
University of Oxford CUDA Summer School

23 rd July 2026

Paul Graham - Senior Solutions Architect

NVIDIA

Accelerating Research



Artificial IntelligenceComputer GraphicsGPU Computing

NVIDIA



GH100 GPU Architecture
https://resources.nvidia.com/en -us-tensor -core/gtc22 -whitepaper -hopper  

https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper


GH100 GPU Architecture
https://resources.nvidia.com/en -us-tensor -core/gtc22 -whitepaper -hopper  

https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper
https://resources.nvidia.com/en-us-tensor-core/gtc22-whitepaper-hopper


GH100 GPU Architecture
https://resources.nvidia.com/en -us-tensor -core/gtc22 -whitepaper -hopper  

Å132 of these in the H100 SXM5 GPU

Å(224 in Rubin!)

Åover 16000 FP32 cores in total

Åwe usually want number of threads >> num  

cores

Åso we need a lot  of threads!
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New things in CUDA



Hierarchy of Execution Models

Grid - level models

Compiler  maps
data onto both

blocks and threads

Easy acceleration of
bulk data operations

Block - level models

Application  maps
data onto blocks

Compiler  maps
blocks onto threads

Productivity & performance 
for array -based programs

Thread - level models

Application  maps
data onto both

blocks and threads

Full control for
all parallel workloads



Map blocks & tiles onto 

threads

Split work into blocks

Divide data into tiles

CUDA SIMT User Responsibility

Memory movement
strategy?

Compute
strategy?

Tile memory
layout?

Tile
storage?



CUDA Tile User Responsibility

Split work into blocks

Divide data into tiles

System Responsibility

Map blocks & tiles onto 

threads

Memory movement
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Compute
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Tile
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cuTile: A Python front -end for CUDA Tile

Exposes CUDA Tile as a NumPy-like array programming model.

import  cuda.tile  as ct

@ct.func
def softmax (I, O, r):

c = ct .load(I, (0, ct .bid(0)), (I.shape[0], r))

max = ct .max(c, axis=0, keepdims =True)
num = ct .exp(c - max)
den = ct .sum(num, axis=0, keepdims =True)
smax = num / den

ct .store (O, (0, ct.bid (0), smax)

https://developer.nvidia.com/cuda/tile  - also C++ support

cuTile by example

https://developer.nvidia.com/cuda/tile


import cuda.tile  as ct

@ct.kernel
def matmul(A: ct.Array ,
           B: ct.Array ,
           C: ct.Array ,
           ts : ct.Constant [ ct.Shape ]):
  sum = ct.zeros ( ts [0:1], A.dtype )
  (x, y) = ( ct.bid (0), ct.bid (1))

  pA = ct.view.partition (A, ( ts [0], ts [2]))
  pB = ct.view.partition (B, ( ts [2], ts [1]))
  for k in range( pA.shape [1]):
    sum = ct.mma( pA[x, k], pB[k, y], sum)

  ct.store (C, (x, y), sum)

cuTile Python

Naïve CUDA Python SIMT

@cuda.device.kernel
def matmul(A, B, C):
  TPB = cuda.blockDim.x
  BPG = cuda.gridDim.x
  x, y = cuda.grid (2)
  tx  = cuda.threadIdx.x
  ty = cuda.threadIdx.y

  sA = cuda.shared.array ((TPB, TPB), float32)
  sB = cuda.shared.array ((TPB, TPB), float32)

  tmp = float32(0.)
  for i  in range(BPG):
    sA[ty, tx ] = 0
    sB[ty, tx ] = 0
    if y < A.shape [0] and ( tx+I *TPB) < A.shape [1]:
      sA[ty, tx ] = A[y, tx  + i  * TPB]
    if x < B.shape [1] and ( ty+i *TPB) < B.shape [0]:
      sB[ty, tx ] = B[ty + i  * TPB, x]

    cuda.syncthreads ()
    for j in range(TPB):
      tmp += sA[ty, j] * sB[j, tx ]
    cuda.syncthreads ()

