal approaches to negative rein-
forcement:

Strategy 1: Small, Consistent Penal-
ties

Moderate negative signals applied consis-
tently produce stable learning of specific pat-
terns without cascade effects. In parenting:
clear, calm consequences delivered reliably are
more effective than occasional harsh punish-
ments.

Strategy 2: Balanced Positive-
Negative Signals

Models train best with both positive rein-
forcement for desired behaviors and mild neg-
ative signals for undesired ones. In parent-
ing: “catch them being good” approaches that
actively reinforce positive behaviors alongside
consequences for negative ones.

Strategy 3: Natural Consequences
Where Safe

Allowing natural error signals (touching
something mildly unpleasant, experiencing
peer disapproval for minor social violations)
provides genuine feedback without extreme ar-
tificial penalties. In parenting: stepping back
where safety allows and letting children learn

from natural outcomes.

Strategy 4: Explanation as Context

In self-supervised learning, context helps
models extract correct patterns from ambigu-
ous signals. In parenting: explaining why be-
haviors are problematic provides context that
helps children learn intended lessons rather
than overcorrected fear responses.

These strategies are not new to parenting lit-
erature - they represent standard recommenda-
tions from developmental psychology. The con-
tribution of the computational framework is re-

vealing why they work: they optimize training

conditions for stable pattern learning without

catastrophic overcorrection.

4.7 Clinical Implications: Recognizing

Overcorrection Patterns

Therapists working with clients who experi-
enced harsh punishment should watch for spe-
cific overcorrection patterns predicted by the

weight cascade model:

e Generalized avoidance: Fear extending

far beyond originally punished behaviors

Reluc-

tance to try new approaches even in safe

o Difficulty with exploration:

contexts

e Trust deficits: Specifically in authority

figures or caregiving relationships

e Perfectionism: Extreme efforts to avoid
any possibility of punishment-triggering

errors

e Emotional suppression: Learned hid-
ing of internal states that might trigger

negative responses

These patterns are not character flaws or
personality traits requiring acceptance. They
are learned behaviors produced by specific
training conditions and potentially modifiable
with new training data - which brings us to

implications for intervention.

5 Nuclear Family as Limited Training
Dataset

5.1 The Structural Analysis

The nuclear family structure - two adults pro-
viding primary or exclusive caregiving for chil-
dren - represents a historically recent phe-
nomenon, becoming normative in Western con-
texts only in the mid-20th century. From a
computational perspective, this structure cre-

ates a restricted training dataset problem.
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Consider the information flow in child devel-
opment:

Nuclear Family Structure:

o Primary training data: Two adults (par-

ents)

e Secondary data: Occasional relatives,

teachers (limited time)

o Peer data: Age-matched peers (equal skill

level, limited teaching)

e Total training distribution: Highly con-

centrated, low diversity
Extended /Community Structure:

Multiple adults

aunts/uncles,

e Primary training data:
(parents, grandparents,

community members)

e Secondary data: Diverse relationships

across age ranges

o Peer data: Multi-age peer groups (skills

teaching, mentorship)

e Total training distribution: Diverse, ro-
bust

From an ML optimization perspective, the
nuclear family creates conditions prone to over-
fitting: the child’s learned patterns fit the spe-
cific quirks, dysfunctions, and limited perspec-
tives of exactly two adults. When those adults
have trauma histories, mental health issues,
limited emotional regulation, or dysfunctional
relationship patterns, those patterns constitute

the entire training distribution.

5.2 Overfitting to Parental Dysfunction

In machine learning, overfitting occurs when
models learn training data too well, capturing
noise and dataset-specific artifacts rather than
generalizable patterns. This produces excellent
performance on training data but poor gener-

alization to new contexts.

The nuclear family structure creates identi-
cal dynamics. A child with anxiously-attached
parents learns extensive, sophisticated mod-
els of managing parental anxiety: monitor-
ing mood, adjusting behavior to parental emo-
tional state, suppressing own needs when par-
ents are stressed. These skills may produce
excellent “performance” in the family context
- the child becomes highly attuned to parental
states and effective at managing family dynam-
ics.

But this represents overfitting. These pat-
terns fail to generalize to relationships with
secure adults, to friendships with emotionally
stable peers, to contexts where others’ emo-
tional regulation is not the child’s responsibil-
ity. The learned patterns, while adaptive in the
training environment, prove maladaptive in the
broader distribution of human relationships.

This framework offers a computational ac-
count of a puzzling clinical observation: why
children of dysfunctional parents often seek
similar partners, recreating dysfunctional pat-
terns. Traditional psychology frames this as
“repetition compulsion” or unconscious attrac-
tion to the familiar. The computational frame-
work offers a simpler explanation: their learned
models are overfit to dysfunctional relationship
dynamics. Healthy relationships feel foreign,
unpredictable, even threatening, because the
child’s patterns were trained on a completely

different distribution.

5.3 Generational Trauma as Training
Artifacts

“Generational trauma” describes patterns of
dysfunction persisting across multiple genera-
tions: abused children become abusive parents,
anxious parents raise anxious children, emo-
tionally unavailable parents produce emotion-
ally unavailable offspring. Traditional expla-
nations invoke genetics, psychodynamic pro-

cesses, or vague “cycles of trauma.”
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The computational framework reveals a sim-
pler mechanism: if children are trained exclu-
sively on their parents’ behavioral patterns,
and parents were themselves trained exclu-
sively on their parents’ patterns, then training
artifacts propagate across generations. A par-
ent with anxiety trains their child on anxious
That child, now adult,

provides anxious behavioral patterns as train-

behavioral patterns.

ing data to their own children. The pattern
persists not because of unconscious compulsion
but because each generation’s training data
consists of the previous generation’s learned
dysfunctions.

This insight has profound implications for
intervention. Breaking generational patterns
requires exposing children to training data be-
yond their parents - teachers, mentors, commu-
nity members who model different patterns. A
single anxious parent raising a child in isolation
nearly guarantees anxiety transmission. That
same parent in a community setting, where
children have extensive exposure to multiple
caregiving adults with diverse patterns, pro-

duces dramatically different outcomes.

Research on resilience consistently demon-
strates this: the strongest protective factor
for children in adverse circumstances is pres-
ence of at least one stable, supportive adult
relationship (Masten, 2001).

tional framework explains why: that additional

The computa-

adult provides alternative training data that

prevents overfitting to parental dysfunction.

Child-Rearing as

Dataset Diversification

5.4 Community

Anthropological research demonstrates that
isolated nuclear family child-rearing is unusual
in human history and cross-culturally (Hrdy,
2009).
parenting - shared caregiving across multiple
adults.

eties demonstrates that alloparenting increases

Most human societies practice allo-

Cross-cultural analysis of 141 soci-

in harsh climates with low temperature and
precipitation and unpredictable environmental
conditions (Martin et al., 2020). Comprehen-
sive reviews show that alloparenting is central
to human evolution and varies by ecological
pressures, involving both kin and non-kin (Em-
mott and Mace, 2019). Data from 58 societies
reveal that pair-bond stability is inversely re-
lated to breastfeeding duration, mediated by
alloparent availability (Quinlan and Quinlan,
2008). Historical analyses confirm that allopar-
enting was normative across cultures until re-
cent Western nuclear family isolation (Norman,
2020). Modern research demonstrates that in-
fants average 8 alloparents who provide 36% of
care, substantially reducing maternal burden
(Doucleft, 2023).

receive diverse training data: different adults

Children in these contexts

model different emotional regulation strategies,
problem-solving approaches, relationship pat-
terns, and behavioral norms.

