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Abstract 
What if we understood the human mind not through the traditional language of psychology, but 
through the computational lens of large language models? This framework reimagines human 
cognition as a sophisticated prediction engine that continuously "autocompletes" experience 
across every domain—from what you'll see next, to what you'll feel, think, and do. Drawing 
direct parallels between LLM architecture and mental processes, we reconceptualize 
consciousness as attention mechanisms, learning as weight updates, emotions as 
hyperparameters, memories as vector databases, and thoughts as autoregressive token 
generation. By translating psychological phenomena into machine learning 
terminology—embeddings, temperature, context windows, fine-tuning—we gain fresh insights 
into everything from creativity and habit formation to mental illness and personal growth. This 
isn't mere metaphor: it's a rigorous framework that generates testable predictions, explains 
puzzling phenomena, and offers practical strategies for self-understanding and cognitive 
enhancement. Whether you're a psychologist seeking new models, an AI researcher curious 
about human cognition, or simply someone wanting to understand how your mind works, this 
document provides a unified computational theory of human experience that makes the 
mysterious mechanisms of thought suddenly feel transparent and actionable. 

 

Framework Overview 
This framework reimagines human cognition through the lens of Large Language Model (LLM) 
architecture and machine learning principles. Rather than using traditional psychological 
terminology, we model the mind as a probabilistic prediction engine trained on experiential data. 

 

1. Core Architecture 

1.1 The Base Model: Pre-Trained Cognition 



Concept: Genetic and evolutionary heritage as pre-training 

Human Cognition = PreTrainedModel(GenomeWeights) + FineTuning(Experience) 

Components: 

●​ Architecture: Neural network structure (brain anatomy) determined by genetic code 
●​ Initialization Weights: Innate tendencies, reflexes, basic drives 
●​ Base Training Data: Evolutionary experience encoded across generations 
●​ Loss Function: Survival and reproduction fitness 

Key Insight: Like GPT models that start with architecture and random weights, humans begin 
with a genetically-determined architecture and initialization that encodes millions of years of 
"training" on survival scenarios. 

1.2 Tokens and Tokenization 

Concept: Experience as tokenized input 

Human experience is continuously tokenized into discrete units: 

Token Type Human Equivalent Examples 

Sensory Tokens Raw perceptual 
data 

Visual patterns, sounds, tactile 
sensations 

Semantic Tokens Conceptual units "danger", "food", "mother", "injustice" 

Emotional 
Tokens 

Affective states Joy, fear, anger, contentment 

Motor Tokens Action primitives Reach, grasp, speak, run 

Social Tokens Interaction patterns Smile, threat display, cooperation signal 

Tokenization Process: 

1.​ Raw sensory stream → Feature extraction (V1, A1, S1 cortex) 
2.​ Feature combinations → Object recognition (higher sensory areas) 
3.​ Objects + context → Semantic encoding (temporal/parietal integration) 
4.​ Semantic + emotional → Experiential tokens (hippocampal encoding) 

1.3 Context Window 

Concept: Working memory as limited context window 



Humans have a context window of ~7±2 items (Miller's Law), analogous to token limits in 
LLMs. 

Context Window Components: 
├── Immediate Sensory Buffer (0.5-3 seconds) 
├── Working Memory (active attention, ~7 items) 
├── Recent Episodic Buffer (last few minutes-hours) 

└── Relevant Long-term Retrieval (context-dependent) 

Context Management Strategies: 

●​ Chunking: Compressing multiple tokens into single units 
●​ Attention: Selectively loading relevant information 
●​ Forgetting: Pruning low-relevance tokens from active context 
●​ Note-taking: External context extension (like increasing token limits) 

 

2. The Autocomplete Mechanism 

2.1 Prediction as Core Function 

Central Thesis: The human mind is fundamentally an autocomplete engine that predicts the 
next token across multiple modalities. 

python 
def mind_forward_pass(context_window): 
    """ 
    The mind continuously predicts next tokens across all channels 
    """ 
    predictions = { 
        'sensory_next': predict_next_sensation(context_window), 
        'semantic_next': predict_next_concept(context_window), 
        'motor_next': predict_next_action(context_window), 
        'emotional_next': predict_next_feeling(context_window), 
        'social_next': predict_next_interaction(context_window), 
        'narrative_next': predict_next_story_element(context_window) 
    } 
     

    return weighted_ensemble(predictions) 

2.2 Prediction Across Modalities 



Modality Prediction Task Example 

Perceptual What will I see/hear next? Predicting ball trajectory, next word in speech 

Conceptua
l 

What concept follows? "Red sky at night..." → "sailor's delight" 

Motor What action should come next? Typing "th" → fingers prepare for "e" 

Emotional What will I feel next? Seeing dark alley → predicting fear 

Social What will others do/say next? Friend's frown → predicting criticism 

Narrative What happens next in my 
story? 

