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Recall: Slides from Session 1

CUDA TileLang

__global__ void matmul(half* A, half* B, half* C,
int M, int N, int K) {
int tx = threadIdx.x, ty = threadldx.y;
int row = blockIdx.y * BM + ty;

int col = blockIdx.x * BN + tx; with T.Kernel(...) as (bx, by):
__shared__ half As[BM][BK], Bs[BK][BN]; As =|T.alloc_shared|[(BM, BK), "floatis")
float acc = @.0f; Bs =|T.alloc_shared| (BK, BN), "floatle")
for (int ke = ©; ke < K; ke += BK) { C_local =|T.alloc_fragmentk(BM, BN), "float32")
if (row < M && k@ + tx < K) T I;T.clear(c_local)
As[ty][tx] = A[row * K + k@ + tx]; for ko in T.ceildiv(K, BK), num_stages=3):
if (ke + ty < K & col < N) [ T.copy(A[...], As)
Bs[ty][tx] = B[(ke + ty) * N + col]; T.copy(B[...], Bs)
__syncthreads(); = C T.gemm(As, Bs, C_local)
#pragma unroll T.copy(C_local, C[...])

for (int k = ©; k < BK; ++k)
acc += As[ty][k] * Bs[k][tx];

__syncthreads();

x CUDA B LIZRMT
iF (row < M 8 col < N) TileLang 1R E8 Tile REIER S ITE SN

Clrow * N + col] = acc;



Recall: TileLang Primitives

EX5 BN
« @tilelang.jit: A& piFFZmiFE0]1FH Kernel
 @T.prim_func: FEX TileLang/TIR &%

« T.Kernel(...): €& Grid, — XX~ — CTA
REI=PN

* REFZSE T.Tensor: Global Memory
« T.alloc_shared: CTA HE=MHEIA Tile
* T.alloc fragment: FFFPMITELER

BRERRSUTR
Global Memory ---> Shared Memory ---> Register Fragment ---> Global Memory
T.copy T.gemm T.copy

« T.Pipelined: JA K#/H#k, HEEEMZSITE
* T.copy: TEAAREBAFERZEHEIERZ
« T.gemm: ik Tile BEEFETAN



Recall: TileLang MatMal

@tilelang.jit
def matmul(

M: int,
TileLang A% 5449 s
BLOCK_M: int,

BLOCK_N: int,

« XS EC shared memory tile ook int,
A shared. B_shared fFERIAEIELR Ll o i,

@T.prim_func

« 2L register fragment {E4 & finss o i

A: T.Buffer((M, K), dtype),

C_|Oca| igi*qujl\a—_l%% B: T.Buffer((K, N), dtype),

C: T.Buffer((M, N), accum_dtype),
1=

« KHESTRYEIR, 3CF5 pipeline e, s,
M global #iz%1#EE] shared Elno e
A gemm E#T C_local Yo (5 o

A_shared = T.alloc_shared((BLOCK_M, BLOCK_K), dtype)
B_shared = T.alloc_shared((BLOCK_K, BLOCK_N), dtype)
C_local = T.alloc_fragment((BLOCK_M, BLOCK_N), accum_dtype)

« B R FS[E global memory

T.clear(C_local)

> FF] 34 — —1 <} h for Kk in T.Pipelined(T.ceildiv(K, BLOCK_K), num_stages=3):
gilﬁﬁ*E%EﬁE/A1tl+§ T.copy(A[by * BLOCK_M, k * BLOCK_K], A_shared)
T.copy(B[k * BLOCK_K, bx * BLOCK_N], B_shared)
T.gemm(A_shared, B_shared, C_local)

T.copy(C_local, C[by *» BLOCK_M, bx * BLOCK_N])

return main



Recall: Bank Conflict

Coalesced access Conflict access Broadcast access

(No bank conflicts) (2-way bank conflicts) (No bank conflicts)

shmem[threadldx.x] = data[tid] shmem[threadldx.x * 2] = data[tid] data = shmem[0]

