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Loading Saved Weights & Memory
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model = GPTModel(BASE_CONFIG) # gpt2-xl (1558M) 
device = torch.device("cuda") 
model.to(device)

Maximum GPU memory allocated: 6.4 GB

model = GPTModel(BASE_CONFIG) 
model.to(device) 

model.load_state_dict( 
    torch.load("model.pth", map_location=device, weights_only=True) 
) 
model.to(device) 
model.eval();

Maximum GPU memory allocated: 12.8 GB



Copy Weights One By One to GPU
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model = GPTModel(BASE_CONFIG).to(device) 

state_dict = torch.load("model.pth", map_location="cpu", weights_only=True) 

print_memory_usage() 

# Sequentially copy weights to the model's parameters 
with torch.no_grad(): 
    for name, param in model.named_parameters(): 
        if name in state_dict: 
            param.copy_(state_dict[name].to(device)) 
        else: 
            print(f"Warning: {name} not found in state_dict.")

Maximum GPU memory allocated: 6.7 GB



PyTorch’s “meta" device
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Tensor containing only metadata

Load a model's structure and parameters without loading the actual data into memory

Inspecting model architecture

Code Optimization

Optimize the computational graph before running actual computations



Using meta is CPU Memory limited
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    with torch.device("meta"): 
        model = GPTModel(BASE_CONFIG) 

    model = model.to_empty(device=device) 

    state_dict = torch.load("model.pth", map_location=device, weights_only=True) 

    # Sequentially copy weights to the model's parameters 
    with torch.no_grad(): 
        for name, param in model.named_parameters(): 
            if name in state_dict: 
                param.copy_(state_dict[name]) 
            else: 
                print(f"Warning: {name} not found in state_dict.")

Maximum GPU memory allocated: 12.8 GB 
-> Maximum CPU memory allocated: 1.3 GB



torch.load & mmap=True Option
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torch.load 
Loads the entire file in memory

mmap=true 
Creates a virtual memory map of file 
Data is loaded on demand  
Depending on available memory, some data is loaded



If low on CPU, Memory
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  with torch.device("meta"): 
      model = GPTModel(BASE_CONFIG) 

  model.load_state_dict( 
      torch.load("model.pth", map_location=device, weights_only=True, mmap=True), 
      assign=True 
  )

Maximum GPU memory allocated: 6.4 GB 
-> Maximum CPU memory allocated: 5.9 GB



Fine Tuning
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Instruction vs Classification Fine-Tuning
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Finetuning Methods 
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Movie Review Classifier REsults
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1) Feature-based approach with logistic regression: 83% test accuracy 
2) Finetuning I, updating the last 2 layers: 87% accuracy 
3) Finetuning II, updating all layers: 92% accuracy. 

https://github.com/rasbt/LLM-finetuning-scripts/tree/main/conventional/distilbert-movie-review
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DistilBERT model finetuned on the 20k training examples



Parameter-Efficient Finetuning (PEFT)
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Reduced computational costs (requires fewer GPUs and GPU time); 
Faster training times (finishes training faster); 
Lower hardware requirements (works with smaller GPUs & less smemory); 
Better modeling performance (reduces overfitting); 
Less storage (majority of weights can be shared across different tasks).



Classification Fine-Tuning
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UCI Machine Learning Repository
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https://archive.ics.uci.edu



SMS Spam Collection 
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SMS Spam Collection 
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Spreadsheet Label 
ham     4825 
spam     747

Imbalanced dataset



Handling Imbalanced Datasets
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Over-sampling 
Add data to the smaller sets 

Under-sampling 
Remove data from the largest set



Over-sampling 
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Random Sampling with Replacement Random Over-Sampling Examples (ROSE)



SMOTE & ADASYN
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Synthetic Minority Oversampling Technique (SMOTE)

Adaptive Synthetic (ADASYN)



Under Sampling
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Prototype generation methods 
Create a smaller set by creating new data



Under Sampling - Prototype selection methods
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Controlled Undersampling 
 Random sampling



Under Sampling - Cleaning under-sampling
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Clean” the feature space by removing either “noisy” observations or 
observations that are “too easy to classify”

Tomek’s links

Edited nearest neighbours

Repeated Edited Nearest Neighbours



Message Length
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Oh k...i'm watching here:)

U don't know how stubborn I am. I didn't even want to go to the hospital. I kept telling Mark 
I'm not a weak sucker. Hospitals are for weak suckers.

Yup
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+-----------------------------------------------------------------+ 

|                                                                 | 

|  +---------+---------+---------+---------+---------+---------+  | 

|  | Token 1 | Token 2 | Token 3 | Token 4 | Token 5 | Token 6 |  |  <-- Input Sequence 

|  +---------+---------+---------+---------+---------+---------+  | 

|                                                                 | 

|      +---------+---------+---------+                            | 

|      | Token 1 | Token 2 | Token 3 |                            |  <-- Sliding Window (Size 3) 

|      +---------+---------+---------+                            | 

|             ^                                                   | 

|             |                                                   | 

|             +-----------------------------------------------------+  <-- Target (Token 4) 

|                                                                 | 

|      +---------+---------+---------+                            | 

|      | Token 2 | Token 3 | Token 4 |                            |  <-- Next Sliding Window (Size 3) 

|      +---------+---------+---------+                            | 

|             ^                                                   | 

|             |                                                   | 

|             +-----------------------------------------------------+  <-- Target (Token 5) 

|                                                                 | 

|      +---------+---------+---------+                            | 

|      | Token 3 | Token 4 | Token 5 |                            |  <-- Next Sliding Window (Size 3) 

|      +---------+---------+---------+                            | 

|             ^                                                   | 

|             |                                                   | 

|             +-----------------------------------------------------+  <-- Target (Token 6) 

|                                                                 | 

+-----------------------------------------------------------------+ 



Message Length
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Oh k...i'm watching here:)

U don't know how stubborn I am. I didn't even want to go to the hospital. I kept telling Mark 
I'm not a weak sucker. Hospitals are for weak suckers.

