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Motivation
• Deep learning has seen explosive growth in recent years with more 

mainstream applications such as NLP-based web search 
assistants (Chat-GPT), generative art (StableDiffusion), drug 
discovery and more


• Highly accurate models require enormous amounts of curated data 
as well as large models with trillions of parameters


• As a result, MLSys problems center around these two pillars of 
machine learning: data and computation


• Computation is represented as a graph generated using Python-
based machine learning framework (PyTorch, JAX, TF etc.)


• Goal is to execute the computation as efficiently as possible given 
the constraints of the provided hardware


• ML Compilers provide a principled way to achieve this goal
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Singular Focus
• Majority of the computation in these graphs occurs in matrix multiplications or convolutions


• Most of the effort in ML compilers is spent on optimizing these specific operators using tiling, vectorization, 
bufferization, fusion with bias adds and activations etc.


• As we approach theoretical peak performance on these operators, a natural question to ask is where are the next set 
of performance improvements going to come from?


• One possible answer is through decomposable operators, operators that decompose into a sequence of operators



Decomposable Operators
• Decomposable operators are operators that can be broken down into a sequence of operators


• They satisfy the following properties


• They implement the TilingInterface, though they may expose only a subset of their iteration space to the tiling interface


• For the remainder of the iteration space, the operators implement TilingConstraints which just enforces a loop-based body with 
certain constraints


• The sequence of operators may or may not be fused within a single dispatch region. The choice of whether to do so is based off a 
cost model


• They may be parameterized by additional hyperparameters


• Decomposable operators are not new, some have been around for a while, but they have always been treated as a special-case


• Generalization of fusion as there are looser constraints on iteration spaces/iterator types of the constituent operators, but key difference 
is the need for specific tiling constraints


• Motivate the need for a generalized framework for these operators so that we can leverage code generation approaches across these 
diverse sets of operators



MLIR Implementation
• Implemented in IREE/SHARK


• IREE is an open-source MLIR-based end-to-end compiler 
and runtime that lowers ML models for datacenter and edge 
workloads


• SHARK builds on top of IREE, adds additional performance 
optimizations, backends for custom accelerators, and 
contains a fully validated set of hundreds of easy to deploy 
models


• Supports X86, NVIDIA, AMD, RISC-V, Vulkan and ARM


• Supports Tensorflow, JAX, TFLite, PyTorch



Flash Attention



• Inputs: Query Matrix (Q), Key Matrix (K) and Value 
Matrix (V)


• Each of the inputs have shape (B x N x d) where B is 
the batch dimension, N is the sequence length and 
d is the head dimension


• Typically, sequence length is much larger than head 
dimension


• Usually, the operator includes additional steps such 
as masking (causal attention), dropout, scaling etc., 
but we ignore these for now


• Downsides to this approach are the need to 
materialize a potentially large N x N matrix

Naive Attention
Overview
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S = QKT
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P = softmax(S)
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• Three core tenets to this approach:


• Fusion: Combine all 3 operators into a single dispatch 
regions


• Tiling: Tile the operators so that, we perform the matmul, 
softmax and matmul only on one tile at a time


• Aggregation: Apply fixups to the softmax and output 
after processing each tile 

Flash Attention Algorithm
Overview



• Compute softmax one block at a time


• Maintain a running max (        ) and sum (     )


• For each block         , we compute

Flash Attention Algorithm
Softmax Algebraic Aggregation
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m̃ij = rowmax(Sij)
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Flash Attention in MLIR
• Start with a LinalgExt representation of the operator 

where we only expose the first two dimensions to tiling


• Decomposes into a two matrix multiplications and a 
sequence of linalg generics that implement the 
softmax operator


• Expose tiling and decomposition as a transform 
dialect operator so that it can compose with the rest 
of the utilities in the transform dialect

func.func @attention(%query: tensor<192x1024x64xf32>, 

                     %key: tensor<192x1024x64xf32>, 

                     %value: tensor<192x1024x64xf32>) -> 
tensor<192x1024x64xf32> {

  %0 = tensor.empty() : tensor<192x1024x64xf32>

  %1 = iree_linalg_ext.attention ins(%query, %key, %value : 
tensor<192x1024x64xf32>, tensor<192x1024x64xf32>, 
tensor<192x1024x64xf32>) outs(%0 : tensor<192x1024x64xf32>) -> 
tensor<192x1024x64xf32>

  return %1 : tensor<192x1024x64xf32>

}




Tiled & Decomposed Attention
%17 = linalg.matmul_transpose_b ins(… tensor<32x64xf32>, tensor<32x64xf32>) outs(… 
tensor<32x32xf32>)


%18 = linalg.generic ins(%17) outs(%extracted_slice_8) {

        ^bb0(%in: f32, %out: f32):

           %25 = arith.maxf %in, %out : f32

           linalg.yield %25 : f32} -> tensor<32xf32>


%19 = linalg.generic {ins(%18 : tensor<32xf32>) outs(%17) {

        ^bb0(%in: f32, %out: f32):

          %25 = arith.subf %out, %in : f32

          %26 = math.exp %25 : f32

          linalg.yield %26 : f32} -> tensor<32x32xf32>


%20 = linalg.generic ins(%extracted_slice_8, %18) outs(%extracted_slice_9)

        ^bb0(%in: f32, %in_12: f32, %out: f32):

          %25 = arith.subf %in, %in_12 : f32

          %26 = math.exp %25 : f32

          %27 = arith.mulf %26, %out : f32

          linalg.yield %27 : f32} -> tensor<32xf32>


%21 = linalg.generic ins(%19 : tensor<32x32xf32>) outs(%20 : tensor<32xf32>) {

        ^bb0(%in: f32, %out: f32):

           %25 = arith.addf %in, %out : f32

           linalg.yield %25 : f32} -> tensor<32xf32>
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m̃ij = rowmax(Sij)
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mnew
i = max(m̃ij ,mi)
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P̃ij = exp(Sij �mnew
i )
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exp(mi �mnew
i )li
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l̃ij = rowsum(P̃ij)
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lnewi = l̃ij + exp(mi �mnew
i )li



%22 = linalg.generic ins(%21 : tensor<32xf32>) outs(%19 : tensor<32x32xf32>) {

        ^bb0(%in: f32, %out: f32):

           %25 = arith.divf %out, %in : f32

           linalg.yield %25 : f32} -> tensor<32x32xf32>


%23 = linalg.generic ins(%extracted_slice_7, %20, %21 : tensor<32x64xf32>, tensor<32xf32>, 
tensor<32xf32>) outs(%14 : tensor<32x64xf32>) {

