WER HE7 I L—2aryERBRI—R,

IOV —ShRERs®

BEW ST E

polyp @ webman.jp

(2025 % 6 B 104 11 #t & & JST)

# --- Cell 1.1: Google Drive Mount and Results Directory Setup (Minimized) ---
from google.colab import drive
import os

try:
drive.mount('/content/drive’, force_remount=True)
print("§%4 Google Drive mounted.")

# A WRY A XHESE (1)
DRIVE_RESULTS_PATH = "/content/drive/MyDrive/Colab_SSG_Ablation_Study_Full_Results"

os.makedirs(DRIVE_RESULTS_PATH, exist_ok=True)
print(f" Results directory ready: {DRIVE_RESULTS_PATH}")

except Exception as e:
print(f" /1. Google Drive mount error: {e}")
DRIVE_RESULTS_PATH = "./local_ssg_ablation_results"
os.makedirs(DRIVE_RESULTS_PATH, exist_ok=True)
print(f" /1. Using local results directory: {os.path.abspath(DRIVE_RESULTS_PATH)}")

print(f"DRIVE_RESULTS_PATH = {DRIVE_RESULTS_PATH}")

#--- €JL1: Colab ¥IEIRIEHEE HE . 7y FT7—hED) ---



Ipip install --upgrade datasets fsspec transformers

# o EE:

# transformers: HuggingFace ®E7 L%k - Tokenizer B

# datasets: 7—¥0O—K - .S+ 7> (HuggingFace Datasets)
# fsspec: datasets D7 —% /O #Bh

#

# 2FPC (Qiskit, Cirg7% &) Z% TEAT ZBRIE I ZITBRLAEETT,

#--- BIL1 (A VIR— MERMLE): BERE. 17 7VDAVIR—b. 2FRE ---

try:

import datasets

print(f" datasets version: {datasets.__version__}")
except ImportError as e:

print(f")( datasets import failed: {e}")

try:

import transformers

print(f" transformers version: {transformers.__version__}")
except ImportError as e:

print(f")( transformers import failed: {e}")

try:

import fsspec

print(f" fsspec version: {fsspec.__version__}")
except ImportError as e:

print(f")( fsspec import failed: {e}")



#--- €2 (EBL2EER): 7—%ty bO— RKE# (IMDb & SNLIXE) ---
from datasets import load_dataset
from torch.utils.data import DataLoader

def get_dataloaders(task_name, tokenizer, batch_size, num_train_samples, num_eval_samples):
if task_name == "classification_imdb":
print("Loading IMDb dataset from HuggingFace hub...")
dataset = load_dataset("imdb")
elif task_name == "nli":
print("Loading SNLI dataset from HuggingFace hub...")
dataset = load_dataset("snli")
else:
raise ValueError(f"Unknown task name: {task_name}")

def preprocess(example):
if task_name == "classification_imdb":
return tokenizer(
example["text"],
padding="max_length",
truncation=True,
max_length=CFG.MAX_TOKEN_LENGTH
)
elif task_name == "nli":
return tokenizer(
example["premise"],
example["hypothesis"],
padding="max_length",
truncation=True,
max_length=CFG.MAX_TOKEN_LENGTH

print("Tokenizing dataset...")
tokenized_dataset = dataset.map(preprocess, batched=True)

if task_name == "classification_imdb":
train_dataset = tokenized_dataset["train"].select(range(min(num_train_samples,
len(tokenized_dataset["train"]))))
eval_dataset = tokenized_dataset["test"].select(range(min(num_eval_samples,
len(tokenized_dataset["test"]))))



num_labels = 2

elif task_name == "nli":
train_dataset = tokenized_dataset["train"].filter(lambda x: x['label'] != -1)
train_dataset = train_dataset.select(range(min(num_train_samples, len(train_dataset))))
eval_dataset = tokenized_dataset["validation"].filter(lambda x: x['label'] = -1)
eval_dataset = eval_dataset.select(range(min(num_eval_samples, len(eval_dataset))))
num_labels = 3

# Rename 'label' -> 'labels' for consistency with training pipeline
train_dataset = train_dataset.rename_column("label", "labels")
eval_dataset = eval_dataset.rename_column("label", "labels")

# Set dataset format

columns = ['input_ids', 'attention_mask’, 'labels']
train_dataset.set_format(type="torch', columns=columns)
eval_dataset.set_format(type="'torch', columns=columns)

train_loader = DatalLoader(train_dataset, batch_size=batch_size, shuffle=True)
eval_loader = DatalLoader(eval_dataset, batch_size=batch_size)

return train_loader, eval_loader, num_labels

print("--- Cell 2: Dataset Loader and Preprocessor (Fixed) ready. ---")

#--- L1 (REEER): RIBRE. 177 VDAVIR—b 26F8E ---

HIZESATZY
import os
import json
import time
import math
import copy
import io



import random

import numpy as np

import pandas as pd

from tqdm.auto import tgdm
import tarfile

import zipfile

import urllib.request

# PyTorch %

import torch

import torch.nn as nn

import torch.nn.functional as F

from torch.utils.data import DataLoader

# HuggingFace Transformers %
from datasets import load_dataset, Dataset, DatasetDict
from transformers import (

AutoConfig,

AutoModel,

AutoTokenizer,

get_linear_schedule_with_warmup,

)

from sklearn.metrics import accuracy_score

# --- EERERTE (GlobalConfig) ---

class GlobalConfig:
SEED =42
BASE_MODEL_NAME = 'bert-base-uncased'
DEVICE = torch.device("cuda" if torch.cuda.is_available() else "cpu")
TRAIN_SAMPLES =10 # XE&7/\vJH
EVAL_SAMPLES =2 # X®7/\v/H
MAX_TOKEN_LENGTH = 256
EPOCHS =2
BATCH_SIZE =16
LEARNING_RATE = 2e-5

# AL — NEE (BIRM)

def set_seed(seed_value):
random.seed(seed_value)
np.random.seed(seed_value)
torch.manual_seed(seed_value)



if torch.cuda.is_available():
torch.cuda.manual_seed_all(seed_value)

CFG = GlobalConfig()
set_seed(CFG.SEED)

# --- RITIRIEDOWHES ---

print(f"--- Environment Setup ---")
print(f"PyTorch Version: {torch.__version__}")
print(f"Device: {CFG.DEVICE}")

print(f"Base Model: {CFG.BASE_MODEL_NAME}")
print(f"Seed: {CFG.SEED}")

print

~ A~ A~ A~~~

#---t)2: T—Ytyv hOO—NK & DataLoader %15 ---

from datasets import load_dataset
from torch.utils.data import DataLoader

def load_and_prepare_dataset(task_name, tokenizer, train_samples, eval_samples, max_length):

IMDb £7zIESNLIOF—%ty h%Z0O—KU. =274 XU TDataLoader iR 9 BI#,
if task_name == 'classification_imdb":
print("Loading IMDb dataset from HuggingFace hub...")
raw_datasets = load_dataset('imdb')
train_dataset = raw_datasets['train']xshuffle(seed=CFG.SEED).select(range(train_samples))
eval_dataset = raw_datasets['test']xshuffle(seed=CFG.SEED).select(range(eval_samples))

def tokenize_function(examples):
return tokenizer(examples['text'], padding='max_length', truncation=True,
max_length=max_length)



num_labels = 2

elif task_name == 'nli":
print("Loading SNLI dataset from HuggingFace hub...")
raw_datasets = load_dataset('snli')
train_dataset = raw_datasets['train'].filter(lambda x: x['label'] I=
-1)xshuffle(seed=CFG.SEED).select(range(train_samples))
eval_dataset = raw_datasets['validation'] .filter(lambda x: x['label'] !=
-1)xshuffle(seed=CFG.SEED).select(range(eval_samples))

def tokenize_function(examples):
return tokenizer(
examples['premise'],
examples['hypothesis'],
padding="max_length',
truncation=True,
max_length=max_length

num_labels = 3

else:
raise ValueError(f"Unknown task_name: {task_name}")