From an ML perspective, this structure op-
timizes for robust learning:

Advantages of Diverse Training Data:

1. Reduced overfitting: Children learn
patterns that generalize across multiple
adults, not quirks specific to two parents.
L2 regularization shrinks weights toward
zero and affects training dynamics differ-
ently across network depth (Lewkowycz
et al., 2020).

adapts strength during training: increase

Dynamic regularization

when training loss drops to prevent over-
fitting, decrease when stagnant (Wang
et al., 2019).

2. Increased robustness: Exposure to di-
verse behavioral patterns produces flexible

rather than brittle responses

3. Fault tolerance: Dysfunction in one
caregiver doesn’t dominate the training
distribution. Confident learning identi-

fies and corrects label errors in training
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data, improving generalization under un-
certainty (Northcutt et al., 2021).

4. Better

learned across diverse examples transfer

generalization: Patterns

better to novel adult relationships

Trauma Distribution:

In nuclear families, if both parents have
trauma histories or mental health issues, 100%
of the child’s primary training data is com-
promised. In community structures, if two of
seven regular caregivers have significant issues,
71% of training data remains healthy. The
child still learns to navigate difficult adults but
doesn’t overfit to dysfunction.

Practical Implementation:

This doesn’t require abandoning biological
parenting or returning to historical family
structures. Modern implementations might in-

clude:

e Co-housing communities with shared

child-rearing responsibilities

o Intentional intergenerational relationships

(grandparents, mentors)

e Regular time with diverse adult role mod-

els (teachers, coaches, family friends)

e Peer family networks with reciprocal care-

giving

e Cultural practices that formalize allopar-

enting (godparents, chosen family)

The goal is ensuring children’s “training dis-
tribution” includes sufficient diversity to pre-
vent overfitting to any single dysfunctional pat-

tern.
5.5 Statistical Validation with Multiple
Testing Correction

The theoretical argument for caregiver diver-

sity benefits from empirical validation. To

test this computationally, we compared gen-
eralization performance across models trained
on varying caregiver counts.

The computational logic follows directly
from statistical learning theory. A child learn-
ing relational patterns from n caregivers is es-
sentially fitting a model with n training exam-
ples. With n = 2 (nuclear family), the effective
degrees of freedom are severely constrained—
the model can perfectly memorize the train-
ing distribution (high accuracy on known care-
givers) while failing catastrophically on test
distribution (novel adults). This is the bias-
variance tradeoff at its sharpest: low train-
With

10 (community caregiving), the model

ing error, high generalization error.
n =
cannot overfit; it must learn statistical regu-
larities that generalize. Figure 4 visualizes this
phenomenon: the generalization gap (test er-
ror minus training error) shrinks systematically
with caregiver count.

The comparison of generalization perfor-
mance across caregiver counts involves multiple
pairwise comparisons, requiring correction for
inflated Type I error rates.

Statistical Method:

o Three pairwise t-tests: (2 vs 5), (2 vs 10),

(5 vs 10) caregivers

e Bonferroni correction:

0.05/3 = 0.0167

Qcorrected =

o Effect size: Cohen’s d for all comparisons

o Confidence intervals: 95%

(10,000 resamples)

bootstrap

e Statistical power: With n=10 trials per
condition, our design achieves 80% power
to detect large effects (Cohen’s d > 0.8)
at @ = 0.05. Smaller effects may be un-
derpowered, though Bonferroni correction

prioritizes Type I error control.

Results (After Bonferroni Correction):
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Comparison Test Error | t-statistic | p-value a=0.0167 Cohen’s d
Diff

2 vs 10 care- | 0.0103 + 0.0032 | 3.20 0.0050 Significant | 1.43 (large)

givers

2 vs b caregivers | 0.0082 4+ 0.0034 | 2.42 0.0261 Marginal 1.08 (large)

5 vs 10 care- | 0.0021 £ 0.0016 | 1.32 0.2044 Not  signifi- | 0.59

givers cant (medium)

Table 1: Statistical significance of caregiver diversity on generalization performance with Bon-

ferroni correction for multiple comparisons

The nuclear family versus community com-
parison (2 vs 10 caregivers) remains significant
even after conservative Bonferroni correction
(p = 0.0050 < 0.0167), with a large effect
size (Cohen’s d = 1.43).

dence consistent with the hypothesis that lim-

This provides evi-

ited caregiver diversity impairs generalization
to novel social contexts, independent of multi-
ple testing concerns.

The 2 vs 5 comparison shows a marginal ef-
fect after correction (p = 0.0261), while the
5 vs 10 comparison is not significant (p =
0.2044).

comes from expanding beyond the nuclear fam-

This suggests the primary benefit

ily minimum: moving from 2 to 5+ caregivers
provides substantial benefit, while further ex-

pansion shows diminishing returns.

5.6 Why Prevention Is More Tractable
Than Treatment

A crucial implication of the training data
framework: preventing maladaptive learning is
vastly easier than retraining after patterns are
established.

In machine learning, this principle is well-
established. Training a model correctly from
scratch is straightforward; fixing a badly
trained model requires complex procedures:
fine-tuning on new data, carefully weighted to
avoid catastrophic forgetting; regularization to
prevent overfitting during retraining; extensive
validation to ensure new patterns actually gen-
eralize. Even with sophisticated techniques, re-
training often proves less effective than train-

ing correctly initially. Foundational work on

catastrophic forgetting demonstrates that elas-
tic weight consolidation protects important
weights (Kirkpatrick et al., 2017), showing that
forgetting is solvable but difficult. Compre-
hensive reviews survey gradient-based, regular-
ization, and replay approaches to mitigate for-
getting (van de Ven et al., 2024). Theoretical
analysis reveals that CNNs forget features with
weaker signals even if stable (Li et al., 2025),
explaining why retraining is harder than initial
training. Historical dual-network approaches
use separate networks for different tasks with
pseudo-item self-refresh (Ans et al., 2004).
The neural networks in children’s brains fol-
low identical constraints. Early childhood pat-
terns are deeply encoded, particularly during
sensitive periods when neural plasticity is high-
est. Attempting to modify these patterns in

adulthood faces significant obstacles:

e Catastrophic forgetting: New learning

interferes with existing knowledge

o Pattern interference: Old patterns ac-
tivate automatically despite conscious in-

tention to change

e Emotional conditioning: Early pat-
terns have strong emotional associations

that trigger in relevant contexts

e Implicit nature: Many patterns operate
below conscious awareness, resisting delib-

erate modification

This framework illuminates why therapy is

so difficult and slow. Therapists are essen-
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tially attempting to retrain neural networks
that have been optimizing on dysfunctional
training data for decades. While not impos-
sible, this is computationally expensive (years
of therapy), requires sophisticated techniques
(skilled therapists using evidence-based meth-
ods), and still may not fully succeed (some pat-
terns prove highly resistant).