        ^bb0(%in: f32, %in_12: f32, %in_13: f32, %out: f32):

           %25 = arith.divf %in_12, %in_13 : f32

           %26 = arith.mulf %25, %in : f32

           linalg.yield %26 : f32} -> tensor<32x64xf32>


%24 = linalg.matmul ins(%22, %extracted_slice_6 : tensor<32x32xf32>, tensor<32x64xf32>) 
outs(%23 : tensor<32x64xf32>) -> tensor<32x64xf32>


Tiled & Decomposed Attention
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Tiled & Decomposed Attention
Tiling Constraints
• Add a sequential loop that corresponds to computing 

the attention along a row


• Only load the key and value matrices in this loop and 
reuse the query and accumulator matrices

%15:3 = scf.for %arg3 = %c0 to %c1024 step %c32 iter_args(%arg4 = %extracted_slice_3, %arg5 = %11, %arg6 = %12) 

         -> (tensor<1x32x64xf32>, tensor<1x32xf32>, tensor<1x32xf32>) {

            %extracted_slice_5 = tensor.extract_slice %extracted_slice_1[0, %arg3, 0] [1, 32, 64] [1, 1, 1]             

            %extracted_slice_6 = tensor.extract_slice %extracted_slice_2[0, %arg3, 0] [1, 32, 64] [1, 1, 1]

            %extracted_slice_7 = tensor.extract_slice %arg4[0, 0, 0] [1, 32, 64] [1, 1, 1] : tensor<1x32x64xf32> to tensor<32x64xf32>

            %extracted_slice_8 = tensor.extract_slice %arg5[0, 0] [1, 32] [1, 1] : tensor<1x32xf32> to tensor<32xf32>

            %extracted_slice_9 = tensor.extract_slice %arg6[0, 0] [1, 32] [1, 1] : tensor<1x32xf32> to tensor<32xf32>




Code generation using Transform Dialect
• High-level strategy:


• Convert both the matrix multiplications to 
corresponding wmma ops (distribute among 
warps)


• Distribute the generics among the threads


• Distribute all copies to shared memory


• Hoist any allocations out of the innermost loop


• Fuse fills with matrix multiplications



Code generation using Transform Dialect
transform.structured.canonicalized_sequence failures(propagate) {

  ^bb0(%variant_op: !pdl.operation):


    // Get attention op

    // ==========================================

    %attention = transform.structured.match ops{["iree_linalg_ext.attention"]} in %variant_op


    // Tile and distribute to workgroups

    // ==========================================

    %foreach_thread_grid, %tiled_attention =

    transform.iree.tile_to_foreach_thread_and_workgroup_count_region %attention tile_sizes [1, 32]

      ( mapping = [#gpu.block<x>, #gpu.block<y>] )


    // Tile and decompose attention

    // ==========================================

    %attention2 = transform.structured.match ops{["iree_linalg_ext.attention"]} in %variant_op

    %outer_loop, %inner_loop, %fill_op, %first_matmul, %reduce_max, %partial_softmax, %reduce_sum, %update,

    %softmax, %scale_acc, %second_matmul = transform.iree.tile_and_decompose_attention %attention2 :

       (!pdl.operation) -> (!pdl.operation, !pdl.operation, !pdl.operation, !pdl.operation, !pdl.operation, !pdl.operation, !pdl.operation, !pdl.operation, !
pdl.operation, !pdl.operation, !pdl.operation)


    // Tile and distribute generics

    // ==========================================

    transform.structured.tile_to_foreach_thread_op %update num_threads [32] (mapping = [#gpu.thread<x>])

    transform.structured.tile_to_foreach_thread_op %reduce_sum num_threads [32] (mapping = [#gpu.thread<x>])

    transform.structured.tile_to_foreach_thread_op %partial_softmax num_threads [32] (mapping = [#gpu.thread<x>])

    transform.structured.tile_to_foreach_thread_op %softmax num_threads [32] (mapping = [#gpu.thread<x>])

    transform.structured.tile_to_foreach_thread_op %reduce_max num_threads [32] (mapping = [#gpu.thread<x>])

    transform.structured.tile_to_foreach_thread_op %scale_acc num_threads [32] (mapping = [#gpu.thread<x>])




Code generation using Transform Dialect
    // Tile first matmul + Fuse fill

    // ==========================================

    %foreach_thread_3, %tiled_matmul = transform.structured.tile_to_foreach_thread_op %first_matmul num_threads [1] ( mapping = [#gpu.warp<x>] )

    transform.structured.fuse_into_containing_op %fill_op into %foreach_thread_3


    // Tile second matmul

    // ==========================================

    %foreach_thread_4, %tiled_matmul_2 = transform.structured.tile_to_foreach_thread_op %second_matmul num_threads [1] ( mapping = [#gpu.warp<x>] )


    // Vectorize function

    // ==========================================

    %func = transform.structured.match ops{["func.func"]} in %variant_op

    %funcx = transform.iree.apply_patterns %func {  rank_reducing_linalg, rank_reducing_vector }

    transform.structured.vectorize %funcx


    // Bufferization

    // ==========================================

    %variant_op_2 = transform.iree.eliminate_empty_tensors %variant_op

    %variant_op_3 = transform.iree.bufferize { target_gpu } %variant_op_2

    %memref_func = transform.structured.match ops{["func.func"]} in %variant_op_3

    transform.iree.erase_hal_descriptor_type_from_memref %memref_func


    // Convert vector to mma

    // ==========================================

    %func2 = transform.structured.match ops{["func.func"]} in %variant_op_3

    transform.iree.vector.vector_to_mma_conversion %func2


    // Map to GPU thread blocks

    // ==========================================

    %func3 = transform.structured.match ops{["func.func"]} in %variant_op_3

    %func4 = transform.iree.foreach_thread_to_workgroup %func3

    %func5 = transform.iree.map_nested_foreach_thread_to_gpu_threads %func4 {workgroup_size = [32, 1, 1]}

}




Code generation using Transform Dialect
      scf.for %arg0 = %c0 to %c1024 step %c32 {      

            %26 = gpu.subgroup_mma_compute %8, %25, %0 : !gpu.mma_matrix<16x8xf32, "AOp">, !gpu.mma_matrix<8x16xf32, "BOp"> -> !gpu.mma_matrix<16x16xf32, "COp">

