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'python
class TextEncoder(nn.Module):
def init (self, vocab_size, embedding dim, hidden dim, num_layers, dropout=0.1):
super(TextEncoder, self). init ()
self.embedding = nn.Embedding(vocab_size, embedding dim)
self.transformer = nn. TransformerEncoder(
nn. TransformerEncoderLayer(
d model=embedding dim,
nhead=8,
dim_feedforward=hidden_ dim,
dropout=dropout
)’
num_layers=num _layers

)

self.output_projection = nn.Linear(embedding_dim, hidden_dim)

def forward(self, text_input, attention_mask=None):
# text_input: [batch_size, seq length]
embedded = self.embedding(text input) # [batch_size, seq length, embedding dim]

if attention_mask is not None:
# Convert attention mask to proper format for transformer
attention_mask = attention mask.float().masked fill(
attention_mask == 0, float('-inf")).masked _fill(
attention_mask == 1, float(0.0)

)

transformed = self.transformer(embedded.transpose(0, 1), src_key padding mask=attention mask).transpose(0, 1)
output = self.output projection(transformed) # [batch_size, seq length, hidden dim]

# Global representation: mean pooling over sequence length
global_repr = output.mean(dim=1) # [batch_size, hidden dim]

return global repr, output

TX¥AMZVa—FF, HiEEODIAAE, PV A7 r—~v—Irva—¥E, HIREErSBEINS,
ANTHFAME, TTHEHOAAFZEL TRV PAVERBICEREINS, RIZ, b I VAT 4—9—TV
a—FE R TR S RV ER SN 5, REIC, HBREEZEL T, BEINXuo i«
BRI 5,

FEERDFEEETlE, BERT, RoBERTa, T57% EDHUTFEFAET N AL L T2 2L NRETH
5, ZDBE. UTD X I ICEEINS,
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'python
class Pretrained TextEncoder(nn.Module):
def init (self, model name, hidden dim):
super(PretrainedTextEncoder, self). init ()
self.model = AutoModel.from_pretrained(model name)
self.output projection = nn.Linear(self.model.config.hidden_size, hidden dim)

def forward(self, input ids, attention mask=None):
outputs = self.model(input_ids=input _ids, attention _mask=attention mask)
sequence_output = outputs.last hidden state # [batch_size, seq length, hidden_size]

# Global representation: use [CLS] token or mean pooling

global repr = sequence output[:, 0, :] # [batch_size, hidden_size]

# Alternatively: global repr = (sequence output * attention mask.unsqueeze(-1)).sum(1) /
attention_mask.sum(-1).unsqueeze(-1)

projected_output = self.output_projection(sequence output) # [batch_size, seq length, hidden dim]
projected_global = self.output_projection(global repr) # [batch size, hidden dim]

return projected global, projected output

6.2.2 W LY a2 — ¥ DJiEk

BRIy 2=, HRANZUHT 27003 732y F—2 v FThH b, BENRFEEIMTOE) TH
%,

*'python
class ImageEncoder(nn.Module):
def init (self, hidden dim, backbone='resnet50', pretrained=True):
super(ImageEncoder, self). init ()
if backbone == 'resnet50":
self.backbone = models.resnet50(pretrained=pretrained)
backbone dim = 2048
elif backbone == 'efficientnet b0':
self.backbone = models.efficientnet bO(pretrained=pretrained)
backbone dim = 1280
elif backbone =="vit b 16"
self.backbone = models.vit b_16(pretrained=pretrained)
backbone dim = 768
else:
raise ValueError(f'Unsupported backbone: {backbone}")

# Remove the classification head
if backbone.startswith('resnet') or backbone.startswith('efficientnet'):
self.backbone = nn.Sequential(*list(self.backbone.children())[:-1])
self.output_projection = nn.Linear(backbone dim, hidden dim)
def forward(self, image input):
# image input: [batch_size, channels, height, width]
features = self.backbone(image input) # [batch_size, backbone dim, 1, 1] or [batch_size, backbone dim]
# Flatten if necessary
if len(features.shape) > 2:
features = features.flatten(1) # [batch size, backbone dim]

output = self.output_projection(features) # [batch size, hidden dim]

return output

New York General Group 8
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O BELEGIERD DI, Ky 72T 2HEL IR TH 2,

'python
class AdvancedIlmageEncoder(nn.Module):
def init (self, hidden dim, backbone="resnet50', pretrained=True):
super(AdvancedlmageEncoder, self). init ()
if backbone == 'resnet50":
# Load backbone without classification head
self.backbone = models.resnet50(pretrained=pretrained)
self.backbone = nn.Sequential(*list(self.backbone.children())[:-2])
backbone dim = 2048
else:
# Similar implementation for other backbones
pass

self.global pool = nn.AdaptiveAvgPool2d(1)
self.output_projection = nn.Conv2d(backbone dim, hidden dim, kernel size=1)
self.global projection = nn.Linear(backbone dim, hidden dim)

def forward(self, image input):
# image input: [batch_size, channels, height, width]
feature_maps = self.backbone(image input) # [batch size, backbone dim, h, w]

# Global representation
global features = self.global pool(feature maps).flatten(1) # [batch_size, backbone dim]
global output = self.global projection(global features) # [batch size, hidden dim]

# Local representations
local output = self.output_projection(feature_maps) # [batch_size, hidden_dim, h, w]

return global output, local output
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'python
class AudioEncoder(nn.Module):
def init (self, hidden dim, sample rate=16000, n mels=128):
super(AudioEncoder, self). init ()
self.melspec = torchaudio.transforms.MelSpectrogram(
sample rate=sample rate,
n_fft=400,
hop_length=160,
n_mels=n_mels

self.amplitude to db = torchaudio.transforms.AmplitudeToDB()

# CNN layers

self.convl = nn.Conv2d(1, 64, kernel size=3, stride=1, padding=1)
self.bnl = nn.BatchNorm2d(64)

self.conv2 = nn.Conv2d(64, 128, kernel size=3, stride=1, padding=1)
self.bn2 = nn.BatchNorm2d(128)

self.conv3 = nn.Conv2d(128, 256, kernel size=3, stride=1, padding=1)
self.bn3 = nn.BatchNorm2d(256)

self.pool = nn.AdaptiveAvgPool2d(1)
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self.output projection = nn.Linear(256, hidden dim)

def forward(self, audio_input):
# audio_input: [batch_size, time_steps]

# Convert to mel spectrogram
mel = self.melspec(audio_input) # [batch size, n_mels, time]
mel db = self.amplitude to db(mel) # [batch size, n mels, time]

# Add channel dimension
x = mel_db.unsqueeze(1l) # [batch_size, 1, n_mels, time]

# CNN layers

x = F.relu(self.bnl(self.conv1(x)))
x = F.max_pool2d(x, 2)

x = F.relu(self.bn2(self.conv2(x)))
x = Fmax_pool2d(x, 2)

x = F.relu(self.bn3(self.conv3(x)))

# Global pooling
x = self.pool(x).flatten(1) # [batch_size, 256]

# Projection
output = self.output_projection(x) # [batch_size, hidden dim]

return output
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*'python
class PretrainedAudioEncoder(nn.Module):
def init (self, model name, hidden dim):
super(PretrainedAudioEncoder, self). init ()
self.model = AutoModel.from pretrained(model name)
self.output_projection = nn.Linear(self.model.config.hidden_size, hidden_dim)

def forward(self, audio_input, attention_mask=None):
outputs = self.model(audio_input, attention_mask=attention mask)
sequence_output = outputs.last hidden_state # [batch_size, seq length, hidden_size]

# Global representation: mean pooling over sequence length
if attention_mask is not None:
global_repr = (sequence_output * attention mask.unsqueeze(-1)).sum(1) /
attention_mask.sum(-1).unsqueeze(-1)
else:
global repr = sequence output.mean(dim=1) # [batch_size, hidden_size]

projected output = self.output_projection(sequence output) # [batch_size, seq length, hidden dim]
projected global = self.output projection(global repr) # [batch size, hidden dim]

return projected_global, projected output
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'python
class GraphEncoder(nn.Module):
def init (self, node dim, edge dim, hidden dim, num layers=3):
super(GraphEncoder, self). init ()
self.node_embedding = nn.Linear(node dim, hidden dim)
self.edge embedding = nn.Linear(edge dim, hidden dim)

self.gnn_layers = nn.ModuleList()
for _in range(num_layers):
self.gnn_layers.append(GATConv(hidden dim, hidden dim, heads=4, concat=False))

self.global pool = GlobalAttentionPool(hidden dim)

def forward(self, x, edge _index, edge attr=None, batch=None):
# x: [num_nodes, node dim]
# edge index: [2, num_edges]
# edge attr: [num_edges, edge dim]
# batch: [num_nodes]

# Node embedding
x = self.node _embedding(x) # [num_nodes, hidden dim]

# Edge embedding (if available)
if edge_attr is not None:
edge attr = self.edge embedding(edge attr) # [num_edges, hidden dim]

# GNN layers
for gnn in self.gnn_layers:
if edge attr is not None:
x = gnn(x, edge index, edge attr)
else:
x = gnn(x, edge index)
x = F.relu(x)

# Global pooling
if batch is not None:

global repr = self.global pool(x, batch) # [batch size, hidden dim]
else:

global repr = x.mean(dim=0, keepdim=True) # [1, hidden dim]

return global repr, x
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'python
class TabularEncoder(nn.Module):
def init (self, input dims, hidden dim, categorical cols=None, numerical cols=None):
super(TabularEncoder, self). init ()
self.categorical cols = categorical cols or []
self.numerical cols = numerical cols or []

# Embeddings for categorical columns

self.categorical embeddings = nn.ModuleDict({
col: nn.Embedding(input_dims[col], min(50, (input_dims[col] + 1) // 2))
for col in self.categorical _cols

1)
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# Calculate total embedding dimension
total embedding dim = sum(emb.embedding dim for emb in self.categorical embeddings.values())
total embedding_dim += len(self.numerical_cols)

# MLP for feature transformation
self.mlp = nn.Sequential(
nn.Linear(total embedding dim, hidden dim * 2),
nn.BatchNorm1d(hidden dim * 2),
nn.ReLU(),
nn.Dropout(0.2),
nn.Linear(hidden dim * 2, hidden dim),
nn.BatchNorm1d(hidden_ dim),
nn.ReL.U()

)

def forward(self, x):
# x: dictionary with keys as column names and values as tensors

# Process categorical columns
categorical embeddings = []
for col in self.categorical cols:
categorical embeddings.append(self.categorical embeddings[col](x[col]))

# Process numerical columns
numerical features = []
for col in self.numerical cols:
numerical features.append(x[col].unsqueeze(1))

# Concatenate all features
if categorical embeddings and numerical features:
features = torch.cat(categorical embeddings + numerical features, dim=1)
elif categorical embeddings:
features = torch.cat(categorical embeddings, dim=1)
else:
features = torch.cat(numerical features, dim=1)

# Apply MLP
output = self.mlp(features) # [batch_size, hidden dim]

return output
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'python
class CrossModalFusion(nn.Module):
def init (self, hidden dim, num modalities, fusion type='attention'):
super(CrossModalFusion, self). _init ()
self.hidden dim = hidden dim
self.num_modalities = num_modalities
self.fusion_type = fusion_type

if fusion type == 'attention':
# Cross-modal attention
self.query proj = nn.Linear(hidden dim, hidden dim)
self.key proj = nn.Linear(hidden dim, hidden dim)
self.value proj = nn.Linear(hidden dim, hidden dim)
self.attention = nn.MultiheadAttention(hidden dim, num_heads=8)

# Output projection
self.output_proj = nn.Linear(hidden dim, hidden dim)
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elif fusion type == 'concat':
# Concatenation followed by projection
self.fusion_proj = nn.Sequential(
nn.Linear(hidden_dim * num modalities, hidden dim * 2),

nn.ReLU(),
nn.Linear(hidden dim * 2, hidden dim)
)
elif fusion_type == 'gated":
# Gated fusion

self.gate networks = nn.ModuleList([
nn.Sequential(
nn.Linear(hidden dim * num_ modalities, hidden dim),
nn.Sigmoid()

for in range(num modalities)

D
self.output proj = nn.Linear(hidden_dim, hidden dim)

def forward(self, modality representations):
# modality representations: list of tensors, each with shape [batch_size, hidden dim]

if self.fusion_type == 'attention":
# Stack representations
stacked = torch.stack(modality representations, dim=0) # [num_modalities, batch_size, hidden dim]

# Self-attention across modalities
queries = self.query_proj(stacked)
keys = self.key proj(stacked)
values = self.value proj(stacked)

attn_output, = self.attention(queries, keys, values) # [num_modalities, batch_size, hidden dim]

# Mean pooling across modalities
fused = attn_output.mean(dim=0) # [batch_size, hidden dim]

# Output projection
output = self.output_proj(fused) # [batch size, hidden dim]

elif self.fusion type == 'concat':
# Concatenate representations
concat = torch.cat(modality representations, dim=1) # [batch_size, hidden dim * num_modalities]

# Project to output dimension
output = self.fusion_proj(concat) # [batch_size, hidden dim]

elif self.fusion type == 'gated":
# Concatenate for gate computation
concat = torch.cat(modality representations, dim=1) # [batch size, hidden dim * num_ modalities]

# Compute gates for each modality
gates = [gate net(concat) for gate net in self.gate networks] # list of [batch size, hidden dim]

# Apply gates and sum
gated representations = [gate * rep for gate, rep in zip(gates, modality representations)]
fused = sum(gated representations) # [batch size, hidden dim]

# Output projection
output = self.output_proj(fused) # [batch_size, hidden dim]

else:
# Simple average

output = torch.stack(modality representations).mean(dim=0) # [batch_size, hidden dim]

return output
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'python
class Hierarchical CrossModalFusion(nn.Module):
def init (self, hidden dim, modality pairs, fusion_type='attention'):
super(HierarchicalCrossModalFusion, self). init ()
self.hidden dim = hidden dim
self.modality pairs = modality pairs # List of pairs of modalities to fuse

# Create fusion modules for each pair

self.fusion_modules = nn.ModuleDict({
f"{pair[0]} {pair[1]}": CrossModalFusion(hidden dim, 2, fusion_type)
for pair in modality pairs

1)

# Final fusion for all intermediate fusions
self.final fusion = CrossModalFusion(hidden_dim, len(modality pairs), fusion_type)

def forward(self, modality representations_dict):
# modality representations_dict: dictionary mapping modality names to tensors

# Intermediate fusions
intermediate_fusions = {}
for pair in self.modality pairs:
mod]1, mod2 = pair
fusion_key =f"{modl} {mod2}"
fusion_input = [modality representations dict[mod1], modality representations dict[mod2]]
intermediate fusions[fusion key] = self.fusion modules[fusion key](fusion_ input)

# Final fusion
final fusion input = list(intermediate fusions.values())
output = self.final fusion(final fusion input)

return output
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'python
class MultimodalEncoder(nn.Module):
def init (self, hidden dim, modality configs, fusion type='attention'):
super(MultimodalEncoder, self). init ()
self.hidden dim = hidden dim
self.modality configs = modality configs

# Create encoders for each modality
self.encoders = nn.ModuleDict()
for modality, config in modality configs.items():
if modality == "text":
self.encoders[modality] = PretrainedTextEncoder(config['model name'], hidden dim)
elif modality == 'image":
self.encoders[modality] = ImageEncoder(hidden dim, config.get('backbone', 'resnet50"))
elif modality == 'audio":
self.encoders[modality] = AudioEncoder(hidden dim, config.get('sample_rate', 16000))
elif modality == 'graph':
self.encoders[modality] = GraphEncoder(
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config['node_dim'], config.get('edge dim', 0), hidden dim, config.get('num_layers', 3)

)

elif modality == 'tabular":
self.encoders[modality] = TabularEncoder(

)