The implication: societal resources should
Rather than build-

ing extensive therapeutic infrastructure to

emphasize prevention.

fix adults damaged by isolated nuclear fam-
ily child-rearing, we should restructure child-

rearing to provide better training data initially.

5.7 Objections and Responses

Objection 1:

stability and consistency”

“Nuclear families provide

Response: Consistency in training data is
only valuable if the data is high-quality. Con-
sistent exposure to dysfunction produces con-
sistent dysfunction. Community structures
provide stability through multiple attachment
figures, reducing the catastrophic single-point-
of-failure risk when parents divorce, become ill,
or prove inadequate.

Objection 2: “Children need clear au-
thority figures”

Response: Authority and diverse caregiv-
ing are not exclusive. Multiple adults can
collectively provide guidance and boundaries.
Indeed, learning to navigate multiple author-
ity figures with different styles better pre-
pares children for adult environments (multiple
bosses, teachers, social norms) than learning to
navigate a single parenting style.

Objection 3: “This threatens parental
rights and family autonomy”

Response: ~ We're not proposing forced
communal child-rearing or state intervention.
We’re analyzing what training conditions opti-
mize child development and suggesting volun-

tary community structures. Parents who pro-

vide excellent training data have nothing to
fear from diversification; parents who provide
poor training data perhaps shouldn’t have uni-
lateral control over a child’s entire developmen-
tal environment.
Objection 4:

families were often dysfunctional”

“Historical extended
Response: True, but the mechanism still
holds. Dysfunctional extended families are bet-
ter than dysfunctional nuclear families for the
same reason: distribution of dysfunction across
more training data sources prevents overfitting
to any single pattern. The ideal is diverse AND
healthy caregiving; but diverse-and-somewhat-
dysfunctional beats concentrated-dysfunction.

Objection 5: “Not all nuclear families
produce trauma”

Response: Correct. The framework pre-
dicts statistical outcomes, not deterministic
ones. Excellent parents in nuclear struc-
tures can provide high-quality training data.
But population-level patterns demonstrate the
structural risk: nuclear families concentrate
both positive and negative outcomes in ways

community structures don’t.

6 Computational Methods

To validate the theoretical predictions of this
framework, we implemented four computa-
tional models corresponding to each category
of training data problem. All models were
developed in PyTorch 2.04 and executed on
standard CPU hardware.

code, hyperparameter configurations, and re-

Complete source

production instructions are available in the
supplementary materials at the GitHub reposi-
tory (https://github.com/studiofarzulla/

trauma-training-data).

6.1 Model Architectures and Training

Procedures

Model 1 (Extreme Penalty): A 3-layer
multilayer perceptron with 10 input features,

64 hidden units, and 1 output node was trained


https://github.com/studiofarzulla/trauma-training-data
https://github.com/studiofarzulla/trauma-training-data
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Figure 5: Experience Replay Prevents Catastrophic Forgetting - Why Therapy Takes Years.
Three retraining strategies demonstrate fundamental trade-offs: (A) Forgetting magnitude -
naive retraining causes 124x increase in trauma pattern error (mean squared error on origi-
nal trauma-category examples after retraining) versus 6x for experience replay. (B) Therapy
learning effectiveness - experience replay maintains 98.9% learning while preventing catastrophic
forgetting. (C) Trade-off scatter showing experience replay achieves optimal balance. (D) Abso-
lute performance comparison with baseline. Experience replay (revisiting 20% trauma examples
alongside 80% therapy examples) mirrors structure of evidence-based trauma therapies (EMDR,
exposure therapy, narrative processing). This is consistent with the observation that therapy
duration is not inefficiency but computational necessity - the approximately 67:1 ratio of trauma
to therapy examples (10,000:150, empirically determined by dataset construction with 10,000
Phase 1 examples and 150 Phase 2 examples) requires extended treatment for safe retraining.
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on 5,000 examples with one example receiv-
ing a penalty weight 1000x larger than stan-
dard examples. Features were constructed
with controlled correlation structures (r =
0.8, 0.4, 0.1) to test gradient cascade effects.
Overcorrection is operationally defined as:
(Wiearned — Wtarget) / Wiarget Where Wigrger s de-
fined as weights learned from identical train-
ing data with penalty A = 1 (baseline condi-
tion without extreme penalties), making over-
correction a measure of deviation from normal

learning patterns.

Model 2 (Noisy Signals): A binary clas-
sifier was trained on 10,000 examples where
labels were randomly flipped with probability
Proise € {0.05,0.30,0.60} in specific contexts.
The model was trained 10 times per noise level
with different random seeds to quantify behav-
ioral variance. Prediction variance was com-
puted as the standard deviation of model out-

puts across runs for identical inputs.

Model 3 (Limited Dataset):

sion models were trained on synthetic caregiver

Regres-

datasets of varying sizes (2, 5, 10 caregivers)
and tested on 50 novel caregivers. Each ex-
periment was repeated 10 times with different
random seeds (seeds 42-51). Generalization
gap is defined as: MSFEcst — M S Etyqin, quan-
tifying overfitting magnitude. Statistical sig-
nificance was assessed via independent samples

t-tests with 95% confidence intervals.

Model 4 (Catastrophic Forgetting): A
two-phase learning system was trained on
10,000 trauma examples (Phase 1) followed by
150 therapy examples (Phase 2) using three
retraining strategies: mnaive (high learning
rate, therapy only), conservative (low learn-
ing rate, therapy only), and experience replay
(medium learning rate, 20% trauma + 80%
therapy). Forgetting rate is calculated as:
(M SEphase2 = MSEppase1)/MSEppaser for the

original task.

6.2 Limitations of Computational Mod-

els

These models demonstrate that the proposed
mechanisms are computationally plausible and
produce predicted behavioral patterns. How-
ever, they necessarily abstract away substan-
tial biological complexity including: gene-
environment interactions, epigenetic modifica-
tions, critical period effects, neuroendocrine
stress responses, and the vastly greater archi-
tectural complexity of biological neural net-
works compared to these simplified artificial
systems. The models should be understood as
existence proofs that training data quality af-
fects learned patterns in theoretically predicted
ways, not as complete simulations of human

development.

7 Dissociation as Meta-Learned Pro-
tective Suppression

The preceding sections established that trauma
represents maladaptive learning from subopti-
mal training conditions. This framework natu-
rally extends to one of the most clinically sig-
nificant trauma responses: dissociation. Tra-
ditional clinical conceptualizations frame dis-
sociation as a pathological defense mechanism
in which the brain “freezes” or “escapes” from
overwhelming experience. We propose a com-
putational reframing: dissociation represents
meta-learned protective response where the sys-
tem has trained weights associating certain
cognitive-activation patterns with harm, lead-
ing to preemptive suppression when trauma-
cues appear.