            …

            gpu.barrier

            %76 = vector.multi_reduction <maxf>, %73, %75 [0] : vector<32xf32> to f32

            %77 = vector.broadcast %76 : f32 to vector<f32>

            vector.transfer_write %77, %subview_15[] : vector<f32>, memref<f32, strided<[], offset: ?>, #gpu.address_space<workgroup>>

            gpu.barrier

            …            

            %81 = arith.subf %80, %79 : vector<32xf32>

            %82 = math.exp %81 : vector<32xf32>

            …            

            gpu.barrier

            …            

            %89 = arith.subf %84, %86 : f32

            %90 = math.exp %89 : f32

            %91 = arith.mulf %90, %88 : f32

            …            

            gpu.barrier

            …            

            %96 = vector.multi_reduction <add>, %93, %95 [0] : vector<32xf32> to f32

            …            

            gpu.barrier

            …            

            %101 = arith.divf %100, %99 : vector<32xf32>

            …            

            gpu.barrier

           

            %107 = arith.divf %104, %106 : vector<64xf32>

            %108 = arith.mulf %107, %102 : vector<64xf32>


            gpu.barrier

            …

            %143 = gpu.subgroup_mma_compute %109, %117, %135 : !gpu.mma_matrix<16x8xf32, "AOp">, !gpu.mma_matrix<8x16xf32, "BOp"> -> !gpu.mma_matrix<16x16xf32, "COp">



Decomposable Operators

Matmul

Matmul

Softmax
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Tiling Constraints

Reduction Tiling Constraints



Winograd Convolutions



Winograd Convolution
• Introduced by Schmuel Winograd to signal processing in 1980


• Based on Chinese Remainder Theorem


• Transforms kernel and input to the “Winograd domain” where convolution becomes element-wise multiplication, then 
transforms output back


• Applied to deep learning convolutions by Lavin et al. in 2016


• Computes a output tile of size            for a kernel of size                using a input tile of size    


• This is referred to as


• Compared to the standard algorithm, this approach uses fewer floating point operations to compute the convolution 
(for example                       has 2.25X lower arithmetic complexity than the standard approach)


• Parameterized by 3 constant matrices 
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<latexit sha1_base64="skHVgRCPaj80xqn55ddlvbo1ihg=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWoYKURIq6LArisoK9QBvKZDpph84kYeZEKKG48VXcuFDErU/hzrdx2kbQ6g8DH/85hzPn92PBNTjOp5VbWFxaXsmvFtbWNza37O2dho4SRVmdRiJSLZ9oJnjI6sBBsFasGJG+YE1/eDmpN++Y0jwKb2EUM0+SfsgDTgkYq2vvXZUk7gCXTGN5jNU3q6OuXXTKzlT4L7gZFFGmWtf+6PQimkgWAhVE67brxOClRAGngo0LnUSzmNAh6bO2wZCYPV46PWGMD43Tw0GkzAsBT92fEymRWo+kbzolgYGer03M/2rtBIJzL+VhnAAL6WxRkAgMEZ7kgXtcMQpiZIBQxc1fMR0QRSiY1AomBHf+5L/QOCm7p+XKTaVYvcjiyKN9dIBKyEVnqIquUQ3VEUX36BE9oxfrwXqyXq23WWvOymZ20S9Z71/Qy5XL</latexit>

F (m⇥m, r ⇥ r)

<latexit sha1_base64="nbOFmsk4xPlULwzljK9+VAHmYgE=">AAAB7nicbVBNSwMxEJ2tX7V+VT16CRbBQym7UtRjrQc9VrAf0C4lm2bb0GyyJFmhLP0RXjwo4tXf481/Y9ruQVsfDDzem2FmXhBzpo3rfju5tfWNza38dmFnd2//oHh41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxrczv/1ElWZSPJpJTP0IDwULGcHGSu16Gd2V0U2/WHIr7hxolXgZKUGGRr/41RtIkkRUGMKx1l3PjY2fYmUY4XRa6CWaxpiM8ZB2LRU4otpP5+dO0ZlVBiiUypYwaK7+nkhxpPUkCmxnhM1IL3sz8T+vm5jw2k+ZiBNDBVksChOOjESz39GAKUoMn1iCiWL2VkRGWGFibEIFG4K3/PIqaV1UvMtK9aFaqtWzOPJwAqdwDh5cQQ3uoQFNIDCGZ3iFNyd2Xpx352PRmnOymWP4A+fzBy2njis=</latexit>

B,G,A

<latexit sha1_base64="wDlaDdW/jnxf1HSdgup0M+detdE=">AAACAnicbZDLSgMxFIbP1Futt1FX4iZYhApSZtqiLouCuKxgL9AOJZNm2tDMhSQjlKG48VXcuFDErU/hzrcxbUfQ1h8CH/85h5PzuxFnUlnWl5FZWl5ZXcuu5zY2t7Z3zN29hgxjQWidhDwULRdLyllA64opTluRoNh3OW26w6tJvXlPhWRhcKdGEXV83A+YxwhW2uqaB9eFMuoo5lOJyqeo9MOlk66Zt4rWVGgR7BTykKrWNT87vZDEPg0U4VjKtm1FykmwUIxwOs51YkkjTIa4T9saA6z3OMn0hDE61k4PeaHQL1Bo6v6eSLAv5ch3daeP1UDO1ybmf7V2rLwLJ2FBFCsakNkiL+ZIhWiSB+oxQYniIw2YCKb/isgAC0yUTi2nQ7DnT16ERqlonxUrt5V89TKNIwuHcAQFsOEcqnADNagDgQd4ghd4NR6NZ+PNeJ+1Zox0Zh/+yPj4BlQ+lNc=</latexit>

F (3⇥ 3, 2⇥ 2)



• Input Transformation


• Compute: 


• Filter Transformation


• Compute: 


• Element-wise Product


• Compute: 


• Output Transformation


• Compute: 

Winograd Convolution Algorithm

<latexit sha1_base64="77Sfu2D2w6N/d+A0zI1Rv/Cuj/I=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9mVoh5LveitQr+kXUs2zbahSXZJskJZ+iu8eFDEqz/Hm//GtN2Dtj4YeLw3w8y8IOZMG9f9dnJr6xubW/ntws7u3v5B8fCopaNEEdokEY9UJ8CaciZp0zDDaSdWFIuA03Ywvpn57SeqNItkw0xi6gs8lCxkBBsrPdQe08YU3aFav1hyy+4caJV4GSlBhnq/+NUbRCQRVBrCsdZdz42Nn2JlGOF0WuglmsaYjPGQdi2VWFDtp/ODp+jMKgMURsqWNGiu/p5IsdB6IgLbKbAZ6WVvJv7ndRMTXvspk3FiqCSLRWHCkYnQ7Hs0YIoSwyeWYKKYvRWREVaYGJtRwYbgLb+8SloXZe+yXLmvlKq1LI48nMApnIMHV1CFW6hDEwgIeIZXeHOU8+K8Ox+L1pyTzRzDHzifP4R0j5Q=</latexit>

