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GPUs for LLMs



Outline

1. What does a DL Framework like Pytorch do?
2. How does Inference look like? 

a. (Defer this to a full session tomorrow)
3. What does a basic train loop look like?
4. How is the GPU used?
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What does a DL Framework get you?
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Different approaches to the framework

TensorFlow/JAX, Google Pytorch, Meta

Philosophical difference:  how to specify your task and how easy is the 
abstraction
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Tensors

>>> import torch

>>> torch.ones(2, 3)

tensor([[1., 1., 1.],

        [1., 1., 1.]])

>>> torch.rand(3, 5)

tensor([[0.8594, 0.0313, 0.8472, 0.6617, 0.8709],

        [0.5300, 0.9456, 0.6548, 0.7148, 0.1227],

        [0.2620, 0.9029, 0.3826, 0.3281, 0.3003]])
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http://blog.ezyang.com/2019/05/pytorch-internals/ 7



Since tensors can be 
big, we need efficient 
ways to have views 

of tensors
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Storage and Tensor

>>> a = torch.ones(2,3)
tensor([[1., 1., 1.],
        [1., 1., 1.]])
>>> b = a.t()
>>> a.shape
>>> b.shape
>>> a.data_ptr()
>>> b.data_ptr()
>>> a.untyped_storage() == b.untyped_storage()
>>> b = a + 1
>>> b.data_ptr()
>>> a.untyped_storage()
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Operations on Tensors

>>> import torch
>>> a = torch.ones(2,3)
tensor([[1., 1., 1.],
        [1., 1., 1.]])
>>> b = torch.ones(3,2) * 2
>>> b
tensor([[2., 2.],
        [2., 2.],
        [2., 2.]])
>>> a @ b
tensor([[6., 6.],
        [6., 6.]])

Scalar Multiplication

Matrix Multiplication
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Some example Operators (ops)

Creating new tensors: ones, empty, random,  linspace, diag etc

Point wise operation: add, mult, divide etc

View operations: cat, unsqueeze, transpose etc

Math: cos, sin, arctan etc.

Statistics, Logic, etc etc

By category: 
http://blog.ezyang.com/2020/05/a-brief-taxonomy-of-pytorch-operators-by-shape-behavior/ 12



Shape

>>> a = torch.arange(8)
>>> a
tensor([0, 1, 2, 3, 4, 5, 6, 7])
>>> a.view(2,4)
tensor([[0, 1, 2, 3],
        [4, 5, 6, 7]])
>>> a.view(4,2)
tensor([[0, 1],
        [2, 3],
        [4, 5],
        [6, 7]])

Also, look at 
stride of both
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Unsqueeze

>>> b = a.view(2,4)
>>> b
tensor([[0, 1, 2, 3],
        [4, 5, 6, 7]])
>>> b.unsqueeze(0)
tensor([[[0, 1, 2, 3],
         [4, 5, 6, 7]]])
>>> b.unsqueeze(0).shape
torch.Size([1, 2, 4])
>>> b.unsqueeze(1)
tensor([[[0, 1, 2, 3]],

        [[4, 5, 6, 7]]])

>>> b.unsqueeze(1).shape
torch.Size([2, 1, 4])
>>> b.unsqueeze(2)
tensor([[[0],
         [1],
         [2],
         [3]],

        [[4],
         [5],
         [6],
         [7]]])
>>> b.unsqueeze(2).shape
torch.Size([2, 4, 1])
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Why? The main dimensions in LLM 
inputs

(BS, seqlen, embed dim)

The cat climbed…
The house was painted…
The capital of India is …
The people of Mumbai …

BS=4

The cat climbed the wall.
>>> tok.encode("The cat climbed the 
wall")
[464, 3797, 19952, 262, 3355]

Seqlen=5

Embedding Size

Each token is expanded into embedding 
space
Model-dependent: like 768 (for gpt2)

Max of the 
batch
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Some real numbers