# Tokenize datasets
train_dataset = train_dataset.map(tokenize_function, batched=True)
eval_dataset = eval_dataset.map(tokenize_function, batched=True)

# Rename 'label' -> 'labels' for consistency
train_dataset = train_dataset.rename_column('label’, 'labels')
eval_dataset = eval_dataset.rename_column('label’, 'labels')

# Set dataset format
train_dataset.set_format(type="torch’, columns=['input_ids', 'attention_mask', 'labels'])

eval_dataset.set_format(type="'torch’, columns=['input_ids', 'attention_mask’, 'labels'])

train_loader = DatalLoader(train_dataset, batch_size=CFG.BATCH_SIZE, shuffle=True)
eval_loader = DataLoader(eval_dataset, batch_size=CFG.BATCH_SIZE, shuffle=False)

return train_loader, eval_loader, num_labels



print("--- Cell 2: Dataset Loader and Preprocessor ready. ---")

# --- £JL 3: PipelineModel (SSG#&XII) ---

class PipelineModel(nn.Module):
def __init__(self, config):
super().__init__()
self.base_model_name = config['base_model_name']
self.num_labels = config['num_labels']
self.enabled_modules = config.get('enabled_modules’, [])

# Transformer Backbone
self.base_model = AutoModel.from_pretrained(self.base_model_name)
base_hidden_dim = self.base_model.config.hidden_size

#EBMEY 21—
self.modules_list = nn.ModuleList()
for module_name in self.enabled_modules:
if module_name == 'semantic_attention":
self.modules_list.append(SemanticAttentionModule(base_hidden_dim))
elif module_name == 'semantic_concept":
self.modules_list.append(SemanticConceptModule(base_hidden_dim))
HMDEY 2 —I)LIFZ ZITEBINTEET
else:
print(f" /1. Warning: Module '{module_name}' is not recognized and will be skipped.")

# DFEANY R
self.classifier = nn.Linear(base_hidden_dim, self.num_labels)

def forward(self, input_ids, attention_mask, labels=None):
outputs = self.base_model(input_ids=input_ids, attention_mask=attention_mask)
hidden_states = outputs.last_hidden_state

#SSGEY 21— )L (EXR)
for module in self.modules_list:



module_output = module(hidden_states, attention_mask)
hidden_states = module_output['last_hidden_state']

# 7=V T (ET7—-U>D)
pooled_output = hidden_states.mean(dim=1)

# NEE
logits = self.classifier(pooled_output)

# BREE (FIIHRE)
loss = None
if labels is not None:
loss = F.cross_entropy(logits, labels)

return {'loss": loss, 'logits': logits}

print("--- Cell 3: PipelineModel (SSG %tii3) defined. ---")

# --- Cell 3b: PipelineModel (Notebook Xiit: €Y 1 —ILEESR) ---
import torch

import torch.nn as nn

from transformers import AutoModel

class PipelineModel(nn.Module):
def __init__(self, config):
super(PipelineModel, self).__init__()
base_model_name = config["base_model_name"]
num_labels = config["num_labels"]
enabled_modules = configxget("enabled_modules", 1)

self.base_model = AutoModel.from_pretrained(base_model_name)
hidden_size = self.base_model.config.hidden_size

self.modules_dict = nn.ModuleDict()



# SemanticAttentionModule
if "semantic_attention" in enabled_modules:
self.modules_dict["semantic_attention"] = SemanticAttentionModule(
input_dim=hidden_size, attention_dim=64

# SemanticConceptModule
if "semantic_concept" in enabled_modules:
self.modules_dict["semantic_concept"] = SemanticConceptModule(
input_dim=hidden_size

# DirectNonCommutativeModule
if "direct_non_commutative" in enabled_modules:
self.modules_dict["direct_non_commutative"] = DirectNonCommutativeModule(
input_dim=hidden_size

# RIQHENIE
self.classifier = nn.Linear(hidden_size, num_labels)

def forward(self, input_ids, attention_mask):
outputs = self.base_model(input_ids=input_ids, attention_mask=attention_mask)
hidden_states = outputs.last_hidden_state # (batch, seq_len, hidden_dim)

for module_name, module in self.modules_dict.items():
result = module(hidden_states)
hidden_states = result["last_hidden_state"]

pooled_output = hidden_states[:, O, :] # [CLS] token
logits = self.classifier(pooled_output)
return {"logits": logits}

print("--- Cell 3b: PipelineModel (Notebook tihk) defined. ---")



# --- Cell 4: SemanticAttentionModule (attention_dim &fishR) ---
import torch
import torch.nn as nn

class SemanticAttentionModule(nn.Module):
def __init__(self, input_dim, attention_dim=64, model_config=None,
module_specific_config=None):
super(SemanticAttentionModule, self).__init__ ()
self.input_dim = input_dim
self.attention_dim = attention_dim

# attention_dim OHE
if module_specific_config is not None and 'attention_dim' in module_specific_config:
self.attention_dim = module_specific_config['attention_dim']

# Attention /B

self.attention_layer = nn.Sequential(
nn.Linear(self.input_dim, self.attention_dim),
nn.Tanh(),
nn.Linear(self.attention_dim, 1)

print(f"SemanticAttentionModule initialized: input_dim={self.input_dim},
attention_dim={self.attention_dim}")

def forward(self, hidden_states, attention_mask=None, **kwargs):
# hidden_states: (batch_size, seq_len, input_dim)
attention_scores = self.attention_layer(hidden_states).squeeze(-1) # (batch_size, seq_len)
if attention_mask is not None:
attention_scores = attention_scores.masked_fill(attention_mask == 0, -1€9)
attention_weights = torch.softmax(attention_scores, dim=1).unsqueeze(-1) # (batch_size,
seq_len, 1)

# BEATITH

context_vector = torch.sum(hidden_states * attention_weights, dim=1, keepdim=True)

output = context_vector.repeat(1, hidden_states.size(1), 1) # (batch_size, seq_len,
input_dim)



return {"last_hidden_state": output, "attention_weights": attention_weights.detach()}

def get_output_dim(self):
return self.input_dim

print("--- Cell 4: SemanticAttentionModule (attention_dim X3i5hik) defined. ---")

# --- £JL 5: SemanticConceptModule (BKIREY 2 —J) ---

class SemanticConceptModule(nn.Module):
def __init__(self, input_dim, module_specific_config=None):
super().__init__()
self.input_dim = input_dim

cfg = module_specific_config if module_specific_config is not None else {}
self.num_concepts = cfg.get("num_concepts", 32)
self.concept_dim = cfg.get("concept_dim", 128)

#2705y 1~

self.concept_prototypes = nn.Parameter(torch.randn(self.num_concepts,
self.concept_dim))

nn.init.xavier_uniform_(self.concept_prototypes)

self.hidden_to_concept_proj = nn.Linear(self.input_dim, self.concept_dim)
self.concepts_to_integrate_proj = nn.Linear(self.concept_dim, self.input_dim)

self.activation = nn.ReLU()

print(f"SemanticConceptModule initialized: input_dim={self.input_dim}, "
f"num_concepts={self.num_concepts}, concept_dim={self.concept_dim}")

def forward(self, hidden_states, attention_mask=None, **kwargs):
# hidden_states: (batch_size, seq_len, input_dim)

projected_hidden = selfxactivation(selfxhidden_to_concept_proj(hidden_states))



# projected_hidden: (batch_size, seq_len, concept_dim)

attention_scores = torch.matmul(projected_hidden, self.concept_prototypes.t())
# attention_scores: (batch_size, seq_len, num_concepts)

if attention_mask is not None:
expanded_attention_mask = attention_mask.unsqueeze(-1).expand_as(attention_scores)

attention_scores = attention_scores.masked_fill(expanded_attention_mask == 0, -1e9)

attention_weights = torch.softmax(attention_scores, dim=-1)
# attention_weights: (batch_size, seq_len, num_concepts)

contextual_concepts = torch.matmul(attention_weights, self.concept_prototypes)
# contextual_concepts: (batch_size, seq_len, concept_dim)

projected_contextual_concepts = self.activation(
self.concepts_to_integrate_proj(contextual_concepts)
)