4-byte data 4-byte data 4-byte data

Threads Threads Threads

Shared Memory Banks Shared Memory Banks Shared Memory Banks
Shared Memory #1373 32 4~ Bank, &1 Bank aJLABR{F—MRIZAV/NEE SRAM, BT 32 4 Bank BILAFATLAE,
—A Warp 1 32 NMEFZLARRGEEIAE Bank, {BEE4 Bank BUEHAIRIBEN oA ER—EHAREN WA 2N A FiHh
HERgIEK. Bt HZNEERRERE— Bank BIAREMUEY, SAERERHSELAHEBITIL.
Multicast T/9fFR%: E— warp &1, 116 MEFRIE shared[0], B 16 NEFEE shared[1], SERZPLPEEREMUS
15, EEBERR broadcast, 4™ broadcast #&3—IX multicast, BEMEKATZE bank conflict,
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TileLang

TileLang as a native code generator

» Tilelang provides hardware independent TIR

* Tilelang can explicit control:
e Memory allocation

e Memory movement

* Tilelang provides indexing in tiles

* Tilelang supports code injection
o C++

e PTX

* Tilelang outputs native codes

A_shared = T.alloc_shared((M,K),dtype)

T.copy (A_shared, A local)

for i in T.serial(128):
for j in T.serial (128):
B[i, 3] = A[i, j]

T.ptx(
"mma.m16n8k32.row.col.s32.s8.s8.s32",
T.address_of(A), A_offset,
T.address_of(B), B_offset,
T.address_of(C), C_offset,

) _

* CUDA C++ on Nvidia GPUs: Volta, Ampere, Hopper, ...

e HIP C++ for AMD GPUs: MI300, MI250, ...
e C++/llvm for CPUs
* Native codes for other Accelerators.

19MO)

19MO)

2 S &
o fibd -/
Beginner Developer Expert

Program

Tile program |
Hardware independent

Program

M Tile Program with Tile Library |

Hardware Aware Programming
Explicit Memory Allocation

Tile Library: Copy, GEMM, Reduce ...

A

y

Program

Tile Program with Thread Primitives |

PyCUDA Like Programming
IRModule

| Source Code (C/CUDA/HIP/LLVM/...) |

A 4

Source Code

| Hardware Specific Executable/Runtime |

Executables

( Nvidia GPUs | [ AMDGPUs | |
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TileLang

TileLang Lowing to TIR

* Tilelang code

10
@T.prim_func 1
def main(
A: T.Tensor((M, K), in_dtype), 12
B: T.Tensor((N, K), in_dtype),
C: T.Tensor((M, N), out_dtype),
)i
with T.Kernel(T.ceildiv(N, bN), T.ceildiv(M, bM), threads=128) as (bx, by):
A_shared = T.alloc_shared((bM, bK), in_dtype)
B_shared = T.alloc_shared((bN, bK), in_dtype) .
C_local = T.alloc_fragment((bM, bN), accum_dtype) .
15
T.clear(C_Llocal) i:
for k in T.Pipelined(T.ceildiv(K, bK), num_stages=3): 18
T.copy(A[by * bM, k * bK], A_shared) g
T.copy(B[bx * bN, k * bK], B_shared) 26
T.gemm(A_shared, B_shared, C_local, transpose_B=True) n
22
T.copy(C_Llocal, C[by * bM, bx * bN]) 23
24
return main 25
26
27
Tilelang High level Primitives
T.alloc_shared
T.alloc_fragment tilel il
T.clear lielang.compiie "
T.Pipelined >
T.copy
T.gemm

» Tensor IR (TIR) code

@r.prim_func
def main_kernel(A: T.handle("float8_eam3", “"global"), B: T.handle("float8_eam3", “"global"), C: T.handle
("float32", "global")):