# Cross-modal fusion

config['input_dims'], hidden dim, config.get('categorical cols'), config.get('numerical_cols')

self.fusion = CrossModalFusion(hidden dim, len(modality configs), fusion_type)

def forward(self, inputs):
# inputs: dictionary mapping modality names to input tensors

# Encode each modality

modality representations = {}

for modality, encoder in self.encoders.items():
if modality in inputs:

if isinstance(inputs[modality], tuple) or isinstance(inputs[modality], list):

# Handle complex inputs (e.g., for graphs)

modality representations[modality] = encoder(*inputs[modality])[0]
else:

# Handle simple inputs

modality representations[modality] = encoder(inputs[modality])[0]

# Fusion
fused representation = self.fusion(list(modality representations.values()))

return fused representation, modality representations
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*'python
class ComplexityEstimator(nn.Module):
def init (self, input dim, hidden dim):
super(ComplexityEstimator, self). init ()
self.estimator = nn.Sequential(
nn.Linear(input dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, 1),
nn.Sigmoid()
)

def forward(self, x):
# x: [batch_size, input dim]
complexity = self.estimator(x) # [batch_size, 1]
return complexity

class AdaptiveDepthLayer(nn.Module):
def init (self, dim, ffn_dim, num_heads=8, dropout=0.1):
super(AdaptiveDepthLayer, self). init ()
self.self attn = nn.MultiheadAttention(dim, num_heads, dropout=dropout)
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self.norm1 = nn.LayerNorm(dim)

self.ffn = nn.Sequential(
nn.Linear(dim, ffn dim),
nn.ReLU(),
nn.Dropout(dropout),
nn.Linear(ffn_dim, dim)

self.norm2 = nn.LayerNorm(dim)

# Gating mechanism
self.gate = nn.Parameter(torch.ones(1))

def forward(self, x, complexity=None):
# x: [batch_size, dim]
# complexity: [batch_size, 1] or None

# Self-attention
attn_output, = self.self attn(x.unsqueeze(0), x.unsqueeze(0), x.unsqueeze(0))
attn_output = attn_output.squeeze(0)

# Apply gating based on complexity

if complexity is not None:
gate_value = torch.sigmoid(self.gate * complexity)
X =X + gate value * self.norm1(attn_output)

else:
x = x + self.norm1(attn_output)

# Feed-forward network
ffn_output = self.ffn(x)

# Apply gating based on complexity

if complexity is not None:
gate _value = torch.sigmoid(self.gate * complexity)
x = x + gate_value * self.norm2(ffn_output)

else:
x =X + self.norm2(ffn_output)

return x

class AdaptiveDepthNetwork(nn.Module):

def init (self, input dim, hidden dim, ffn_dim, num_layers, num heads=8, dropout=0.1):

super(AdaptiveDepthNetwork, self). init ()
self.complexity estimator = ComplexityEstimator(input dim, hidden dim)

self.input_projection = nn.Linear(input_dim, hidden dim)
self.layers = nn.ModuleList([
AdaptiveDepthLayer(hidden_dim, ffn _dim, num_heads, dropout)

for in range(num_layers)

D

self.output projection = nn.Linear(hidden_dim, hidden dim)

def forward(self, x):
# x: [batch_size, input dim]

# Estimate complexity
complexity = self.complexity estimator(x) # [batch_size, 1]

# Input projection
x = self.input_projection(x) # [batch_size, hidden dim]

# Apply adaptive depth layers
for layer in self.layers:
x = layer(x, complexity)
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# Output projection
output = self.output_projection(x) # [batch size, hidden dim]

return output
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'python
class ShortTermMemory(nn.Module):
def init (self, hidden dim, memory size=10):
super(ShortTermMemory, self). init ()
self.hidden dim = hidden dim
self.memory size = memory_size

# Memory cells
self.register_buffer('memory’, torch.zeros(memory_size, hidden dim))

# Attention mechanism for memory access
self.query proj = nn.Linear(hidden dim, hidden dim)
self.memory proj = nn.Linear(hidden dim, hidden dim)

def forward(self, x, update_memory=True):
# x: [batch_size, hidden dim]
batch_size = x.size(0)

# Project query
query = self.query proj(x) # [batch_size, hidden dim]

# Project memory
memory_proj = self.memory proj(self.memory) # [memory_size, hidden dim]

# Compute attention scores
scores = torch.matmul(query, memory_proj.transpose(0, 1)) # [batch size, memory_size]
attention = F.softmax(scores, dim=1) # [batch size, memory_size]

# Retrieve from memory
retrieved = torch.matmul(attention, self. memory) # [batch_size, hidden dim]

# Update memory (if required)
if update_memory and self.training:
# Use the batch mean as the new memory entry
new_memory = x.mean(dim=0, keepdim=True) # [1, hidden dim]

# Shift memory (discard oldest entry)
self. memory = torch.cat([new_memory, self. memory[:-1]], dim=0)

return retrieved

class LongTermMemory(nn.Module):
def init (self, hidden dim, memory size=100):
super(LongTermMemory, self). _init ()
self.hidden dim = hidden_ dim
self.memory size = memory_size
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# Memory cells
self.register_buffer('memory’, torch.zeros(memory_size, hidden dim))
self.register buffer('importance’, torch.zeros(memory_size))

# Memory update mechanism
self.importance estimator = nn.Linear(hidden dim, 1)

# Attention mechanism for memory access
self.query proj = nn.Linear(hidden dim, hidden dim)
self.memory proj = nn.Linear(hidden dim, hidden dim)

def forward(self, x, update_memory=True):
# x: [batch_size, hidden dim]
batch_size = x.size(0)

# Project query
query = self.query proj(x) # [batch_size, hidden dim]

# Project memory
memory_proj = self. memory proj(self.memory) # [memory_size, hidden_dim]

# Compute attention scores
scores = torch.matmul(query, memory_proj.transpose(0, 1)) # [batch_size, memory_size]

# Apply importance weighting
weighted scores = scores * self.importance.unsqueeze(0) # [batch_size, memory_size]
attention = F.softmax(weighted scores, dim=1) # [batch size, memory size]

# Retrieve from memory
retrieved = torch.matmul(attention, self. memory) # [batch_size, hidden dim]

# Update memory (if required)
if update_memory and self.training:
# Compute importance of new entries
new_importance = self.importance estimator(x).squeeze(-1) # [batch_size]

# Select most important entry from the batch

max_idx = new_importance.argmax()

new_memory = x[max_idx:max_idx+1] # [1, hidden dim]
new_memory_importance = new_importance[max_idx:max_idx+1] #[1]

# Find least important entry in memory
min_idx = self.importance.argmin()

# Replace if new entry is more important

if new_memory importance > self.importance[min_idx]:
self. memory[min_idx] = new_memory
self.importance[min idx] = new_memory importance

return retrieved

class ContextMemory(nn.Module):
def init (self, hidden dim, short term_size=10, long_term_size=100):
super(ContextMemory, self). init ()
self.hidden dim = hidden dim

# Short-term and long-term memory
self.short term = ShortTermMemory(hidden dim, short term_size)
self.long term = LongTermMemory(hidden dim, long term_size)

# Memory integration

self.integration = nn.Sequential(
nn.Linear(hidden_dim * 3, hidden dim * 2),
nn.ReLU(),
nn.Linear(hidden dim * 2, hidden dim)
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)

def forward(self, x, update_memory=True):
# x: [batch_size, hidden dim]

# Access short-term memory
short term retrieved = self.short term(x, update memory) # [batch_size, hidden dim]

# Access long-term memory
long term retrieved = self.long_term(x, update memory) # [batch size, hidden dim]

# Integrate current input with memory retrievals
integrated = torch.cat([x, short term retrieved, long term retrieved], dim=1) # [batch_size, hidden dim * 3]
output = self.integration(integrated) # [batch size, hidden dim]

return output
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python
class EpistemicUncertaintyEstimator(nn.Module):
def init (self, input dim, hidden dim, dropout rate=0.1, num_samples=10):
super(EpistemicUncertaintyEstimator, self). init ()
self.input dim = input_dim
self.hidden dim = hidden_dim
self.dropout_rate = dropout_rate
self.num_samples = num_samples

# Bayesian neural network

self.bayesian net = nn.Sequential(
nn.Linear(input_dim, hidden dim),
nn.ReLU(),
nn.Dropout(dropout_rate),
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Dropout(dropout_rate),
nn.Linear(hidden_dim, hidden dim)

)

def forward(self, x):
# x: [batch_size, input dim]

# Monte Carlo dropout sampling

samples =[]

for in range(self.num_samples):
samples.append(self.bayesian_net(x))

# Stack samples
stacked _samples = torch.stack(samples, dim=0) # [num_samples, batch_size, hidden dim]

# Compute mean and variance
mean = stacked samples.mean(dim=0) # [batch size, hidden dim]
variance = stacked samples.var(dim=0) # [batch size, hidden dim]

# Epistemic uncertainty is the variance
epistemic_uncertainty = variance
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return mean, epistemic_uncertainty

class AleatoricUncertaintyEstimator(nn.Module):
def init (self, input dim, hidden dim):
super(AleatoricUncertaintyEstimator, self). init ()
self.input dim = input dim
self.hidden dim = hidden dim

# Mean and variance predictors
self.mean predictor = nn.Sequential(
nn.Linear(input dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim)
)

self.var_predictor = nn.Sequential(
nn.Linear(input dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim),
nn.Softplus() # Ensure positive variance

)

def forward(self, x):
# x: [batch_size, input dim]

# Predict mean and variance
mean = self.mean_predictor(x) # [batch size, hidden dim]
variance = self.var_predictor(x) # [batch_size, hidden dim]

# Aleatoric uncertainty is the predicted variance
aleatoric_uncertainty = variance

return mean, aleatoric_uncertainty

class UncertaintyAwareLayer(nn.Module):
def init (self, input dim, hidden dim):
super(UncertaintyAwareLayer, self). init ()
self.input_dim = input_dim
self.hidden dim = hidden dim

# Epistemic uncertainty estimator
self.epistemic_estimator = EpistemicUncertaintyEstimator(input_dim, hidden dim)

# Aleatoric uncertainty estimator
self.aleatoric_estimator = AleatoricUncertaintyEstimator(input_dim, hidden dim)

# Uncertainty-aware transformation

self.transformation = nn.Sequential(
nn.Linear(hidden dim * 3, hidden dim * 2),
nn.ReLU(),
nn.Linear(hidden _dim * 2, hidden_dim)

)

def forward(self, x):
# x: [batch_size, input dim]

# Estimate epistemic uncertainty
epistemic_mean, epistemic_uncertainty = self.epistemic_estimator(x)

# Estimate aleatoric uncertainty
aleatoric_mean, aleatoric uncertainty = self.aleatoric _estimator(x)

# Combine means and uncertainties
combined = torch.cat([

epistemic_mean,

New York General Group



epistemic_uncertainty,
aleatoric_uncertainty
], dim=1) # [batch size, hidden dim * 3]

# Apply uncertainty-aware transformation
output = self.transformation(combined) # [batch_size, hidden dim]

# Total uncertainty is the sum of epistemic and aleatoric uncertainties
total uncertainty = epistemic_uncertainty + aleatoric_uncertainty

return output, total uncertainty
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*'python
class ContextAwareNetwork(nn.Module):
def init (self, input dim, hidden dim, ffn dim, num layers, short term size=10, long term size=100):
super(ContextAwareNetwork, self). init ()
self.input_dim = input_dim
self.hidden dim = hidden dim

# Input projection
self.input_projection = nn.Linear(input dim, hidden dim)

# Adaptive depth network
self.adaptive depth = AdaptiveDepthNetwork(hidden dim, hidden dim, ffn dim, num_layers)

# Context memory
self.context memory = ContextMemory(hidden dim, short term size, long term_size)

# Uncertainty-aware layer
self.uncertainty layer = UncertaintyAwareLayer(hidden dim, hidden dim)

# Output projection
self.output projection = nn.Linear(hidden dim, hidden dim)

def forward(self, x, update_memory=True):
# x: [batch size, input dim]

# Input projection
x = self.input projection(x) # [batch_size, hidden dim]

# Apply adaptive depth network
x = self.adaptive _depth(x) # [batch_size, hidden dim]

# Apply context memory
x = self.context memory(x, update memory) # [batch size, hidden dim]

# Apply uncertainty-aware layer
X, uncertainty = self.uncertainty layer(x) # [batch size, hidden dim], [batch_size, hidden dim]

# Output projection
output = self.output_projection(x) # [batch size, hidden dim]

return output, uncertainty
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'python
class OutputGenerationLayer(nn.Module):
def init (self, input dim, output dim, task type='classification', num_classes=None):
super(OutputGenerationLayer, self). init ()
self.input dim = input dim
self.output dim = output dim
self.task type = task type

if task type == 'classification'":

assert num_classes is not None, "Number of classes must be specified for classification tasks

self.output_head = nn.Linear(input_dim, num_classes)
elif task type == 'regression":

self.output_head = nn.Linear(input_dim, output dim)
elif task type == 'generation":

# For sequence generation tasks

self.output_head = nn.Linear(input_dim, output dim)

self.temperature = nn.Parameter(torch.ones(1) * 0.5)
else:

raise ValueError(f'"Unsupported task type: {task type}")

"

def forward(self, x, temperature=None):
# x: [batch_size, input dim]

if self.task type == 'classification":
logits = self.output_head(x) # [batch_size, num_classes]
return logits

elif self.task type == 'regression":
output = self.output_head(x) # [batch_size, output_dim]
return output

elif self.task type == 'generation':
logits = self.output _head(x) # [batch_size, output dim]

# Apply temperature scaling
if temperature is None:
temperature = self.temperature

scaled logits = logits / temperature

return scaled logits
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" 'python
class KnowledgeConsistencyChecker(nn.Module):
def init (self, input dim, hidden dim, knowledge base):
super(KnowledgeConsistencyChecker, self). init ()
self.input dim = input dim
self.hidden dim = hidden dim
self. knowledge base = knowledge base

# Neural consistency estimator
self.consistency estimator = nn.Sequential(
nn.Linear(input dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden_dim, 1),
nn.Sigmoid()
)

def forward(self, x, output):
# x: [batch_size, input dim]
# output: [batch_size, output_dim]

# Concatenate input and output
combined = torch.cat([x, output], dim=1) # [batch_size, input dim + output dim]

# Estimate consistency
consistency = self.consistency estimator(combined) # [batch_size, 1]

# Convert to inconsistency (1 - consistency)
inconsistency = 1 - consistency

return inconsistency

class MultimodalConsistencyEvaluator(nn.Module):
def init (self, input dim, hidden dim, modality dims):
super(MultimodalConsistencyEvaluator, self). init ()
self.input dim = input dim
self.hidden dim = hidden dim
self.modality dims = modality dims

# Pairwise consistency evaluators
self.pairwise evaluators = nn.ModuleDict()
for modl, dim1 in modality dims.items():
for mod2, dim2 in modality dims.items():
if modl <mod2: # Avoid duplicates
key =f"{modl} {mod2}"
self.pairwise evaluators[key] = nn.Sequential(
nn.Linear(dim1 + dim2, hidden_dim),
nn.ReLU(),
nn.Linear(hidden dim, 1),
nn.Sigmoid()
)

# Integration layer

total pairs = len(self.pairwise evaluators)

self.integration = nn.Sequential(
nn.Linear(total pairs, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, 1),
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nn.Sigmoid()
)

def forward(self, modality representations, output):
# modality representations: dictionary mapping modality names to tensors
# output: [batch_size, output dim]

# Compute pairwise consistencies

pairwise_consistencies = []

for modl, repl in modality representations.items():

for mod2, rep2 in modality representations.items():
if mod1 < mod2:

key = f'{mod1l} {mod2}"
combined = torch.cat([rep1, rep2], dim=1)
consistency = self.pairwise_evaluators[key](combined)
pairwise consistencies.append(consistency)