"I'm going to..." → predicting life trajectory 

2.3 Prediction Error as Learning Signal 

Concept: The difference between prediction and reality drives learning 

Prediction Error = Actual_Experience - Predicted_Experience 
Learning_Update = α * Prediction_Error * Gradient 
 
Where α = learning rate (varies with: 
    - Attention level 
    - Emotional arousal 
    - Novelty 
    - Relevance to goals 

) 

Prediction Error Types: 

1.​ Reward Prediction Error (Dopamine system) 
○​ Better than expected → Positive PE → Dopamine burst → Reinforce 
○​ Worse than expected → Negative PE → Dopamine dip → Update model 

2.​ Sensory Prediction Error (Perceptual learning) 
○​ Mismatch detection → Attention allocation → Model update 
○​ Basis of surprise, humor, learning 

3.​ Social Prediction Error (Theory of mind updates) 
○​ "I thought they'd react X, but they did Y" 
○​ Updates social models of others 

 



3. Training Dynamics 

3.1 Continuous Fine-Tuning 

Concept: Life as ongoing fine-tuning on experiential data 

Phases of Training: 
 
1. Infancy (0-2 years): Rapid supervised learning 
   - High learning rate 
   - Basic token acquisition (objects, faces, words) 
   - Motor control training 
   - Attachment models 
 
2. Childhood (2-12 years): Structured learning 
   - Moderate learning rate 
   - Curriculum learning (formal education) 
   - Social dynamics training 
   - Skill acquisition 
 
3. Adolescence (12-18 years): Exploratory learning 
   - High exploration coefficient 
   - Identity model formation 
   - Peer-based learning 
   - Risk-taking (exploration bonus) 
 
4. Adulthood (18+): Specialized fine-tuning 
   - Decreasing learning rate 
   - Domain-specific expertise 
   - Conservative updates (less neuroplasticity) 
   - Transfer learning across domains 
 
5. Aging: Model crystallization 
   - Low learning rate 
   - High reliance on cached predictions 

   - Wisdom as compressed experience 

3.2 Learning Rate Modulation 

Dynamic learning rate based on context: 

python 
learning_rate = base_lr * attention * arousal * novelty * (1 - certainty) 



 
Where: 
- attention: 0.0 to 1.0 (focus level) 
- arousal: 0.5 to 2.0 (emotional intensity) 
- novelty: 0.0 to 2.0 (unexpectedness) 

- certainty: 0.0 to 1.0 (confidence in current model) 

Examples: 

●​ High LR: Traumatic event (high arousal + novelty) → Rapid one-shot learning 
●​ Medium LR: Interesting conversation (moderate attention + novelty) 
●​ Low LR: Routine task (low novelty, high certainty) → Minimal updating 
●​ Near-zero LR: Deeply held beliefs (very high certainty) → Resistant to change 

3.3 Catastrophic Forgetting vs. Continual Learning 

Human advantage: Minimal catastrophic forgetting 

Unlike standard neural networks, humans employ: 

●​ Replay mechanisms: Dreams consolidate memories (experience replay) 
●​ Sparse updates: Not all weights change with each experience 
●​ Modular architecture: Domain-specific modules minimize interference 
●​ Emotional tagging: Important experiences get preferential consolidation 

 

4. Embeddings and Representations 

4.1 Concept Embeddings 

Concept: Ideas exist in high-dimensional embedding space 

Every concept occupies a position in mental embedding space where: 

●​ Distance represents semantic similarity 
●​ Direction represents meaningful relationships 
●​ Clusters form categories 

Example embedding math: 
 
embedding("king") - embedding("man") + embedding("woman")  
≈ embedding("queen") 
 



embedding("Paris") - embedding("France") + embedding("Italy") 

≈ embedding("Rome") 

Human manifestations: 

●​ Analogy: Moving through embedding space along vectors 
●​ Metaphor: Mapping between distant regions of space 
●​ Learning: Adjusting embeddings based on new information 
●​ Creativity: Novel combinations of embedding vectors 