BT IB

<latexit sha1_base64="UTKF9oqAQlIubi6dVIXh2N71GsY=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9kVUY9FwXqs0C9p15JNs21okl2SrFCW/govHhTx6s/x5r8xbfegrQ8GHu/NMDMviDnTxnW/ndzK6tr6Rn6zsLW9s7tX3D9o6ihRhDZIxCPVDrCmnEnaMMxw2o4VxSLgtBWMbqZ+64kqzSJZN+OY+gIPJAsZwcZKD1V0i6qPaX3SK5bcsjsDWiZeRkqQodYrfnX7EUkElYZwrHXHc2Pjp1gZRjidFLqJpjEmIzygHUslFlT76ezgCTqxSh+FkbIlDZqpvydSLLQei8B2CmyGetGbiv95ncSEV37KZJwYKsl8UZhwZCI0/R71maLE8LElmChmb0VkiBUmxmZUsCF4iy8vk+ZZ2bson9+flyrXWRx5OIJjOAUPLqECd1CDBhAQ8Ayv8OYo58V5dz7mrTknmzmEP3A+fwCLvo+b</latexit>

GFGT

<latexit sha1_base64="3rbFvikSLnyuFkRg9JxOvDTOyPc=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovQbkoiRV2WClZ3FfqCNpbJZNIOnWTCzEQooSs3/oobF4q49Rvc+TdO2i609cCFwzn3cu89bsSoVJb1bWRWVtfWN7Kbua3tnd09c/+gJXksMGlizrjouEgSRkPSVFQx0okEQYHLSNsdXaV++4EISXnYUOOIOAEahNSnGCkt9c3jQvU+aUzgLawWYY97XMFCDV7DWqoW+2beKllTwGViz0kezFHvm189j+M4IKHCDEnZta1IOQkSimJGJrleLEmE8AgNSFfTEAVEOsn0jQk81YoHfS50hQpO1d8TCQqkHAeu7gyQGspFLxX/87qx8i+dhIZRrEiIZ4v8mEHFYZoJ9KggWLGxJggLqm+FeIgEwkonl9Mh2IsvL5PWWck+L5XvyvlKdR5HFhyBE1AANrgAFXAD6qAJMHgEz+AVvBlPxovxbnzMWjPGfOYQ/IHx+QPtMJY/</latexit>

(BT IB)� (GFGT )

<latexit sha1_base64="It+F4QXXFTQK2n/JYAeWif5ViXs=">AAACEnicbZDLSgMxFIYzXmu9jbp0c7AI7abMSFGXbQWruwq9QVtLJk3b0MxkSDJCGfoMbnwVNy4UcevKnW9jello6w+Bj/+cw8n5vZAzpR3n21pZXVvf2ExsJbd3dvf27YPDmhKRJLRKBBey4WFFOQtoVTPNaSOUFPsep3VveDWp1x+oVEwEFT0KadvH/YD1GMHaWB07U7iPK2NIQ7o4hVsoZqAlukJDugTXUJq4GchAoWOnnKwzFSyDO4cUmqvcsb9aXUEinwaacKxU03VC3Y6x1IxwOk62IkVDTIa4T5sGA+xT1Y6nJ43h1Dhd6AlpXqBh6v6eiLGv1Mj3TKeP9UAt1ibmf7VmpHuX7ZgFYaRpQGaLehEHLWCSD3SZpETzkQFMJDN/BTLAEhNtUkyaENzFk5ehdpZ1z7O5u1wqX5zHkUDH6ASlkYsuUB7doDKqIoIe0TN6RW/Wk/VivVsfs9YVaz5zhP7I+vwBrQ+ZtA==</latexit>

AT ((BT IB)� (GFGT ))A

<latexit sha1_base64="TwO7IoTUpzN0wR6AcH1Mt0UtcxI=">AAAB7HicbVBNTwIxEJ3iF+IX6tFLIzHxRHYNUY8ELx4xYYEEVtItXWjodjdt14Rs+A1ePGiMV3+QN/+NBfag4EsmeXlvJjPzgkRwbRznGxU2Nre2d4q7pb39g8Oj8vFJW8eposyjsYhVNyCaCS6ZZ7gRrJsoRqJAsE4wuZv7nSemNI9ly0wT5kdkJHnIKTFW8hqPWWs2KFecqrMAXiduTiqQozkof/WHMU0jJg0VROue6yTGz4gynAo2K/VTzRJCJ2TEepZKEjHtZ4tjZ/jCKkMcxsqWNHih/p7ISKT1NApsZ0TMWK96c/E/r5ea8NbPuExSwyRdLgpTgU2M55/jIVeMGjG1hFDF7a2Yjoki1Nh8SjYEd/XlddK+qrrX1dpDrVJv5HEU4QzO4RJcuIE63EMTPKDA4Rle4Q1J9ILe0ceytYDymVP4A/T5A7QsjqE=</latexit>

BT

<latexit sha1_base64="nHV6ZkUj2uHQz28RjqNxNOP9tOc=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY8ELx4hkUcCGzI79MLI7OxmZtaEEL7AiweN8eonefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfju7nffkKleSwfzCRBP6JDyUPOqLFSo9YvltyyuwBZJ15GSpCh3i9+9QYxSyOUhgmqdddzE+NPqTKcCZwVeqnGhLIxHWLXUkkj1P50ceiMXFhlQMJY2ZKGLNTfE1MaaT2JAtsZUTPSq95c/M/rpia89adcJqlByZaLwlQQE5P512TAFTIjJpZQpri9lbARVZQZm03BhuCtvrxOWldl77pcaVRK1VoWRx7O4BwuwYMbqMI91KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AJdPjM8=</latexit>