# projected_contextual_concepts: (batch_size, seq_len, input_dim)

fused_hidden_states = hidden_states + projected_contextual_concepts
# 7 (hidden_states & BLSBERDAE)

return {"last_hidden_state": fused_hidden_states, "attention_weights":
attention_weights.detach()}

def get_output_dim(self):
return self.input_dim

print("--- Cell 5: SemanticConceptModule defined. ---")

# --- Cell 6: DirectNonCommutativeModule (Optimized) ---

import torch



import torch.nn as nn

class DirectNonCommutativeModule(nn.Module):
def __init__(self, input_dim, output_dim=None, model_config=None,
module_specific_config=None):
super().__init__()
self.input_dim = input_dim

# BRERS

cfg = module_specific_config if module_specific_config is not None else {}
self.verbose = cfg.get("verbose", True)

self.internal_dropout = cfg.get("dropout", 0.2)

#77AILE Cinput_dim® 2 Z (HEERMESH D)

self.internal_ff_dim = cfg.get("internal_processing_dim", input_dim * 2)

# HARTT
self.output_dim = output_dim or cfg.get("output_dim", input_dim)

# @Oy Y (IEFRREBE5)
self.non_commutative_processor = nn.Sequential(
nn.Linear(input_dim * 2, self.internal_ff_dim),

nn.LayerNorm(self.internal_ff_dim),
nn.RelLU(),
nn.Dropout(self.internal_dropout),
nn.Linear(self.internal_ff_dim, input_dim)

#ANINTGA—% (FETTEE
self.lambda_param = nn.Parameter(torch.tensor(cfg.get("lambda_init", 0.5)))

# HHOHE (HARTHELRDZHR)
if self.input_dim != self.output_dim:

self.final_integration_projection = nn.Linear(input_dim, self.output_dim)
else:

self.final_integration_projection = None

# 0Oy
if self.verbose:
print(f"DirectNonCommutativeModule initialized: "
f"input_dim={self.input_dim}, output_dim={self.output_dim}, "
f"internal_ff_dim={self.internal_ff_dim}, dropout={self.internal_dropout}, "



f"lambda_init={self.lambda_param.item()}")

def forward(self, hidden_states, attention_mask=None, **kwargs):

hidden_states: (batch_size, seq_len, input_dim)
batch_size, seq_len, _ = hidden_states.shape
device = hidden_states.device

#I—TUVARMN2KEDOGE (REEE)
if seq_len < 2:
output_features = (
self.final_integration_projection(hidden_states)
if self.final_integration_projection
else hidden_states
)
return {
"last_hidden_state": output_features,
"non_commutative_effects_map": None

# FE TSN RAZHN

non_commutative_effects_at_each_step = torch.zeros_like(hidden_states)

foriin range(seq_len - 1):
h_i = hidden_states[:, i, :]
h_next = hidden_states[:, i + 1, :]

forward_concat = torchxcat((h_i, h_next), dim=-1)
backward_concat = torchxcat((h_next, h_i), dim=-1)

forward_processed = self.non_commutative_processor(forward_concat)
backward_processed = self.non_commutative_processor(backward_concat)

#ANTRT=UVT
non_comm_effect = self.lambda_param * (forward_processed - backward_processed)

HEh—U VICERTONE
non_commutative_effects_at_each_stepl[;, i, :] += 0.5 * non_comm_effect
non_commutative_effects_at_each_step[:, i + 1, :] -= 0.5 * non_comm_effect



fused_hidden_states = hidden_states + non_commutative_effects_at_each_step

output_features = (
self.final_integration_projection(fused_hidden_states)
if self.final_integration_projection
else fused_hidden_states

# H73: last_hidden_state & FERRHIR T v 7
return {
"last_hidden_state": output_features,
"non_commutative_effects_map": non_commutative_effects_at_each_step.detach()

def get_output_dim(self):
return self.output_dim

print("--- Cell 6: DirectNonCommutativeModule (Optimized) defined. ---")

# --- Cell 7: DiscontinuityEmergenceModule class (Optimized for Current Experiment Code) ---
import torch
import torch.nn as nn

class DiscontinuityEmergenceModule(nn.Module):
def __init__(self, input_dim, output_dim=None, model_config=None,
module_specific_config=None):
super().__init__()
self.input_dim = input_dim
cfg = module_specific_config if module_specific_config is not None else {}

self.semantic_dim_for_discontinuity = cfgxget("semantic_dim_for_discontinuity", 12)
self.emergent_label_dim = cfg.get("emergent_label_dim", 24)
internal_dropout = cfg.get("dropout", 0.2)



# HARTTHTE (AB+BIRFNILRIT or E7E)
potential_intermediate_dim = self.input_dim + self.emergent_label_dim
self.output_dim = cfgxget("output_dim") or output_dim or potential_intermediate_dim

# WrieiR 0D 72 6b D ERAFEIh
self.feature_to_semantic = nn.Sequential(
nn.Linear(self.input_dim, self.input_dim // 2),
nn.RelLU(),
nn.Linear(self.input_dim // 2, self.semantic_dim_for_discontinuity),
nn.Tanh()

# Wi 2 O 7 1% 28

self.discontinuity_detector = nn.Sequential(
nn.Linear(self.semantic_dim_for_discontinuity * 2, 64),
nn.ReLU(),
nn.Dropout(internal_dropout),
nn.Linear(64, 1),
nn.Sigmoid()

# BIR S NIVERZR

self.emergent_label_generator = nn.Sequential(
nn.Linear(self.semantic_dim_for_discontinuity * 2, self.input_dim // 4),
nn.LayerNorm(self.input_dim // 4),
nn.RelLU(),
nn.Dropout(internal_dropout),
nn.Linear(self.input_dim // 4, self.emergent_label_dim),
nn.Tanh()

# B HRITHEEA projection (BEICIH U T)
if potential_intermediate_dim != self.output_dim:

self.integration_projection = nn.Linear(potential_intermediate_dim, self.output_dim)
elif self.input_dim != self.output_dim:

self.fallback_projection = nn.Linear(self.input_dim, self.output_dim)

print(f"[DiscontinuityEmergenceModule] Initialized "
f"(input_dim={self.input_dim}, output_dim={self.output_dim}, "
f"semantic_dim={self.semantic_dim_for_discontinuity},
emergent_dim={self.emergent_label_dim})")



def forward(self, hidden_states, attention_mask=None, **kwargs):
batch_size, seq_len, _ = hidden_states.shape
device = hidden_states.device

semantic_features = self.feature_to_semantic(hidden_states)

disc_scores_seq = torch.zeros(batch_size, max(seq_len - 1, 1), 1, device=device)
emergent_labels_seq = torch.zeros(batch_size, max(seq_len - 1, 1),
self.emergent_label_dim, device=device)

if seq_len > 1:
sfd_t = semantic_features[:, :-1, :]
sfd_tp1 = semantic_featuresl:, 1, :]
combined = torch.cat((sfd_t, sfd_tp1), dim=-1)

disc_scores_seq = self.discontinuity_detector(combined)
emergent_labels_seq = self.emergent_label_generator(combined)

# pooled_emergent_label: attention_mask Z & T¥15 (or mean)
if emergent_labels_seq.shape[1] > O:
if attention_mask is not None and attention_mask.shape[1] > 1:
mask = attention_mask([:, 1:].unsqueeze(-1)
pooled_label = (emergent_labels_seq x mask)xsum(dim=1) /
torchxclamp(maskxsum(dim=1), min=1)
else:
pooled_label = emergent_labels_seqgxmean(dim=1)

expanded_label = pooled_label.unsqueeze(1).expand(-1, seq_len, -1)
output_features = torch.cat((hidden_states, expanded_label), dim=-1)
else:

if self.output_dim == self.input_dim + self.emergent_label_dim:
zero_label = torch.zeros(batch_size, seq_len, self.emergent_label_dim, device=device)
output_features = torch.cat((hidden_states, zero_label), dim=-1)

else:
output_features = hidden_states

if hasattr(self, 'integration_projection'):

final_output = self.integration_projection(output_features)
elif hasattr(self, 'fallback_projection'):

final_output = self.fallback_projection(output_features)



else:
final_output = output_features

return {
"last_hidden_state": final_output,
"discontinuity_scores": disc_scores_seq.squeeze(-1).detach(),
"emergent_labels_generated": emergent_labels_seq.detach()

def get_output_dim(self):
return self.output_dim

print("--- Cell 7: DiscontinuityEmergenceModule class defined (Optimized). ---")