  if y < C.shape[0] and x < C.shape[1]:
    C[y, x] = tmp



using namespace cute;

template <class SharedStorage ,
          class ATensor, class BTensor, class CTensor, class DTensor,
          class MmaTiler_MNK, class TiledMMA, class ClusterShape_MNK,
          class TmaAtomA, class TmaAtomB,
          class Alpha, class Beta>
__global__ static
void
matmul( ATensor mA,
            BTensor mB,
            CTensor mC,
            DTensor mD,
            MmaTiler_MNK mma_tiler ,
            TiledMMA tiled_mma ,
            ClusterShape_MNK cluster_shape ,
            CUTE_GRID_CONSTANT TmaAtomA const tma_atom_A,
            CUTE_GRID_CONSTANT TmaAtomB const tma_atom_B,
            Alpha alpha , Beta beta)
{
  Layout cluster_layout_vmnk  = tiled_divide ( make_layout ( cluster_shape ),
    make_tile ( typename TiledMMA:: AtomThrID{}));

  auto mma_coord_vmnk = make_coord( blockIdx.x  % size<0>( cluster_layout_vmnk ),
                                   blockIdx.x  / size<0>( cluster_layout_vmnk ),
                                   blockIdx.y ,
                                   _);

  auto mma_coord = select<1,2,3>( mma_coord_vmnk);
  Tensor gA = local_tile (mA, mma_tiler , mma_coord, Step<_1, X,_1>{});
  Tensor gB = local_tile ( mB, mma_tiler , mma_coord, Step< X,_1,_1>{});
  Tensor gC = local_tile ( mC, mma_tiler , mma_coord, Step<_1,_1, X>{});
  Tensor gD = local_tile ( mD, mma_tiler , mma_coord, Step<_1,_1, X>{});
  __syncthreads ();

  extern __shared__ char shared_memory[];
  SharedStorage & shared_storage  =
    * reinterpret_cast <SharedStorage *>( shared_memory);

  Tensor tCsA = shared_storage.tensor_sA ();
  Tensor tCsB = shared_storage.tensor_sB ();

  auto mma_v = get<0>( mma_coord_vmnk);
  ThrMMA cta_mma = tiled_mma.get_slice ( mma_v);
  Tensor tCgA = cta_mma.partition_A ( gA);
  Tensor tCgB = cta_mma.partition_B ( gB);
  Tensor tCgC = cta_mma.partition_C ( gC);
  Tensor tCgD = cta_mma.partition_C ( gD);
  __syncthreads ();

  Tensor tCrA  = cta_mma.make_fragment_A( tCsA);
  Tensor tCrB  = cta_mma.make_fragment_B( tCsB);

  Tensor tCtAcc  = cta_mma.make_fragment_C( tCgC);

  uint32_t elect_one_thr   = cute:: elect_one_sync ();
  uint32_t elect_one_warp  = ( threadIdx.x  / 32 == 0);

  using TmemAllocator  = cute::TMEM::Allocator1Sm;
  TmemAllocator  tmem_allocator {};

  if ( elect_one_warp ) {
    tmem_allocator.allocate ( TmemAllocator ::Sm100TmemCapacityColumns,
      &shared_storage.tmem_base_ptr );
  }

  __syncthreads ();
  tCtAcc.data () = shared_storage.tmem_base_ptr ;
  __syncthreads ();

  auto [ tAgA, tAsA] = tma_partition ( tma_atom_A, Int<0>{}, Layout<_1>{},
    group_modes<0,3>( tCsA), group_modes<0,3>( tCgA));

  auto [ tBgB, tBsB] = tma_partition ( tma_atom_B, Int<0>{}, Layout<_1>{},
    group_modes<0,3>( tCsB), group_modes<0,3>( tCgB));