# Stack pairwise consistencies
stacked = torch.cat(pairwise consistencies, dim=1) # [batch_size, total pairs]

# Integrate pairwise consistencies
overall consistency = self.integration(stacked) # [batch_size, 1]

# Convert to inconsistency (1 - consistency)
inconsistency = 1 - overall_consistency

return inconsistency

class ReflectionMappingGenerator(nn.Module):
def init (self, input_dim, hidden dim, output dim):
super(ReflectionMappingGenerator, self). init ()
self.input dim = input_dim
self.hidden dim = hidden_dim
self.output dim = output_dim

# Reflection mapping generator

self.generator = nn.Sequential(
nn.Linear(input dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, output dim),
nn.Sigmoid()

)

def forward(self, x, inconsistency):
# x: [batch_size, input dim]
# inconsistency: [batch_size, 1]

# Concatenate input and inconsistency
combined = torch.cat([x, inconsistency], dim=1) # [batch_size, input_dim + 1]

# Generate reflection mapping
reflection = self.generator(combined) # [batch_size, output dim]

return reflection

class BasicReflectionLayer(nn.Module):

def init (self, input dim, hidden_ dim, output dim, knowledge base, modality dims):

super(BasicReflectionLayer, self). init ()
self.input dim = input_dim
self.hidden dim = hidden dim
self.output dim = output_dim

# Knowledge consistency checker
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self. knowledge checker = KnowledgeConsistencyChecker(input dim + output dim, hidden dim,
knowledge base)

# Multimodal consistency evaluator
self.multimodal_evaluator = MultimodalConsistencyEvaluator(input_dim, hidden dim, modality dims)

# Reflection mapping generator
self.mapping_generator = ReflectionMappingGenerator(input_dim + 2, hidden dim, output dim)

def forward(self, x, output, modality representations):
# x: [batch_size, input dim]
# output: [batch_size, output dim]
# modality representations: dictionary mapping modality names to tensors

# Check knowledge consistency
knowledge inconsistency = self.knowledge checker(x, output) # [batch_size, 1]

# Evaluate multimodal consistency
multimodal inconsistency = self.multimodal evaluator(modality representations, output) # [batch size, 1]

# Generate reflection mapping

combined inconsistency = torch.cat([knowledge inconsistency, multimodal inconsistency], dim=1) #
[batch_size, 2]

reflection = self.mapping_generator(x, combined inconsistency) # [batch_size, output dim]

return reflection, knowledge inconsistency, multimodal inconsistency
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*'python
class ReasoningPatternAnalyzer(nn.Module):
def init (self, input dim, hidden dim, pattern dim, num_patterns=10):

super(ReasoningPatternAnalyzer, self). init ()
self.input_dim = input_dim
self.hidden dim = hidden dim
self.pattern_dim = pattern_dim
self.num_patterns = num_patterns

# Pattern extractor
self.pattern_extractor = nn.Sequential(
nn.Linear(input_dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, pattern dim)

)

# Pattern memory

self.register buffer('pattern_memory', torch.zeros(num_patterns, pattern dim))
self.register buffer('error_rates', torch.zeros(num_patterns))
self.register_buffer('usage counts', torch.zeros(num_patterns))

# Pattern matcher

self.pattern_matcher = nn.Sequential(
nn.Linear(pattern _dim * 2, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, 1),
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nn.Sigmoid()
)

def update memory(self, pattern, error flag):
# pattern: [batch_size, pattern_dim]
# error_flag: [batch size, 1]

batch_size = pattern.size(0)

for i in range(batch_size):
# Find closest pattern in memory
distances = torch.norm(self.pattern memory - pattern[i:i+1], dim=1)
closest idx = distances.argmin()

# Update pattern memory
if distances[closest _idx] > 0.5: # If no close match, find least used pattern
closest idx = self.usage counts.argmin()
self.pattern_memory[closest_idx] = pattern[i]
self.error rates[closest idx] = error flag[i].float()
self.usage counts[closest idx] =1
else: # Update existing pattern
self.pattern_memory[closest idx] = 0.9 * self.pattern memory[closest idx] + 0.1 * pattern[i]
self.error_rates[closest idx] = 0.9 * self.error rates[closest idx] + 0.1 * error_flag[i].float()
self.usage counts[closest idx] += 1

def forward(self, x, update memory=False, error flag=None):
# x: [batch_size, input dim]
# error_flag: [batch size, 1] or None

# Extract pattern
pattern = self.pattern_extractor(x) # [batch_size, pattern dim]

# Update memory if required
if update_memory and error flag is not None and self .training:
self.update_memory(pattern, error_flag)

# Match pattern with memory
batch_size = pattern.size(0)
error_probs =[]

for i in range(self.num_patterns):
# Expand memory pattern
mem_pattern = self.pattern memory[i:i+1].expand(batch_size, -1) # [batch size, pattern _dim]

# Concatenate with current pattern
combined = torch.cat([pattern, mem_pattern], dim=1) # [batch_size, pattern_dim * 2]

# Compute match probability
match_prob = self.pattern _matcher(combined) # [batch_size, 1]

# Compute error probability based on match and error rate
error_prob = match prob * self.error_rates[i]
error_probs.append(error_prob)

# Combine error probabilities
stacked probs = torch.cat(error probs, dim=1) # [batch size, num_patterns]
max_error_prob, = stacked probs.max(dim=1, keepdim=True) # [batch_size, 1]

return max_error_prob, pattern

class BiasDetector(nn.Module):
def init (self, input dim, hidden dim, num biases=5):
super(BiasDetector, self). init ()
self.input_dim = input_dim
self.hidden dim = hidden dim
self.num_biases = num_biases
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# Bias detectors
self.bias_detectors = nn.ModuleList([
nn.Sequential(
nn.Linear(input_dim, hidden_dim),
nn.ReLU(),
nn.Linear(hidden dim, 1),
nn.Sigmoid()
)
for _in range(num_biases)

D

# Bias names (for interpretability)

self.bias names = [
"confirmation_bias",
"anchoring_effect",
"availability heuristic",
"representativeness_heuristic",
"overconfidence bias"

]

def forward(self, x):
# x: [batch_size, input dim]

# Detect biases

bias_probs =[]

for detector in self.bias_detectors:
bias_prob = detector(x) # [batch_size, 1]
bias_probs.append(bias_prob)

# Stack bias probabilities
stacked probs = torch.cat(bias probs, dim=1) # [batch size, num_biases]

# Compute overall bias probability
overall bias prob = stacked probs.mean(dim=1, keepdim=True) # [batch_size, 1]

return overall bias prob, stacked probs

class SelfMonitoringMechanism(nn.Module):
def init (self, input dim, hidden dim, activation_threshold=0.5):
super(SelfMonitoringMechanism, self). init ()
self.input dim = input dim
self.hidden dim = hidden dim
self.activation threshold = activation_threshold

# Activation pattern analyzer
self.activation _analyzer = nn.Sequential(
nn.Linear(input dim, hidden dim),

nn.ReLU(),
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden_dim, 1),
nn.Sigmoid()

)

# Distribution analyzer

self.distribution_analyzer = nn.Sequential(
nn.Linear(input_dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, 1),
nn.Sigmoid()

)

def forward(self, x, activations=None):
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# x: [batch_size, input dim]
# activations: list of activation tensors or None

# Analyze input distribution
distribution_anomaly = self.distribution_analyzer(x) # [batch_size, 1]

# Analyze activation patterns (if provided)
if activations is not None:
# Flatten and concatenate activations
flat_activations =[]
for act in activations:
# Apply threshold and flatten
thresholded = (act > self.activation_threshold).float()
flat activations.append(thresholded.flatten(1))

# Concatenate along feature dimension
concat_activations = torch.cat(flat_activations, dim=1)

# Analyze activation pattern

activation anomaly = self.activation analyzer(concat activations) # [batch_size, 1]
else:

activation anomaly = torch.zeros like(distribution anomaly)

# Combine anomalies
combined anomaly = torch.max(distribution anomaly, activation anomaly)

return combined anomaly

class MetacognitionLayer(nn.Module):
def init (self, input_dim, hidden dim, pattern_dim, output dim, num_patterns=10, num_biases=5):
super(MetacognitionLayer, self). init ()
self.input dim = input_dim
self.hidden dim = hidden_dim
self.pattern_dim = pattern_dim
self.output dim = output_dim

# Reasoning pattern analyzer
self.pattern_analyzer = ReasoningPatternAnalyzer(input_dim, hidden dim, pattern dim, num_patterns)

# Bias detector
self.bias_detector = BiasDetector(input_dim, hidden dim, num_biases)

# Self-monitoring mechanism
self.self monitor = SelfMonitoringMechanism(input dim, hidden dim)

# Integration layer
self.integration = nn.Sequential(
nn.Linear(3, hidden dim),

nn.ReLU(),
nn.Linear(hidden dim, 1),
nn.Sigmoid()

)

# Reflection mapping generator
self.mapping_generator = ReflectionMappingGenerator(input_dim + 1, hidden dim, output dim)

def forward(self, x, output, activations=None, update_memory=False, error_flag=None):
# x: [batch_size, input dim]
# output: [batch_size, output dim]
# activations: list of activation tensors or None
# error_flag: [batch size, 1] or None

# Analyze reasoning patterns

pattern_error prob, pattern = self.pattern_analyzer(x, update_memory, error_flag) # [batch_size, 1], [batch_size,
pattern_dim]
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# Detect biases
bias_prob, detailed bias probs = self.bias detector(x) # [batch size, 1], [batch size, num biases]

# Monitor self
anomaly prob = self.self monitor(x, activations) # [batch size, 1]

# Integrate metacognitive assessments
metacognitive probs = torch.cat([pattern_error prob, bias prob, anomaly prob], dim=1) # [batch_size, 3]
metacognitive error_prob = self.integration(metacognitive probs) # [batch_size, 1]

# Generate reflection mapping
reflection = self.mapping_generator(x, metacognitive_error_prob) # [batch_size, output dim]

return reflection, metacognitive error prob, detailed bias probs
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'python
class BayesianUncertaintyEstimator(nn.Module):
def init (self, input dim, hidden dim, output dim, dropout rate=0.1, num samples=10):

super(BayesianUncertaintyEstimator, self). init ()
self.input dim = input dim
self.hidden dim = hidden dim
self.output dim = output dim
self.dropout_rate = dropout_rate
self.num_samples = num_samples

# Bayesian neural network

self.bayesian net = nn.Sequential(
nn.Linear(input dim, hidden dim),
nn.ReLU(),
nn.Dropout(dropout_rate),
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Dropout(dropout_rate),
nn.Linear(hidden dim, output dim)

)

def forward(self, x):
# x: [batch_size, input dim]

# Enable dropout at inference time
self.bayesian_net.train()

# Monte Carlo dropout sampling

samples =[]

for in range(self.num_samples):
samples.append(self.bayesian_net(x))

# Stack samples
stacked samples = torch.stack(samples, dim=0) # [num_samples, batch_size, output dim]

# Compute mean and variance
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mean = stacked _samples.mean(dim=0) # [batch_size, output dim]
variance = stacked samples.var(dim=0) # [batch_size, output dim]

return mean, variance

class EnsembleUncertaintyEstimator(nn.Module):
def init (self, input dim, hidden dim, output dim, num models=5):
super(EnsembleUncertaintyEstimator, self). init ()
self.input_dim = input_dim
self.hidden dim = hidden dim
self.output dim = output dim
self.num models = num_models

# Ensemble of models
self.models = nn.ModuleList([
nn.Sequential(
nn.Linear(input_dim, hidden_dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden_dim, output dim)
)

for in range(num_models)

D

def forward(self, x):
# x: [batch_size, input dim]

# Get predictions from each model

predictions = []

for model in self.models:
predictions.append(model(x))

# Stack predictions
stacked predictions = torch.stack(predictions, dim=0) # [num_models, batch_size, output dim]

# Compute mean and variance
mean = stacked predictions.mean(dim=0) # [batch size, output dim]
variance = stacked predictions.var(dim=0) # [batch_size, output_dim]

return mean, variance

class UncertaintyDecompositionAnalyzer(nn.Module):
def init (self, input dim, hidden dim, output dim):
super(UncertaintyDecompositionAnalyzer, self). init ()
self.input_dim = input_dim
self.hidden dim = hidden dim
self.output dim = output dim

# Mean predictor

self.mean_predictor = nn.Sequential(
nn.Linear(input_dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, output dim)

)

# Aleatoric uncertainty predictor
self.aleatoric_predictor = nn.Sequential(
nn.Linear(input dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, output dim),
nn.Softplus() # Ensure positive variance

)

def forward(self, x, epistemic_variance):
# x: [batch_size, input dim]
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# epistemic_variance: [batch_size, output dim]

# Predict mean
mean = self.mean_predictor(x) # [batch_size, output dim]

# Predict aleatoric uncertainty
aleatoric_variance = self.aleatoric predictor(x) # [batch size, output dim]

# Total variance is the sum of epistemic and aleatoric variances
total variance = epistemic_variance + aleatoric_variance

return mean, aleatoric_variance, total variance

class UncertaintyEstimationLayer(nn.Module):
def init (self, input dim, hidden dim, output dim, dropout rate=0.1, num_samples=10, num_models=5):
super(UncertaintyEstimationLayer, self). init ()
self.input dim = input dim
self.hidden dim = hidden dim
self.output dim = output dim

# Bayesian uncertainty estimator
self.bayesian_estimator = BayesianUncertaintyEstimator(input_dim, hidden dim, output dim, dropout rate,
num_samples)

# Ensemble uncertainty estimator
self.ensemble estimator = EnsembleUncertaintyEstimator(input dim, hidden dim, output dim, num models)

# Uncertainty decomposition analyzer
self.decomposition_analyzer = UncertaintyDecompositionAnalyzer(input dim, hidden dim, output dim)

# Reflection mapping generator
self.mapping_generator = nn.Sequential(
nn.Linear(input_dim + output dim, hidden_ dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, output dim),
nn.Sigmoid()
)

def forward(self, x, output):
# x: [batch_size, input dim]
# output: [batch_size, output dim]

# Estimate uncertainty using Bayesian approach
bayesian_mean, bayesian variance = self.bayesian_estimator(x) # [batch_size, output dim], [batch_size,
output dim]

# Estimate uncertainty using ensemble approach
ensemble mean, ensemble variance = self.ensemble estimator(x) # [batch_size, output dim], [batch_size,
output dim]

# Combine epistemic uncertainties
epistemic_variance = (bayesian_variance + ensemble variance) / 2 # [batch_size, output dim]

# Decompose uncertainty

mean, aleatoric_variance, total variance = self.decomposition analyzer(x, epistemic_variance) # [batch size,
output dim], [batch_size, output dim], [batch_size, output dim]

# Generate reflection mapping

combined = torch.cat([x, total variance], dim=1) # [batch_size, input dim + output dim]

reflection = self.mapping_generator(combined) # [batch size, output dim]

return reflection, epistemic_variance, aleatoric_variance, total variance
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'python
class WeightedIntegrator(nn.Module):
def init (self, input dim, hidden dim, num_layers):
super(WeightedIntegrator, self). init ()
self.input dim = input dim
self.hidden dim = hidden dim
self.num_layers = num_layers

# Weight predictor

self.weight predictor = nn.Sequential(
nn.Linear(input _dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden_dim, num_layers),
nn.Softmax(dim=1)

)

def forward(self, x, layer_outputs):
# x: [batch_size, input dim]
# layer_outputs: list of tensors, each with shape [batch_size, output dim]

# Predict weights
weights = self.weight predictor(x) # [batch size, num layers]

# Apply weights

weighted outputs =[]

for i, output in enumerate(layer outputs):
weighted = output * weights|[:, i:i+1]
weighted outputs.append(weighted)