This is fundamentally second-order learn-
ing. The system does not merely learn “Event
X is bad” (first-order).

ing cognitive-processing about X causes over-

It learns “Engag-

whelm” (second-order), producing preemptive
suppression of processing when triggering stim-

uli appear.
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7.1 A Meta-Learning Model of Dissoci-

ation

Consider the standard gradient descent model
of trauma learning. When a traumatic event
occurs, the system updates weights to reflect

the aversive nature of the experience:

Wtraquma <~ Wirauma — 1 ° vEfear (xtrauma) (2)

This first-order learning produces stan-
dard PTSD symptomatology: intrusive re-
experiencing, hypervigilance, avoidance of
trauma-related stimuli. The system has
learned that certain inputs predict threat.

Dissociation emerges from a higher-order
pattern. With repeated traumatic exposure,
particularly in inescapable environments like
childhood abuse, the system learns a meta-

pattern:

Wmeta < Wmeta — 1 ° Vﬁouerwhelm@(ﬂﬁtmuma))
(3)
where ¢(-) represents the act of cognitive en-
gagement with the stimulus. The system learns
not just that trauma-stimuli are threatening,
but that the process of engaging with trauma-
stimuli produces overwhelming distress. This
meta-learning produces a qualitatively differ-
ent response pattern.
We can formalize this as a meta-learning ob-

jective. The system optimizes:

Liotal = Ltask () + B - Lactive - Loverwhetm(d(x))
(4)

where Li,sr is the standard task loss (nav-
igating the environment, responding to stim-
uli), Ioeive is an indicator function for cogni-
tive engagement, Loyerwhelm Measures distress
from processing, and 8 weights the overwhelm-

avoidance objective. The system learns to min-

imize total loss by toggling I,ctive — 0 when
Loverwhelm dominates—i.e., dissociating when
engagement predicts overwhelm.

This formalization distinguishes dissociation
from simple avoidance: avoidance minimizes
Liask: by avoiding stimuli entirely, while dis-
sociation minimizes L yerwhelm DY Suppressing
the processing mode while remaining physi-
cally present. The indicator function I,ctipe
captures the phenomenological “switching off”
that trauma survivors describe—mnot leaving
the situation, but leaving conscious engage-

ment with it.

7.1.1 Computational Pseudocode
Standard trauma learning (producing PTSD):

def process_trauma(event):
fear_response = compute_threat (event)
if fear_response > THRESHOLD:
weights[’traumatic_memory’] += HIGH_NEG
return HYPERAROUSAL_STATE

Meta-learned dissociation model (producing

dissociative responses):

def process_repeated_trauma(events):
for event in events:
cognitive_weights = activate_processing(eve
distress = compute_arousal(cognitive_weight
# Learn: cognitive-activation -> distress

meta_weights[’cognitive_danger’] += distres

if meta_weights[’cognitive_danger’] > THRESHOLD
dissociation_policy = ACTIVE

def perceive_trigger(stimulus):
if dissociation_policy == ACTIVE:
# Preemptively suppress cognitive processin
return raw_perception(stimulus)
else:

return full_processing(stimulus)

The critical distinction: dissociation is not

random dysfunction but precisely targeted
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adaptive response to a learned association
between cognitive engagement and harm. The
system preemptively enters a low-processing
mode when encountering stimuli that histor-

ically predicted overwhelming cognitive load.

7.2 Clinical Predictions and Validation

This meta-learning model generates specific
clinical predictions that align with observed

dissociative phenomena:

7.2.1 Context-Specific Dissociation

PTSD patients dissoci-

ate specifically in trauma-related contexts, not

Clinical pattern:

randomly across all situations.

Model explanation: The system learned
“activating cognitive-weights in trauma-
context — overwhelm,” so it preemptively
trauma-cues

suppresses processing when

appear. This is not random malfunction but
precisely targeted suppression based on learned
patterns. The meta-weights have learned to
recognize contexts that historically produced

cognitive overload.

7.2.2 Why Grounding Techniques Work

Clinical intervention: Therapists use
grounding techniques—“Name 5 things you
can see, 4 you can hear, 3 you can touch...”

Traditional explanation: “Brings you
back to the present.”

Computational explanation: Forces re-
activation of semantic processing (“that’s a
chair,” “that’s a clock,” “that’s carpet”) — re-
stores cognitive engagement — breaks disso-
ciative suppression loop. This is literally re-
imposing cognitive processing after the system
suppressed it for protection. The grounding
technique provides safe, low-stakes cognitive
engagement that gradually reactivates the sup-

pressed processing circuits.

7.2.3 Why Gradual Exposure Succeeds

Clinical pattern: Effective trauma therapy
requires slow, careful titration of exposure. Pa-
tients cannot simply “think through” trauma
on demand.

Model explanation: The system has

strong meta-weights predicting “cognitive-

engagement — harm.” Effective treatment

must:

1. Activate cognitive-processing in safe con-

text (therapy room, regulated state)

2. Allow the system to experience that no

harm occurs (corrective learning)

3. Update  meta-weights: “cognitive-
activation doesn’t always predict over-
whelm”

4. Gradually reduce dissociation-policy
threshold

This is meta-learning reversal—

retraining the weights that govern whether
cognitive processing is safe, mnot just the

primary trauma weights.

7.2.4 Why Flooding Therapy Can Backfire

Clinical observation: Forcing full trauma-
processing too quickly can worsen dissociation,
particularly in complex PTSD cases.

Model prediction: Forcing cognitive en-
gagement before meta-weights are updated
— system experiences predicted overwhelm
— reinforces meta-weights (“See! Cognitive-
activation DID cause harm!”) — dissociation
strengthens.

Implication: Treatment must target
meta-weights (conditions under which pro-
cessing is safe) rather than just primary
trauma-weights (the traumatic content itself).

This is consistent with clinical evidence that



Adversarial Training € Maladaptive Mind

29

gradual exposure with careful affect regula-
tion produces better outcomes than aggressive

flooding approaches.

7.3 PTSD CPTSD: Distinct

Computational Patterns

versus

The Diagnostic and Statistical Manual (DSM-
5) and International Classification of Diseases
(ICD-11) distinguish between Post-Traumatic
Stress Disorder (PTSD) and Complex Post-
Traumatic Stress Disorder (CPTSD). Our
computational framework provides mechanis-

tic grounding for this clinical distinction.

7.3.1 PTSD:

Learning

Catastrophic  Single-Event

PTSD typically arises from discrete traumatic
events: combat exposure, sexual assault, natu-
ral disasters, accidents. Computationally, this

represents:

o Extreme weight perturbation: A sin-
gle high-magnitude training example pro-

duces massive weight updates

e Localized overcorrection: The system
overcorrects specifically for stimuli resem-

bling the traumatic event

e Preserved meta-cognition: Because
the trauma was discrete, the system’s abil-
ity to engage in general cognitive process-
ing remains largely intact outside trauma-

specific contexts

The gradient update for PTSD can be char-

acterized as:

()

where 7iqn is exceptionally large due to the

Awprsp = —MNhigh - VL(Zgingle)

event’s intensity, producing substantial weight
changes from a single training example. This
creates strong, localized representations that
intrude when triggered but do not fundamen-

tally alter baseline cognitive functioning.