Batch Size

4

128

Seq Len

64

4096/8192
In Long Context: this 
can go to 128K and 

upwards

16



Computation operators

>>> a = torch.arange(10)
>>> a
tensor([0, 1, 2, 3, 4, 5, 6, 7, 8, 9])
>>> torch.cos(a)
tensor([ 1.0000,  0.5403, -0.4161, -0.9900, -0.6536,  0.2837,  
0.9602,  0.7539,
        -0.1455, -0.9111])
>>> b = a.view(2, 5)
>>> b
tensor([[0, 1, 2, 3, 4],
        [5, 6, 7, 8, 9]])
>>> torch.cos(b)
tensor([[ 1.0000,  0.5403, -0.4161, -0.9900, -0.6536],
        [ 0.2837,  0.9602,  0.7539, -0.1455, -0.9111]])
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How many built-in operators do you think there are in Pytorch?
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https://dev-discuss.pytorch.org/t/where-do-the-2000-pytorch-operators-come-from-more-than-you-wanted-to-know/373 19



But, having 2000 ops is not the hard part…
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Device specific 
op

implementation

Per device, 
dtype specific 

implementation
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Softmax dtype example

>>> a = torch.arange(10)
>>> a
tensor([0, 1, 2, 3, 4, 5, 6, 7, 8, 9])
>>> a.softmax(0)
Traceback (most recent call last):
  File "<python-input-132>", line 1, in <module>
    a.softmax(0)
    ~~~~~~~~~^^^
RuntimeError: "softmax_lastdim_kernel_impl" not implemented 
for 'Long'

>>> a = torch.arange(10).to(torch.float32)
>>> a.softmax(0)
tensor([7.8013e-05, 2.1206e-04, 5.7645e-04, 1.5669e-03, 
4.2594e-03, 1.1578e-02,
        3.1473e-02, 8.5552e-02, 2.3255e-01, 6.3215e-01])
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Tensor and Op on gpu

>>> import torch
>>> a = torch.ones(2,3).to(“cuda:0”)
>>> b = torch.ones(2, 3).to(“cuda:0”)
>>> a + b
tensor([[2., 2., 2.],
        [2., 2., 2.]], device=’cuda:0’)

A Tensor on a 
GPU device

Op running on 
GPU

  __global__ void add(float* out, float* in1, float* 
in2, int numel) {
    int id = blockDim.x * blockIdx.x + threadIdx.x;
    if(id < numel)
      out[id] = in1[id] + in2[id];
  }

User-interface
does not change

Fp32 and bf16 will have different kernels… 23



Example of Op

https://docs.pytorch.org/docs/stable/generated/torch.nn.GLU.html

https://github.com/pytorch/pytorch/blob/main/aten/src/ATen/native/GatedLinearUnit.cpp

https://github.com/pytorch/pytorch/blob/main/aten/src/ATen/native/cuda/ActivationGluKernel.cu

CPU version:

CUDA version:
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https://docs.pytorch.org/docs/stable/generated/torch.nn.GLU.html
https://github.com/pytorch/pytorch/blob/main/aten/src/ATen/native/GatedLinearUnit.cpp
https://github.com/pytorch/pytorch/blob/main/aten/src/ATen/native/cuda/ActivationGluKernel.cu


Having 2000 ops with Multiple devices, 
datatypes is not the hard part 
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Backprop!

The cat is climbing up the wall.

flying

sitting

green
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Tangent into Derivatives

https://blog.demofox.org/2025/08/1
6/derivatives-gradients-jacobians-a
nd-hessians-oh-my/

Gradients
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3 ways of Differentiation

Numeric
Differentiation

Symbolic
Differentiation

Automatic
Differentiation

https://jingnanshi.com/blog/autodiff.html

Fwd Mode    Reverse
      Mode

Approx, 
leads to 
errors

Build a graph of 
dependencies

Simpler, but 
O(input)

O(output), needs 
a backward pass28



Forward
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Automatically created backward pass
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The Autograd Function class

https://docs.pytorch.org/docs/stable
/autograd.html#function 32



An example Autograd function
Actual content of 

forward

State needed for 
backward

Use state needed 
for backward pass
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Example
>>> a = torch.ones(2,3, requires_grad=True)
>>> b = torch.ones(3,2, requires_grad=True)
>>> c = a @ b
>>> c
tensor([[3., 3.],
        [3., 3.]], grad_fn=<MmBackward0>)
>>> d = torch.ones(2, 2) * 4
>>> d
tensor([[4., 4.],
        [4., 4.]])