# --- Cell 8: InterpretableHolographicReducer class (Optimized) ---
import torch

import torch.nn as nn

import torch.nn.functional as F

class InterpretableHolographicReducer(nn.Module):
InterpretableHolographicReducer
AKEVa—-ILE. ANEHELSBIRAIER IV T h S & ITREBIERZITL.
XARKICBEIRAIRE R S RITRHHBRRZER T B cHDEY 12 —ILTY,

def __init__(self, input_feature_dim, output_dim=None, model_config=None,
module_specific_config=None):
Args:
input_feature_dim (int): AJJ4SEE DRITE
output_dim (int, optional): &#&HIRIT, None DiFHIE num_key_concepts *
reduced_dim_per_concept % {#H



i

model_config (dict, optional): 2T TILDREFHFE REMA. THRMER)
module_specific_config (dict, optional): CDEY 1 —ILEE DREFHE
super().__init__()
self.input_feature_dim = input_feature_dim

cfg = module_specific_config if module_specific_config is not None else {}
self.num_key_concepts = cfg.get("num_key_concepts", 16)
self.reduced_dim_per_concept = cfg.get("reduced_dim_per_concept", 32) # 0601PDF T:

#AVEINT7ONYA T (FBORE/INTA—5)
self.key_concept_prototypes = nn.Parameter(
torch.empty(self.num_key_concepts, self.input_feature_dim)

)

nn.init.xavier_uniform_(self.key_concept_prototypes)

# ANBFEEZZAYET MR MNUICEHE
self.reduction_projector = nn.Linear(self.input_feature_dim, self.reduced_dim_per_concept)
self.activation_after_projection = nn.Tanh()

# BARTDHKL
default_output_dim = self.num_key_concepts * self.reduced_dim_per_concept
self.output_dim = output_dim if output_dim is not None else default_output_dim

print(f"InterpretableHolographicReducer initialized: "
f"input_dim={self.input_feature_dim}, "
f"num_key_concepts={self.num_key_concepts}, "
f"reduced_dim_per_concept={self.reduced_dim_per_concept}, "
f"output_dim={self.output_dim}")

def forward(self, hidden_states_sequence, attention_mask=None, **kwargs):
Args:
hidden_states_sequence (Tensor): (batch_size, seq_len, input_feature_dim)
attention_mask (Tensor, optional): (batch_size, seq_len)
Returns:
dict: {
"last_hidden_state": (batch_size, output_dim),
"concept_attention_map": (batch_size, num_key_concepts, seq_len) or None



batch_size, seq_len, _ = hidden_states_sequence.shape
reduced_concept_vectors =[]
all_attention_weights =[]

foriin range(self.num_key_concepts):
concept_proto = self.key_concept_prototypes[i] # (input_feature_dim)

#EMN—VVEBSTONYA TOELERDT
scores = torchxmatmul(hidden_states_sequence,
concept_proto.unsqueeze(-1)).squeeze(-1)

if attention_mask is not None:
scores = scoresxmasked_fill(attention_mask == 0, -1e9)

attn_weights = F.softmax(scores, dim=1)
all_attention_weights.append(attn_weights.unsqueeze(1)) # (batch_size, 1, seq_len)

# BEHfT T IT (ARTKRIR)
context_vector = torchxsum(
hidden_states_sequence * attn_weights.unsqueeze(-1), dim=1

# Sz +E ML
reduced_vector = self.activation_after_projection(
self.reduction_projector(context_vector)

)

reduced_concept_vectors.append(reduced_vector) # (batch_size,
reduced_dim_per_concept)

# AL TS EDFERNRY N ZEE
final_representation = torch.cat(reduced_concept_vectors, dim=1) # (batch_size,
output_dim)

concept_attention_map = torch.cat(all_attention_weights, dim=1) if all_attention_weights
else None

return {
"last_hidden_state": final_representation,
"concept_attention_map": concept_attention_map.detach() if concept_attention_map is
not None else None



def get_output_dim(self):

Returns:
int: €Y 2—JLOHIIRITE

return self.output_dim

print("--- Cell 8: InterpretableHolographicReducer class defined.

# --- Cell 7: Module Registry Cell (Full Extended Version) ---

# IMDb
experiments_to_run = [
{
"Experiment_Name": "EQ_Baseline_IMDb",
"Task_Type": "classification_imdb",
"Enabled_Modules": [],

"Experiment_Name": "E1_SemAtt_IMDb",
"Task_Type": "classification_imdb",
"Enabled_Modules": ["semantic_attention"],

"Experiment_Name": "E2_SemConcept_IMDb",
"Task_Type": "classification_imdb",
"Enabled_Modules": ["semantic_concept"],

"Experiment_Name": "E3_NonComm_IMDb",
"Task_Type": "classification_imdb",
"Enabled_Modules": ["direct_non_commutative"],



"Experiment_Name": "E4_DiscEmergence_IMDb",
"Task_Type": "classification_imdb",
"Enabled_Modules": ["discontinuity_emergence"],

"Experiment_Name": "E5_HoloReducer_IMDb",
"Task_Type": "classification_imdb",
"Enabled_Modules": ["interpretable_holographic_reducer"],

"Experiment_Name": "E6_AlIModules_IMDb",
"Task_Type": "classification_imdb",
"Enabled_Modules": [
"semantic_attention",
"semantic_concept",
"direct_non_commutative",
"discontinuity_emergence",
"interpretable_holographic_reducer"

L
"Notes": "All modules combined for IMDb"

# SNLI
experiments_to_run +=[
{
"Experiment_Name": "EO_Baseline_NLI",
"Task_Type": "nli",
"Enabled_Modules": [],

"Experiment_Name": "E1_SemAtt_NLI",
"Task_Type": "nli",
"Enabled_Modules": ["semantic_attention"],

"Experiment_Name": "E2_SemConcept_NLI",
"Task_Type": "nli",
"Enabled_Modules": ["semantic_concept"],



"Experiment_Name": "E3_NonComm_NLI",
"Task_Type": "nli",
"Enabled_Modules": ["direct_non_commutative"],

"Experiment_Name": "E4_DiscEmergence_NLI",
"Task_Type": "nli",
"Enabled_Modules": ["discontinuity_emergence"],

"Experiment_Name": "E5_HoloReducer_NLI",
"Task_Type": "nli",
"Enabled_Modules": ["interpretable_holographic_reducer"],

"Experiment_Name": "E6_AlIModules_NLI",

"Task_Type": "nli",

"Enabled_Modules": [
"semantic_attention",
"semantic_concept",
"direct_non_commutative",
"discontinuity_emergence",
"interpretable_holographic_reducer"

1,

"Notes": "All modules combined for SNLI"

print("--- Cell 7: Module Registry Cell (Full Extended Version) defined. ---")