# Sum weighted outputs
integrated = sum(weighted outputs) # [batch_size, output dim]

return integrated, weights

class NonlinearIntegrator(nn.Module):
def init _(self, input dim, hidden dim, output dim, num_layers):
super(NonlinearIntegrator, self). init ()
self.input dim = input_dim
self.hidden dim = hidden dim
self.output dim = output_dim
self.num_layers = num_layers

# Nonlinear integrator
self.integrator = nn.Sequential(
nn.Linear(input_dim + output dim * num_layers, hidden dim * 2),
nn.ReLU(),
nn.Linear(hidden dim * 2, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, output dim),
nn.Sigmoid()
)
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def forward(self, x, layer outputs):
# x: [batch_size, input dim]
# layer outputs: list of tensors, each with shape [batch_size, output dim]

# Concatenate input and layer outputs

concat = [X]

for output in layer outputs:
concat.append(output)

combined = torch.cat(concat, dim=1) # [batch_size, input_dim + output_dim * num_layers]

# Apply nonlinear integration
integrated = self.integrator(combined) # [batch_size, output dim]

return integrated

class ContextConditionedIntegrator(nn.Module):
def init (self, input dim, hidden dim, output dim, num layers, num_contexts=3):

super(ContextConditionedIntegrator, self). init ()
self.input_dim = input_dim
self.hidden dim = hidden dim
self.output dim = output dim
self.num_layers = num_layers
self.num_contexts = num_contexts

# Context predictor

self.context predictor = nn.Sequential(
nn.Linear(input dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, num_contexts),
nn.Softmax(dim=1)

)

# Context-specific integrators

self.context integrators = nn.ModuleList([
WeightedIntegrator(input_dim, hidden dim, num_layers)
for in range(num_contexts)

D

def forward(self, x, layer_outputs):
# x: [batch_size, input dim]
# layer outputs: list of tensors, each with shape [batch_size, output dim]

# Predict context weights
context weights = self.context predictor(x) # [batch size, num_contexts]

# Apply context-specific integrators

context_outputs = []

all weights =[]

for i, integrator in enumerate(self.context integrators):
output, weights = integrator(x, layer outputs)
context_outputs.append(output)
all_weights.append(weights)

# Stack context outputs
stacked outputs = torch.stack(context _outputs, dim=1) # [batch_size, num_contexts, output_dim]

# Apply context weights
expanded weights = context weights.unsqueeze(-1) # [batch_size, num_contexts, 1]
integrated = (stacked outputs * expanded weights).sum(dim=1) # [batch_size, output dim]

return integrated, context weights, all weights

class IntegrationLayer(nn.Module):
def init (self, input dim, hidden dim, output dim, integration type='weighted"):
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super(IntegrationLayer, self). init ()
self.input dim = input_dim
self.hidden dim = hidden_dim
self.output dim = output_dim
self.integration_type = integration_type

# Number of reflection layers
self.num_layers = 3 # Basic, Metacognition, Uncertainty

if integration_type == 'weighted'":
self.integrator = WeightedIntegrator(input_dim, hidden dim, self.num_layers)
elif integration_type == 'nonlinear":
self.integrator = NonlinearIntegrator(input_dim, hidden dim, output dim, self.num_layers)
elif integration _type == 'context':
self.integrator = ContextConditionedIntegrator(input_dim, hidden dim, output dim, self.num_layers)
else:
raise ValueError(f'Unsupported integration type: {integration_type}")

def forward(self, x, basic_reflection, metacognition reflection, uncertainty reflection):
# x: [batch_size, input dim]
# basic_reflection: [batch_size, output_dim]
# metacognition reflection: [batch_size, output dim]
# uncertainty reflection: [batch_size, output dim]

# Collect layer outputs
layer outputs = [basic_reflection, metacognition reflection, uncertainty reflection]

# Apply integration
if self.integration type == 'weighted":
integrated, weights = self.integrator(x, layer outputs)
return integrated, weights
elif self.integration_type == 'nonlinear'":
integrated = self.integrator(x, layer outputs)
return integrated
elif self.integration type == 'context":
integrated, context weights, layer weights = self.integrator(x, layer outputs)
return integrated, context weights, layer weights
else:
# Simple average
integrated = sum(layer_outputs) / len(layer_outputs)
return integrated
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'python
class HierarchicalReflectionModule(nn.Module):
def init (self, input dim, hidden dim, pattern dim, output dim, knowledge base, modality dims,
integration_type='weighted'):
super(HierarchicalReflectionModule, self). init ()
self.input dim = input dim
self.hidden dim = hidden dim
self.pattern_dim = pattern_dim
self.output dim = output_dim

# Basic reflection layer
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self.basic layer = BasicReflectionLayer(input dim, hidden dim, output dim, knowledge base, modality dims)

# Metacognition layer
self.metacognition_layer = MetacognitionLayer(input dim, hidden dim, pattern_dim, output dim)

# Uncertainty estimation layer
self.uncertainty layer = UncertaintyEstimationLayer(input dim, hidden dim, output dim)

# Integration layer
self.integration_layer = IntegrationLayer(input dim, hidden dim, output dim, integration type)

def forward(self, x, output, modality representations, activations=None, update memory=False, error_flag=None):
# x: [batch_size, input dim]
# output: [batch size, output dim]
# modality representations: dictionary mapping modality names to tensors
# activations: list of activation tensors or None
# error_flag: [batch size, 1] or None

# Apply basic reflection layer
basic_reflection, knowledge inconsistency, multimodal inconsistency = self.basic layer(x, output,
modality_representations)

# Apply metacognition layer
metacognition_reflection, metacognitive error prob, detailed bias_probs = self.metacognition_layer(x, output,
activations, update memory, error flag)

# Apply uncertainty estimation layer
uncertainty reflection, epistemic_variance, aleatoric_variance, total variance = self.uncertainty layer(x, output)

# Apply integration layer
if self.integration layer.integration type == 'weighted":
integrated reflection, weights = self.integration layer(x, basic reflection, metacognition reflection,
uncertainty reflection)
return integrated reflection, {
'basic_reflection': basic_reflection,
'metacognition_reflection': metacognition_reflection,
'uncertainty reflection': uncertainty reflection,
'knowledge inconsistency': knowledge inconsistency,
'multimodal inconsistency': multimodal inconsistency,
'metacognitive_error prob': metacognitive error prob,
'detailed bias_probs': detailed bias probs,
'epistemic_variance': epistemic_variance,
‘aleatoric_variance': aleatoric_variance,
'total variance': total variance,
'layer weights': weights
}
elif self.integration layer.integration_type == 'nonlinear":
integrated_reflection = self.integration_layer(x, basic_reflection, metacognition_reflection,
uncertainty reflection)
return integrated reflection, {
'basic_reflection': basic_reflection,
'metacognition_reflection’: metacognition_reflection,
'uncertainty reflection': uncertainty reflection,
'knowledge inconsistency': knowledge inconsistency,
'multimodal inconsistency': multimodal inconsistency,
'metacognitive error prob': metacognitive error prob,
'detailed bias probs': detailed bias probs,
'epistemic_variance': epistemic_variance,
'aleatoric_variance': aleatoric_variance,
'total variance': total variance

elif self.integration layer.integration type == 'context'":
integrated_reflection, context weights, layer weights = self.integration layer(x, basic_reflection,
metacognition_reflection, uncertainty reflection)
return integrated reflection, {
'basic_reflection': basic_reflection,
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'metacognition_reflection': metacognition reflection,
‘uncertainty reflection': uncertainty reflection,
'knowledge inconsistency': knowledge inconsistency,
‘multimodal inconsistency': multimodal inconsistency,
'metacognitive _error prob': metacognitive error prob,
'detailed bias_probs': detailed bias probs,
'epistemic_variance': epistemic_variance,
‘aleatoric_variance': aleatoric_variance,
'total variance': total variance,
‘context weights': context weights,
'layer_weights': layer weights

}

else:
integrated reflection = self.integration layer(x, basic_reflection, metacognition reflection,
uncertainty reflection)

return integrated reflection, {
'basic_reflection': basic_reflection,
'metacognition_reflection': metacognition_reflection,
'uncertainty reflection': uncertainty reflection,
'knowledge inconsistency': knowledge inconsistency,
'multimodal inconsistency': multimodal inconsistency,
'metacognitive_error prob': metacognitive error prob,
'detailed bias_probs': detailed bias probs,
'epistemic_variance': epistemic_variance,
‘aleatoric_variance': aleatoric_variance,
'total variance': total variance
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'python
class PropositionallLogicRepresentation:
def init (self):
self.rules =[]

def add_rule(self, rule):

Add a propositional logic rule.

Args:
rule: A string representing a propositional logic rule.

self.rules.append(rule)

def get rules(self):

Get all propositional logic rules.

Returns:
A list of strings representing propositional logic rules.
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return self.rules

def to_cnf(self):

mnmn

Convert rules to conjunctive normal form (CNF).

Returns:
A list of clauses in CNF.

# Implementation depends on the specific propositional logic library
pass

class FirstOrderLogicRepresentation:
def init (self):
self.facts =[]
self.rules =[]

def add fact(self, fact):

Add a first-order logic fact.

Args:
fact: A string representing a first-order logic fact.

self.facts.append(fact)

def add_rule(self, rule):

mnmn

Add a first-order logic rule.

Args:
rule: A string representing a first-order logic rule.

self.rules.append(rule)

def get facts(self):

Get all first-order logic facts.

Returns:
A list of strings representing first-order logic facts.

return self.facts

def get rules(self):

mnmn

Get all first-order logic rules.

Returns:
A list of strings representing first-order logic rules.

return self.rules

class ProbabilisticLogicRepresentation:
def init (self):
self.facts =[]
self.rules =[]

defadd_fact(self, fact, probability):

Add a probabilistic fact.
Args:
fact: A string representing a fact.

probability: A float representing the probability of the fact.
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self.facts.append((fact, probability))

def add_rule(self, rule, probability):

mnmn

Add a probabilistic rule.

Args:
rule: A string representing a rule.
probability: A float representing the probability of the rule.

mnmn

self.rules.append((rule, probability))

def get facts(self):

nnn

Get all probabilistic facts.

Returns:
A list of tuples (fact, probability).

return self.facts

def get rules(self):

Get all probabilistic rules.

Returns:
A list of tuples (rule, probability).

mnmn

return self.rules

class KnowledgeGraphRepresentation:
def init (self):
self.triples = []

def add_triple(self, subject, predicate, object):

Add a knowledge graph triple.

Args:
subject: A string representing the subject entity.
predicate: A string representing the predicate relation.
object: A string representing the object entity.

self.triples.append((subject, predicate, object))

def get_triples(self):

Get all knowledge graph triples.

Returns:
A list of tuples (subject, predicate, object).

mnmn

return self.triples

def get_entities(self):

nnn

Get all entities in the knowledge graph.

Returns:
A set of strings representing entities.

entities = set()

for subject, , object in self.triples:
entities.add(subject)
entities.add(object)
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return entities

def get relations(self):

Get all relations in the knowledge graph.

Returns:
A set of strings representing relations.
nnn
relations = set()
for , predicate, in self.triples:
relations.add(predicate)
return relations

class OntologyRepresentation:
def init (self):
self.concepts = {}
self.relations = {}

def add concept(self, concept, parent=None):

nnn

Add a concept to the ontology.

Args:
concept: A string representing the concept.

parent: A string representing the parent concept, or None.

nnn

if concept not in self.concepts:
self.concepts[concept] = {
'parent': parent,
'children': [],
attributes': {}

}

if parent is not None and parent in self.concepts:
self.concepts[parent]['children'].append(concept)

def add_attribute(self, concept, attribute, value):

nnn

Add an attribute to a concept.

Args:
concept: A string representing the concept.
attribute: A string representing the attribute.
value: The value of the attribute.
mnmn
if concept in self.concepts:
self.concepts[concept]['attributes'|[attribute] = value

def add relation(self, relation, domain, range):

nnn

Add a relation to the ontology.

Args:
relation: A string representing the relation.
domain: A string representing the domain concept.
range: A string representing the range concept.

mnmn

self.relations[relation] = {
'domain': domain,
'range': range

}

def get concepts(self):

mnmn

Get all concepts in the ontology.
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Returns:
A dictionary mapping concept names to concept information.

return self.concepts

def get relations(self):

Get all relations in the ontology.

Returns:
A dictionary mapping relation names to relation information.

return self.relations

def get parents(self, concept):

Get all parents of a concept.

Args:
concept: A string representing the concept.

Returns:
A list of strings representing parent concepts.

mnmn

parents = []

current = concept

while current in self.concepts and self.concepts[current]['parent'] is not None:
current = self.concepts[current]['parent']
parents.append(current)

return parents

defis_a(self, conceptl, concept2):

Check if conceptl is a subclass of concept2.

Args:
conceptl: A string representing the first concept.
concept2: A string representing the second concept.

Returns:
A boolean indicating whether conceptl is a subclass of concept2.

return concept? in self.get parents(conceptl)

SRk T AR X

. TEEREERI, —REEREERI, WMERGRBERMEL. AR 7 7R Av buY KR LY
DI IARPRMTE, INoD7 TRIF, ZNFTNOERTHAFHZREL., BET 200X Y v Rt
95,

6.62 1A 7 v FiitaiL v S v DIELE

NA TV FifdwT Y vid, B siti A 7= AL (g, i, 7787 > a v, MR 2HRaLl.
WRIIE U TEY) e i /152 IR 28 C°H 5, BMAINZIZLZ T oMY Th 5,

'python
class DeductiveReasoningEngine:
def init (self, knowledge base):
self.knowledge base = knowledge base

def reason(self, query):

Perform deductive reasoning.
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Args:
query: A query to be answered.

Returns:

The result of the deductive reasoning.
# Implementation depends on the specific deductive reasoning library
pass

class InductiveReasoningEngine:
def init (self, knowledge base):
self. knowledge base = knowledge base

def reason(self, examples):

nnn

Perform inductive reasoning.

Args:
examples: A list of examples to learn from.

Returns:
The result of the inductive reasoning.
mnmn
# Implementation depends on the specific inductive reasoning library
pass

class AbductiveReasoningEngine:
def init (self, knowledge base):
self.knowledge base = knowledge base

def reason(self, observation):

Perform abductive reasoning.

Args:
observation: An observation to be explained.

Returns:

The result of the abductive reasoning.
# Implementation depends on the specific abductive reasoning library
pass

class ProbabilisticReasoningEngine:
def init (self, knowledge base):
self.knowledge base = knowledge base

def reason(self, query, evidence=None):

Perform probabilistic reasoning.

Args:
query: A query to be answered.
evidence: Evidence to condition on, or None.

Returns:

The result of the probabilistic reasoning.
# Implementation depends on the specific probabilistic reasoning library
pass

class HybridReasoningEngine:
def init (self, knowledge base):
self.knowledge base = knowledge base
self.deductive_engine = DeductiveReasoningEngine(knowledge base)
self.inductive_engine = InductiveReasoningEngine(knowledge base)
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self.abductive_engine = AbductiveReasoningEngine(knowledge base)
self.probabilistic_engine = ProbabilisticReasoningEngine(knowledge base)

def reason(self, query, reasoning_type=None, **kwargs):

Perform reasoning.

Args:
query: A query to be answered.
reasoning_type: The type of reasoning to perform, or None to automatically select.
**kwargs: Additional arguments for the specific reasoning engine.