>>> lf = torch.nn.L1Loss()
>>> l = lf(c, d)
>>> l
tensor(1., grad_fn=<MeanBackward0>)
>>> l.backward()
>>> a.grad
tensor([[-0.5000, -0.5000, -0.5000],
        [-0.5000, -0.5000, -0.5000]])
>>> b.grad
tensor([[-0.5000, -0.5000],
        [-0.5000, -0.5000],
        [-0.5000, -0.5000]])
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Having 2000 ops with Multiple devices, 
datatypes, and backward is the hard part 
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What are the supported devices?

CPU

GPU:

       Nvidia via CUDA

       Intel

       AMD (ROCM)

Accelerators:

TPU via XLA

Others:

Mac M series, Apple Silicon
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A detour into GPUs
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GeForce 7900 GTX (G71 die) - circa 2006

https://fabiensanglard.net/cuda/index.html 38



GeForce 8800 GTX (G80 die) - circa 2007/8 (Tesla)

https://fabiensanglard.net/cuda/index.html 
Compute Unified Device Architecture
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Evolution of Nvidia GPU cards 
Tesla ~2008 ~90nm

Fermi ~2010 ~40nm

Kepler ~2012 ~28nm

Maxwell ~2014 ~28nm

Pascal ~2016 ~16nm

Turing ~2018 ~12nm

Ampere ~2020 ~7nm

Hopper ~2022 ~4nm

Blackwell ~2024 ~4nm

Intel 10 nm ~~ TSMC 7 nm 40



The new TensorCore (introduced in Volta ~2017)

Turing (2018) 41



Tensor Cores

Specialized GEMM (Generalized Matrix Multiplication) unit

Available from CUDA 9.0

Needs a different API to program…

See examples:

https://github.com/leimao/CUDA-GEMM-Optimization/tree/main
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2026 lineup 

TSMC 2nm

Intel 20A (cancelled), 18A
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H100
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https://www.youtube.com/w
atch?v=KyKwiziPmD4

HBM3 supplied by SKHynix for Nvidia (esp Hopper)  

High Bandwidth Memory
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RTX 4090 with the AD102 (same as L40) 

 

https://www.youtube.com/w
atch?v=MxU1AkGNnT0 

GDDR6 memory (48 GB) 
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https://www.youtube.com/watch?v=WXp4g-KzdAI 

Higher Speeds/BWs

Higher Costs and Power
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Memory hierarchy

From the Flash 
Attention Paper
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Programming with CUDA

Libs
(closed-s

ource)
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PTX: 
Parallel Thread 
Execution

https://docs.nvidia.com/cuda/parallel-thread-execution

nvcc -ptx main.cu 
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Examining Profiles
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Running on Google Collab

Use the in-built files module to download files:

```
from google.colab import files

files.download('example.txt')