# --- Cell 7b: Experiment Runner (Optimized Final Version) ---
import torch
import torch.nn.functional as F



from tqdm.auto import tgdm

def train_one_epoch(model, dataloader, optimizer, scheduler=None):
1TRy I DEBEZTSEH.
Args:
model: PipelineModel
dataloader: DatalLoader
optimizer: torch.optim
scheduler: #8EX 7Y 1 —7—(FR)
Returns:
tuple: (918K, FIIIERE)
model.train()
total_loss, total_correct, total_samples = 0.0, O, O

for batch in dataloader:
input_ids = batch["input_ids"].to(CFG.DEVICE)
attention_mask = batch["attention_mask"].to(CFG.DEVICE)
labels = batch["labels"].to(CFG.DEVICE)

optimizer.zero_grad()

outputs = model(input_ids, attention_mask)
logits = outputs["logits"]

loss = F.cross_entropy(logits, labels)

loss.backward()

optimizer.step()

if scheduler is not None:
scheduler.step()

total_loss += loss.item() * labels.size(0)
total_correct += (logitsxargmax(dim=1) == labels).sum().item()
total_samples += labels.size(0)

avg_loss = total_loss [ total_samples if total_samples > 0O else float('inf')
avg_acc = total_correct / total_samples if total_samples > 0 else 0.0
return avg_loss, avg_acc

def evaluate_one_epoch(model, dataloader):



1Ry 7 OFFE % 1T S B,
Args:
model: PipelineModel
dataloader: DatalLoader
Returns:

tuple: (918K, FIIIEREE)
model.eval()
total_loss, total_correct, total_samples = 0.0, O, O

with torch.no_grad():
for batch in dataloader:
input_ids = batch["input_ids"].to(CFG.DEVICE)
attention_mask = batch["attention_mask"].to(CFG.DEVICE)
labels = batch["labels"].to(CFG.DEVICE)

outputs = model(input_ids, attention_mask)
logits = outputs["logits"]
loss = F.cross_entropy(logits, labels)

total_loss +=loss.item() * labels.size(0)
total_correct += (logitsxargmax(dim=1) == labels).sum().item()
total_samples += labels.size(0)

avg_loss = total_loss [ total_samples if total_samples > 0 else float('inf")
avg_acc = total_correct / total_samples if total_samples > 0 else 0.0
return avg_loss, avg_acc

def run_experiment(exp_config, train_loader, eval_loader, num_labels):
EERR T ICED E PipelineModel #88E L. 28 &Ml % 1T5 B,
Args:
exp_config (dict): SEERZRTE
train_loader (DataLoader): FIfET—%
eval_loader (DatalLoader): i —%
num_labels (int): 2SN
experiment_name = exp_config.get('Experiment_Name', 'Unnamed_Experiment')
print(f'==================== Running Experiment: {experiment_name}



try:

# ETILIEE

model_config = {
"base_model_name": CFG.BASE_MODEL_NAME,
"num_labels": num_labels,
"enabled_modules": exp_config.get("Enabled_Modules", [])

}

model = PipelineModel(model_config)

model.to(CFG.DEVICE)

HATTARATERT Y2 —7

optimizer = torch.optim.AdamW (model.parameters(), Ir=CFG.LEARNING_RATE)
total_steps = len(train_loader) * CFG.EPOCHS

scheduler = torch.optim.Ir_scheduler.StepLR(optimizer, step_size=1, gamma=0.9)

print(f"Enabled Modules: {exp_config.get('Enabled_Modules', [1)}")
for epoch in range(CFG.EPOCHS):
print(f"--- Epoch {epoch+1}/{{CFG.EPOCHS} ---")
train_loss, train_acc = train_one_epoch(model, train_loader, optimizer, scheduler)
print(f"Train Loss: {train_loss:.4f}, Train Accuracy: {train_acc:.4f}")
eval_loss, eval_acc = evaluate_one_epoch(model, eval_loader)
print(f"Eval Loss: {eval_loss:.4f}, Eval Accuracy: {eval_acc:.4f}")

print(f" Finished: {experiment_name} | Accuracy: {eval_acc:.4f}")

except Exception as e:
print(f" /1. Error in {experiment_name}: {str(e)}")

print("--- Cell 7b: Experiment Runner (Optimized Final Version) defined. ---")

# --- Cell X: XERERARE /L (SEEDENIR) ---



CFG.IMDB_TRAIN_SAMPLES = 20 # IMDb Il > 7JL (3#22: 20,000)
CFG.IMDB_EVAL_SAMPLES =5 # IMDbF X k4> 7))L (#2%E: 5,000)
CFG.IMDB_EPOCHS =3 # IMDb @ IR 7 #1 (H#E22: 3)

CFG.SNLI_TRAIN_SAMPLES = 50 # SNLIFII#Y > 7)L (#31E: 50,000)
CFG.SNLI_EVAL_SAMPLES =10 # SNLITX ~H> )L (3#%2: 10,000)
CFG.SNLI_EPOCHS =3 # SNLID IRy 7 % (H#3E: 3)

CFG.SEED =42 # I — K ((FEDOE#HTOK)

print("--- AFBRIERE /L ready. ---")

# --- Cell 7c: Experiment Execution Cell (Full Optimized Version, {EIE&F#) ---
import torch

import pandas as pd

import time

from transformers import AutoTokenizer

from tgdm.auto import tgdm

import matplotlib.pyplot as plt

import seaborn as sns

import os

print("--- Cell 7c: Experiment Execution Cell (Full Optimized Version, {&1E&#&) ---")
results_summary = []

for exp_config in experiments_to_run:

print(f"\n==================== Running Experiment: {exp_config['Experiment_Name'l}

start_time = timextime()



try:
tokenizer = AutoTokenizer.from_pretrained(CFG.BASE_MODEL_NAME)

train_loader, eval_loader, _ = load_and_prepare_dataset(
exp_config["Task_Type"],
tokenizer,

CFG.TRAIN_SAMPLES,
CFG.EVAL_SAMPLES,
CFG.MAX_TOKEN_LENGTH

# 5 R ZEDNnum_labels 5&7E
if exp_config["Task_Type"] == "classification_imdb":
num_labels = 2
num_epochs = CFG.IMDB_EPOCHS
elif exp_config["Task_Type"] == "nli":
num_labels = 3
num_epochs = CFG.SNLI_EPOCHS
else:
raise ValueError(f"Unsupported task type: {exp_config['Task_Type']}")

print(f"Task: {exp_config['Task_Type'l}, Num Labels: {num_labels}")

model_config = {
"base_model_name": CFG.BASE_MODEL_NAME,
"num_labels": num_labels,
"enabled_modules": exp_config["Enabled_Modules"]
}
model = PipelineModel(model_config)
model.to(CFG.DEVICE)
print(f"Enabled Modules: {exp_config['Enabled_Modules']}")

optimizer = torch.optim.AdamW (model.parameters(), Ir=CFG.LEARNING_RATE)
scheduler = torch.optim.Ir_scheduler.StepLR(optimizer, step_size=1, gamma=0.9)

best_eval_accuracy = 0.0
best_eval_loss = float("inf")
history = []

for epoch in range(num_epochs):
print(f"--- Epoch {epoch+1}/{num_epochs} ---")
train_loss, train_accuracy = train_one_epoch(model, train_loader, optimizer, scheduler)



eval_loss, eval_accuracy = evaluate_one_epoch(model, eval_loader)
print(f"Train Loss: {train_loss:.4f}, Train Accuracy: {train_accuracy:.4f}")
print(f"Eval Loss: {eval_loss:.4f}, Eval Accuracy: {eval_accuracy:.4f}")

history.append({
"epoch": epoch+1,
"train_loss": train_loss,
"train_accuracy": train_accuracy,
"eval_loss": eval_loss,
"eval_accuracy": eval_accuracy

}

if eval_accuracy > best_eval_accuracy:
best_eval_accuracy = eval_accuracy
best_eval_loss = eval_loss

runtime = time.time() - start_time

# FERECHR
result_entry = {
"Experiment_Name": exp_config["Experiment_Name"],
"Task_Type": exp_config["Task_Type"],
"Enabled_Modules": " -> ".join(exp_config["Enabled_Modules"]) if
exp_config["Enabled_Modules"] else "Baseline",
"Accuracy": best_eval_accuracy,
"Loss": best_eval_loss,
"Runtime_s": runtime,
"Epochs": num_epochs,
"Notes": exp_config.get("Notes", "")

}

results_summary.append(result_entry)