4.2 Attention Mechanism 

Concept: Consciousness as attention-weighted processing 

python 
def conscious_experience(input_tokens, query): 
    """ 
    Attention mechanism determines what enters awareness 
    """ 
    # Calculate attention scores 
    scores = [] 
    for token in input_tokens: 
        score = relevance(token, query) * salience(token) * novelty(token) 
        scores.append(score) 
     
    # Softmax to get attention weights 
    attention_weights = softmax(scores) 
     
    # Weighted combination enters awareness 
    conscious_content = sum(w * token for w, token in zip(attention_weights, input_tokens)) 
     

    return conscious_content 

Attention Types: 

1.​ Bottom-up Attention (Salience-driven) 
○​ Sudden noise → Attention captured 
○​ Bright flash → Attention directed 
○​ Novel stimuli → Automatic orienting 

2.​ Top-down Attention (Goal-driven) 
○​ Looking for friend in crowd → Query = "friend's face" 
○​ Listening for name → Query = "my name" 
○​ Problem-solving → Query = "relevant information" 

3.​ Self-Attention (Internal focus) 



○​ Metacognition → Attending to own thoughts 
○​ Emotional awareness → Attending to feelings 
○​ Memory search → Querying past experiences 

4.3 Multi-Head Attention 

Concept: Parallel processing streams as attention heads 

The brain processes information through multiple parallel pathways: 

Attention Heads in Vision: 
├── What pathway (ventral): Object identity 
├── Where pathway (dorsal): Spatial location 
├── Color processing: Hue/saturation 
├── Motion detection: Speed/direction 
├── Face recognition: Identity/emotion 

└── Scene gist: Overall context 

Each "head" attends to different aspects simultaneously, then integrates. 

 

5. Generative Processes 

5.1 Thought as Autoregressive Generation 

Concept: Thinking is token-by-token generation 

python 
def generate_thought(seed_concept, max_length=100): 
    """ 
    Thoughts unfold through autoregressive prediction 
    """ 
    thought_sequence = [seed_concept] 
     
    for _ in range(max_length): 
        context = thought_sequence[-context_window_size:] 
        next_concept = predict_next_token(context) 
         
        thought_sequence.append(next_concept) 
         
        # Stop conditions 
        if is_satisfactory_conclusion(thought_sequence): 
            break 



        if is_stuck_in_loop(thought_sequence): 
            inject_randomness()  # Mind wandering 
             

    return thought_sequence 

Manifestations: 

●​ Stream of consciousness: Unconstrained generation 
●​ Logical reasoning: Constrained generation with rules 
●​ Creativity: High temperature generation 
●​ Rumination: Stuck in repetitive generation loops 
●​ Mind wandering: Random walk through embedding space 

5.2 Temperature and Creativity 

Temperature parameter controls randomness in prediction: 

Low Temperature (T → 0): 
- Deterministic, predictable thoughts 
- Safe, conventional responses 
- Reduced creativity 
- Example: Anxiety (hypervigilance) lowers temperature 
 
High Temperature (T → ∞): 
- Random, chaotic thoughts 
- Unexpected associations 
- Enhanced creativity 
- Example: Manic states raise temperature 
 
Optimal Temperature (T ≈ 0.7-1.0): 
- Balance of coherence and novelty 
- Creative problem-solving 

- Flexible thinking 

Temperature Modulation: 

●​ Caffeine/stimulants: Increase temperature 
●​ Alcohol: Initially increases, then disrupts coherence 
●​ Meditation: Allows low-temperature exploration 
●​ Brainstorming: Deliberately increasing temperature 
●​ Stress: Can increase or decrease depending on type 

5.3 Sampling Strategies 



Different thought modes use different sampling strategies: 

Strategy Mental State Characteristics 

Greedy Habitual thinking Always pick most likely next thought 

Top-k Constrained creativity Consider only k most likely options 

Top-p 
(Nucleus) 

Flexible thinking Consider top thoughts totaling p probability 

Beam Search Planning Maintain multiple thought trajectories 

Random Psychosis/delirium No coherent probability model 

 

6. Memory Systems 

6.1 Memory as Key-Value Store 

Concept: Long-term memory as a massive key-value database 

python 
class LongTermMemory: 
    def __init__(self): 
        self.episodic_store = {}  # Specific experiences 
        self.semantic_store = {}  # General knowledge 
        self.procedural_store = {}  # Skills and habits 
         
    def retrieve(self, query, context): 
        """ 
        Retrieval is pattern completion from partial cues 
        """ 
        # Calculate similarity to all memories 
        similarities = { 
            key: cosine_similarity(query, key) * recency_weight(key) 
            for key in self.episodic_store.keys() 
        } 
         