B

<latexit sha1_base64="PuEQf2gIh7Dny7yK8ReAIZCJskw=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKUI9BD3pMwDwgWcLspDcZMzu7zMwKIeQLvHhQxKuf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGtzO/9YRK81g+mHGCfkQHkoecUWOl+l2vWHLL7hxklXgZKUGGWq/41e3HLI1QGiao1h3PTYw/ocpwJnBa6KYaE8pGdIAdSyWNUPuT+aFTcmaVPgljZUsaMld/T0xopPU4CmxnRM1QL3sz8T+vk5rw2p9wmaQGJVssClNBTExmX5M+V8iMGFtCmeL2VsKGVFFmbDYFG4K3/PIqaV6UvctypV4pVW+yOPJwAqdwDh5cQRXuoQYNYIDwDK/w5jw6L86787FozTnZzDH8gfP5A57jjNQ=</latexit>

G

<latexit sha1_base64="1Cf10hU4kdb6isM/0wh8z6nSDQI=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRmLiiewaoh6JHvSICQsksJJu6UJDt920XROy4Td48aAxXv1B3vw3FtiDgi+Z5OW9mczMCxPOtHHdb6ewtr6xuVXcLu3s7u0flA+PWlqmilCfSC5VJ8Saciaob5jhtJMoiuOQ03Y4vp357SeqNJOiaSYJDWI8FCxiBBsr+XePWXPaL1fcqjsHWiVeTiqQo9Evf/UGkqQxFYZwrHXXcxMTZFgZRjidlnqppgkmYzykXUsFjqkOsvmxU3RmlQGKpLIlDJqrvycyHGs9iUPbGWMz0sveTPzP66Ymug4yJpLUUEEWi6KUIyPR7HM0YIoSwyeWYKKYvRWREVaYGJtPyYbgLb+8SloXVe+yWnuoVeo3eRxFOIFTOAcPrqAO99AAHwgweIZXeHOE8+K8Ox+L1oKTzxzDHzifP7vUjqY=</latexit>

GT

<latexit sha1_base64="2M9Uun3jhzFBOkbVOCuyBd1NlPo=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQi6rHoxWMF0xbaUDabTbt0sxt2J0Ip/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZelAlu0PO+ndLa+sbmVnm7srO7t39QPTxqGZVrygKqhNKdiBgmuGQBchSsk2lG0kiwdjS6m/ntJ6YNV/IRxxkLUzKQPOGUoJWCnooV9qs1r+7N4a4SvyA1KNDsV796saJ5yiRSQYzp+l6G4YRo5FSwaaWXG5YROiID1rVUkpSZcDI/duqeWSV2E6VtSXTn6u+JCUmNGaeR7UwJDs2yNxP/87o5JjfhhMssRybpYlGSCxeVO/vcjblmFMXYEkI1t7e6dEg0oWjzqdgQ/OWXV0nrou5f1S8fLmuN2yKOMpzAKZyDD9fQgHtoQgAUODzDK7w50nlx3p2PRWvJKWaO4Q+czx/uTI7H</latexit>�

<latexit sha1_base64="XbtKL1DB693aY9PTbBN0BN9tlPo=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRmLiiewaoh5RLx4xYYEEVtItXWjotpu2a0I2/AYvHjTGqz/Im//GAntQ8CWTvLw3k5l5YcKZNq777RTW1jc2t4rbpZ3dvf2D8uFRS8tUEeoTyaXqhFhTzgT1DTOcdhJFcRxy2g7HdzO//USVZlI0zSShQYyHgkWMYGMl/+Yxa0775YpbdedAq8TLSQVyNPrlr95AkjSmwhCOte56bmKCDCvDCKfTUi/VNMFkjIe0a6nAMdVBNj92is6sMkCRVLaEQXP190SGY60ncWg7Y2xGetmbif953dRE10HGRJIaKshiUZRyZCSafY4GTFFi+MQSTBSztyIywgoTY/Mp2RC85ZdXSeui6l1Waw+1Sv02j6MIJ3AK5+DBFdThHhrgAwEGz/AKb45wXpx352PRWnDymWP4A+fzB7KkjqA=</latexit>

AT

<latexit sha1_base64="nWwFofU58f/o0tULfi1Y4v69JVA=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY+oF4+QyCOBDZkdemFkdnYzM2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR3cxvPaHSPJYPZpygH9GB5CFn1FipftMrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdl77JcqVdK1dssjjycwCmcgwdXUIV7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+AJXLjM4=</latexit>

A



MLIR Representation
• Starting with a model expressed in PyTorch, we obtain an 

MLIR representation using torch-mlir


• IREE further decomposes the computation graph into 
subgraphs (dispatch regions)


• Consider a dispatch with convolution in it as shown in the IR 
below as our starting point


• We assume the input is in NHWC format and the kernel is in 
HWCF format

func.func @conv(%arg0: tensor<2x10x10x1280xf32>) -> 
tensor<2x8x8x1280xf32> {

    %cst = arith.constant dense<1.000000e-01> : 
tensor<3x3x1280x1280xf32>

    %cst_0 = arith.constant 0.000000e+00 : f32

    %0 = tensor.empty() : tensor<2x8x8x1280xf32>

    %1 = linalg.fill ins(%cst_0 : f32) outs(%0 : 
tensor<2x8x8x1280xf32>) -> tensor<2x8x8x1280xf32>

    %2 = linalg.conv_2d_nhwc_hwcf {dilations = dense<1> : 
tensor<2xi64>, strides = dense<1> : tensor<2xi64>} ins(%arg0, %cst : 
tensor<2x10x10x1280xf32>, tensor<3x3x1280x1280xf32>) outs(%1 : 
tensor<2x8x8x1280xf32>) -> tensor<2x8x8x1280xf32>

    return %2 : tensor<2x8x8x1280xf32>

}



MLIR Representation
• We first transform this convolution into a series of operations corresponding to the Winograd transform


• We create custom ops to represent the input transform and output transform


• Element-wise multiplication gets converted to a batch matrix multiplication 


• Filter transformation gets folded

func.func @conv(%arg0: tensor<2x10x10x1280xf32>) -> tensor<2x8x8x1280xf32> {

    %cst = arith.constant dense_resource<__elided__> : tensor<64x1280x1280xf32>

    %cst_0 = arith.constant 0.000000e+00 : f32

    %0 = tensor.empty() : tensor<8x8x2x2x2x1280xf32>

    %1 = iree_linalg_ext.winograd.input_transform output_tile_size(6) kernel_size(3) image_dimensions([1, 2]) ins(%arg0 : tensor<2x10x10x1280xf32>) 
outs(%0 : tensor<8x8x2x2x2x1280xf32>) -> tensor<8x8x2x2x2x1280xf32>