# £EREBE S LI JSON/CSV RTE

result_df = pdxDataFrame(history)

result_df.to_csv(f"{DRIVE_RESULTS_PATH}/{exp_config['Experiment_Name']}_history.csv",
index=False)

print(f" |yl Epoch-wise results saved: {exp_config['Experiment_Name']}_history.csv")

# ETIRE
model_save_path = osxpathxjoin(DRIVE_RESULTS_PATH,
f"{exp_config['Experiment_Name']}.pt")



torch.save(model.state_dict(), model_save_path)
print(f" Model saved: {model_save_path}")

# U2 7H[fL

plt.figure(figsize=(10,5))

sns.lineplot(x="epoch", y="train_loss", data=result_df, label="Train Loss")
sns.lineplot(x="epoch", y="eval_loss", data=result_df, label="Eval Loss")
plt.xlabel("Epoch")

plt.ylabel("Loss")

plt.title(f"Loss Curve - {exp_config['Experiment_Name']}")

plt.legend()

plt.grid()
plt.savefig(f"{DRIVE_RESULTS_PATH}/{exp_config['Experiment_Name']}_loss_curve.png")
plt.close()

print(f" ~ Loss curve saved: {exp_config['Experiment_Name']}_loss_curve.png")

print(f" Finished: {exp_config['Experiment_Name']l} | Accuracy:
{best_eval_accuracy:.4f}")

except Exception as e:
print(f" /1. Error in {exp_config['Experiment_Name'l}: {str(e)}")
results_summary.append({
"Experiment_Name": exp_config["Experiment_Name"],
"Task_Type": exp_config["Task_Type"],
"Enabled_Modules": " -> ".join(exp_config["Enabled_Modules"]) if
exp_config["Enabled_Modules"] else "Baseline",
"Accuracy": 0.0,
"Loss": float("inf"),
"Runtime_s": 0.0,
"Epochs": O,
"Notes": str(e)

})
print("\N============================== A|| Experiments Finished

results_df = pd.DataFrame(results_summary)
print(results_df)

# 2 ERZRE
results_df.to_csv(f"{DRIVE_RESULTS_PATH}/All_Experiments_Summary.csv", index=False)
print(f" jgl All experiments summary saved: All_Experiments_Summary.csv")



print("--- Cell 7c: Experiment Execution Cell completed. ---")

—=—=—=—=—======== A|| Experiments Finished ==============
Experiment_Name Task_Type \

0 EQO_Baseline_IMDb classification_imdb
1 E1_SemAtt_IMDb classification_imdb
2 E2_SemConcept_IMDb classification_imdb
3 E3_NonComm_IMDb classification_imdb
4 E4_DiscEmergence_IMDb classification_imdb
5 E5_HoloReducer_IMDb classification_imdb
6 E6_AIlIModules_IMDb classification_imdb
7 EO_Baseline_NLI nli
8 E1_SemAtt_NLI nli
9 E2_SemConcept_NLI nli
10 E3_NonComm_NLI nli
11 E4_DiscEmergence_NLI nli
12 E5_HoloReducer_NLI nli
13  E6_AIlIModules_NLI nli
Enabled_Modules Accuracy  Loss \
0 Baseline 0.8 0.635397
1 semantic_attention 0.6 0.694244
2 semantic_concept 0.8 0.642197
3 direct_non_commutative 0.6 0.640093
4 discontinuity_emergence 0.6 0.689613
5 interpretable_holographic_reducer 0.6 0.703794
6 semantic_attention -> semantic_concept -> dire... 0.6 0.688052
7 Baseline 0.6 1.001989
8 semantic_attention 0.4 1.068132
9 semantic_concept 0.6 1.082820
10 direct_non_commutative 0.6 1.029776
11 discontinuity_emergence 0.4 1.092769
12 interpretable_holographic_reducer 0.6 0.999566
13 semantic_attention -> semantic_concept -> dire... 0.4 1.078566
Runtime_s Epochs Notes

0 114.567719 3



1 96.495535 3
2 99.448774

3 131.600461

4 97561012 3
5 96.514058 3
6 132.076739 3 All modules combined for IMDb
7 101.680416 3
8 103.471418 3
9 96.899173 3
10 127.981593 3
11 98.745019 3
12 100.796335 3

13 138.880069 3 All modules combined for SNLI

Il All experiments summary saved: All_Experiments_Summary.csv
--- Cell 7c: Experiment Execution Cell completed. ---

# --- Cell 10: IMDb Test DatalLoader for Production ---
from transformers import AutoTokenizer

from datasets import load_dataset

from torch.utils.data import DataLoader

tokenizer = AutoTokenizer.from_pretrained(CFG.BASE_MODEL_NAME)
imdb_dataset = load_dataset("imdb")

def tokenize_imdb(examples):
return tokenizer(
examples["text"],
padding="max_length",
truncation=True,
max_length=CFG.MAX_TOKEN_LENGTH

tokenized_imdb = imdb_dataset.map(tokenize_imdb, batched=True)
tokenized_imdb = tokenized_imdb.rename_column("label", "labels")
tokenized_imdb.set_format(type="torch", columns=["input_ids", "attention_mask", "labels"])



test_imdb_dataset = tokenized_imdb["test"].select(range(CFG.IMDB_EVAL_SAMPLES))
test_imdb_loader = DataLoader(test_imdb_dataset, batch_size=CFG.BATCH_SIZE)

print(f"--- IMDb Test DataLoader (Production) ready: {CFG.IMDB_EVAL_SAMPLES} samples
___II)

# --- Cell 11: SNLI Test DatalLoader for Production ---
tokenizer = AutoTokenizer.from_pretrained(CFG.BASE_MODEL_NAME)
snli_dataset = load_dataset("snli")

def tokenize_snli(examples):
return tokenizer(
examples["premise"],
examples["hypothesis"],
padding="max_length",
truncation=True,
max_length=CFG.MAX_TOKEN_LENGTH

tokenized_snli = snli_dataset.map(tokenize_snli, batched=True)
tokenized_snli = tokenized_snli.rename_column("label", "labels")
tokenized_snli.set_format(type="torch", columns=["input_ids", "attention_mask", "labels"])

# INIL-1IEBBRA (REED )

test_snli_dataset = tokenized_snli["validation"].filter(lambda x: x["labels"] != -1)
test_snli_dataset = test_snli_dataset.select(range(CFG.SNLI_EVAL_SAMPLES))
test_snli_loader = DatalLoader(test_snli_dataset, batch_size=CFG.BATCH_SIZE)

print(f"--- SNLI Test DataLoader (Production) ready: {CFG.SNLI_EVAL_SAMPLES} samples ---")



# --- Test Set Label Distribution Check Cell ---
from collections import Counter

print("=== Test Set Label Distribution Check ===")

# IMDb

imdb_labels = [int(label) for label in test_imdb_dataset["labels"]]
imdb_label_counter = Counter(imdb_labels)

print(f"IMDb Test Set Label Distribution: {imdb_label_counter}")

# SNLI
snli_labels = [int(label) for label in test_snli_dataset["labels"]] if 'test_snli_dataset' in globals()
else []
if snli_labels:
snli_label_counter = Counter(snli_labels)
print(f"SNLI Test Set Label Distribution: {snli_label_counter}")
else:
print("SNLI Test Set Not Available")

print("=== End of Test Set Label Distribution Check ===")

# --- Cell 7c ERIET ILRGF LRIV (ERAKRT) ---
import torch
import os

print("--- #REMET LREFRIL ERBART) ---")

for idx, result in enumerate(results_summary):
exp_name = result['Experiment_Name']
try:



model_save_path = osxpathxjoin(DRIVE_RESULTS_PATH, f"{exp_name}.pt")
torch.save(model.state_dict(), model_save_path)
print(f" Model saved: {model_save_path}")
except Exception as e:
print(f" /1. Error saving model {exp_name}: {e}")

print("--- #®ERET/LIRF /L completed. ---")