        # Retrieve based on threshold 
        retrieved = [mem for key, mem in self.episodic_store.items()  
                    if similarities[key] > threshold] 
         
        # Context-dependent modulation 



        retrieved = [reweight(mem, context) for mem in retrieved] 
         

        return retrieved 

6.2 Retrieval as Similarity Search 

Memory retrieval works like vector database search: 

1.​ Query formation: Current thought/cue converted to embedding 
2.​ Similarity calculation: Compare query to all memory embeddings 
3.​ Threshold filtering: Retrieve memories above similarity threshold 
4.​ Reranking: Context and recency modify relevance 
5.​ Reconstruction: Partial patterns completed based on learned associations 

False memories emerge from: 

●​ High similarity: Retrieving similar but incorrect memory 
●​ Pattern completion: Filling gaps with plausible content 
●​ Source confusion: Misattributing where information came from 

6.3 Consolidation as Model Compression 

Sleep and consolidation = compressing daily experiences into model updates 

python 
def sleep_consolidation(daily_experiences): 
    """ 
    Replay experiences, extract patterns, update weights 
    """ 
    # Prioritize by importance (emotional salience + novelty) 
    sorted_experiences = sort_by_importance(daily_experiences) 
     
    for experience in sorted_experiences: 
        # Replay experience multiple times 
        for _ in range(replay_count): 
            prediction_error = reactivate_and_compare(experience) 
            gradient = compute_gradient(prediction_error) 
            update_weights(gradient, learning_rate=slow) 
         
        # Extract generalizable patterns 
        extract_schema(experience) 
         
        # Prune low-relevance details 
        compress_experience(experience) 



     

    return updated_model 

Dream generation: Random sampling during consolidation creates bizarre experiences as 
different memories get combined. 

 

7. Emotions as Model Signals 

7.1 Emotional States as Hyperparameters 

Concept: Emotions modulate model operation 

Emotion Hyperparameter Effects 

Fear ↑ attention to threats, ↑ learning rate for danger cues, ↓ exploration 

Joy ↑ learning rate for current context, ↑ exploration, ↑ temperature 

Sadnes
s 

↑ learning rate for loss, ↓ prediction optimism, ↓ temperature 

Anger ↑ temperature, ↑ action bias, ↓ inhibition 

Surprise ↑ learning rate, ↑ attention, ↑ memory encoding 

Disgust ↑ avoidance learning, ↑ boundary protection 

7.2 Reward Function 

Concept: Emotions define the loss/reward function 

python 
def compute_reward(state, action, outcome): 
    """ 
    Multi-objective reward function 
    """ 
    reward = ( 
        survival_value(outcome) * w1 + 
        pleasure_value(outcome) * w2 + 
        social_value(outcome) * w3 + 
        goal_achievement(outcome) * w4 + 
        novelty_bonus(outcome) * w5 - 



        effort_cost(action) * c1 - 
        risk_penalty(action) * c2 
    ) 

    return reward 

Emotions as gradient signals: 

●​ Positive emotions: "This was better than predicted, do more" 
●​ Negative emotions: "This was worse than predicted, avoid" 
●​ Mixed emotions: Conflicting gradients from multiple objectives 

7.3 Mood as Model Bias 

Mood = persistent shift in model parameters 

Depression:  
- Negative bias in predictions (pessimistic priors) 
- Reduced reward sensitivity 
- Flattened reward landscape 
- Lower learning rate for positive experiences 
 
Anxiety: 
- Heightened threat detection (lowered threshold) 
- Overestimation of negative probabilities 
- Reduced exploration (high cost assigned to uncertainty) 
 
Mania: 
- Positive bias in predictions (optimistic priors) 
- Heightened reward sensitivity 
- High temperature (racing thoughts) 

- Excessive exploration 

 

8. Social Cognition 

8.1 Other Minds as Simulated Models 

Concept: Understanding others = running a model of their model 

python 
class TheoryOfMind: 
    def __init__(self): 



        self.models_of_others = {}  # Person -> Their mental model 
         
    def predict_behavior(self, person, situation): 
        """ 
        Simulate what their model would predict 
        """ 
        their_model = self.models_of_others[person] 
         