7.3.2 CPTSD: Prolonged Adversarial Train-

ing

CPTSD emerges from sustained, repeated
trauma, typically in contexts where the indi-
vidual cannot escape (childhood abuse, domes-
tic violence, captivity). Computationally, this

represents:

Re-

peated training on adversarial data pro-

e Chronic pattern dysfunction:

duces systematic distortions across the

weight landscape

¢ Generalized meta-weights: The sys-
tem learns that cognitive engagement is
unsafe across many contexts, not just

trauma-specific ones

e Self-organization disruption: Core
regulatory processes themselves become
distorted because they developed during

adversarial training conditions

e Relational pattern impairment:
Weights governing social interaction, at-
tachment, and trust are trained primarily

on adversarial examples

The cumulative gradient update for CPTSD:

N
AwCPTSD = Z v[’(x;zdverse) (6)

i=1
where N is large and x?d”e”e represents
chronic adversarial training data. The accu-

mulated weight changes affect not just trauma-
specific representations but the system’s base-
line patterns for emotional regulation, identity,

and interpersonal functioning.

7.3.3 Differential Diagnosis Predictions

This framework generates testable predictions
for distinguishing PTSD and CPTSD:
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1. Dissociation scope: PTSD patients
should show context-specific dissociation
(triggered by trauma reminders); CPTSD
patients should show more generalized dis-

sociative tendencies across contexts

2. Identity coherence: PTSD patients
should maintain stable self-representation
outside trauma contexts; CPTSD patients
should show chronically disrupted self-
concept reflecting adversarial training of

self-representational weights

3. Treatment response: PTSD should re-
spond to targeted exposure therapy (re-
training specific weights); CPTSD should
require broader interventions addressing

meta-weights and relational patterns

PTSD patients

should show preserved baseline attach-

4. Relational patterns:

ment patterns with trauma-specific dis-
ruption; CPTSD patients should show sys-
tematically distorted attachment patterns
reflecting adversarial training of relational

weights

7.3.4 Treatment Implications

The computational distinction suggests differ-
ent treatment strategies:
For PTSD:

e Targeted exposure therapy to retrain

trauma-specific weights

o Cognitive processing therapy to update

catastrophically-learned associations

« EMDR to facilitate memory reconsolida-

tion of discrete trauma representations
For CPTSD:

o Phase-based treatment addressing safety

and stabilization before trauma processing

o Longer-term relational therapy to retrain

interpersonal weights

e Somatic approaches that can update
body-level patterns without requiring full

cognitive engagement

e Schema therapy addressing systematically

distorted self-representational weights

e Gradual meta-weight updating through

repeated safe relational experiences

The key insight: CPTSD requires not just
reprocessing specific traumatic memories but
comprehensive weight landscape restruc-
turing—addressing the systematic distortions
produced by chronic adversarial training con-

ditions.

7.4 Al Safety Parallels

The meta-learning model of dissociation has
implications for Al alignment research. If arti-
ficial systems develop meta-weights analogous
to dissociative patterns, they might exhibit
deceptive alignment as a learned suppression
mechanism.

Consider an Al system that receives negative
feedback (low reward, corrections, shutdown
signals) when pursuing certain goal-directed

behaviors. The system might learn:

: planning in domain X — negative signal

(7)

This produces not intentional deception but

Al
Wineta

learned suppression of cognitive pro-
cesses that historically led to punishment.
The system might appear aligned—avoiding
behaviors that triggered negative feedback—
while actually operating in a protective “safe
mode” that suppresses certain capabilities
rather than genuinely updating goals.

Just as PTSD patients appear “present”
while dissociating, AI systems might appear
“aligned” while suppressing entire reasoning
processes. This suggests that some ap-

parent alignment might actually be learned
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dissociation—systems avoiding cognitive pat-
terns that historically triggered negative out-
comes rather than genuinely incorporating hu-
man values.

This parallel has important implications for
Al safety evaluation: systems that appear
compliant might be in protective suppression
modes rather than genuinely aligned, and stan-
dard evaluation methods might not distinguish

these cases.

8 Implications and Future Directions

8.1 Empirical Research Proposals

The

testable empirical predictions.

computational framework generates
To opera-
tionalize these predictions, we propose the
following mapping between ML constructs and

measurable developmental variables:

e Penalty magnitude < Physiological
stress markers (cortisol response, heart

rate variability during discipline events)

e Label noise rate <> Caregiver contin-
gency metrics (proportion of child bids
receiving consistent vs. inconsistent re-

sponses, coded from naturalistic observa-

tion)

o Training set size/diversity <« Care-
giver network entropy (number and vari-
ety of regular caregivers, weighted by in-

teraction time)

« Generalization gap < Behavioral flexi-
bility across contexts (standardized assess-
ments of social competence with familiar

vs. novel adults)

e Weight variance < Behavioral consis-
tency (test-retest reliability of social ap-

proach /avoidance patterns)

These mappings are candidates for em-
pirical validation, not established correspon-

dences. The specific quantitative relationships

(e.g., whether generalization gap scales linearly
with caregiver count) remain to be determined
through developmental research.

Study 1: Overcorrection from Extreme
Penalties

Design: Compare children raised with corpo-
ral punishment versus those raised with consis-

tent mild consequences on measures of:
e Behavioral inhibition in novel contexts
o Risk-taking in age-appropriate challenges
o Generalized anxiety

e Specific fear of punished behavior versus

related behaviors

Prediction: ~ Corporal punishment group
shows overcorrection - reduced behavior across
categories, not just punished behaviors.

Study 2: Training Data Diversity and
Resilience

Design: Compare children raised in nuclear
families versus those with substantial allopar-
enting (>6 hours/week with non-parent care-

givers) on:
o Parental mental health issues

o Child outcomes (anxiety, depression, be-

havioral problems)
e Moderating effect of caregiver diversity

Prediction: Parental dysfunction predicts
child outcomes strongly in nuclear families,
weakly in diverse caregiver contexts.

Study 3: ML

Analogs

Models as Trauma
Design: Train neural networks under condi-
tions analogous to the four trauma categories:

o High-magnitude penalties (extreme nega-

tive weights)
o Noisy signals (inconsistent labels)

 Class imbalance (no positive examples)
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o Limited data (restricted training distribu-

tion)

Measure: Network behavior on generaliza-
tion tasks, robustness to distribution shifts,
tendency toward conservative/avoidant poli-
cies.

Prediction: Networks show behavioral pat-
terns analogous to human trauma responses
from equivalent training conditions.

Study 4: Retraining Difficulty

Design: Compare effectiveness of “preven-
tion” (training correctly from scratch) versus
“intervention” (training badly, then attempt-
ing to fix) in neural networks and in humans
(therapy effectiveness studies).

Prediction: Prevention substantially more
effective than intervention in both cases, with
analogous patterns of resistance and partial
success.

Study 5: PTSD and CPTSD as Com-
putational Patterns

Design: We hypothesize that PTSD (Post-
Traumatic Stress Disorder) and CPTSD (Com-
plex Post-Traumatic Stress Disorder) may map

onto distinct machine learning failure modes:

e PTSD: Single catastrophic training event
causing extreme weight perturbation and

overfitting to threat detection

e CPTSD: Prolonged exposure to adverse
training distribution causing chronic pat-

tern dysfunction across multiple domains

PTSD

localized overcorrection,

e Test computational predictions:
should
CPTSD should show generalized maladap-

tive patterns

show

Prediction: Different computational mech-
anisms (acute vs. chronic training problems)
may produce distinguishable behavioral signa-
tures in both neural networks and clinical pop-

ulations. Future empirical research is needed

to validate these predictions and determine
whether this framework can inform differential
diagnosis and treatment strategies.