# --- Cell 8: #t5g /L (2 Y 2 —ILFE - num_labels FI#AkR) ---
import os

import torch

from sklearn.metrics import classification_report

def run_inference(model, dataloader):

model.eval()

all_predictions =[]

all_labels =[]

with torch.no_grad():

for batch in dataloader:

input_ids = batch['input_ids'].to(CFG.DEVICE)
attention_mask = batch['attention_mask'].to(CFG.DEVICE)
labels = batch['labels'].to(CFG.DEVICE)

outputs = model(input_ids, attention_mask)
logits = outputs|['logits']
predictions = torch.argmax(logits, dim=1)

all_predictions.extend(predictions.cpu().numpy())
all_labels.extend(labels.cpu().numpy())
return all_predictions, all_labels

# --- #wETT (IMDb/SNLI) ---
print("=== Evaluation Results (All Modules) ===\n")



# IMDb
print("=== IMDb Results ===")
for exp_config in experiments_to_run:
if exp_config['Task_Type'] == 'classification_imdb":
exp_name = exp_config['Experiment_Name']
try:
model_path = osxpathxjoin(DRIVE_RESULTS_PATH, f"{exp_name}.pt")
state_dict = torch.load(model_path, map_location=CFG.DEVICE)

# classifier.weight.shape[0] n5 num_labels % #t5%
saved_num_labels = state_dict['classifier.weight'].shape[0]

model_config = {
"base_model_name": CFG.BASE_MODEL_NAME,
"num_labels": saved_num_labels, # ®EETILEELES
"enabled_modules": exp_config["Enabled_Modules"]

}

model = PipelineModel(model_config)

model.load_state_dict(state_dict, strict=False)

model.to(CFG.DEVICE)

print(f" [{exp_name}] Model loaded successfully.")

predictions, labels = run_inference(model, test_imdb_loader)
accuracy = sum([p == | for p, | in zip(predictions, labels)]) / len(labels)
print(f" [{exp_name}] Accuracy: {accuracy:.4f}")
print("Classification Report:")
print(classification_report(labels, predictions, digits=4))

except Exception as e:
print(f" A, [{exp_name}] Error: {e}")

print("-" * 80)

# SNLI
print("=== SNLI Results ===")
for exp_config in experiments_to_run:
if exp_config['Task_Type'] == 'nli":
exp_name = exp_config['Experiment_Name']
try:
model_path = os.path.join(DRIVE_RESULTS_PATH, f"{exp_name}.pt")
state_dict = torch.load(model_path, map_location=CFG.DEVICE)



saved_num_labels = state_dict['classifier.weight'].shape[0]

model_config = {
"base_model_name": CFG.BASE_MODEL_NAME,
"num_labels": saved_num_labels, # #EFEETFILEEDLES
"enabled_modules": exp_config["Enabled_Modules"]

}

model = PipelineModel(model_config)

model.load_state_dict(state_dict, strict=False)

model.to(CFG.DEVICE)

print(f" [{exp_name}] Model loaded successfully.")

predictions, labels = run_inference(model, test_snli_loader)
accuracy = sum([p == | for p, | in zip(predictions, labels)]) / len(labels)
print(f" [{exp_name}] Accuracy: {accuracy:.4f}")
print("Classification Report:")
print(classification_report(labels, predictions, digits=4))

except Exception as e:
print(f" /1. [{exp_name}] Error: {e}")

print("-" * 80)

print("=== All Evaluation Results Completed ===")

== Evaluation Results (All Modules) ===

=== IMDb Results ===
[EO_Baseline_IMDb] Model loaded successfully.
[EO_Baseline_IMDb] Accuracy: 0.2000
Classification Report:

precision recall f1-score support

0O 10000 0.2000 0.3333 5
1 0.0000 0.0000 0.0000 0



accuracy 0.2000 5
macro avg 0.5000 0.1000 0.1667 5
weighted avg 1.0000 0.2000 0.3333 5

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

SemanticAttentionModule initialized: input_dim=768, attention_dim=64
[E1_SemAtt_IMDb] Model loaded successfully.
[E1_SemAtt_IMDb] Accuracy: 0.4000
Classification Report:
precision recall f1-score support

0O 1.0000 0.4000 0.5714 5
1 0.0000 0.0000 0.0000 0

accuracy 0.4000 5
macro avg 0.5000 0.2000 0.2857 5
weighted avg 1.0000 0.4000 0.5714 5

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use "zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:



UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
SemanticConceptModule initialized: input_dim=768, num_concepts=32, concept_dim=128
[E2_SemConcept_IMDb] Model loaded successfully.
[E2_SemConcept_IMDb] Accuracy: 0.2000
Classification Report:

precision recall f1-score support

0O 10000 0.2000 0.3333 5
1 0.0000 0.0000 0.0000 0

accuracy 0.2000 5
macro avg 0.5000 0.1000 0.1667 5
weighted avg 1.0000 0.2000 0.3333 5

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
DirectNonCommutativeModule initialized: input_dim=768, output_dim=768,
internal_ff_dim=1536, dropout=0.2, lambda_init=0.5
[E3_NonComm_IMDb] Model loaded successfully.

[E3_NonComm_IMDb] Accuracy: 0.2000
Classification Report:
precision recall f1-score support

0O 10000 0.2000 0.3333 5
1 0.0000 0.0000 0.0000 0

accuracy 0.2000 5
macro avg 0.5000 0.1000 0.1667 5



weighted avg  1.0000 0.2000 0.3333 5

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

[E4_DiscEmergence_IMDb] Model loaded successfully.
[E4_DiscEmergence_IMDb] Accuracy: 0.2000
Classification Report:

precision recall f1-score support

0O 10000 0.2000 0.3333 5
1 0.0000 0.0000 0.0000 0

accuracy 0.2000 5
macro avg 0.5000 0.1000 0.1667 5
weighted avg 1.0000 0.2000 0.3333 5

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

[E5_HoloReducer_IMDb] Model loaded successfully.



[E5_HoloReducer_IMDb] Accuracy: 0.2000
Classification Report:
precision recall f1-score support

0O 10000 0.2000 0.3333 5
1 0.0000 0.0000 0.0000 0

accuracy 0.2000 5
macro avg 0.5000 0.1000 0.1667 5
weighted avg 1.0000 0.2000 0.3333 5

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

SemanticAttentionModule initialized: input_dim=768, attention_dim=64
SemanticConceptModule initialized: input_dim=768, num_concepts=32, concept_dim=128
DirectNonCommutativeModule initialized: input_dim=768, output_dim=768,
internal_ff_dim=1536, dropout=0.2, lambda_init=0.5
[E6_AlIModules_IMDb] Model loaded successfully.
[E6_AlIModules_IMDb] Accuracy: 0.4000
Classification Report:

precision recall f1-score support

0O 1.0000 0.4000 0.5714 5
1 0.0000 0.0000 0.0000 0

accuracy 0.4000 5
macro avg 0.5000 0.2000 0.2857 5
weighted avg 1.0000 0.4000 0.5714 5



=== SNLI Results ===
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use “zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Recall is ill-defined and being set to 0.0 in labels with no true samples.
Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

[EO_Baseline_NLI] Model loaded successfully.
[EO_Baseline_NLI] Accuracy: 0.3000
Classification Report:

precision recall f1-score support

O 0.4000 0.5000 0.4444 4
1 0.2000 0.3333 0.2500 3
2 0.0000 0.0000 0.0000 3

accuracy 0.3000 10
macro avg 0.2000 0.2778 0.2315 10
weighted avg 0.2200 0.3000 0.2528 10

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

SemanticAttentionModule initialized: input_dim=768, attention_dim=64
[E1_SemAtt_NLI] Model loaded successfully.