```
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Simple pytorch profiling

import torch
from torch.profiler import profile, ProfilerActivity, 
record_function

model = torch.nn.Linear(20, 10)

i = torch.randn(5, 20)

with profile(activities=[ProfilerActivity.CPU],
             record_shapes=True) as prof:
    with record_function("forward"):
        o = model(i)

print(o.shape)
prof.export_chrome_trace("trace.json")
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Memory Profiling

import torch
from torch.profiler import profile, ProfilerActivity, record_function

model = torch.nn.Linear(20, 10)
i = torch.randn(5, 20)

with profile(activities=[ProfilerActivity.CPU],
             profile_memory=True,
             record_shapes=True) as prof:
    with record_function("forward"):
        o = model(i)

print(prof.key_averages().table(sort_by="cpu_memory_usage", row_limit=10))
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----------------------  ------------  ------------  ------------  ------------  ------------  ------------  ------------  ------------  
                  Name    Self CPU %      Self CPU   CPU total %     CPU total  CPU time avg       CPU Mem  Self CPU Mem    # of Calls  
----------------------  ------------  ------------  ------------  ------------  ------------  ------------  ------------  ------------  
               forward        37.00%      94.739us       100.00%     256.056us     256.056us         200 B           0 B             1  
          aten::linear         6.82%      17.468us        63.00%     161.317us     161.317us         200 B           0 B             1  
           aten::addmm        30.71%      78.646us        38.33%      98.159us      98.159us         200 B         200 B             1  
               aten::t        11.92%      30.527us        17.84%      45.690us      45.690us           0 B           0 B             1  
       aten::transpose         4.11%      10.528us         5.92%      15.163us      15.163us           0 B           0 B             1  
      aten::as_strided         1.98%       5.073us         1.98%       5.073us       2.537us           0 B           0 B             2  
          aten::expand         0.94%       2.409us         1.11%       2.847us       2.847us           0 B           0 B             1  
           aten::copy_         6.35%      16.265us         6.35%      16.265us      16.265us           0 B           0 B             1  
    aten::resolve_conj         0.16%       0.401us         0.16%       0.401us       0.201us           0 B           0 B             2  
----------------------  ------------  ------------  ------------  ------------  ------------  ------------  ------------  ------------  
Self CPU time total: 256.056us
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Profiling with CUDA
import torch
from torch.profiler import profile, ProfilerActivity,record_function

model = torch.nn.Linear(20, 10).to(“cuda:0”)

i = torch.randn(5, 20).to(“cuda:0”)

with profile(activities=[ProfilerActivity.CPU,ProfilerActivity.CUDA],
             record_shapes=True) as prof:
    with record_function("forward"):
        o = model(i)

print(o.shape)
prof.export_chrome_trace("trace.json")
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Pre-prepared GPT2 profile
Exploration

 
Open trace.json using chrome://tracing

See cpu-gpu interactions
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Case study: Flash Attention
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Standard Attention
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Flash Attention
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Fusion and Time-savings
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Impact on Backward Pass
We would need a custom 

backward pass.
Autograd cannot solve this for 

us.

These special purpose 
ops are defined as 

custom-ops

https://github.com/Dao-AILab/flash-attention/tree/main/csrc/flash_attn/src 68



Check the profiles: bf16 and bf16_fa
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Training the Model
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So far we have seen…

model = …

input = …

model.forward(input)

# This is a single forward pass

71



For Inference

model = …

input = …

for i in num_output_tokens:

  output = model.forward(input)

  decode(output)

We will cover Inference in 
more details in Session 3
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The Train Loop

For e in epochs:
  For b in batches:
      loss = model.forward(b)
      loss.backward()

      optimizer.step()

https://www.baeldung.com/cs/epoch-neural-networks

1 epoch = all data
Batch size is number of iterations to complete an 
epoch
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What is the optimizer?

https://towardsdatascience.com/understanding-deep-learning-optimizers-momentum-adagrad-rmsprop-adam-e311e377e9c2/ 74
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Run this train loop on CPU/Colab
import torch

from transformers import AutoModelForCausalLM

from torch.profiler import profile, ProfilerActivity, record_function

model = AutoModelForCausalLM.from_pretrained("gpt2")

optimizer = torch.optim.AdamW(model.parameters(), lr=0.001, betas=(0.9, 

0.95), weight_decay=0.0,)

def inpgen(model, size):

   inp = {}

   inp["input_ids"] = torch.randint(0, model.config.vocab_size, size)