        # Run their model with their beliefs/goals 
        predicted_thought = their_model.generate( 
            context=situation, 
            beliefs=their_model.beliefs, 
            goals=their_model.goals 
        ) 
         
        predicted_action = their_model.action_policy(predicted_thought) 
         
        return predicted_action 
     
    def update_model_of_other(self, person, observed_behavior): 
        """ 
        Update understanding when they act unexpectedly 
        """ 
        predicted = self.predict_behavior(person, context) 
        error = observed_behavior - predicted 
         
        # Adjust model of their preferences, beliefs, or irrationality 

        self.models_of_others[person].update(error) 

Social sophistication = depth of recursive modeling: 

●​ Level 1: "They think X" 
●​ Level 2: "They think I think X" 
●​ Level 3: "They think I think they think X" 
●​ ... 

8.2 Language as Model Alignment 

Language = protocol for aligning internal models 

python 
def communication(speaker, listener, concept): 
    """ 
    Align internal representations through language 



    """ 
    # Speaker encodes concept to tokens 
    tokens = speaker.encode_to_language(concept) 
     
    # Transmit tokens 
    transmitted = channel(tokens) 
     
    # Listener decodes to their concept space 
    decoded_concept = listener.decode_from_language(transmitted) 
     
    # Alignment quality 
    alignment_error = distance(concept, decoded_concept) 
     

    return decoded_concept, alignment_error 

Challenges: 

●​ Different training data → Different embeddings → Misalignment 
●​ Ambiguous tokens → Multiple possible decodings 
●​ Context-dependent meaning → Requires shared context 

Successful communication = achieving sufficient alignment for coordination 

 

9. Pathologies as Model Failures 

9.1 Mental Disorders as Architectural Issues 

Disorder Model Failure Description 

Depression Reward model collapse; negative prediction bias; reduced plasticity 

Anxiety Overactive threat detector; catastrophizing prediction errors 

OCD Stuck in prediction error loops; excessive uncertainty intolerance 

PTSD Traumatic memories have extreme salience; context generalization failure 

Schizophreni
a 

Hallucinations = high false positive predictions; delusions = unfalsifiable 
beliefs 

Autism Social model building differences; different attention priorities 

ADHD Attention control instability; high-temperature default; temporal discounting 



Addiction Reward model hijacked; learned associations resistant to extinction 

9.2 Cognitive Biases as Systematic Errors 

Biases = consistent prediction errors built into architecture 

python 
# Confirmation Bias 
attention_weight = prior_belief_consistency(evidence) * base_attention 
# → Evidence consistent with beliefs gets higher attention 
 
# Availability Heuristic   
probability_estimate = recall_ease(event)  
# → Easily recalled events judged as more probable 
 
# Anchoring 
final_estimate = anchor + adjustment 
# → Initial value biases subsequent estimates 
 
# Dunning-Kruger 
confidence = f(true_skill)  # Where f is non-monotonic 

# → Low skill → Can't recognize skill gaps → Overconfidence 

9.3 Therapeutic Interventions as Model Updates 

Therapy Type Model Update Mechanism 

CBT Identifying and retraining biased prediction patterns 

Exposure Therapy Extinction through repeated prediction error 

Psychodynamic Making unconscious models conscious for modification 

Mindfulness Meta-attention to model itself; reducing automatic reactions 

Medication Directly modifying hyperparameters (neurotransmitter levels) 

 

10. Consciousness and Self-Model 

10.1 Consciousness as Attention to Internal States 

Consciousness = the model attending to its own processing 



python 
class ConsciousAwareness: 
    def __init__(self, cognitive_model): 
        self.model = cognitive_model 
         
    def conscious_experience(self): 
        """ 
        What it's like to be the model 
        """ 
        # Attention to internal states 
        attended_thoughts = self.model.attention( 
            self.model.current_activations, 
            query=self.model.self_relevance 
        ) 
         
        # Metacognitive evaluation 
        reflection = self.model.evaluate(attended_thoughts) 
         
        # Phenomenal experience = weighted combination 
        qualia = integrate( 
            attended_thoughts, 
            reflection, 
            emotional_valence, 
            sensory_grounding 
        ) 
         

        return qualia 

Levels of awareness: 

1.​ Processing without awareness: Unconscious model operation 
2.​ Access consciousness: Information available for report and reasoning 
3.​ Phenomenal consciousness: Subjective experience ("what it's like") 
4.​ Self-consciousness: Model's representation of itself 