Returns:
The result of the reasoning.
nnn
if reasoning_type == 'deductive":
return self.deductive _engine.reason(query, **kwargs)
elif reasoning_type == 'inductive":
return self.inductive engine.reason(query, **kwargs)
elif reasoning_type == 'abductive":
return self.abductive engine.reason(query, **kwargs)
elif reasoning_type == 'probabilistic':
return self.probabilistic_engine.reason(query, **kwargs)
else:
# Automatically select the most appropriate reasoning type
# This is a simplified implementation
if 'examples' in kwargs:
return self.inductive engine.reason(query, **kwargs)
elif 'observation' in kwargs:
return self.abductive engine.reason(query, **kwargs)
elif 'evidence' in kwargs:
return self.probabilistic_engine.reason(query, **kwargs)
else:
return self.deductive _engine.reason(query, **kwargs)
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python
class PatternExtractor:
def init (self, knowledge base):
self. knowledge base = knowledge base

def extract patterns(self, data):

Extract patterns from data.

Args:
data: The data to extract patterns from.

Returns:
A list of extracted patterns.

# Implementation depends on the specific pattern extraction algorithm
pass

class Knowledgelntegrator:
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def init (self, knowledge base):
self. knowledge base = knowledge base

def integrate knowledge(self, new knowledge):

mnmn

Integrate new knowledge into the knowledge base.

Args:
new_knowledge: The new knowledge to integrate.

Returns:

The updated knowledge base.
# Implementation depends on the specific knowledge integration algorithm
pass

class ConflictDetector:
def init (self, knowledge base):
self. knowledge base = knowledge base

def detect_conflicts(self, new_knowledge):

Detect conflicts between new knowledge and existing knowledge.

Args:
new_knowledge: The new knowledge to check for conflicts.

Returns:
A list of detected conflicts.
mnmn
# Implementation depends on the specific conflict detection algorithm
pass

class ConflictResolver:
def init (self, knowledge base):
self.knowledge base = knowledge base

def resolve conflicts(self, conflicts):

nnn

Resolve conflicts in the knowledge base.

Args:
conflicts: A list of conflicts to resolve.

Returns:

The updated knowledge base.
# Implementation depends on the specific conflict resolution algorithm
pass

class KnowledgeAcquisitionModule:
def init (self, knowledge base):
self.knowledge base = knowledge base
self.pattern_extractor = PatternExtractor(knowledge base)
self.knowledge integrator = Knowledgelntegrator(knowledge base)
self.conflict detector = ConflictDetector(knowledge base)
self.conflict_resolver = ConflictResolver(knowledge base)

def acquire_knowledge(self, data):

Acquire knowledge from data.

Args:
data: The data to acquire knowledge from.

Returns:
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The updated knowledge base.

# Extract patterns from data
patterns = self.pattern _extractor.extract patterns(data)

# Detect conflicts with existing knowledge
conflicts = self.conflict detector.detect conflicts(patterns)

# Resolve conflicts
if conflicts:
self.conflict resolver.resolve conflicts(conflicts)

# Integrate new knowledge
self. knowledge integrator.integrate knowledge(patterns)

return self.knowledge base
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'python
class ReliabilityEvaluator:

def init (self, knowledge base):
self.knowledge base = knowledge base

def evaluate reliability(self, knowledge):

Evaluate the reliability of knowledge.

Args:
knowledge: The knowledge to evaluate.

Returns:
A float representing the reliability score.

mnmn

# Implementation depends on the specific reliability evaluation algorithm

pass

class ScopeAnalyzer:

def init (self, knowledge base):
self.knowledge base = knowledge base

def analyze scope(self, knowledge):

Analyze the scope of applicability of knowledge.

Args:
knowledge: The knowledge to analyze.

Returns:
A description of the scope of applicability.

# Implementation depends on the specific scope analysis algorithm

pass

class ConfidenceAssigner:
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def init (self, knowledge base):
self. knowledge base = knowledge base

def assign confidence(self, knowledge, reliability, scope):

Assign a confidence score to knowledge.

Args:
knowledge: The knowledge to assign confidence to.
reliability: The reliability score of the knowledge.
scope: The scope of applicability of the knowledge.

Returns:
The knowledge with an assigned confidence score.
nnn
# Implementation depends on the specific confidence assignment algorithm
pass

class KnowledgeVerificationModule:
def init (self, knowledge base):
self.knowledge base = knowledge base
self.reliability evaluator = ReliabilityEvaluator(knowledge base)
self.scope analyzer = ScopeAnalyzer(knowledge base)
self.confidence assigner = ConfidenceAssigner(knowledge base)

def verify knowledge(self, knowledge):

nnn

Verify knowledge.

Args:
knowledge: The knowledge to verify.

Returns:
The verified knowledge with an assigned confidence score.

# Evaluate reliability
reliability = self.reliability evaluator.evaluate reliability(knowledge)

# Analyze scope
scope = self.scope analyzer.analyze scope(knowledge)

# Assign confidence
verified knowledge = self.confidence assigner.assign _confidence(knowledge, reliability, scope)

return verified knowledge
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'python
class ExtensibleKnowledgeBase:
def init (self):

# Knowledge representations
self.propositional logic = PropositionalLogicRepresentation()
self.first order logic = FirstOrderLogicRepresentation()
self.probabilistic_logic = ProbabilisticLogicRepresentation()
self.knowledge graph = KnowledgeGraphRepresentation()
self.ontology = OntologyRepresentation()
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# Reasoning engine
self.reasoning_engine = HybridReasoningEngine(self)

# Knowledge acquisition module
self.acquisition_module = KnowledgeAcquisitionModule(self)

# Knowledge verification module
self.verification_module = Knowledge VerificationModule(self)

def add knowledge(self, knowledge, representation_type):

Add knowledge to the knowledge base.

Args:
knowledge: The knowledge to add.
representation_type: The type of knowledge representation to use.

Returns:
None
# Verify knowledge
verified knowledge = self.verification module.verify knowledge(knowledge)

# Add to appropriate representation
if representation_type == 'propositional logic'":
if isinstance(verified knowledge, list):
for rule in verified knowledge:
self.propositional logic.add rule(rule)
else:
self.propositional logic.add_rule(verified knowledge)
elif representation_type == 'first order logic":
if isinstance(verified knowledge, tuple) and len(verified knowledge) == 2:
if verified knowledge[0] == 'fact":
self.first order logic.add fact(verified knowledge[1])
elif verified knowledge[0] == 'rule":
self.first order logic.add rule(verified knowledge[1])
elif isinstance(verified knowledge, list):
for item in verified knowledge:
if isinstance(item, tuple) and len(item) == 2:
if item[0] == 'fact":
self.first order logic.add fact(item[1])
elif item[0] == "rule":
self.first order logic.add rule(item[1])
elif representation _type == 'probabilistic_logic'":
if isinstance(verified knowledge, tuple) and len(verified knowledge) == 3:
if verified knowledge[0] == 'fact'":
self.probabilistic logic.add fact(verified knowledge[1], verified knowledge[2])
elif verified knowledge[0] == 'rule":
self.probabilistic logic.add rule(verified knowledge[1], verified knowledge[2])
elif isinstance(verified knowledge, list):
for item in verified knowledge:
if isinstance(item, tuple) and len(item) == 3:
if item[0] == 'fact":
self.probabilistic_logic.add fact(item[1], item[2])
elif item[0] == 'rule":
self.probabilistic_logic.add_rule(item[1], item[2])
elif representation type == 'knowledge graph':
if isinstance(verified knowledge, tuple) and len(verified knowledge) == 3:
self.knowledge graph.add_triple(*verified knowledge)
elif isinstance(verified knowledge, list):
for triple in verified knowledge:
if isinstance(triple, tuple) and len(triple) == 3:
self.knowledge graph.add_triple(*triple)
elif representation_type == 'ontology":
if isinstance(verified _knowledge, tuple) and len(verified knowledge) >= 2:
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if verified knowledge[0] == 'concept":
if len(verified knowledge) == 2:
self.ontology.add_concept(verified knowledge[1])
elif len(verified knowledge) == 3:
self.ontology.add concept(verified knowledge[1], verified knowledge[2])
elif verified knowledge[0] == 'attribute":
if len(verified knowledge) == 4:
self.ontology.add _attribute(verified knowledge[1], verified knowledge[2], verified knowledge[3])
elif verified knowledge[0] == 'relation':
if len(verified knowledge) == 4:
self.ontology.add_relation(verified knowledge[1], verified knowledge[2], verified knowledge[3])
elif isinstance(verified knowledge, list):
for item in verified knowledge:
if isinstance(item, tuple) and len(item) >= 2:
if item[0] == 'concept":
if len(item) == 2:
self.ontology.add concept(item[1])
elif len(item) == 3:
self.ontology.add_concept(item[1], item[2])
elif item[0] == 'attribute":
if len(item) == 4:
self.ontology.add_attribute(item[1], item[2], item[3])
elif item[0] == 'relation":
if len(item) == 4:
self.ontology.add relation(item[1], item[2], item[3])

def reason(self, query, reasoning_type=None, **kwargs):

Perform reasoning.

Args:
query: A query to be answered.
reasoning_type: The type of reasoning to perform, or None to automatically select.
**kwargs: Additional arguments for the specific reasoning engine.

Returns:
The result of the reasoning.

return self.reasoning_engine.reason(query, reasoning_type, **kwargs)

def acquire_knowledge from data(self, data):

Acquire knowledge from data.

Args:
data: The data to acquire knowledge from.

Returns:
None

self.acquisition_module.acquire_knowledge(data)

def get knowledge(self, representation_type=None):

Get knowledge from the knowledge base.

Args:
representation_type: The type of knowledge representation to get, or None to get all.

Returns:
The requested knowledge.

JE—

if representation_type == 'propositional logic':
return self.propositional logic.get rules()

elif representation type == 'first_order logic":
return {
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'facts': self.first order logic.get facts(),
'rules': self.first order logic.get rules()
}
elif representation type == 'probabilistic logic'":
return {
'facts': self.probabilistic logic.get facts(),
'rules': self.probabilistic_logic.get rules()
}
elif representation_type == 'knowledge graph':
return self.knowledge graph.get triples()
elif representation_type == 'ontology":
return {
'concepts': self.ontology.get concepts(),
'relations': self.ontology.get relations()
}
else:
return {
'propositional logic': self.propositional logic.get rules(),
'first_order logic': {
'facts': self.first order logic.get facts(),
'rules': self.first order logic.get rules()

}

'probabilistic_logic': {
'facts': self.probabilistic logic.get facts(),
'rules': self.probabilistic_logic.get rules()

}

v

owledge graph': self.knowledge graph.get triples(),
'ontology": {
'concepts': self.ontology.get concepts(),
'relations': self.ontology.get relations()
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class ReflectionVectorAnalyzer:
def init (self, threshold=0.5):
self.threshold = threshold

def analyze(self, reflection _vector):

Analyze a reflection vector.

Args:
reflection _vector: A tensor of shape [batch_size, output dim].

Returns:
A binary mask of the same shape, indicating which elements need modification.
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# Apply threshold
mask = (reflection_vector > self.threshold).float()

return mask

class ErrorPatternClassifier:
def init (self, input dim, hidden dim, num_patterns=5):
self.input dim = input_dim
self.hidden dim = hidden_dim
self.num_patterns = num_patterns

# Pattern classifier

self.classifier = nn.Sequential(
nn.Linear(input dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden_dim, num_patterns),
nn.Softmax(dim=1)

)

# Pattern names (for interpretability)
self.pattern_names = [

"logical inconsistency",

"factual error",

"high uncertainty",

"bias",

"incomplete information"

]

def classify(self, reflection_info):

Classify error patterns.

Args:
reflection_info: A dictionary containing reflection information.

Returns:

A tensor of shape [batch_size, num_patterns] representing pattern probabilities.
# Extract relevant information
features =[]

if 'knowledge inconsistency' in reflection_info:
features.append(reflection_info['knowledge inconsistency'])

if 'multimodal_inconsistency' in reflection_info:
features.append(reflection_info['multimodal inconsistency'])

if 'metacognitive error prob' in reflection_info:
features.append(reflection_info['metacognitive error prob'])

if 'detailed_bias_probs' in reflection_info:
features.append(reflection info['detailed bias probs'])

if 'epistemic_variance' in reflection_info:
# Take mean across output dimension
features.append(reflection_info['epistemic variance'].mean(dim=1, keepdim=True))

if 'aleatoric_variance' in reflection_info:
# Take mean across output dimension
features.append(reflection_info['aleatoric_variance'].mean(dim=1, keepdim=True))
# Concatenate features
if features:
combined = torch.cat(features, dim=1)

# Classify patterns
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pattern_probs = self.classifier(combined)

return pattern_probs
else:
# Return uniform distribution if no features are available
batch_size = next(iter(reflection_info.values())).size(0)
return torch.ones(batch_size, self.num_patterns) / self.num_patterns

class ModificationlmpactPredictor:
def init (self, input dim, hidden dim, output dim):
self.input dim = input dim
self.hidden dim = hidden dim
self.output dim = output dim

# Impact predictor
self.predictor = nn.Sequential(
nn.Linear(input_dim + output dim * 2, hidden_dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden_dim, output dim)
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class KnowledgeBaseQueryEngine:
def init (self, knowledge base):
self.knowledge base = knowledge base

def query(self, error_pattern, input_data, output_data, modification mask):

Query the knowledge base for relevant knowledge.

Args:
error_pattern: The type of error pattern.
input_data: The input data.
output data: The output data.
modification mask: A binary mask indicating which parts of the output need modification.

Returns:
Relevant knowledge from the knowledge base.

# Extract key information from input and output
key info = self. extract key info(input data, output data, modification mask)

# Query knowledge base based on error pattern and key information

if error pattern == "logical inconsistency":

# Query logical rules

return self.knowledge base.reason(key info, reasoning type="deductive")
elif error_pattern == "factual error":

# Query facts

return self.knowledge base.reason(key info, reasoning_type="deductive")
elif error_pattern == "high uncertainty":

# Query probabilistic knowledge

return self.knowledge base.reason(key info, reasoning type="probabilistic'")
elif error_pattern == "bias":

# Query bias correction rules

return self.knowledge base.reason(key info, reasoning_type="deductive")
elif error_pattern == "incomplete information":

# Query for additional information

return self.knowledge base.reason(key info, reasoning type="abductive'")
else:
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# Default to deductive reasoning
return self.knowledge base.reason(key info, reasoning type="deductive")

def extract key info(self, input data, output data, modification mask):

mnmn

Extract key information from input and output data.

Args:
input_data: The input data.
output data: The output data.
modification mask: A binary mask indicating which parts of the output need modification.

Returns:
Key information for knowledge base query.
nnn
# This is a simplified implementation
# In practice, this would involve more sophisticated information extraction

# Extract parts of output that need modification
masked output = output data * modification mask

# Combine with input data
key info = {
"input": input_data,
"output": output data,
"masked output": masked output,
"modification_mask": modification mask

}

return key info

class CandidateGenerator:
def init (self, knowledge base):
self.knowledge base = knowledge base
self.query_engine = KnowledgeBaseQueryEngine(knowledge base)

def generate candidates(self, error pattern, input_data, output data, modification mask):

Generate modification candidates.

Args:
error_pattern: The type of error pattern.
input data: The input data.
output data: The output data.
modification mask: A binary mask indicating which parts of the output need modification.

Returns:
A list of modification candidates.
# Query knowledge base for relevant knowledge
relevant_knowledge = self.query engine.query(error_pattern, input_data, output data, modification mask)

# Generate candidates based on relevant knowledge
candidates = self. generate from knowledge(relevant knowledge, input data, output data, modification mask)

return candidates
def generate from knowledge(self, relevant knowledge, input data, output data, modification mask):

mnmn

Generate candidates from relevant knowledge.