    %collapsed = tensor.collapse_shape %1 [[0, 1], [2, 3, 4], [5]] : tensor<8x8x2x2x2x1280xf32> into tensor<64x8x1280xf32>

    %2 = tensor.empty() : tensor<64x8x1280xf32>

    %3 = linalg.fill ins(%cst_0 : f32) outs(%2 : tensor<64x8x1280xf32>) -> tensor<64x8x1280xf32>

    %4 = linalg.batch_matmul ins(%collapsed, %cst : tensor<64x8x1280xf32>, tensor<64x1280x1280xf32>) outs(%3 : tensor<64x8x1280xf32>) -> 
tensor<64x8x1280xf32>

    %expanded = tensor.expand_shape %4 [[0, 1], [2, 3, 4], [5]] : tensor<64x8x1280xf32> into tensor<8x8x2x2x2x1280xf32>

    %5 = tensor.empty() : tensor<2x12x12x1280xf32>

    %6 = iree_linalg_ext.winograd.output_transform output_tile_size(6) kernel_size(3) image_dimensions([1, 2]) ins(%expanded : 
tensor<8x8x2x2x2x1280xf32>) outs(%5 : tensor<2x12x12x1280xf32>) -> tensor<2x12x12x1280xf32>

    %extracted_slice = tensor.extract_slice %6[0, 0, 0, 0] [2, 8, 8, 1280] [1, 1, 1, 1] : tensor<2x12x12x1280xf32> to tensor<2x8x8x1280xf32>

    return %extracted_slice : tensor<2x8x8x1280xf32>

}



Tiled Representation
• The input and output transform ops have very specific tiling 

constraints


• The matrices                  are defined only for very specific 
tile sizes 


• Next, let’s look at the tiled version of the IR for the input and 
output transform

<latexit sha1_base64="nbOFmsk4xPlULwzljK9+VAHmYgE=">AAAB7nicbVBNSwMxEJ2tX7V+VT16CRbBQym7UtRjrQc9VrAf0C4lm2bb0GyyJFmhLP0RXjwo4tXf481/Y9ruQVsfDDzem2FmXhBzpo3rfju5tfWNza38dmFnd2//oHh41NIyUYQ2ieRSdQKsKWeCNg0znHZiRXEUcNoOxrczv/1ElWZSPJpJTP0IDwULGcHGSu16Gd2V0U2/WHIr7hxolXgZKUGGRr/41RtIkkRUGMKx1l3PjY2fYmUY4XRa6CWaxpiM8ZB2LRU4otpP5+dO0ZlVBiiUypYwaK7+nkhxpPUkCmxnhM1IL3sz8T+vm5jw2k+ZiBNDBVksChOOjESz39GAKUoMn1iCiWL2VkRGWGFibEIFG4K3/PIqaV1UvMtK9aFaqtWzOPJwAqdwDh5cQQ3uoQFNIDCGZ3iFNyd2Xpx352PRmnOymWP4A+fzBy2njis=</latexit>

B,G,A



Winograd Input Transform
  %workgroup_id_x = hal.interface.workgroup.id[0] : index

  %workgroup_count_x = hal.interface.workgroup.count[0] : index

  %3 = affine.apply affine_map<()[s0] -> (s0 * 32)>()[%workgroup_id_x]

  %4 = affine.apply affine_map<()[s0] -> (s0 * 32)>()[%workgroup_count_x]

  scf.for %arg0 = %3 to %c1280 step %4 {

    %5 = flow.dispatch.tensor.load %1, offsets = [0, 0, 0, %arg0], sizes = [2, 10, 10, 32], strides = [1, 1, 1, 1] : !flow.dispatch.tensor<readonly:2x10x10x1280xf32> -> 
tensor<2x10x10x32xf32>

    %6 = flow.dispatch.tensor.load %2, offsets = [0, 0, 0, 0, 0, %arg0], sizes = [8, 8, 2, 2, 2, 32], strides = [1, 1, 1, 1, 1, 1] : !flow.dispatch.tensor<writeonly:8x8x2x2x2x1280xf32> -> 
tensor<8x8x2x2x2x32xf32>

    %7 = scf.for %arg1 = %c0 to %c10 step %c6 iter_args(%arg2 = %6) -> (tensor<8x8x2x2x2x32xf32>) {

      %8 = affine.min affine_map<(d0) -> (-d0 + 10, 8)>(%arg1)

      %9 = affine.apply affine_map<(d0) -> (d0 floordiv 6)>(%arg1)

      %10 = scf.for %arg3 = %c0 to %c10 step %c6 iter_args(%arg4 = %arg2) -> (tensor<8x8x2x2x2x32xf32>) {

        %11 = affine.min affine_map<(d0) -> (-d0 + 10, 8)>(%arg3)

        %12 = affine.apply affine_map<(d0) -> (d0 floordiv 6)>(%arg3)

        %13 = scf.for %arg5 = %c0 to %c32 step %c1 iter_args(%arg6 = %arg4) -> (tensor<8x8x2x2x2x32xf32>) {

          %14 = scf.for %arg7 = %c0 to %c2 step %c1 iter_args(%arg8 = %arg6) -> (tensor<8x8x2x2x2x32xf32>) {

            %extracted_slice = tensor.extract_slice %5[%arg7, %arg1, %arg3, %arg5] [1, %8, %11, 1] [1, 1, 1, 1] : tensor<2x10x10x32xf32> to tensor<?x?xf32>

            %15 = linalg.fill ins(%cst : f32) outs(%0 : tensor<8x8xf32>) -> tensor<8x8xf32>

            %inserted_slice = tensor.insert_slice %extracted_slice into %15[0, 0] [%8, %11] [1, 1] : tensor<?x?xf32> into tensor<8x8xf32>

            %extracted_slice_2 = tensor.extract_slice %arg8[0, 0, %arg7, %9, %12, %arg5] [8, 8, 1, 1, 1, 1] [1, 1, 1, 1, 1, 1] : tensor<8x8x2x2x2x32xf32> to tensor<8x8xf32>

            %16 = linalg.fill ins(%cst : f32) outs(%extracted_slice_2 : tensor<8x8xf32>) -> tensor<8x8xf32>

            %17 = linalg.matmul ins(%inserted_slice, %cst_1 : tensor<8x8xf32>, tensor<8x8xf32>) outs(%16 : tensor<8x8xf32>) -> tensor<8x8xf32>

            %18 = linalg.fill ins(%cst : f32) outs(%extracted_slice_2 : tensor<8x8xf32>) -> tensor<8x8xf32>