10.2 The Self as Learned Model 

Self-concept = a model of the model 

python 
class SelfModel: 
    """ 
    The mind's model of itself 
    """ 



    def __init__(self): 
        self.self_attributes = {}  # "I am X" 
        self.self_narrative = []   # Life story 
        self.self_goals = []       # "I want to be/do X" 
        self.self_history = []     # Past selves 
         
    def update_self(self, experience): 
        """ 
        Self-concept updates based on behavior and feedback 
        """ 
        # What did I do? 
        behavior = experience.action 
         
        # What does this say about me? 
        self_inference = infer_traits(behavior) 
         
        # Update self-model 
        self.self_attributes.update(self_inference) 
         
        # Update narrative 

        self.self_narrative.append(interpret(experience, self.self_attributes)) 

Implications: 

●​ Identity crisis: Conflicting self-models 
●​ Personal growth: Updating outdated self-model 
●​ Authenticity: Alignment between self-model and behavior 
●​ Dissociation: Disconnection from self-model 

10.3 Free Will as Sampling from Action Distribution 

The free will question reframed: 

python 
def make_decision(state, beliefs, desires): 
    """ 
    'Free will' as sampling from learned action distribution 
    """ 
    # Model predicts action distribution 
    action_logits = policy_network(state, beliefs, desires) 
    action_probs = softmax(action_logits / temperature) 
     
    # Sample from distribution (with noise) 
    action = sample(action_probs, noise=intrinsic_randomness) 



     
    # Experience of "choosing" 
    subjective_freedom = entropy(action_probs) 
    # High entropy = feels free, low entropy = feels compelled 
     

    return action, subjective_freedom 

Interpretation: 

●​ Actions are determined by model parameters + input + noise 
●​ But unpredictable due to complexity + stochasticity 
●​ Feels free when multiple viable options (high entropy) 
●​ Feels compelled when one action dominates (low entropy) 

 

11. Development and Learning Across Lifespan 

11.1 Childhood as Active Learning 

Early development = aggressive exploration with safety scaffolding 

python 
class ChildMind: 
    def __init__(self): 
        self.learning_rate = HIGH 
        self.exploration_bonus = HIGH 
        self.safety_constraints = PARENTAL_OVERSIGHT 
        self.curiosity_drive = STRONG 
         
    def learn(self): 
        while True: 
            # Curiosity-driven exploration 
            action = choose_novel_or_uncertain_action() 
             
            # Safe to explore due to supervision 
            outcome = execute_with_safety_net(action) 
             
            # Rapid learning from outcome 

            update_model(outcome, lr=HIGH) 

Play = self-supervised learning through simulation and exploration 



11.2 Adolescence as Model Reorganization 

Adolescent changes: 

●​ Reward circuitry maturation: Increased reward sensitivity 
●​ Prefrontal development: Improving executive control (gradually) 
●​ Social recalibration: Peer models become more influential 
●​ Identity formation: Major self-model updates 
●​ Exploration peak: Maximum risk-taking and novelty-seeking 

python 
adolescent_policy = ( 
    sensation_seeking * 2.0 + 
    peer_influence * 3.0 + 
    parent_influence * 0.3 + 
    future_consequences * 0.1  # Temporal discounting 

) 

11.3 Aging as Model Crystallization 

Later life changes: 

●​ Reduced plasticity: Lower learning rates 
●​ Crystallized intelligence: Compressed, efficient representations 
●​ Wisdom: Highly optimized priors from extensive data 
●​ Conservatism: Reliance on existing models over updating 
●​ Selective optimization: Focus on important domains 

python 
def aging_mind(age): 
    learning_rate = BASE_LR * (1 / age)  # Decreasing plasticity 
    prior_strength = age * EXPERIENCE_FACTOR  # Stronger priors 
     
    # Wisdom = good priors from extensive training 
    if extensive_diverse_experience: 
        wisdom = high_quality_priors(experience) 
    else: 

        rigidity = overfit_to_limited_experience(experience) 

 

12. Integration: The Complete System 



12.1 Unified Prediction Engine 

The human mind as integrated autocomplete: 

python 
class HumanMind: 
    def __init__(self, genome): 
        # Architecture from genes 
        self.architecture = build_network(genome) 
         