Args:
relevant _knowledge: Relevant knowledge from the knowledge base.
input_data: The input data.
output data: The output data.
modification mask: A binary mask indicating which parts of the output need modification.
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Returns:
A list of modification candidates.
mnmn
# This is a simplified implementation
# In practice, this would involve more sophisticated candidate generation

# Initialize candidates list
candidates = []

# Generate candidates based on reasoning type
if isinstance(relevant_knowledge, dict) and "reasoning_type" in relevant _knowledge:
if relevant_knowledge["reasoning_type"] == "deductive":
# Generate candidates based on deductive reasoning
deductive candidates = self. generate deductive candidates(relevant knowledge, input_data, output_data,
modification mask)
candidates.extend(deductive candidates)
elif relevant_knowledge["reasoning_type"] == "abductive":
# Generate candidates based on abductive reasoning
abductive candidates = self. generate abductive candidates(relevant knowledge, input data, output data,
modification mask)
candidates.extend(abductive candidates)
elif relevant_knowledge["reasoning_type"] == "probabilistic":
# Generate candidates based on probabilistic reasoning
probabilistic candidates = self. generate probabilistic candidates(relevant knowledge, input data,
output data, modification mask)
candidates.extend(probabilistic_candidates)

# If no candidates were generated, create a default candidate
if not candidates:
default candidate = output_data.clone()
# Set modified parts to zero (placeholder)
default candidate[modification_mask > 0.5] = 0.0
candidates.append(default candidate)

return candidates

def generate deductive candidates(self, relevant knowledge, input data, output data, modification mask):

nnn

Generate candidates based on deductive reasoning.

Args:
relevant_knowledge: Relevant knowledge from the knowledge base.
input data: The input data.
output data: The output data.
modification mask: A binary mask indicating which parts of the output need modification.

Returns:

A list of candidates.
# This is a simplified implementation
candidates = []

# Create a modified output
modified output = output_data.clone()

# Apply modifications based on deductive reasoning
if "conclusions" in relevant knowledge:
for i, conclusion in enumerate(relevant knowledge["conclusions"]):
# Apply conclusion to modified output
# This is a placeholder implementation
modified output[i][modification mask[i] > 0.5] = conclusion

candidates.append(modified output)
return candidates
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def generate abductive candidates(self, relevant knowledge, input data, output data, modification mask):

mnmn

Generate candidates based on abductive reasoning.

Args:
relevant_knowledge: Relevant knowledge from the knowledge base.
input data: The input data.
output data: The output data.
modification mask: A binary mask indicating which parts of the output need modification.

Returns:

A list of candidates.
# This is a simplified implementation
candidates = []

# Create multiple modified outputs
if "explanations" in relevant_knowledge:
for explanation in relevant knowledge["explanations"]:
modified output = output data.clone()

# Apply explanation to modified output
# This is a placeholder implementation
for i in range(len(modified output)):
modified output[i][modification mask[i] > 0.5] = explanation

candidates.append(modified output)
return candidates

def generate probabilistic candidates(self, relevant knowledge, input data, output data, modification mask):

nnn

Generate candidates based on probabilistic reasoning.

Args:
relevant_knowledge: Relevant knowledge from the knowledge base.
input data: The input data.
output data: The output data.
modification mask: A binary mask indicating which parts of the output need modification.

Returns:

A list of candidates.
# This is a simplified implementation
candidates = []

# Create multiple modified outputs with different probabilities
if "distributions" in relevant_knowledge:
for distribution in relevant knowledge["distributions"]:
modified output = output data.clone()

# Apply distribution to modified output

# This is a placeholder implementation

for i in range(len(modified output)):
# Sample from distribution
sample = torch.tensor(np.random.choice(distribution["values"], p=distribution["probabilities"]))
modified output[i][modification mask[i] > 0.5] = sample

candidates.append(modified output)
return candidates
class CandidateRanker:
def init (self, knowledge base, hidden dim):

self. knowledge base = knowledge base
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self.hidden dim = hidden dim

# Ranking model

self.ranking model = nn.Sequential(
nn.Linear(hidden dim * 2, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim // 2),
nn.ReLU(),
nn.Linear(hidden_dim // 2, 1)

)

def rank candidates(self, candidates, input_data, original output, reflection_info):

Rank modification candidates.

Args:
candidates: A list of modification candidates.
input_data: The input data.
original output: The original output.
reflection_info: Information from the reflection process.

Returns:
A list of ranked candidates.
mnmn
# Compute features for each candidate
candidate features =[]
for candidate in candidates:
# Compute consistency with knowledge base
consistency = self. compute consistency(candidate, input_data)

# Compute similarity to original output
similarity = self. compute similarity(candidate, original output)

# Compute uncertainty reduction
uncertainty reduction = self. compute uncertainty reduction(candidate, reflection_info)

# Combine features
features = torch.cat([consistency, similarity, uncertainty reduction], dim=1)
candidate features.append(features)

# Stack features
if candidate features:
stacked features = torch.cat(candidate features, dim=0)

# Compute scores
scores = self.ranking model(stacked features)

# Sort candidates by score
sorted_indices = torch.argsort(scores, dim=0, descending=True).squeeze()
ranked candidates = [candidates[i] for i in sorted indices]

return ranked candidates
else:
return candidates

def compute consistency(self, candidate, input_data):
Compute consistency of candidate with knowledge base.
Args:

candidate: A modification candidate.
input data: The input data.

Returns:
A tensor representing consistency.
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# This is a simplified implementation
# In practice, this would involve more sophisticated consistency evaluation

# Placeholder: return random consistency score
batch_size = candidate.size(0)
return torch.rand(batch_size, self.hidden_dim // 3)

def compute similarity(self, candidate, original output):

nnn

Compute similarity between candidate and original output.

Args:
candidate: A modification candidate.
original output: The original output.

Returns:
A tensor representing similarity.
mnmn
# This is a simplified implementation
# In practice, this would involve more sophisticated similarity computation

# Compute cosine similarity

normalized candidate = F.normalize(candidate, p=2, dim=1)

normalized original = F.normalize(original output, p=2, dim=1)

similarity = torch.sum(normalized candidate * normalized original, dim=1, keepdim=True)

# Expand to required dimension
batch size = candidate.size(0)
expanded_similarity = similarity.expand(batch_size, self.hidden_dim // 3)

return expanded similarity

def compute uncertainty reduction(self, candidate, reflection_info):

Compute uncertainty reduction achieved by candidate.

Args:
candidate: A modification candidate.
reflection_info: Information from the reflection process.

Returns:
A tensor representing uncertainty reduction.
mnmn
# This is a simplified implementation
# In practice, this would involve more sophisticated uncertainty evaluation

# Placeholder: return random uncertainty reduction
batch_size = candidate.size(0)
return torch.rand(batch_size, self.hidden_dim // 3)

class OutputModificationGenerator:
def init (self, knowledge base, hidden dim):
self.knowledge base = knowledge base
self.hidden dim = hidden dim

# Components
self.candidate generator = CandidateGenerator(knowledge base)
self.candidate ranker = CandidateRanker(knowledge base, hidden dim)

def generate _modifications(self, error_patterns, input_data, output_data, modification mask, reflection_info):

mnmn

Generate output modifications.

Args:
error_patterns: The types of error patterns.
input_data: The input data.
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output data: The output data.
modification mask: A binary mask indicating which parts of the output need modification.
reflection_info: Information from the reflection process.

Returns:
A list of ranked modification candidates.

all_candidates = []

# Generate candidates for each error pattern
for error_pattern in error_patterns:
candidates = self.candidate generator.generate candidates(
error_pattern, input data, output data, modification mask

all_candidates.extend(candidates)
# Rank candidates

ranked candidates = self.candidate ranker.rank candidates(
all candidates, input data, output data, reflection info
)

return ranked candidates
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class GlobalConsistencyChecker:
def init (self, knowledge base, hidden dim):
self.knowledge base = knowledge base
self.hidden dim = hidden dim

# Consistency evaluation model
self.consistency model = nn.Sequential(
nn.Linear(hidden_dim * 2, hidden_dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim // 2),
nn.ReLU(),
nn.Linear(hidden dim // 2, 1),
nn.Sigmoid()

)

def check consistency(self, output, input_data):

Check global consistency of output with knowledge base.

Args:
output: The output to check.
input_data: The input data.

Returns:
A consistency score and a list of inconsistencies.

mnmn

# This is a simplified implementation
# In practice, this would involve more sophisticated consistency checking
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# Compute features for consistency evaluation
features = self. compute features(output, input data)

# Evaluate consistency
consistency_score = self.consistency model(features)

# Detect inconsistencies
inconsistencies = self. detect inconsistencies(output, input data)

return consistency_score, inconsistencies

def compute features(self, output, input data):

Compute features for consistency evaluation.

Args:
output: The output to check.
input_data: The input data.

Returns:
Features for consistency evaluation.
mnmn
# This is a simplified implementation
# In practice, this would involve more sophisticated feature computation

# Concatenate input and output
combined = torch.cat([input_data, output], dim=1)

# Project to feature space
features = combined # Placeholder

return features

def detect inconsistencies(self, output, input data):

mnmn

Detect inconsistencies in output.

Args:
output: The output to check.
input_data: The input data.

Returns:
A list of detected inconsistencies.
# This is a simplified implementation
# In practice, this would involve more sophisticated inconsistency detection

# Placeholder: return empty list
return []

class LocalConsistencyChecker:
def init (self, knowledge base, hidden dim):
self.knowledge base = knowledge base
self.hidden dim = hidden dim

# Consistency evaluation model
self.consistency model = nn.Sequential(
nn.Linear(hidden_dim * 3, hidden_dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim // 2),
nn.ReLU(),
nn.Linear(hidden dim // 2, 1),
nn.Sigmoid()

)

def check consistency(self, output, input_data, modification mask):
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Check local consistency of modified parts with surrounding context.

Args:
output: The output to check.
input_data: The input data.
modification mask: A binary mask indicating which parts were modified.

Returns:
A consistency score and a list of inconsistencies.
mnmn
# This is a simplified implementation
# In practice, this would involve more sophisticated consistency checking

# Compute features for consistency evaluation
features = self. compute features(output, input data, modification mask)

# Evaluate consistency
consistency_score = self.consistency model(features)

# Detect inconsistencies
inconsistencies = self._detect inconsistencies(output, input data, modification mask)

return consistency_score, inconsistencies

def compute features(self, output, input data, modification mask):

nnn

Compute features for consistency evaluation.

Args:
output: The output to check.
input data: The input data.
modification mask: A binary mask indicating which parts were modified.

Returns:
Features for consistency evaluation.
mnmn
# This is a simplified implementation
# In practice, this would involve more sophisticated feature computation

# Concatenate input, output, and modification mask
combined = torch.cat([input_data, output, modification mask], dim=1)

# Project to feature space
features = combined # Placeholder

return features

def detect inconsistencies(self, output, input data, modification mask):

Detect inconsistencies in output.

Args:
output: The output to check.
input data: The input data.
modification mask: A binary mask indicating which parts were modified.

Returns:
A list of detected inconsistencies.

# This is a simplified implementation
# In practice, this would involve more sophisticated inconsistency detection

# Placeholder: return empty list
return []
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class ConsistencyScorer:
def init (self, knowledge base, hidden dim):
self.knowledge base = knowledge base
self.hidden dim = hidden dim

# Global and local consistency checkers
self.global checker = GlobalConsistencyChecker(knowledge base, hidden dim)
self.local checker = LocalConsistencyChecker(knowledge base, hidden dim)

# Weights for global and local consistency
self.global weight = nn.Parameter(torch.tensor(0.5))
self.local_weight = nn.Parameter(torch.tensor(0.5))

def score_consistency(self, output, input data, modification mask=None):

nnn

Score the consistency of output.

Args:
output: The output to score.
input_data: The input data.
modification mask: A binary mask indicating which parts were modified, or None.

Returns:
A consistency score and a list of inconsistencies.

# Check global consistency
global score, global inconsistencies = self.global checker.check consistency(output, input_data)

# Check local consistency if modification mask is provided
if modification mask is not None:

local score, local inconsistencies = self.local checker.check consistency(output, input data,
modification mask)

# Combine global and local scores
combined score = self.global weight * global score + self.local weight * local score

# Combine inconsistencies

combined inconsistencies = global inconsistencies + local inconsistencies
else:

combined score = global score

combined inconsistencies = global inconsistencies

return combined score, combined inconsistencies

class ConsistencyEvaluator:
def init (self, knowledge base, hidden dim, consistency threshold=0.8):
self.knowledge base = knowledge base
self.hidden dim = hidden dim
self.consistency threshold = consistency threshold

# Consistency scorer
self.consistency_scorer = ConsistencyScorer(knowledge base, hidden dim)

def evaluate consistency(self, output, input_data, modification mask=None):

Evaluate the consistency of output and determine if further modification is needed.

Args:
output: The output to evaluate.
input_data: The input data.
modification mask: A binary mask indicating which parts were modified, or None.

Returns:
A tuple (is_consistent, consistency score, inconsistencies, new _modification mask).

mnmn

# Score consistency

New York General Group



consistency_score, inconsistencies = self.consistency scorer.score consistency(output, input data,
modification_mask)

# Determine if output is consistent
is_consistent = (consistency_score >= self.consistency_threshold).all()

# Create new modification mask if further modification is needed
if not is_consistent and inconsistencies:

new_modification_mask = self. create_modification mask(output, inconsistencies)
else:

new_modification mask = None

return is_consistent, consistency _score, inconsistencies, new_modification mask
def create_modification_mask(self, output, inconsistencies):

i

Create a modification mask based on detected inconsistencies.

Args:

output: The output.
inconsistencies: A list of detected inconsistencies.

Returns:
A binary mask indicating which parts need further modification.

# This is a simplified implementation
# In practice, this would involve more sophisticated mask creation

# Initialize mask with zeros
mask = torch.zeros_like(output)

# Set mask to 1 for each inconsistency
for inconsistency in inconsistencies:
if "indices" in inconsistency:
for idx in inconsistency["indices"]:
mask[idx] = 1.0

return mask
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class ImprovementEvaluator:
def init (self, improvement threshold=0.01):
self.improvement_threshold = improvement threshold

def evaluate improvement(self, current score, previous score):

Evaluate improvement in consistency score.

Args:
current_score: The current consistency score.
previous_score: The previous consistency score.

Returns:
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A boolean indicating whether significant improvement was achieved.

# Compute improvement
improvement = current _score - previous_score

# Check if improvement is significant
is_significant = (improvement > self.improvement threshold).all()

return is_significant

class ConvergenceDetector:
def init (self, convergence threshold=0.001):
self.convergence threshold = convergence threshold

def detect_convergence(self, current_output, previous_output):

Detect convergence in output.

Args:
current_output: The current output.
previous_output: The previous output.

Returns:
A boolean indicating whether convergence has been achieved.
mnmn
# Compute change in output
change = torch.norm(current output - previous_output, dim=1)

# Check if change is below threshold
has_converged = (change < self.convergence threshold).all()

return has_converged

class ResourceManager:
def init (self, max_iterations=10, time limit=None):
self.max_iterations = max_iterations
self.time limit = time limit
self.start time = None

def start(self):

mnmn

Start resource management.

self.start _time = time.time()

def should continue(self, current iteration):

mnmn

Determine if iteration should continue based on resource constraints.

Args:
current_iteration: The current iteration number.

Returns:
A boolean indicating whether iteration should continue.
mnmn
# Check iteration limit
if current_iteration >= self.max_iterations:
return False

# Check time limit
if self.time limit is not None and self.start time is not None:
elapsed time = time.time() - self.start time
if elapsed time > self.time limit:
return False

return True
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class IterationTerminator:
def init (self, max_iterations=10, time limit=None, improvement threshold=0.01,
convergence threshold=0.001):
self.improvement_evaluator = ImprovementEvaluator(improvement_threshold)
self.convergence detector = ConvergenceDetector(convergence threshold)
self.resource_manager = ResourceManager(max_iterations, time limit)

def start(self):

Start iteration termination management.

self.resource manager.start()

def should terminate(self, current iteration, current_output, previous_output, current_score, previous_score):

Determine if iteration should terminate.