            %19 = linalg.matmul ins(%cst_0, %17 : tensor<8x8xf32>, tensor<8x8xf32>) outs(%18 : tensor<8x8xf32>) -> tensor<8x8xf32>

            %inserted_slice_3 = tensor.insert_slice %19 into %arg8[0, 0, %arg7, %9, %12, %arg5] [8, 8, 1, 1, 1, 1] [1, 1, 1, 1, 1, 1] : tensor<8x8xf32> into tensor<8x8x2x2x2x32xf32>

            scf.yield %inserted_slice_3 : tensor<8x8x2x2x2x32xf32>

          }

          scf.yield %14 : tensor<8x8x2x2x2x32xf32>

        } {iree.spirv.distribute_dim = 0 : index}

        scf.yield %13 : tensor<8x8x2x2x2x32xf32>

      } {iree.spirv.distribute_dim = 1 : index}

      scf.yield %10 : tensor<8x8x2x2x2x32xf32>

    } {iree.spirv.distribute_dim = 2 : index}

    flow.dispatch.tensor.store %7, %2, offsets = [0, 0, 0, 0, 0, %arg0], sizes = [8, 8, 2, 2, 2, 32], strides = [1, 1, 1, 1, 1, 1] : tensor<8x8x2x2x2x32xf32> -> !
flow.dispatch.tensor<writeonly:8x8x2x2x2x1280xf32>

  }

Distribute channels across workgroups

Distribute across threads

Input Transform



Winograd Output Transform
  %workgroup_id_x = hal.interface.workgroup.id[0] : index

  %workgroup_count_x = hal.interface.workgroup.count[0] : index

  %3 = affine.apply affine_map<()[s0] -> (s0 * 32)>()[%workgroup_id_x]

  %4 = affine.apply affine_map<()[s0] -> (s0 * 32)>()[%workgroup_count_x]

  scf.for %arg0 = %3 to %c1280 step %4 {

    %5 = flow.dispatch.tensor.load %1, offsets = [0, 0, 0, 0, 0, %arg0], sizes = [8, 8, 2, 2, 2, 32], strides = [1, 1, 1, 1, 1, 1] : !flow.dispatch.tensor<readonly:8x8x2x2x2x1280xf32> -> 
tensor<8x8x2x2x2x32xf32>

    %6 = flow.dispatch.tensor.load %2, offsets = [0, 0, 0, %arg0], sizes = [2, 12, 12, 32], strides = [1, 1, 1, 1] : !flow.dispatch.tensor<writeonly:2x12x12x1280xf32> -> 
tensor<2x12x12x32xf32>

    %7 = scf.for %arg1 = %c0 to %c2 step %c1 iter_args(%arg2 = %6) -> (tensor<2x12x12x32xf32>) {

      %8 = affine.apply affine_map<(d0) -> (d0 * 6)>(%arg1)

      %9 = scf.for %arg3 = %c0 to %c2 step %c1 iter_args(%arg4 = %arg2) -> (tensor<2x12x12x32xf32>) {

        %10 = affine.apply affine_map<(d0) -> (d0 * 6)>(%arg3)

        %11 = scf.for %arg5 = %c0 to %c32 step %c1 iter_args(%arg6 = %arg4) -> (tensor<2x12x12x32xf32>) {

          %12 = scf.for %arg7 = %c0 to %c2 step %c1 iter_args(%arg8 = %arg6) -> (tensor<2x12x12x32xf32>) {

            %extracted_slice = tensor.extract_slice %5[0, 0, %arg7, %arg1, %arg3, %arg5] [8, 8, 1, 1, 1, 1] [1, 1, 1, 1, 1, 1] : tensor<8x8x2x2x2x32xf32> to tensor<8x8xf32>

            %extracted_slice_2 = tensor.extract_slice %arg8[%arg7, %8, %10, %arg5] [1, 6, 6, 1] [1, 1, 1, 1] : tensor<2x12x12x32xf32> to tensor<6x6xf32>

            %13 = linalg.fill ins(%cst : f32) outs(%0 : tensor<8x6xf32>) -> tensor<8x6xf32>

            %14 = linalg.matmul ins(%extracted_slice, %cst_1 : tensor<8x8xf32>, tensor<8x6xf32>) outs(%13 : tensor<8x6xf32>) -> tensor<8x6xf32>

            %15 = linalg.fill ins(%cst : f32) outs(%extracted_slice_2 : tensor<6x6xf32>) -> tensor<6x6xf32>

            %16 = linalg.matmul ins(%cst_0, %14 : tensor<6x8xf32>, tensor<8x6xf32>) outs(%15 : tensor<6x6xf32>) -> tensor<6x6xf32>

            %inserted_slice = tensor.insert_slice %16 into %arg8[%arg7, %8, %10, %arg5] [1, 6, 6, 1] [1, 1, 1, 1] : tensor<6x6xf32> into tensor<2x12x12x32xf32>

            scf.yield %inserted_slice : tensor<2x12x12x32xf32>

          }

          scf.yield %12 : tensor<2x12x12x32xf32>

        } {iree.spirv.distribute_dim = 0 : index}

        scf.yield %11 : tensor<2x12x12x32xf32>

      } {iree.spirv.distribute_dim = 1 : index}

      scf.yield %9 : tensor<2x12x12x32xf32>

    } {iree.spirv.distribute_dim = 2 : index}

    flow.dispatch.tensor.store %7, %2, offsets = [0, 0, 0, %arg0], sizes = [2, 12, 12, 32], strides = [1, 1, 1, 1] : tensor<2x12x12x32xf32> -> !
flow.dispatch.tensor<writeonly:2x12x12x1280xf32>

  }

Distribute channels across workgroups

Distribute across threads

Output Transform



MLIR Code Generation Strategy
• Next, we vectorize, bufferize and then convert to SPIR-V for targeting AMD GPU

%workgroup_id_x = hal.interface.workgroup.id[0] : index

%subview = memref.subview %2[0, 0, 0, %4] [2, 10, 10, 32] [1, 1, 1, 1] : memref<2x10x10x1280xf32> to memref<2x10x10x32xf32, strided<[128000, 12800, 1280, 1], offset: ?>>

%subview_3 = memref.subview %3[0, 0, 0, 0, 0, %4] [8, 8, 2, 2, 2, 32] [1, 1, 1, 1, 1, 1] : memref<8x8x2x2x2x1280xf32> to memref<8x8x2x2x2x32xf32, 


                                                               strided<[81920, 10240, 5120, 2560, 1280, 1], offset: ?>>

%5 = gpu.thread_id  z

%9 = gpu.thread_id  y

%13 = gpu.thread_id  x

...

scf.for %arg0 = %c0 to %c2 step %c1 {

  %subview_4 = memref.subview %subview[%arg0, %6, %10, %13] [1, %7, %11, 1] [1, 1, 1, 1] : memref<2x10x10x32xf32, strided<[128000, 12800, 1280, 1], offset: ?>> to memref<?x?xf32, 
strided<[12800, 1280], offset: ?>>

  vector.transfer_write %cst_0, %alloca[%c0, %c0] {in_bounds = [true]} : vector<4xf32>, memref<8x8xf32, 6>

  vector.transfer_write %cst_0, %alloca[%c0, %c4] {in_bounds = [true]} : vector<4xf32>, memref<8x8xf32, 6>

  ...