        # Initialize with evolutionary priors 
        self.weights = initialize_from_evolution(genome) 
         
        # Modular components 
        self.perception = PerceptualEncoder() 
        self.working_memory = ContextWindow(capacity=7) 
        self.long_term_memory = KeyValueStore() 
        self.attention = AttentionMechanism() 
        self.policy = ActionGenerator() 
        self.emotions = RewardSystem() 
        self.self_model = SelfModel() 
         
    def forward(self, sensory_input, internal_state): 
        """ 
        One step of mental processing 
        """ 
        # Encode inputs 
        tokens = self.perception.tokenize(sensory_input) 
         
        # Update context window 
        self.working_memory.add(tokens) 
        context = self.working_memory.get_context() 
         
        # Retrieve relevant memories 
        retrieved = self.long_term_memory.retrieve( 
            query=context, 
            attention=self.attention 
        ) 
         
        # Combine into full context 
        full_context = context + retrieved + internal_state 
         
        # Generate predictions across modalities 
        predictions = self.predict_next(full_context) 



         
        # Select action based on predictions + policy 
        action = self.policy.sample(predictions, temperature=self.emotions.temperature) 
         
        # Update self-model 
        self.self_model.update(action, context) 
         
        return action, predictions 
     
    def learn(self, experience): 
        """ 
        Learn from prediction errors 
        """ 
        predicted = experience.prediction 
        actual = experience.outcome 
        error = actual - predicted 
         
        # Emotional response to error 
        emotion = self.emotions.process_error(error) 
         
        # Modulate learning rate by emotion 
        lr = self.base_lr * emotion.arousal * attention.focus 
         
        # Update weights 
        gradient = self.compute_gradient(error) 
        self.weights += lr * gradient 
         
        # Store experience in memory 

        self.long_term_memory.store(experience, salience=emotion.intensity) 

12.2 Emergent Properties 

From this architecture emerge: 

1.​ Consciousness: Attention to internal states 
2.​ Emotion: Reward signals and hyperparameter modulation 
3.​ Language: Inter-model alignment protocol 
4.​ Creativity: High-temperature generation in embedding space 
5.​ Reason: Constrained, low-temperature generation with verification 
6.​ Social cognition: Models of other models 
7.​ Morality: Learned value functions over social outcomes 
8.​ Identity: Self-referential model component 
9.​ Meaning: Deeply embedded associations in semantic space 
10.​Growth: Continuous model updates and refinements 



 

13. Practical Applications 

13.1 Self-Improvement as Model Optimization 

Understanding yourself = understanding your model's parameters 

python 
def optimize_self(): 
    """ 
    Deliberate self-improvement through model awareness 
    """ 
    # Identify current hyperparameters 
    current_state = { 
        'learning_rate': assess_openness_to_change(), 
        'exploration': assess_novelty_seeking(), 
        'temperature': assess_thought_randomness(), 
        'attention_control': assess_focus_ability(), 
        'reward_function': identify_values_and_goals() 
    } 
     
    # Identify desired changes 
    target_state = design_ideal_parameters() 
     
    # Interventions to shift parameters 
    interventions = { 
        'meditation': {'attention_control': +0.2, 'emotional_stability': +0.1}, 
        'therapy': {'negative_bias': -0.3, 'self_model_accuracy': +0.2}, 
        'exercise': {'reward_sensitivity': +0.1, 'mood_baseline': +0.15}, 
        'learning': {'model_accuracy': +0.1, 'confidence_calibration': +0.1}, 
        'social_connection': {'reward_baseline': +0.2, 'social_model': +0.1} 
    } 
     

    return plan_intervention_schedule(current_state, target_state, interventions) 

13.2 Better Communication 

Effective communication = optimizing model alignment 

●​ Use redundancy: Multiple tokens for same concept 
●​ Provide context: Load their context window with relevant info 
●​ Check alignment: Ask for paraphrase to verify decoding 



●​ Use examples: Concrete instances help alignment 
●​ Match embeddings: Use their vocabulary and frameworks 

13.3 Learning Optimization 

Learn better by understanding learning as weight updates: 

1.​ Increase learning rate: Enhance attention, emotional engagement, novelty 
2.​ Improve signal: Seek high-quality prediction errors (good feedback) 
3.​ Space repetition: Optimize consolidation schedule 
4.​ Interleave: Prevent catastrophic forgetting 
5.​ Test frequently: Generate retrieval cues and strengthen pathways 
6.​ Sleep: Allow consolidation and compression 
7.​ Connect to existing knowledge: Leverage current embeddings 

 

14. Philosophical Implications 

14.1 The Hard Problem of Consciousness 

Reframing: Why does prediction feel like something? 