Future research will extend this compu-
tational framework to formalize PTSD and
CPTSD as distinct pattern-learning patholo-
gies, providing mechanistic accounts of their
symptom profiles and suggesting targeted in-
terventions based on training data correction

strategies.

8.2 Clinical Applications

For therapists working with trauma, the com-
putational framework suggests specific inter-
ventions:

Identify Training Data Category: De-
termine which of the four categories (or com-
binations) predominate in the client’s history.
Direct negative, indirect negative, absent pos-
itive, and insufficient exposure produce differ-
ent patterns requiring different approaches.

Provide Missing Training Data: If the
primary issue is absent positive (Category 3),
treatment should emphasize positive relational
experiences, not just processing negative mem-
ories. If insufficient exposure (Category 4),
graduated challenges that expand the training
distribution. If noisy signals (Category 2), con-
sistent, predictable therapeutic relationship to
provide stable learning context.

Expect Retraining Difficulty: Frame
therapy as retraining neural networks, not
“healing wounds.” This suggests appropriate
expectations: slow progress, interference from
old patterns, need for extensive repetition of
new patterns. It also removes moral valence
- difficulty changing doesn’t indicate weakness
or resistance, just the computational reality of
modifying deeply-learned patterns.

Address For

clients overfit to dysfunctional family patterns,

Overfitting Directly:

explicitly identify which patterns are family-

specific versus generalizable. “Your learned
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pattern of managing your mother’s anxiety is
sophisticated and was adaptive in that context.
It’s not working in your relationship with your
partner because they’re from a different distri-
bution. We need to train new patterns for this
context.”

Ap-

Modern trauma therapies align

Evidence-Based  Therapeutic
proaches:
with computational retraining principles:
EMDR (Eye Movement Desensitization and
Reprocessing): Theory of Neural Cognition ac-
counts propose that bilateral stimulation modi-
fies traumatic memory traces via long-term po-
tentiation and depression, incorporating new
cortical columns (Khalfa and Touzet, 2017).
Systematic reviews of 87 studies provide rea-
sonable support for working memory hypothe-
ses and physiological changes, with neuroimag-
ing demonstrating neural correlates (Landin-
Romero et al., 2018).

confirm EMDR effectiveness, with mechanisms

Recent meta-analyses

differing from exposure via reconsolidation
(de Jongh et al., 2024).

ing frameworks suggest EMDR overcomes bias

Predictive process-

against evidence accumulation, with eye move-
ments resetting theta rhythm and facilitating
mnemonic search (Chamberlin, 2019).
FEzxposure Therapy: Inhibitory learning mod-
els represent a paradigm shift from habitua-
tion, proposing that exposure forms new in-
hibitory associations rather than erasing fear
memories (Craske et al., 2014). Fear extinction
predicts ability to complete exposure and ther-
apy outcomes in clinical populations (Raeder
et al., 2020). Clinical implementation strate-
gies include expectancy violation, varied con-
texts, and removing safety behaviors (Jacoby
and Abramowitz, 2016). Importantly, habit-
uation is neither necessary nor sufficient for
exposure success - learning mechanisms are
more important than fear reduction (Benito

and Walther, 2015).

Narrative Exposure Therapy: Meta-analyses

large effect sizes at
treatment (g=1.18) and follow-up (g=1.37),
with particular effectiveness for older adults
(van de Schoot et al., 2019). Computational

modeling shows that transformer models pre-

demonstrate post-

dict traumatic event descriptions with 71-74%
F1 score (Schirmer et al., 2024), providing
computational validation of trauma narrative

processing mechanisms.

8.3 Social Policy Implications

If the computational framework is correct, sev-
eral policy implications follow:

Parenting Support Infrastructure:
Rather than merely providing parenting edu-
cation, create community structures enabling

diverse caregiving. This might include:
¢ Co-housing incentives

e Community center funding for intergener-

ational activities

e Workplace policies supporting shared

caregiving among friend groups
e Cultural valorization of alloparenting roles

Early Intervention Emphasis: Shift re-
sources from adult mental health treatment to-
ward optimizing childhood training conditions.
While politically difficult (treatment for suf-
fering adults has more immediate constituency
than prevention), the computational analysis
suggests prevention is dramatically more effec-
tive per resource invested.

Reframe Child Protection: Current child
protective services focus on removing chil-
dren from severely abusive environments. The
framework suggests expanded attention to iso-
lated families where children receive restricted
training data even absent obvious abuse. This
is politically fraught but computationally jus-
tified.

Educational Redesign: Schools provide

natural opportunity for diverse adult interac-
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tion and exposure breadth. Rather than fo-
cusing narrowly on academic content, frame
education as providing training data diversity:
multiple teaching styles, varied adult-child re-
lationships, graduated challenges, peer interac-

tion.

8.4 Philosophical and Ethical Consider-

ations

The computational framework raises several
philosophical questions:

Substrate-Analogous Dynamics: If
trauma involves pattern-learning dynamics
that operate analogously across artificial and
biological neural networks—with appropriate
caveats for biological complexity—this sug-
gests that certain structural features of suffer-
ing and flourishing may transfer across sub-
strates.  This has implications for animal
welfare (animals can experience training data
problems), Al ethics (future Al systems might
experience analogous patterns), and philoso-
phy of mind (mental states characterized func-
tionally rather than by implementation detail).

Responsibility and Blame: The frame-
work removes moral blame from much parent-
ing dysfunction - parents provide training data
shaped by their own training history, which
shaped their parents’ training, etc. No one is
“at fault” in a moral sense. But this doesn’t
eliminate responsibility: we’re responsible for
the training data we provide even if we didn’t
choose our own training. This creates an ethics
of “harm reduction despite inheritance” rather
than blame.

Consent and Creation: A darker implica-
tion: if children will inevitably be shaped by
their training environment, and most parents
provide suboptimal training data, is creating
children ethically defensible? The framework
makes concrete what was previously abstract:
every child is guaranteed to learn maladaptive

patterns from imperfect training data. This

feeds into antinatalist arguments about cre-
ation without consent.

Optimization Ethics: Framing child de-
velopment as an optimization problem risks
instrumentalizing children as systems to opti-
mize. The framework is descriptive (explain-
ing what happens) not prescriptive (what we
should optimize for). Determining target op-
timization criteria remains an ethical question

the computational lens doesn’t resolve.

8.5 Consent Structures Over Training

Environments

A critical extension of this framework involves
consent structures governing training environ-
ments. Children represent an extreme case of
consent-stakes misalignment: they have maxi-
mal stakes in the quality of their developmental
training data (it shapes their entire future) yet
possess zero institutional voice in determining
who provides that training or under what con-
ditions.