Yup

Either 
Trim all to the length of the shortest message 
Pad all to the length of the longest
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Create balanced Dataset 

Divide into  
Training 70% 
Validation 10% 
Testing 20% 

Create  
Dataset 
Data Loader 

Load the model



Dataset
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import torch 
from torch.utils.data import Dataset 

class SpamDataset(Dataset): 
    def __init__(self, csv_file, tokenizer, max_length=None, 
                 pad_token_id=50256): 
        self.data = pd.read_csv(csv_file) 
        self.encoded_texts = [ 
            tokenizer.encode(text) for text in self.data["Text"] 
        ] 

        if max_length is None: 
            self.max_length = self._longest_encoded_length() 
        else: 
            self.max_length = max_length 
            self.encoded_texts = [ 
                encoded_text[:self.max_length] 
                for encoded_text in self.encoded_texts 
            ] 

        self.encoded_texts = [ 
            encoded_text + [pad_token_id] * (self.max_length - len(encoded_text)) 
            for encoded_text in self.encoded_texts 
        ] 



Dataset
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    def __getitem__(self, index): 
        encoded = self.encoded_texts[index] 
        label = self.data.iloc[index]["Label"] 
        return ( 
            torch.tensor(encoded, dtype=torch.long), 
            torch.tensor(label, dtype=torch.long) 
        ) 

    def __len__(self): 
        return len(self.data) 

    def _longest_encoded_length(self): 
        max_length = 0 
        for encoded_text in self.encoded_texts: 
            encoded_length = len(encoded_text) 
            if encoded_length > max_length: 
                max_length = encoded_length 
        return max_length
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Freeze layers 

Replace output layer
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print(model) GPTModel( 
  (tok_emb): Embedding(50257, 768) 
  (pos_emb): Embedding(1024, 768) 
  (drop_emb): Dropout(p=0.0, inplace=False) 
  (trf_blocks): Sequential( 
    (0): TransformerBlock( 
      (att): MultiHeadAttention( 
        (W_query): Linear(in_features=768, out_features=768, bias=True) 
        (W_key): Linear(in_features=768, out_features=768, bias=True) 
        (W_value): Linear(in_features=768, out_features=768, bias=True) 
        (out_proj): Linear(in_features=768, out_features=768, bias=True) 
        (dropout): Dropout(p=0.0, inplace=False) 
      ) 
      (ff): FeedForward( 
        (layers): Sequential( 
          (0): Linear(in_features=768, out_features=3072, bias=True) 
          (1): GELU() 
          (2): Linear(in_features=3072, out_features=768, bias=True) 
        ) 
      ) 
      (norm1): LayerNorm() 
      (norm2): LayerNorm() 
      (drop_resid): Dropout(p=0.0, inplace=False) 
    )



33

print(model) (1): TransformerBlock( 
      (att): MultiHeadAttention( 
… 

(11): TransformerBlock( 
      (att): MultiHeadAttention( 
        (W_query): Linear(in_features=768, out_features=768, bias=True) 
        (W_key): Linear(in_features=768, out_features=768, bias=True) 
        (W_value): Linear(in_features=768, out_features=768, bias=True) 
        (out_proj): Linear(in_features=768, out_features=768, bias=True) 
        (dropout): Dropout(p=0.0, inplace=False) 
      ) 
      (ff): FeedForward( 
        (layers): Sequential( 
          (0): Linear(in_features=768, out_features=3072, bias=True) 
          (1): GELU() 
          (2): Linear(in_features=3072, out_features=768, bias=True) 
        ) 
      ) 
      (norm1): LayerNorm() 
      (norm2): LayerNorm() 
      (drop_resid): Dropout(p=0.0, inplace=False) 
    ) 
  ) 
  (final_norm): LayerNorm() 
  (out_head): Linear(in_features=768, out_features=50257, bias=False) 
)



Feezing layers
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for param in model.parameters(): 
    param.requires_grad = False



Replacing Outer Layer
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torch.manual_seed(123) 

num_classes = 2 
model.out_head = torch.nn.Linear( 
   in_features=BASE_CONFIG["emb_dim"],  
   out_features=num_classes)
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for param in model.trf_blocks[-1].parameters(): 
    param.requires_grad = True 

for param in model.final_norm.parameters(): 
    param.requires_grad = True



Now Get Two Output
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inputs = tokenizer.encode("Do you have time") 
inputs = torch.tensor(inputs).unsqueeze(0)

with torch.no_grad(): 
    outputs = model(inputs) 

print("Outputs:\n", outputs) 
print("Outputs dimensions:", outputs.shape) # shape: (batch_size, num_tokens, num_classes)

Outputs: 
 tensor([[[-1.5854,  0.9904], 
         [-3.7235,  7.4548], 
         [-2.2661,  6.6049], 
         [-3.5983,  3.9902]]]) 
Outputs dimensions: torch.Size([1, 4, 2])
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