   inp["labels"] = torch.randint(0, model.config.vocab_size, size)

   inp["position_ids"] = torch.arange(0, size[1]).repeat(size[0], 1)

   return inp
79



def step(inp, model, optimizer):

   outputs = model(**inp)

   loss = outputs.loss

   loss.backward()

   optimizer.step()

   optimizer.zero_grad()

size = (4, 512)

with profile(activities=[ProfilerActivity.CPU],

            record_shapes= True) as prof:

   for i in range(3):

       step(inpgen(model, size), model, optimizer)

prof.export_chrome_trace( "trace.json")
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Examine Training components
On GPT2 profile (CUDA)
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Examining Memory
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nvidia-smi
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Cuda Memory snapshot: look at mem.pickle

torch.cuda.memory._record_memory_history()

…

torch.cuda.memory._dump_snapshot("mem.pickle")

Load it into: https://docs.pytorch.org/memory_viz
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Key Components wrt Memory

Model Weights Activations

GradientsOptimizer State
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Profiler output wrt Memory
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Memory explained

https://huggingface.co/blog/train_memory
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Using the profiler for memory: output.html

with profile(activities=[ProfilerActivity.CPU, ProfilerActivity.CUDA],
             record_shapes=True,
             profile_memory=True,
             with_stack=True
             ) as prof:
    for i in range(3):
        step(inpgen(model, size), model, optimizer)

from torch.cuda._memory_viz import profile_plot
with open('output.html', 'w') as f:
    f.write(profile_plot(prof))

Profiling Code used
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Advanced
Research Opportunities

Triton - Job opportunity

Compile - Open Research area

Llama.cpp - quantization on cpu
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Triton: reducing CUDA dependency
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Triton Approach
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https://triton-lang.org/main/index.html
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To try out CUDA and Triton programs

leetgpu.com
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Compile
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Example of compile: on CPU
import torch
import time

def foo1(x1, x2):
    a = torch.neg(x1)
    b = torch.maximum(x2, a)
    y = torch.cat([b], dim=0)
    return y

x1 = torch.randint(256, (1, 8), 
dtype=torch.uint8)
x2 = torch.randint(256, (8390, 8), 
dtype=torch.uint8)

compiled_foo1 = torch.compile(foo1)

start = time.time()
result = compiled_foo1(x1, x2)
end = time.time()
print("With compile: ", result, end 
- start)

start = time.time()
result = foo1(x1, x2)
end = time.time()
print("Without compile: ", result, 
end - start)

TORCH_TRACE=./logs/ 
CUDA_VISIBLE_DEVICES="" python main.py

tlparse ./logs/*.log
Open the html file in tl_out 101
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Ollama and llama.cpp
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Two options for optimizing local runs

Ollama

Run models locally for use

Uses llama.cpp underneath for some parts

Llama.cpp / ggml

To understand lower level details

https://ollama.com/

https://github.com/ggml-org/ggml/tr
ee/master/examples/gpt-2

https://github.com/ggml-org/ggml/bl
ob/master/examples/gpt-2/main-ctx.
cpp

https://github.com/ggml-org/ggml/bl
ob/master/include/ggml.h

GPT-2 model

The Framework
104

https://ollama.com/
https://github.com/ggml-org/ggml/tree/master/examples/gpt-2
https://github.com/ggml-org/ggml/tree/master/examples/gpt-2
https://github.com/ggml-org/ggml/blob/master/examples/gpt-2/main-ctx.cpp
https://github.com/ggml-org/ggml/blob/master/examples/gpt-2/main-ctx.cpp
https://github.com/ggml-org/ggml/blob/master/examples/gpt-2/main-ctx.cpp
https://github.com/ggml-org/ggml/blob/master/include/ggml.h
https://github.com/ggml-org/ggml/blob/master/include/ggml.h
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Summary

What does a framework like 
Pytorch do?

What does a GPU give you?

How to profile compute and 
memory

Compile and llama.cpp 
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