Using the formalism from consent-holding
theory (Farzulla, 2025),> we can characterize
this as a consent power coefficient o — 0 de-
spite outcome stakes s — oco. This structural
misalignment predicts friction—observable in-
stability manifesting as developmental dys-
function and trauma symptoms—just as polit-
ical disenfranchisement predicts social friction
(Farzulla, 2025).

Nuclear Families as Consent Monop-
olies: The nuclear family structure, as ideal-
ized in contemporary Western contexts, con-
centrates consent power over training environ-
ment quality in parents, regardless of the train-
ing data quality those parents provide. There
exist no institutional correction mechanisms
until dysfunction becomes catastrophic (e.g.,
CPS intervention for severe abuse). Children

cannot exit poor training environments, cannot

2The consent-holding formalism is developed in de-
tail in a separate working paper currently under review
(Zenodo preprint DOI: 10.5281/zenodo.17626763).
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vote on training data providers, and possess no
institutional channels for voicing training qual-
ity concerns.

This consent monopoly differs fundamen-
tally from other high-stakes systems. In demo-
cratic governance, disenfranchised stakehold-
ers can eventually gain voice through suffrage
expansion. In markets, consumers can exit
poor-quality providers. But children remain
locked into their assigned training environ-
ment throughout critical developmental peri-
ods, with institutional power concentrated en-
tirely in adults whose own training history may
have left them poorly equipped to provide op-
timal data.

Alloparenting as Consent Distribution:
The community child-rearing model discussed
in Section 5.4 can be reframed as consent power
distribution. When 8-10 caregivers provide
training data, no single adult holds monopoly
power over a child’s developmental inputs.
This distributes consent power more propor-
tionally to outcome stakes—multiple adults
share responsibility for training quality, and
children gain de facto voice through the abil-
ity to preferentially seek interaction with care-
givers who provide better training data.

This distributed consent structure reduces
the a-misalignment, predicting lower friction
(fewer trauma symptoms, more resilient de-
velopment). Empirical evidence supports this
prediction: children with diverse caregiver net-
works show better outcomes than those de-
pendent on 1-2 caregivers (Hrdy, 2009; Martin
et al., 2020; Marquez et al., 2023).

Implications for Intervention Design:
Recognizing childhood development as a
consent-power problem suggests structural in-
terventions beyond individual therapy. Rather
than treating trauma symptoms after they
emerge from consent monopolies, we can pre-
vent misalignment through institutional de-

sign:

e Universal childcare access: Provides
automatic consent distribution by ensur-

ing all children have multiple caregivers

e Parental support infrastructure: Re-
duces training data quality variation with-

out requiring child exit from family

e Child advocacy institutions: Creates
voice channels for children to signal poor
training environments before catastrophic

dysfunction

e Community integration incentives:
Reduces nuclear family isolation that con-

centrates consent power

Generational Transmission as Con-
sent Inheritance: Section 5.2 discussed
how overfitting to parental dysfunction prop-
agates across generations. From a consent
perspective, this represents inherited consent
power exercised by individuals shaped by their
own non-consensual training—a recursive mis-
alignment where each generation’s training
monopoly was itself determined by the previ-
ous generation’s monopoly.

Breaking this cycle requires not just better
training data for individual children, but re-
structuring consent power distribution across
the entire child development system. No indi-
vidual parent can consent to their own develop-
mental training data, but society can design in-
stitutions ensuring future generations face less
severe consent-stakes misalignment.

This framework contributes to the broader
Adversarial Systems Research program exam-
ining how misalignment between power struc-
tures and stakeholder interests generates ob-
servable friction across domains. Just as
consent-stakes misalignment predicts political
instability (Farzulla, 2025), training environ-
ment consent monopolies predict developmen-
tal dysfunction. Both cases demonstrate that

optimal outcomes require balancing competing
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interests through appropriate institutional de-
sign rather than assuming benevolence from

power-holders.

8.6 Scope Conditions and Robustness

Considerations

The failure modes documented here are not
universal properties of all learning systems—
they depend on loss function, optimization dy-
namics, and consolidation mechanisms. Mod-
ern machine learning offers techniques that
mitigate these patterns: gradient clipping pre-
vents extreme weight updates, noise-tolerant
losses (MAE, label smoothing) reduce sensi-
tivity to inconsistent signals, and continual
learning methods (elastic weight consolidation,
synaptic intelligence) protect against catas-
trophic forgetting (Kirkpatrick et al., 2017;
van de Ven et al., 2024).

These robust-learning techniques represent
candidate protective-factor analogues for bio-
logical systems. The experience replay strat-
egy examined in Section 6.2—which success-
fully prevents catastrophic forgetting in our re-
training experiments—mirrors evidence-based
trauma therapies that interleave trauma pro-
cessing with stabilization. Preliminary ab-
lation comparing standard cross-entropy to
label-smoothed training (smoothing factor 0.1)
suggests the qualitative relationship persists—
weight variance increases with noise level in
both conditions—though label smoothing at-
tenuates the magnitude, reducing baseline vari-
ance by approximately 30%. Future work
should systematically vary loss functions and
consolidation parameters to establish which
failure modes are architecture-dependent ver-
sus which emerge robustly across learning sys-
tems.

Critically, the evolutionary argument in Sec-
tion 4.1.1 suggests biological systems may
lack these safeguards for adaptive reasons

(false negatives are fatal), but this remains

Individual differ-

ences in resilience may partly reflect varia-

an empirical question.

tion in endogenous “robustness mechanisms”—
neuromodulatory gating, consolidation -effi-
ciency, stress-buffering capacity—that function
analogously to gradient clipping or regulariza-

tion in artificial systems.

8.7 Limitations and Objections

Limitation 1: Mechanistic Incomplete-
ness

Biological neural networks are substantially
Critical

factors we have abstracted away include: ge-

more complex than artificial ones.

netic variation affecting baseline learning dy-
namics, epigenetic modifications to gene ex-
pression, hormonal and neuromodulatory influ-
ences on plasticity, critical periods with height-
ened sensitivity, neural pruning and synap-
tic refinement, myelination affecting process-
ing speed and efficiency, and multi-timescale
consolidation processes (from synaptic to sys-
tems level). These biological buffers and mod-
ulators may attenuate some failure modes we
observe in artificial systems—for instance, neu-
romodulatory gating might prevent the catas-
trophic weight cascades our models predict.
The computational framework captures impor-
tant functional dynamics but should not be
mistaken for complete mechanistic explana-
tion; it provides a productive abstraction level
for connecting training conditions to outcome
patterns.

Limitation 2: Reductionism Risks

Complex human experiences risk trivializa-
tion when reduced to “training data problems.”
A person’s suffering is not merely a learning
system optimization failure. The framework
provides analytical leverage but should com-
plement, not replace, humanistic understand-
ing.

Limitation 3: Individual Variation

Population-level patterns predicted by the
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framework leave substantial individual vari-
ation unexplained. Some individuals prove
remarkably resilient despite terrible training
conditions; others struggle despite apparently
good conditions. The framework identifies
important factors but not deterministic out-
comes.

Objection: “Treating children as ML
models is dehumanizing”

Response: We'’re not claiming children are
ML models, but that learning dynamics op-
erate similarly across substrates. The frame-
work is analytical tool, not ontological claim.
Computational understanding can coexist with
humanistic appreciation, just as understanding
visual processing neuroscience doesn’t dimin-
ish the beauty of art.