  __syncthreads ();

  if ( elect_one_warp  && elect_one_thr ) {
    cute:: initialize_barrier ( shared_storage.mma_barrier , /* num_ctas */ 1);
    cute:: initialize_barrier ( shared_storage.tma_barrier , /* num_threads  */ 1);
  }

  int mma_barrier_phase_bit  = 0;
  int tma_barrier_phase_bit  = 0;
  __syncthreads ();

  tiled_mma.accumulate _ = UMMA:: ScaleOut ::Zero;

  for (int k_tile  = 0; k_tile  < size<3>( tCgA); ++ k_tile )
  {
    if ( elect_one_warp  && elect_one_thr ) {
      int tma_transaction_bytes  = sizeof ( make_tensor_like ( tAsA))
                                + sizeof ( make_tensor_like ( tBsB));
      cute:: set_barrier_transaction_bytes ( shared_storage.tma_barrier ,
                                          tma_transaction_bytes );
      copy( tma_atom_A.with ( shared_storage.tma_barrier ), tAgA(_, k_tile ), tAsA);
      copy( tma_atom_B.with ( shared_storage.tma_barrier ), tBgB(_, k_tile ), tBsB);
    }

    cute:: wait_barrier ( shared_storage.tma_barrier , tma_barrier_phase_bit );
    tma_barrier_phase_bit  ^= 1;

    if ( elect_one_warp ) {
      for (int k_block  = 0; k_block  < size<2>( tCrA ); ++ k_block ) {
        gemm( tiled_mma , tCrA (_,_, k_block ), tCrB (_,_, k_block ), tCtAcc );
        tiled_mma.accumulate _ = UMMA:: ScaleOut ::One;
      }
      cutlass::arch:: umma_arrive (&shared_storage.mma_barrier );
    }
    cute:: wait_barrier ( shared_storage.mma_barrier , mma_barrier_phase_bit );
    mma_barrier_phase_bit  ^= 1;
  }

  TiledCopy  tiled_t2r_copy = make_tmem_copy(SM100_TMEM_LOAD_32dp32b1x{}, tCtAcc );
  ThrCopy   thr_t2r_copy   = tiled_t2r_copy.get_slice( threadIdx.x );

  Tensor tDgC = thr_t2r_copy.partition_D( tCgC);
  Tensor tDrC  = make_fragment_like ( tDgC);
  copy( tDgC, tDrC );

  Tensor tDtAcc  = thr_t2r_copy.partition_S( tCtAcc );
  Tensor tDgD   = thr_t2r_copy.partition_D( tCgD);

  using AccType = typename decltype ( tCtAcc ):: value_type ;
  Tensor tDrAcc  = make_tensor <AccType>(shape( tDgD));

  copy(tiled_t2r_copy, tDtAcc , tDrAcc );

  axpby(alpha, tDrAcc , beta, tDrC );
  copy( tDrC , tDgD);

  __syncthreads ();

  if ( elect_one_warp ) {
    tmem_allocator.release_allocation_lock ();
    tmem_allocator.free ( shared_storage.tmem_base_ptr ,
      TmemAllocator ::Sm100TmemCapacityColumns);
  }
}

Speed-Of-Light Non-Portable CUDA C++ SIMT

import cuda.tile  as ct

@ct.kernel
def matmul(A: ct.Array ,
           B: ct.Array ,
           C: ct.Array ,
           ts : ct.Constant [ ct.Shape ]):
  sum = ct.zeros ( ts [0:1], A.dtype )
  (x, y) = ( ct.bid (0), ct.bid (1))

  pA = ct.view.partition (A, ( ts [0], ts [2]))
  pB = ct.view.partition (B, ( ts [2], ts [1]))
  for k in range( pA.shape [1]):
    sum = ct.mma( pA[x, k], pB[k, y], sum)

  ct.store (C, (x, y), sum)

cuTile Python



Up to 50x acceleration in magnetic materials screening using 
BGR and VASP microservice

ALCHEMI DAQIRI
Connecting sensors to real -time AI inferencing 

and data processing at 100s of Gbps
Accelerates image loading/reading by up to 15,000x, and 

processing and analysis by up to 8,000x

cuPhoton

New Libraries and Frameworks