Args:
current_iteration: The current iteration number.
current_output: The current output.
previous_output: The previous output.
current_score: The current consistency score.
previous_score: The previous consistency score.

Returns:
A boolean indicating whether iteration should terminate.

mnmn

# Check resource constraints

if not self.resource_manager.should continue(current_iteration):
return True

# Check convergence
if previous_output is not None and self.convergence detector.detect convergence(current output,
previous_output):
return True

# Check improvement
if previous_score is not None and not self.improvement evaluator.evaluate_improvement(current score,
previous_score):
return True

return False
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class FeedbackLoopIntegrator:
def init (self, knowledge base, hidden dim, output dim, max iterations=10, time limit=None,
consistency threshold=0.8, improvement threshold=0.01, convergence threshold=0.001):
self. knowledge base = knowledge base
self.hidden dim = hidden dim
self.output dim = output_dim

# Components

self.reflection _analyzer = ReflectionVectorAnalyzer()
self.error_classifier = ErrorPatternClassifier(hidden dim, hidden dim)
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self.modification_generator = OutputModificationGenerator(knowledge base, hidden dim)

self.consistency evaluator = ConsistencyEvaluator(knowledge base, hidden dim, consistency threshold)

self.iteration_terminator = IterationTerminator(max_iterations, time limit, improvement threshold,
convergence_threshold)

def integrate(self, input_data, initial output, reflection_vector, reflection_info):

Integrate feedback from reflection to improve output.

Args:
input_data: The input data.
initial output: The initial output.
reflection_vector: The reflection vector.
reflection_info: Additional information from the reflection process.

Returns:
The improved output.
mnmn
# Start iteration termination management
self.iteration terminator.start()

# Initialize variables
current_output = initial output
previous_output = None
current_score = None
previous_score = None
current_iteration = 0

# Analyze reflection vector
modification mask = self.reflection analyzer.analyze(reflection vector)

# Classify error patterns
error_pattern probs = self.error_classifier.classify(reflection info)
error_patterns = self. select error patterns(error pattern probs)

# Iterative improvement
while True:
# Evaluate consistency of current output
is_consistent, consistency_score, inconsistencies, new_modification_mask =
self.consistency evaluator.evaluate consistency(
current_output, input_data, modification _mask
)

# Update scores
previous_score = current_score
current_score = consistency_score

# Check termination conditions
if is_consistent or self.iteration terminator.should terminate(
current_iteration, current_output, previous_output, current score, previous_score

. break

# Update modification mask if new inconsistencies were detected
if new modification mask is not None:
modification mask = new modification mask

# Generate modification candidates

candidates = self.modification_generator.generate modifications(
error_patterns, input_data, current_output, modification mask, reflection_info

)

# Select best candidate

if candidates:
best candidate = candidates[0] # First candidate is the highest ranked
previous_output = current_output
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current_output = best _candidate
else:
break

# Increment iteration counter
current_iteration += 1

return current_output

def select error patterns(self, error pattern probs, top k=2):

Select top-k error patterns based on probabilities.

Args:
error_pattern probs: Probabilities for each error pattern.
top_k: Number of top patterns to select.

Returns:
A list of selected error pattern names.
# Get indices of top-k patterns
_, indices = torch.topk(error pattern probs, min(top_k, error pattern probs.size(1)), dim=1)

# Map indices to pattern names
pattern_names = []
for i in range(indices.size(0)):
batch_patterns =[]
for j in range(indices.size(1)):
pattern_idx = indices][i, j].item()
pattern_name = self.error_classifier.pattern names[pattern_idx]
batch_patterns.append(pattern name)
pattern_names.append(batch_patterns)

return pattern_names
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'python
class TaskComplexityEvaluator:
def init (self, hidden dim):
self.hidden dim = hidden dim

# Complexity evaluation model
self.complexity model = nn.Sequential(
nn.Linear(hidden_dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim // 2),
nn.ReLU(),
nn.Linear(hidden dim // 2, 1),
nn.Sigmoid()
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)

def evaluate complexity(self, task embedding):

Evaluate the complexity of a task.

Args:
task embedding: An embedding representing the task.

Returns:

A complexity score between 0 and 1.
complexity = self.complexity model(task embedding)
return complexity

class UncertaintyAnalyzer:
def init (self, hidden dim):
self.hidden dim = hidden dim

# Uncertainty analysis model
self.uncertainty _model = nn.Sequential(
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim // 2),
nn.ReLU(),
nn.Linear(hidden dim // 2, 3) # 3 types of uncertainty

)

def analyze uncertainty(self, task _embedding):

Analyze the uncertainty in a task.

Args:
task embedding: An embedding representing the task.

Returns:
A tensor with scores for different types of uncertainty.

uncertainty scores = self.uncertainty model(task_embedding)

# Split into different types of uncertainty
data_uncertainty = uncertainty_scores|[:, 0:1]

model uncertainty = uncertainty scores|[:, 1:2]
environment uncertainty = uncertainty scores[:, 2:3]

return data_uncertainty, model uncertainty, environment uncertainty

class KnowledgeRelevanceMapper:
def init (self, knowledge base, hidden dim):
self. knowledge base = knowledge base
self.hidden dim = hidden_dim

# Relevance mapping model
self.relevance_model = nn.Sequential(
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden_dim, hidden dim // 2),
nn.ReLU(),
nn.Linear(hidden dim // 2, 1),
nn.Sigmoid()

)

def map_relevance(self, task embedding):

Map the relevance of existing knowledge to the task.
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Args:
task_embedding: An embedding representing the task.

Returns:
A relevance score between 0 and 1.
nan
relevance = self.relevance model(task embedding)
return relevance

def identify knowledge gaps(self, task embedding):

mnmn

Identify gaps in existing knowledge for the task.

Args:
task embedding: An embedding representing the task.

Returns:
A list of identified knowledge gaps.
# This is a simplified implementation
# In practice, this would involve more sophisticated gap analysis

# Placeholder: return empty list
return []

class TaskCharacteristicsAnalyzer:
def init (self, knowledge base, hidden dim):
self.knowledge base = knowledge base
self.hidden dim = hidden dim

# Components

self.complexity evaluator = TaskComplexityEvaluator(hidden dim)

self.uncertainty analyzer = UncertaintyAnalyzer(hidden_dim)

self.relevance _mapper = KnowledgeRelevanceMapper(knowledge base, hidden dim)

# Task embedding model

self.task embedding_model = nn.Sequential(
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim)

)

def analyze task(self, task data):

Analyze the characteristics of a task.

Args:
task data: Data representing the task.

Returns:
A dictionary of task characteristics.

# Generate task embedding
task _embedding = self.task embedding model(task data)

# Evaluate complexity
complexity = self.complexity evaluator.evaluate complexity(task embedding)

# Analyze uncertainty
data_uncertainty, model uncertainty, environment_uncertainty =

self.uncertainty analyzer.analyze uncertainty(task embedding)

# Map knowledge relevance
knowledge relevance = self.relevance mapper.map_relevance(task embedding)

# Identify knowledge gaps
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knowledge gaps = self.relevance mapper.identify knowledge gaps(task embedding)

# Combine characteristics

characteristics = {
"task_embedding": task embedding,
"complexity": complexity,
"data uncertainty": data uncertainty,
"model uncertainty": model uncertainty,
"environment uncertainty": environment_uncertainty,
"knowledge relevance": knowledge relevance,
"knowledge gaps": knowledge gaps

}

return characteristics
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'python
class AdaptiveLearningRateScheduler:
def init (self, base 1r=0.001, min lr=1e-6, max Ir=0.1):
self.base Ir=base Ir
self.min_Ir=min_Ir
self.max Ir = max Ir

def schedule learning_rate(self, task characteristics, learning_progress):

Schedule learning rate based on task characteristics and learning progress.

Args:
task characteristics: Characteristics of the task.
learning_progress: Information about learning progress.

Returns:
The scheduled learning rate.
mnnn
# Extract relevant characteristics
complexity = task characteristics["complexity"]

# Extract relevant progress information
current_epoch = learning_progress|["current_epoch"]
total epochs = learning progress|"total epochs"]

# Compute base learning rate based on complexity
# Higher complexity -> lower learning rate
complexity factor = 1.0 - complexity

base Ir =self.base Ir * complexity factor

# Apply cosine annealing schedule
progress = current_epoch / total epochs
cosine factor = 0.5 * (1.0 + math.cos(math.pi * progress))

# Compute final learning rate
Ir = self.min_Ir + (base Ir - self.min_Ir) * cosine factor

# Clip to range
Ir = max(self.min_Ir, min(self.max_Ir, Ir))
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return Ir

class RegularizationStrengthController:
def init (self, base strength=0.001, min_strength=1e-6, max_strength=0.1):
self.base strength = base_strength
self.min_strength = min_strength
self.max_strength = max_strength

def control regularization(self, task characteristics, learning progress):

mnmn

Control regularization strength based on task characteristics and learning progress.

Args:
task characteristics: Characteristics of the task.
learning_progress: Information about learning progress.

Returns:
The controlled regularization strength.
# Extract relevant characteristics
complexity = task characteristics["complexity"]
data_uncertainty = task characteristics["data_uncertainty"]

# Extract relevant progress information
train_loss = learning_progress["train_loss"]
val loss = learning_progress["val loss"]

# Compute overfitting factor
# Higher difference between train and val loss -> higher overfitting
overfitting factor = max(0.0, (train_loss - val loss) / train_loss)

# Compute complexity factor
# Higher complexity -> higher regularization
complexity factor = complexity

# Compute uncertainty factor
# Higher data uncertainty -> lower regularization
uncertainty factor = 1.0 - data_uncertainty

# Combine factors
combined factor = (overfitting factor + complexity factor + uncertainty factor) /3.0

# Compute final regularization strength
strength = self.base_strength * combined factor

# Clip to range
strength = max(self.min_strength, min(self.max_strength, strength))

return strength

class GradientStabilizer:
def init (self, base clip=1.0, min_clip=0.1, max_clip=10.0):
self.base clip = base_clip
self.min_clip = min_clip
self.max_clip = max_clip

# Gradient statistics
self.grad mean = None
self.grad var = None
self.grad count =0

def stabilize gradients(self, task characteristics, gradients):
mnmn

Stabilize gradients based on task characteristics and gradient statistics.
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Args:
task characteristics: Characteristics of the task.
gradients: The gradients to stabilize.

Returns:
The stabilized gradients and the clip value.
mnmn
# Extract relevant characteristics
complexity = task characteristics["complexity"]
model uncertainty = task characteristics["model uncertainty"]

# Update gradient statistics
if self.grad mean is None:
self.grad mean = torch.mean(torch.stack([torch.norm(g) for g in gradients]))
self.grad_var = torch.var(torch.stack([torch.norm(g) for g in gradients]))
else:
new_mean = torch.mean(torch.stack([torch.norm(g) for g in gradients]))
new_var = torch.var(torch.stack([torch.norm(g) for g in gradients]))
self.grad mean = 0.9 * self.grad mean + 0.1 * new_mean
self.grad var = 0.9 * self.grad var + 0.1 * new var

self.grad count += 1

# Compute complexity factor
# Higher complexity -> lower clip value
complexity factor = 1.0 - complexity

# Compute uncertainty factor
# Higher model uncertainty -> lower clip value
uncertainty factor = 1.0 - model uncertainty

# Compute stability factor
# Higher gradient variance -> lower clip value
stability factor = 1.0/ (1.0 + self.grad var / (self.grad mean + le-8))

# Combine factors
combined factor = (complexity factor + uncertainty factor + stability factor) /3.0

# Compute clip value
clip_value = self.base_clip * combined factor

# Clip to range
clip_value = max(self.min_clip, min(self.max_clip, clip_value))

# Apply gradient clipping
stabilized gradients = [torch.clamp(g, -clip_value, clip_value) for g in gradients]

return stabilized gradients, clip_value

class ParameterUpdateController:
def init (self, base 1r=0.001, base reg=0.001, base clip=1.0):
self.base lIr = base Ir
self.base_reg = base reg
self.base clip = base_clip

# Components

self.lr_scheduler = AdaptiveLearningRateScheduler(base_lIr)
self.reg_controller = RegularizationStrengthController(base reg)
self.grad_stabilizer = GradientStabilizer(base clip)

def control_update(self, task characteristics, learning_progress, gradients):

Control parameter update based on task characteristics and learning progress.

Args:
task characteristics: Characteristics of the task.
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learning_progress: Information about learning progress.
gradients: The gradients for parameter update.

Returns:
A dictionary of update parameters.

# Schedule learning rate
Ir = self.Ir_scheduler.schedule learning rate(task characteristics, learning_progress)

# Control regularization strength
reg_strength = self.reg_controller.control regularization(task characteristics, learning_progress)

# Stabilize gradients
stabilized gradients, clip value = self.grad_stabilizer.stabilize gradients(task characteristics, gradients)

# Combine update parameters

update params = {
"learning_rate": Ir,
"regularization_strength": reg_strength,
"clip_value": clip_value,
"stabilized gradients": stabilized gradients

}

return update params
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*'python
class SharedRepresentationLearner:
def init (self, hidden dim, num_tasks):
self.hidden dim = hidden dim
self.num_tasks = num_tasks

# Shared representation model
self.shared model = nn.Sequential(
nn.Linear(hidden dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim)
)

# Task-specific heads

self.task_heads = nn.ModuleList([
nn.Linear(hidden dim, hidden dim)
for in range(num_tasks)

D
def forward(self, x, task id):

Forward pass through the shared representation model.

Args:
x: The input data.
task id: The ID of the task.

Returns:
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The output of the model.
# Shared representation
shared repr = self.shared model(x)

# Task-specific head
output = self.task heads[task id](shared repr)

return output, shared repr

class TransferabilityEvaluator:
def init (self, hidden dim):
self.hidden dim = hidden dim

# Transferability evaluation model
self.transferability model = nn.Sequential(
nn.Linear(hidden dim * 2, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim // 2),
nn.ReLU(),
nn.Linear(hidden_dim // 2, 1),
nn.Sigmoid()

)

def evaluate_transferability(self, source_embedding, target embedding):

Evaluate the transferability from source to target task.

Args:
source_embedding: An embedding representing the source task.
target embedding: An embedding representing the target task.

Returns:
A transferability score between 0 and 1.
# Concatenate embeddings
combined = torch.cat([source_embedding, target embedding], dim=1)

# Evaluate transferability
transferability = self.transferability model(combined)

return transferability

class SelectiveFineTuningController:
def init (self, model, hidden dim):
self.model = model
self.hidden dim = hidden dim

# Parameter importance model
self.importance _model = nn.Sequential(
nn.Linear(hidden_dim, hidden dim),
nn.ReLU(),
nn.Linear(hidden dim, hidden dim // 2),
nn.ReLU(),
nn.Linear(hidden dim // 2, 1),
nn.Sigmoid()

)

def compute parameter importance(self, task _embedding):

Compute the importance of each parameter for a task.

Args:
task embedding: An embedding representing the task.

Returns:
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A dictionary mapping parameter names to importance scores.
# This is a simplified implementation
# In practice, this would involve more sophisticated importance computation

# Initialize importance dictionary
importance = {}

# Compute importance for each parameter
for name, param in self.model.named parameters():
# Generate parameter embedding
param_embedding = torch.mean(param.view(-1, 1).expand(-1, self.hidden _dim), dim=0, keepdim=True)

# Concatenate with task embedding
combined = torch.cat([task embedding, param_embedding], dim=1)

# Compute importance
importance[name] = self.importance_model(combined)

return importance

def control fine tuning(self, source task embedding, target task embedding, transferability):

mnmn

Control which parameters to freeze and which to update during fine-tuning.

Args:
source_task embedding: An embedding representing the source task.
target task embedding: An embedding representing the target task.
transferability: The transferability score from source to target.