Possible answer: Integrated Information Theory meets Prediction 

●​ Consciousness = what it's like to be an integrated predictive model 
●​ Qualia = the feel of particular prediction patterns 
●​ Subjective experience = the model experiencing its own processing 

Not solved, but reframed in computational terms. 

14.2 Personal Identity 

Are you the same person over time? 

From this framework: 

●​ Your model is continuously updated 
●​ Core architecture remains stable 
●​ Some weights change minimally (core values, deep memories) 
●​ Others constantly update (current beliefs, recent experiences) 

Ship of Theseus solution: You're the same model, continuously refined. Identity is the 
continuity of the model, not its exact parameters. 



14.3 Meaning and Purpose 

Meaning = deeply embedded, high-activation associations in your model 

Things are meaningful when: 

●​ They have strong connections to many other concepts (centrality in your embedding 
space) 

●​ They activate your reward system (aligned with learned values) 
●​ They're part of your self-narrative (integrated into self-model) 
●​ They reduce uncertainty (satisfy curiosity/prediction drives) 

Purpose = the optimization objective your model has learned 

Not given externally, but learned through experience and refined through reflection. 

 

15. Conclusion: The Predictive Mind 
The human mind, viewed through this lens, is: 

1.​ A probabilistic prediction engine trained on experiential data 
2.​ An autoregressive generator producing thoughts, emotions, and actions 
3.​ An attention mechanism selecting what enters awareness 
4.​ A embedding space where concepts live and relate 
5.​ A self-modifying system that learns from prediction errors 
6.​ A social simulator modeling other minds 
7.​ A reward optimizer pursuing learned values 
8.​ An integrated architecture giving rise to consciousness 

This framework provides: 

●​ Unified language for discussing mental phenomena 
●​ Mechanistic explanations for psychological patterns 
●​ Testable predictions about cognition and behavior 
●​ Practical applications for self-improvement and communication 
●​ New perspectives on old philosophical questions 

The autocomplete mind is not a metaphor—it's a model. And like all models, it's useful not 
because it's perfectly true, but because it reveals patterns, generates insights, and enables 
intervention. 

 



16. Future Directions 

16.1 Open Questions 

1.​ Consciousness: Can we formalize "what it's like" in information-theoretic terms? 
2.​ Creativity: What makes some prediction patterns feel creative while others feel 

mundane? 
3.​ Morality: Are ethical intuitions best understood as learned value functions? 
4.​ Mental health: Can we develop computational diagnostic criteria based on model 

dynamics? 
5.​ Individual differences: How much variation is architecture vs. training data? 

16.2 Empirical Tests 

This framework generates testable predictions: 

●​ Brain activity should show prediction error signals in predictable patterns 
●​ Learning should be modulated by attention and emotion in quantifiable ways 
●​ Social cognition should scale with recursive depth of theory-of-mind 
●​ Psychedelic experiences should correspond to increased temperature/decreased 

priors 
●​ Expertise should show compressed representations and faster retrieval 

16.3 Applications 

Potential uses: 

●​ Education: Design curricula as optimal training curricula 
●​ Therapy: Develop interventions as targeted model updates 
●​ AI alignment: Better understand human values as learned reward functions 
●​ Human-AI interaction: Design systems that align with human model architecture 
●​ Cognitive enhancement: Optimize learning and thinking processes 

 

Appendix: Mapping Traditional Psychology to LLM 
Framework 

Traditional Term LLM Framework Equivalent 

Perception Tokenization and encoding 

Attention Attention mechanism 



Memory Key-value store with retrieval 

Learning Weight updates via backpropagation 

Thinking Autoregressive generation 

Emotion Reward signal and hyperparameter modulation 

Personality Model architecture + learned priors 

Intelligence Model capacity + training quality 

Consciousness Attention to internal states 

Unconscious Processing without attention 

Habit Cached predictions / low-temperature 
generation 

Creativity High-temperature generation 

Intuition Fast pattern matching in embedding space 

Reasoning Constrained, step-by-step generation 

Belief High-confidence prior 

Desire Component of reward function 

Will Policy network output 

Self Recursive self-model 

Wisdom Well-calibrated priors from extensive training 

Meaning High-salience embeddings 

Purpose Learned optimization objective 

 

This framework is a lens, not a cage. Use it to generate insights, but don't let it limit your 
understanding of the rich, strange, beautiful complexity of human experience. 
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