[E1_SemAtt_NLI] Accuracy: 0.4000
Classification Report:
precision recall f1-score support

0O 0.5000 0.5000 0.5000 4
1 0.3333 0.6667 0.4444 3
2 0.0000 0.0000 0.0000 3

accuracy 0.4000 10
macro avg 0.2778 0.3889 0.3148 10
weighted avg 0.3000 0.4000 0.3333 10

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

SemanticConceptModule initialized: input_dim=768, num_concepts=32, concept_dim=128
[E2_SemConcept_NLI] Model loaded successfully.
[E2_SemConcept_NLI] Accuracy: 0.4000
Classification Report:
precision recall f1-score support

0O 0.5000 0.5000 0.5000 4
1 0.3333 0.6667 0.4444 3
2 0.0000 0.0000 0.0000 3

accuracy 0.4000 10
macro avg 0.2778 0.3889 0.3148 10
weighted avg 0.3000 0.4000 0.3333 10

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:



UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
DirectNonCommutativeModule initialized: input_dim=768, output_dim=768,
internal_ff_dim=1536, dropout=0.2, lambda_init=0.5
[E3_NonComm_NLI] Model loaded successfully.

[E3_NonComm_NLI] Accuracy: 0.4000
Classification Report:
precision recall f1-score support

0O 0.5000 0.7500 0.6000 4
1 0.2500 0.3333 0.2857 3
2 0.0000 0.0000 0.0000 3

accuracy 0.4000 10
macro avg 0.2500 0.3611 0.2952 10
weighted avg 0.2750 0.4000 0.3257 10

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division"™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use “zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

[E4_DiscEmergence_NLI] Model loaded successfully.
[E4_DiscEmergence_NLI] Accuracy: 0.3000



Classification Report:
precision recall f1-score support

0O 0.4000 0.5000 0.4444 4
1 0.2000 0.3333 0.2500 3
2 0.0000 0.0000 0.0000 3

accuracy 0.3000 10
macro avg 0.2000 0.2778 0.2315 10
weighted avg 0.2200 0.3000 0.2528 10

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division"™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

[E5_HoloReducer_NLI] Model loaded successfully.
[E5_HoloReducer_NLI] Accuracy: 0.3000
Classification Report:

precision recall f1-score support

0O 0.4000 0.5000 0.4444 4
1 0.2000 0.3333 0.2500 3
2 0.0000 0.0000 0.0000 3

accuracy 0.3000 10
macro avg 0.2000 0.2778 0.2315 10
weighted avg 0.2200 0.3000 0.2528 10

Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division™ parameter to control this behavior.



_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division"™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use “zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))

SemanticAttentionModule initialized: input_dim=768, attention_dim=64
SemanticConceptModule initialized: input_dim=768, num_concepts=32, concept_dim=128
DirectNonCommutativeModule initialized: input_dim=768, output_dim=768,
internal_ff_dim=1536, dropout=0.2, lambda_init=0.5
[E6_AIlIModules_NLI] Model loaded successfully.
[E6_AIlIModules_NLI] Accuracy: 0.4000
Classification Report:

precision recall f1-score support

0O 0.5000 0.5000 0.5000 4
1 0.3333 0.6667 0.4444 3
2 0.0000 0.0000 0.0000 3

accuracy 0.4000 10
macroavg 0.2778 0.3889 0.3148 10
weighted avg 0.3000 0.4000 0.3333 10

=== All Evaluation Results Completed ===
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division" parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))
Jusr/local/lib/python3.11/dist-packages/sklearn/metrics/_classification.py:1565:
UndefinedMetricWarning: Precision is ill-defined and being set to 0.0 in labels with no predicted
samples. Use "zero_division™ parameter to control this behavior.

_warn_prf(average, modifier, f"{metric.capitalize()} is", len(result))



# --- Cell Z: #ER&EET - IR (EFERE - ZEUBXR) ---
import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

print("--- Cell Z: #55R&5t - Al (ERERA) ---")

# ERFTAHIAH
summary_path = f"{DRIVE_RESULTS_PATH}/AIll_Experiments_Summary.csv"
try:
results_df = pd.read_csv(summary_path)
print(f" Results summary loaded: {summary_path}")
except Exception as e:
print(f" /4. Failed to load results summary: {e}")
results_df = pd.DataFrame()

#ERRRT (T—T))

if not results_df.empty:
from IPython.display import display
display(results_df)

else:
print(" /1. No results data available for display.")

# ORt (EXARNT T L)

if not results_df.empty:
plt.figure(figsize=(10, 6))
sns.barplot(x="Experiment_Name', y="Accuracy', data=results_df)
plt.xticks(rotation=90)
plt.title('Accuracy by Experiment')
plt.ylabel('Accuracy"')
plt.xlabel('Experiment Name')
plt.grid()
plt.show()

else:
print(" /1. No data available for histogram.")

print("--- Cell Z completed. ---")



Cell Z: #5R&E5t - AI#R1L (ERERA) ---
Results summary loaded: [content/drive/MyDrive/Colab_SSG_Ablation_Study_Full_Results/
All_Experiments_Summary.csv

Experi | Task_ | Enabl | Accur |Loss |Runti |Epoch | Notes
ment |Type |ed_M |acy me_s |S
_Nam odule
e S
EO_Ba | classif | Baseli | 0.8 0.635 [114.56 | 3 NaN
seline |icatio | ne 397 7719
_IMDb | n_imd

b
E1_Se | classif |[sema | 0.6 0.694 1 96.49 |3 NaN
mAtt_I | icatio | ntic_a 244 5535
MDb | n_imd |ttentio

b n
E2_Se | classif [sema | 0.8 0.642 199.44 |3 NaN
mCon |icatio |ntic_c 197 8774
cept_| | n_imd | oncep
MDb |b t
E3_N |classif |direct | 0.6 0.640 131.60 |3 NaN
onCo |icatio |_non_ 093 0461
mm_| |n_imd | comm
MDb |b utativ

2

E4_Di | classif |disco | 0.6 0.689 |97.561|3 NaN
scCEm |icatio | ntinuit 613 012
ergen |n_imd |y_eme
ce IM b raenc




=

Db e
5 E5_H | classif |interp | 0.6 0.703 | 96.51 NaN
oloRe |icatio |retabl 794 4058
ducer | n_imd | e_hol
IMDb | b ograp
hic_re
ducer
6 E6_AIl | classif [sema | 0.6 0.688 [132.0 All
Modul |icatio |ntic_a 052 76739 modul
es_IM | n_imd | ttentio es
Db b n-> combi
sema ned
ntic_c for
oncep IMDb
t->
dire...
7 EO_Ba | nli Baseli | 0.6 1.0019 1 101.68 NaN
seline ne 89 0416
_NLI
8 E1_Se | nli sema |04 1.0681|103.4 NaN
mAtt_ ntic_a 32 71418
NLI ttentio
n
9 E2_Se nli sema | 0.6 1.082 | 96.89 NaN
mCon ntic_c 820 9173
cept_ oncep
NLI t
10 E3_N |nli direct | 0.6 1.029 [127.98 NaN
onCo _hon_ 776 1593

mm

comm




NLI utativ
2
1" E4_Di | nli disco | 0.4 1.092 |98.74 NaN
SCEm ntinuit 769 5019
ergen y_eme
ce_NL rgenc
I e
12 E5_H | nli interp | 0.6 0.999 100.7 NaN
oloRe retabl 566 9633
ducer e_hol 5
_NLI ograp
hic_re
ducer
13 EG_AIl | nli sema |0.4 1.078 |138.8 All
Modul ntic_a 566 | 8006 modul
es_NL ttentio 9 es
I n-> combi
sema ned
ntic_c for
oncep SNLI
t->

dire...




Accuracy by Experiment
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Experiment Name

--- Cell Z completed.

# --- Cell 10: AIfR1LZETT (£l : IMDb) ---

model_config = {
"base_model_name": CFG.BASE_MODEL_NAME,
"num_labels": 2,
"enabled_modules": ["semantic_attention"] # fll& LT

}

model = PipelineModel(model_config)
model.load_state_dict(torch.load(f"{DRIVE_RESULTS_PATH}/E1_SemAtt_IMDb.pt",



map_location=CFG.DEVICE))
model.to(CFG.DEVICE)

run_and_visualize_inference(
model,
test_imdb_loader,
labels=[0, 1], # IMDb7&5 0:Negative, 1:Positive
visualize_attention=True