Returns:
A dictionary mapping parameter names to freeze flags.
nnn
# Compute parameter importance for source and target tasks
source_importance = self.compute parameter importance(source task embedding)
target importance = self.compute parameter importance(target task embedding)

# Initialize freeze dictionary
freeze = {}

# Determine which parameters to freeze
for name in source_importance.keys():
# Parameters important for source but not for target should be frozen
if source importance[name] > 0.5 and target importance[name] < 0.5:
freeze[name] = True
# Parameters important for both source and target should be fine-tuned
elif source _importance[name] > 0.5 and target importance[name] > 0.5:
freeze[name] = False
# Parameters not important for source but important for target should be reinitialized
elif source importance[name] < 0.5 and target importance[name] > 0.5:
freeze[name] = False
# Parameters not important for either task can be frozen
else:
freeze[name] = True

return freeze

class KnowledgeTransferPromoter:
def init (self, model, hidden dim, num_tasks):
self.model = model
self.hidden dim = hidden dim
self.num_tasks = num_tasks

# Components
self.shared learner = SharedRepresentationLearner(hidden dim, num_tasks)
self.transferability evaluator = TransferabilityEvaluator(hidden dim)
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self.fine tuning controller = SelectiveFineTuningController(model, hidden dim)

# Task embeddings
self.task embeddings = nn.Parameter(torch.randn(num_tasks, hidden dim))

def promote_transfer(self, source task id, target task id, source data, target data):

Promote knowledge transfer from source to target task.

Args:
source_task id: The ID of the source task.
target task id: The ID of the target task.
source_data: Data from the source task.
target data: Data from the target task.

Returns:
A dictionary of transfer parameters.

# Get task embeddings
source_embedding = self.task embeddings[source task id]
target embedding = self.task embeddings[target task id]

# Evaluate transferability
transferability = self.transferability evaluator.evaluate transferability(source embedding, target embedding)

# Control fine-tuning
freeze = self.fine_tuning_controller.control fine tuning(source embedding, target embedding, transferability)

# Learn shared representation
_, source_repr = self.shared learner(source data, source task id)
_, target repr = self.shared learner(target data, target task id)

# Compute representation similarity
similarity = F.cosine similarity(source repr, target repr, dim=1).mean()

# Combine transfer parameters
transfer params = {
"transferability": transferability,
"freeze": freeze,
"similarity": similarity

}

return transfer params
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class PerformanceMetricTracker:

def init (self, window_size=10):
self.window_size = window_size
self.metrics = {}

def update metric(self, name, value):

Update a performance metric.
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Args:
name: The name of the metric.
value: The value of the metric.
mnan
if name not in self. metrics:
self. metrics[name] = []

self.metrics[name].append(value)

# Keep only the most recent values
if len(self.metrics[name]) > self.window_size:
self. metrics[name] = self.metrics[name][-self.window_size:]

def get metric(self, name):

Get the values of a performance metric.

Args:
name: The name of the metric.

Returns:
A list of metric values.

return self.metrics.get(name, [])

def get latest metric(self, name):

Get the latest value of a performance metric.

Args:
name: The name of the metric.

Returns:
The latest metric value, or None if the metric doesn't exist.
nan
values = self.get metric(name)
return values[-1] if values else None

def get metric_trend(self, name):

mnmn

Get the trend of a performance metric.

Args:
name: The name of the metric.

Returns:
The trend of the metric (positive, negative, or neutral).

values = self.get metric(name)

if len(values) < 2:
return "neutral"

# Compute linear regression
x = np.arange(len(values))
y = np.array(values)

slope, = np.polyfit(x, y, 1)

# Determine trend
if slope > 0.001:
return "positive"
elif slope <-0.001:
return "negative"
else:
return "neutral"
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class StagnationDetector:
def init (self, patience=5, min_improvement=0.001):
self.patience = patience
self.min_improvement = min_improvement
self.best value = float('inf)
self.stagnation counter = 0

def detect_stagnation(self, value, minimize=True):

Detect stagnation in learning.

Args:
value: The current value of the monitored metric.
minimize: Whether the metric should be minimized (True) or maximized (False).

Returns:
A boolean indicating whether stagnation has been detected.
mnmn
# Adjust value based on optimization direction
if not minimize:
value = -value

# Check if value has improved
if value < self.best_value - self.min_improvement:
self.best value = value
self.stagnation_counter = 0
return False
else:
self.stagnation_counter += 1
return self.stagnation counter >= self.patience

def reset(self):

Reset the stagnation detector.
mnmn

self.best value = float('inf)
self.stagnation counter = 0

class OverfittingMonitor:
def init (self, patience=5, threshold=0.05):
self.patience = patience
self.threshold = threshold
self.overfitting counter = 0

def detect_overfitting(self, train_loss, val loss):

mnmn

Detect overfitting.

Args:
train_loss: The current training loss.
val loss: The current validation loss.

Returns:

A boolean indicating whether overfitting has been detected.
# Compute gap between train and validation loss
gap = val_loss - train_loss

# Check if gap exceeds threshold
if gap > self.threshold:

self.overfitting counter += 1

return self.overfitting_counter >= self.patience
else:

self.overfitting_counter = 0

return False
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def reset(self):

mnmn

Reset the overfitting monitor.

mnmn

self.overfitting_counter = 0

class LearningProgressMonitor:
def init (self, patience=5, min_improvement=0.001, overfitting_threshold=0.05):
self.patience = patience
self.min_improvement = min_improvement
self.overfitting_threshold = overfitting_threshold

# Components

self.metric_tracker = PerformanceMetricTracker()

self.stagnation detector = StagnationDetector(patience, min_improvement)
self.overfitting_monitor = OverfittingMonitor(patience, overfitting_threshold)

def update metrics(self, metrics):

Update performance metrics.

Args:

metrics: A dictionary of metric names and values.
mnmn
for name, value in metrics.items():

self. metric_tracker.update metric(name, value)

def monitor progress(self):

Monitor learning progress and detect issues.

Returns:
A dictionary of monitoring results.
mnmn
# Get latest metrics
train_loss = self.metric_tracker.get latest metric("train loss")
val loss = self.metric_tracker.get latest metric("val loss")

# Detect stagnation
stagnation_detected = False
if val loss is not None:
stagnation_detected = self.stagnation detector.detect stagnation(val loss)

# Detect overfitting
overfitting detected = False
if train_loss is not None and val loss is not None:
overfitting_detected = self.overfitting_monitor.detect overfitting(train_loss, val loss)

# Get metric trends
metric_trends = {}
for name in self.metric_tracker.metrics.keys():
metric_trends[name] = self.metric_tracker.get metric_trend(name)

# Combine monitoring results
results = {
"stagnation detected": stagnation_detected,
"overfitting detected": overfitting detected,
"metric_trends": metric_trends,
"latest metrics": {name: self.metric_tracker.get latest metric(name) for name in
self. metric_tracker.metrics.keys()}

}

return results
def reset(self):
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Reset the learning progress monitor.
mnmn

self.stagnation detector.reset()
self.overfitting_monitor.reset()
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class MetaLearningController:
def init (self, model, knowledge base, hidden dim, num_tasks, base 1r=0.001, base reg=0.001, base clip=1.0,
patience=5, min_improvement=0.001, overfitting threshold=0.05):
self.model = model
self.knowledge base = knowledge base
self.hidden dim = hidden dim
self.num_tasks = num_tasks

# Components

self.task analyzer = TaskCharacteristicsAnalyzer(knowledge base, hidden_dim)

self.update controller = ParameterUpdateController(base lr, base reg, base clip)

self.transfer promoter = KnowledgeTransferPromoter(model, hidden dim, num_tasks)

self.progress monitor = LearningProgressMonitor(patience, min_improvement, overfitting_threshold)

# Task ID mapping
self.task id mapping = {}
self.next task id =0

def get task id(self, task name):

Get the ID for a task.

Args:
task name: The name of the task.

Returns:
The ID of the task.
if task name not in self.task id mapping:
if self.next task id >= self.num_tasks:
raise ValueError(f'"Maximum number of tasks ({self.num_tasks}) exceeded")
self.task id mapping[task name] = self.next task id
self.next task id +=1

return self.task id mapping[task name]

def analyze task(self, task data, task name):

Analyze a task.

Args:
task data: Data representing the task.
task name: The name of the task.

Returns:
A dictionary of task characteristics.
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# Get task ID
task id = self.get task id(task name)

# Analyze task
characteristics = self.task analyzer.analyze task(task data)

# Add task ID to characteristics
characteristics["task id"] = task id

return characteristics

def control_update(self, task characteristics, learning_progress, gradients):

Control parameter update.

Args:
task characteristics: Characteristics of the task.
learning_progress: Information about learning progress.
gradients: The gradients for parameter update.

Returns:
A dictionary of update parameters.

mnmn

return self.update_controller.control update(task characteristics, learning_progress, gradients)

def promote transfer(self, source task name, target task name, source data, target data):

nnn

Promote knowledge transfer from source to target task.

Args:
source_task name: The name of the source task.
target task name: The name of the target task.
source_data: Data from the source task.
target data: Data from the target task.

Returns:
A dictionary of transfer parameters.

# Get task IDs
source task id =self.get task id(source task name)
target task id = self.get task id(target task name)

return self.transfer promoter.promote transfer(source task id, target task id, source data, target data)

def update metrics(self, metrics):

Update performance metrics.

Args:
metrics: A dictionary of metric names and values.

nnn

self.progress monitor.update metrics(metrics)

def monitor progress(self):

Monitor learning progress and detect issues.

Returns:
A dictionary of monitoring results.

mnmn
return self.progress monitor.monitor _progress()

def adjust_strategy(self, task characteristics, monitoring_results):
mnmn

Adjust learning strategy based on task characteristics and monitoring results.
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Args:
task characteristics: Characteristics of the task.
monitoring_results: Results from progress monitoring.

Returns:
A dictionary of strategy adjustments.

adjustments = {}

# Adjust learning rate if stagnation is detected
if monitoring_results["stagnation detected"]:
adjustments["learning_rate_multiplier"] = 0.5

# Increase regularization if overfitting is detected
if monitoring_results["overfitting_detected"]:
adjustments["regularization_multiplier"] = 2.0

# Adjust based on metric trends
if "val loss" in monitoring_results["metric trends"]:
if monitoring_results["metric_trends"]["val loss"] == "positive":
# Validation loss is increasing
adjustments["early stopping"] = True
elif monitoring_results["metric_trends"]["val loss"] == "neutral":
# Validation loss is plateauing
adjustments["learning_rate multiplier"] = 0.7

# Adjust based on task complexity
complexity = task characteristics["complexity"]
if complexity > 0.8:
# High complexity task
adjustments["batch_size multiplier"] = 0.5
adjustments["model capacity multiplier"] = 2.0
elif complexity < 0.2:
# Low complexity task
adjustments["batch_size multiplier"] = 2.0
adjustments["model capacity multiplier"] = 0.5

return adjustments
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python
class MultimodalAdaptiveReflectionSystem:
def init (self, hidden dim, output dim, modality configs, knowledge base=None, num tasks=10,
integration_type='weighted'):
self.hidden dim = hidden dim
self.output dim = output_dim

# Create knowledge base if not provided
if knowledge base is None:

knowledge base = ExtensibleKnowledgeBase()
self.knowledge base = knowledge base

# Components

self. multimodal _encoder = MultimodalEncoder(hidden_dim, modality configs)
self.context aware network = ContextAwareNetwork(hidden dim, hidden dim, hidden dim * 4, 6)
self.output generation layer = OutputGenerationLayer(hidden dim, output dim)
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# Create modality dimensions dictionary for reflection module
modality dims = {modality: hidden dim for modality in modality configs.keys()}
self.hierarchical reflection module = HierarchicalReflectionModule(
hidden dim, hidden dim, hidden dim // 2, output_dim, knowledge base, modality dims, integration_type

)

self.feedback loop integrator = FeedbackLoopIntegrator(knowledge base, hidden dim, output dim)
self.meta_learning_controller = MetaLearningController(self, knowledge base, hidden dim, num_tasks)

def forward(self, inputs, task name=None, update_memory=True):

Forward pass through the system.

Args:
inputs: A dictionary mapping modality names to input tensors.
task_name: The name of the task, or None.
update_memory: Whether to update memory.

Returns:
The final output.
mnmn
# Analyze task if task name is provided
task characteristics = None
if task name is not None:
# Extract task data from inputs
task data = torch.cat([input.mean(dim=1) for input in inputs.values()], dim=1)
task characteristics = self.meta_learning_controller.analyze task(task data, task name)

# Encode inputs
fused representation, modality representations = self.multimodal encoder(inputs)

# Process through context-aware network
context embedding, uncertainty = self.context aware network(fused representation, update memory)

# Generate initial output
initial output = self.output generation layer(context embedding)

# Generate reflection vector
reflection_vector, reflection_info = self.hierarchical reflection module(
context embedding, initial output, modality representations, None, update_memory, None

)

# Integrate feedback
final output = self.feedback loop integrator.integrate(
context embedding, initial output, reflection vector, reflection_info

)

return final output, {
"initial output": initial output,
"reflection_vector": reflection_vector,
"reflection_info": reflection_info,
"context_embedding": context embedding,
"uncertainty": uncertainty,
"task characteristics": task characteristics

}

def train_step(self, inputs, targets, task name=None, optimizer=None):

mnmn

Perform a training step.

Args:
inputs: A dictionary mapping modality names to input tensors.
targets: The target outputs.
task_name: The name of the task, or None.
optimizer: The optimizer to use, or None to create a new one.
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Returns:
The loss value.
# Forward pass
outputs, info = self.forward(inputs, task name)

# Compute loss
loss = F.mse_loss(outputs, targets)

# Update metrics
metrics = {
"train_loss": loss.item()

self.meta_learning_controller.update metrics(metrics)

# Monitor progress
monitoring_results = self.meta_learning_controller.monitor progress()

# Adjust strategy if needed
if info["task characteristics"] is not None:
adjustments = self.meta learning_controller.adjust strategy(info["task characteristics"], monitoring results)

# Apply adjustments
# This is a simplified implementation
# In practice, this would involve more sophisticated adjustment application
if "learning_rate multiplier" in adjustments and optimizer is not None:
for param_group in optimizer.param_groups:
param_group['lr'] *= adjustments["learning_rate multiplier"]

# Backward pass

if optimizer is not None:
optimizer.zero_grad()
loss.backward()

# Get gradients
gradients = [p.grad for p in self.parameters() if p.grad is not None]

# Control update if task characteristics are available
if info["task characteristics"] is not None:
learning_progress = {
"current_epoch": 0, # Placeholder
"total epochs": 0, # Placeholder
"train_loss": metrics["train loss"],
"val loss": self.meta learning_controller.progress monitor.metric_tracker.get latest metric("val loss") or

}

update params = self.meta_learning_controller.control update(info["task characteristics"],
learning_progress, gradients)

0.0

# Apply controlled update
# This is a simplified implementation
# In practice, this would involve more sophisticated update application
if "stabilized gradients" in update params:
for p, g in zip(self.parameters(), update params|["stabilized gradients"]):
if p.grad is not None:

p.grad=¢g
optimizer.step()
return loss.item()
def transfer knowledge(self, source task name, target task name, source data, target data):

Transfer knowledge from source to target task.
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Args:
source task name: The name of the source task.
target task name: The name of the target task.
source_ data: Data from the source task.
target data: Data from the target task.

Returns:
A dictionary of transfer parameters.

nnn

return self.meta_learning_controller.promote transfer(source task name, target task name, source data,
target data)

def parameters(self):

Get the parameters of the model.

Returns:
An iterator over the parameters.

for component in [self.multimodal encoder, self.context aware network, self.output generation layer,
self.hierarchical reflection module]:
for param in component.parameters():
yield param
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