  %81 = vector.extract %16[1] : vector<4xf32>

  %82 = vector.splat %81 : vector<4xf32>

  %83 = vector.fma %82, %32, %80 : vector<4xf32>

  %84 = vector.extract %16[2] : vector<4xf32>

  %85 = vector.splat %84 : vector<4xf32>

  %86 = vector.fma %85, %34, %83 : vector<4xf32>

  ...

  vector.transfer_write %341, %subview_6[%c0, %c0] {in_bounds = [true]} : vector<4xf32>, memref<8x8xf32, strided<[81920, 10240], offset: ?>>

  vector.transfer_write %349, %subview_6[%c0, %c4] {in_bounds = [true]} : vector<4xf32>, memref<8x8xf32, strided<[81920, 10240], offset: ?>>




MLIR Code Generation Strategy
• Batch Matrix Multiplication Operator goes down the existing SPIR-V matrix multiplication pipeline


• One/both of the operands on the RHS are promoted to shared memory for better performance and all memory 
copies to shared memory are vectorized


• Also applies GPU pipelining to further enhance performance



Results on GPU
• Tested on AMD Radeon 6900XT GPU on a variety 

of sizes found in ML workloads


• Speed-up of up to 2.5X


• Still more improvements possible by adding 
promotion to shared memory, pipelining etc.



Results on CPU
• Tested on Intel Xeon Platinum 8360Y on a variety 

of sizes found in ML workloads


• Speedups of up to 3.3X


• Still more improvements possible by addition 
levels of tiling for additional levels of cache etc.



Decomposable Operators

Input Transform

Output Transform

Batch Matmul

<latexit sha1_base64="9uLA90oD5X7lz1tNdKbyt32W1ww=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQizcTMA9IljA76SRjZmeXmVkhLPkCLx4U8eonefNvnCR70MSChqKqm+6uIBZcG9f9dnIrq2vrG/nNwtb2zu5ecf+goaNEMayzSESqFVCNgkusG24EtmKFNAwENoPR7dRvPqHSPJIPZhyjH9KB5H3OqLFS7b5bLLlldwayTLyMlCBDtVv86vQiloQoDRNU67bnxsZPqTKcCZwUOonGmLIRHWDbUklD1H46O3RCTqzSI/1I2ZKGzNTfEykNtR6Hge0MqRnqRW8q/ue1E9O/9lMu48SgZPNF/UQQE5Hp16THFTIjxpZQpri9lbAhVZQZm03BhuAtvrxMGmdl77J8UTsvVW6yOPJwBMdwCh5cQQXuoAp1YIDwDK/w5jw6L8678zFvzTnZzCH8gfP5A6tVjN0=</latexit>

O

<latexit sha1_base64="NB3UBhddkD0vX6Dq0T3JyQ7ymN4=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi94SMA9IljA76SRjZmeXmVkhLPkCLx4U8eonefNvnCR70MSChqKqm+6uIBZcG9f9dnIrq2vrG/nNwtb2zu5ecf+goaNEMayzSESqFVCNgkusG24EtmKFNAwENoPR7dRvPqHSPJIPZhyjH9KB5H3OqLFS7b5bLLlldwayTLyMlCBDtVv86vQiloQoDRNU67bnxsZPqTKcCZwUOonGmLIRHWDbUklD1H46O3RCTqzSI/1I2ZKGzNTfEykNtR6Hge0MqRnqRW8q/ue1E9O/9lMu48SgZPNF/UQQE5Hp16THFTIjxpZQpri9lbAhVZQZm03BhuAtvrxMGmdl77J8UTsvVW6yOPJwBMdwCh5cQQXuoAp1YIDwDK/w5jw6L8678zFvzTnZzCH8gfP5A6I9jNc=</latexit>

I

<latexit sha1_base64="Whs37VH5rCZ7DVEKemUqOy4m3C4=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2NQEI8JmAckS5iddJIxs7PLzKwQlnyBFw+KePWTvPk3TpI9aGJBQ1HVTXdXEAuujet+O7mV1bX1jfxmYWt7Z3evuH/Q0FGiGNZZJCLVCqhGwSXWDTcCW7FCGgYCm8Hoduo3n1BpHskHM47RD+lA8j5n1FipdtctltyyOwNZJl5GSpCh2i1+dXoRS0KUhgmqddtzY+OnVBnOBE4KnURjTNmIDrBtqaQhaj+dHTohJ1bpkX6kbElDZurviZSGWo/DwHaG1Az1ojcV//Paielf+ymXcWJQsvmifiKIicj0a9LjCpkRY0soU9zeStiQKsqMzaZgQ/AWX14mjbOyd1m+qJ2XKjdZHHk4gmM4BQ+uoAL3UIU6MEB4hld4cx6dF+fd+Zi35pxs5hD+wPn8AZ2xjNQ=</latexit>

F

Matmul

Matmul
Tiling Constraints



Conclusions & Future Work
• Flash Attention is a more efficient alternative to attention on GPUs due to tiling and fusion


• Winograd convolutions can be more efficient that direct convolution based approaches, only caveat is accuracy 
needs to be preserved (larger output tile sizes result in higher error)


• Flash Attention & Winograd Convolutions


• Operators that decompose into other operators


• Special Tiling Constraints (constraints on how to tile input/output tensors, tile size constraints, reduction tiling)


• Could benefit from a interface that allows expressing tiling constraints 


• Deduce tile constraints from algorithm with/without annotations


• Can be extended to add additional constraints such as where the intermediate results need to be stored (shared 
memory, registers) and this would have implications for layout propagation
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