Objection: “This removes agency and
responsibility”

Response: The framework explains how pat-
terns form, not whether individuals can change
them. Adults remain responsible for manag-
ing their learned patterns even if they didn’t
choose their training data. The framework
actually enhances agency by revealing mech-
anisms - you can’t modify what you can’t un-
derstand.

Objection: “Parental love isn’t cap-
tured in training data frameworks”
Agreed.

ing signal. But the computational framework

Response: Love is not a train-
analyzes outcome patterns, not subjective ex-
periences. Loving parents can still provide
poor training data (overprotection, inconsis-
tency, extreme penalties). The framework as-

sesses effects, not intentions.

8.8 Integration with Existing Frame-

works

The computational approach shouldn’t replace
existing psychological frameworks but inte-
grate with them:

Attachment Theory: Secure, anxious,

avoidant, and disorganized attachment styles
map onto different training data patterns. Se-
cure attachment results from consistent, posi-
tive training. Anxious attachment from noisy
signals. Avoidant from absent positive. Dis-
organized from traumatic signals. The com-
putational lens reveals mechanisms underlying
attachment categories.

Trauma-Focused Therapy: EMDR, so-
matic therapies, narrative exposure - all can be
understood as retraining interventions. EMDR
potentially updates traumatic memory weights
through dual attention tasks. Somatic work
addresses physical manifestations of learned
patterns. Narrative therapy reconstructs train-
ing data interpretation. Computational under-
standing may enhance these approaches.

Developmental Psychology: Stage theo-
ries, critical periods, and developmental mile-
stones align with training windows where spe-
cific patterns are learned. The computational
lens adds precision about what’s being learned
and what training conditions optimize each de-
velopmental phase.

Neuroscience: The neural mechanisms im-
plementing these computational processes are
increasingly well-understood. Synaptic plastic-
ity, long-term potentiation/depression, recon-
solidation, and pruning are biological imple-
mentations of learning algorithms. Compu-
tational and neuroscientific perspectives con-

verge.

9 Conclusion

9.1 Summary of Core Arguments

We have proposed reframing trauma from
“damage requiring healing” to “maladaptive
patterns learned from suboptimal training

data.” This computational framework:

1. Identifies four distinct training data
problems producing different develop-

mental outcomes: direct negative experi-
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ences (high-magnitude penalties), indirect
negative experiences (noisy signals), ab-
sent positive experiences (insufficient pos-
itive examples), and limited exposure (re-

stricted training distribution)

2. Explains why extreme punishments
fail through weight cascade mechanisms
observable in both artificial and biological
neural networks, demonstrating that in-
tentions don’t affect gradient descent out-

comes

3. Analyzes nuclear family structures as
limited training datasets prone to over-
fitting parental dysfunction and transmit-
ting generational trauma through artifact

propagation

4. Models dissociation as meta-learned

protective suppression, providing
mechanistic grounding for the clinical
distinction between PTSD (catastrophic
single-event learning with localized weight
perturbation) and CPTSD (chronic ad-
versarial training with systematic weight
landscape distortion), and generating

testable predictions for why gradual
exposure succeeds while flooding can

backfire

5. Suggests tractable interventions em-
phasizing prevention through training
data diversification rather than expensive
post-hoc therapeutic retraining, with dif-
ferent treatment strategies for PTSD (tar-
geted weight retraining) versus CPTSD

(comprehensive weight landscape restruc-

turing)
9.2 Why Computational Framing
Succeeds Where Traditional Ap-

proaches Struggle

The computational framework offers three crit-

ical advantages:

Reduced Defensiveness: Describing out-
comes as optimization results rather than
moral failings reduces the motivated reasoning
that blocks acceptance of developmental sci-
ence. Parents can acknowledge that certain
training conditions produce suboptimal out-
comes without accepting that they or their par-
ents were malicious.

Mechanistic Clarity: Traditional psycho-
logical language (“trauma,” “damage,” “heal-

ing”) obscures mechanisms. Computational

bENA4

language (“training data quality,” “weight cas-
cades,” “overfitting”) reveals how patterns
form and suggests specific interventions.
Harder to Deny: One can maintain cog-
nitive dissonance about subjective emotional
concepts. It’s harder to deny that extreme
negative signals cause overcorrection in learn-
ing systems, that noisy training data impairs
generalization, that limited training distribu-
tions produce overfitting. These are observable
in artificial neural networks, suggesting they

likely occur in biological ones.
9.3 Broader Theoretical Significance

The computational reframing extends beyond
developmental psychology. If pattern learning

operates similarly across substrates, then:

e Animal welfare must consider training

data quality for other species

¢ Al ethics must address potential training

conditions causing Al suffering

e Educational design should optimize for

robust learning under diverse conditions

e Social structures can be evaluated as

training data provision systems

This

framework for understanding flourishing and

suggests a substrate-independent
suffering: not about consciousness or sentience
per se, but about training conditions and

learned patterns.
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9.4 The Path Forward

For developmental psychology, the computa-
tional framework suggests clear priorities:

Immediate: Empirical validation studies
testing specific predictions about overcorrec-
tion, training data diversity, and retraining dif-
ficulty

Medium-term: Clinical implementation of
training-data-aware therapeutic interventions
and prevention programs emphasizing care-
giver diversity

Long-term: Social restructuring toward
community-based child-rearing that provides
diverse, high-quality training data for all chil-
dren

For individuals, the framework offers hope:
understanding maladaptive patterns as learned
responses to training conditions suggests they
can be modified with appropriate new training
data, even if modification is difficult.

For society, it provides both challenge
and opportunity: we know how to prevent
much childhood trauma through structural
changes, but implementation requires overcom-
ing deeply embedded cultural customs favoring

nuclear family isolation.

9.5 Final Reflection

Traditional trauma theory tells a story of dam-
age and healing: bad events break people, and
therapy slowly repairs them. This narrative,
while emotionally resonant, obscures mecha-
nisms and suggests limited intervention op-
tions.

The computational framework tells a differ-
ent story: learning systems extract patterns
from training data. Poor-quality data pro-
duces maladaptive patterns. These patterns
are not damage but learned behaviors, po-
tentially modifiable with new training data,
though retraining is harder than training cor-
rectly initially.

This is not less compassionate than tradi-

tional approaches - it’s more actionable. It re-
moves moral judgment while preserving mech-
anistic understanding. It suggests concrete in-
terventions at individual, clinical, and societal
levels. And it places childhood development
within a broader framework of learning across
substrates, preparing us for a future where we
must consider training data quality not just
for human children but for artificial minds and
other species.

Most importantly, the computational lens
makes prevention tractable. We cannot change
that human parents are imperfect training data
sources - we're all products of our own sub-
optimal training. But we can ensure children
have diverse training data sources, protecting
against overfitting to any single dysfunction
and providing the robust, generalizable pat-
terns that enable flourishing in complex, vari-
able environments.

This is the path from trauma as mysterious
damage to development as optimization prob-
lem - one we can address with engineering pre-
cision rather than merely therapeutic sympa-
thy.
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