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Challenge: Triton extensions to abstract dataflow AI architectures
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= A global view of a composite tile to allow affine indexing. Any core

Spyre, abstracted: 32 Al bi-directional ring, each with it vate 2 MB : : :
pyre, abstracte cores on a bi-directional ring, each with its own private reads any block of it, not just its own memory.

scratchpad, over off-chip memory. A scratchpad is accessed in 128 B units, called sticks. A

tile lives in a scratchpad, so moving one to another core crosses the ring. [ISSCC 2026, 2.6] Meta's TLX names cores but has no global view; Gluon has the global view but names no core.
Nobody has both — and any dataflow accelerator can use the pair.

Triton extensions: memory spaces and a global view of tiles

(a + b) @ w on32cores a, b: [M, K] = [64, 512] w: [K, N] = [512, 256] out: [M, N] = [64, 256]
One descriptor composes every tile — no collective primitive added.

add: {M: 4, K: 8} = 32 tiles of [16, 64] . (a+b) @ w, the matmul's {M: 8, N: 4} re-divides M: [16,64] — [8,512] @ [512,64]
WORK_SLICES = [{"M":0,"K":0%, {1"M":0,"K":1%, ..] # add: iM: 4, K: 8%
MM_SLICES = [3"M":0,"N":0%, $"M":0,"N":1%, ..] # matmul: §M: 8, N: 4%

m = tl.wk_slice _coord(WORK_SLICES, "M") % 16

k = tl.wk _slice _coord(WORK_SLICES, "K") *x 64

tmp2 = a.load([m, k]) + b.load([m, k])

tl.spyre_pin(tmp2, "ct_local"”, offset=0) # Specify a memoxry space

« X

K: 8 tiles — 1 whole = tl.make_distributed_descriptor( # Create a global view
‘ M:ltile 2  ® tmp2, WORK_SLICES, ["M", "K"1, [8, 8x64])
mine = whole.load([tl.wk _slice coord(MM_SLICES, "M") % 8, 0])

matmul: {M: 8, K: 1} = 8 tiles of [8, 512], replicated by 4

tl.spyre_pin(mine, "ct_local", offset=1024) # Specify a memory space
out = tl.dot(mine, w.load([0®, tl.wk slice coord(MM_SLICES, "N") % 64]))

« X

(tl.wk_slice_coord(TABLE, "M"):this program's coordinate along the M
dimension in TABLE.)

K -

Our implementation: comptling Triton kernels through KTIR

KTIR is a tile-based, block-structured MLIR IR for multi-core accelerators, embodying a data-parallel abstraction of the hardware.

i torch-spyre ] direct KTIR emission 4 )
p . KTIR = [ Spyre backend compiler]# [ Spyre ]
Hand-optimized or beyond what Inductor generates .
. . -> m—)
. AI-optlmlzed kernel ) — [ Trlton KTIR ] \ )
Triton KTIR
Represent the tensor tiling by WORK_SLICES. Represent which core holds each tile by ct_id.

%28 = ktdp.construct_memory_view %cO, sizes: [16, 64]

: memref<16x64xfl6, #ktdp.memory_space<ct_local, ct_id = 0>>
WORK_SLICES = [{"M":0,"K":0%, i"M":0,"K":1%, ..] =1 %29 = ktdp.construct_memory_view %cO, sizes: [16, 64]
: memref<16x64x£16, idktdp.memory_space<ct_local, ct_id = 1>>

.. // 32 tiles
B . . . [ %60 = ktdp.construct_distributed_memory_view (%28, %29, .., %59
whole = tl.make_distributed_descriptor( —_—- : memref<16x64x£f16, iktdp.memory_space<ct_local, ct_id = 0>>, ..)

tmp2, WORK_SLICES, ["M", "K"], [8, 8%64]) . memref<64x512xf16>  // the whole

ktdp.get_compute_tile_id : index

affine.apply affine_map<(dO) -> ((dO floordiv 4) * 8)>(%62)
ktdp.construct_access_tile %60[%63, %c0O]

memref<64x512xf16> -> !ktdp.access_tile<8x512xindex>
ktdp.load %64 : <8x512xindex> -> tensor<8x512xfl6>

%662
MM_SLICES = [{"M":0,"N":0%, {"M":0,"N":1%, m]l- 7063

mine = whole.load( %64
[tl.wk_slice_coord(MM_SLICES, "M") % 8, 0])

%665
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