T.func_attr({"calling_conv": 2, "dyn_shared_memory_buf": 49152, "target": T.target({"arch": "sm_8o",
"keys": ["cutedsl", "cuda", "gpu"], "kind": "cuda", "max_num_threads": 1024, “"tag": "",
"thread_warp_size": 32}), "thread_extent": {"blockIdx.x": 8, "blockIdx.y": 8, "threadIdx.x": 128,
"threadIdx.y": 1, "threadIdx.z": 1}, "tir.is_global_func": T.bool(True), "tir.kernel_launch_params”:
["blockIdx.x", "blockIdx.y", "threadIdx.x", "threadIdx.y", "threadIdx.z", "tir.use_dyn_shared_memory"],
"tir.noalias": True})

C_1 = T.decl buffer((1048576,), data=C)

B_1 = T.decl buffer((1048576,), "float8_eam3", data=B)

buf_dyn_shmem = T.handle("uint8", “shared.dyn")

B_shared = T.decl_buffer((24576,), "float8 e4m3", data=buf_dyn_shmem, scope="shared.dyn")

A_1 = T.decl_buffer((1048576,), "float8_eam3”, data=A)

A_shared = T.decl_buffer((24576,), "floats8_eam3", data=buf_dyn_shmem, scope="shared.dyn")

C_local = T.handle("float32", "local")

C_local_1 = T.decl_buffer((128,), data=C_local, scope="local")

bx = T,launch_thread("blockIdx.x", 8)

buf_dyn_shmem = T.allocate([49152], "uint8", "shared.dyn")

C_local = T.allocate([128], "float32", "local")

by = T.launch_thread("blockIdx.y", 8)

tx = T.launch_thread("threadIdx.x", 128)

ty = T.launch_thread("threadIdx.y", 1)

tz = T.launch_thread("threadidx.z", 1)

TIR

TVectorized
T.unroll
T.broadcast
T.call_extern
T.sync_thread
T.async_wait
T.address_of

T.atomic_add 24 <ANVIDIA I



5.11.7 NV OpenDay #MBICuTeDSL Slides

17
18
19
20
21
22
23
24
25
26
27
28
29
30

wow w
v B w

TileLang

TileLang Lowing to TIR

* Tilelang code

@r.prim_func

def main(
A: T.Tensor((M, K), in_dtype),
B: T.Tensor((N, K), in_dtype),
C: T.Tensor((M, N), out_dtype),

with T.Kernel(T.ceildiv(N, bN), T.ceildiv(M, bM), threads=128) as (bx, by):

A_shared = T.alloc_shared((bM, bK), in_dtype)
B_shared = T.alloc_shared((bN, bK), in_dtype)
C_local = T.alloc_fragment((bM, bN), accum_dtype)

T.clear(C_Llocal)

tor k in T.Pipelined(T.ceildiv(K, bK), num_stages=3):
T.copy(A[by * bM, k * bK], A_shared)
T.copy(B[bx * bN, k * bK], B_shared)
T.gemm(A_shared, B_shared, C_local, transpose_B=True)

T.copy(C_Llocal, C[by * bM, bx * bN])

return main

Automatically select appropriate
Pipeline

CopyAtom

MmaAtom

for different Arch

a5

66

68
69

* TIR code for sm_80

for 1 in T.unroll(64):
C_local_1[1 * 2:1 * 2 + 2] = T.Broadcast(T.float32(6.0), 2)
for i in T.unroll(4):
T.ptx_cp_async("float8_eam3", buf_dyn_shmem, i * 2048 + T.shift_right(tx, 2) * 64 + T.bitwise_and(T.st
with T.attr(e, "async_commit_queue_scope”, 0):
for 1 in T.unroll(4):
T.ptx_cp_async(“float8_eam3”, buf_dyn_shmem, 1 * 2048 + T.shift_right(tx, 2) * 64 + T.bitwise_and(
for 1 in T.unroll(4):
T.ptx_cp_async("€loat8_e4m3", buf_dyn_shmem, i * 2048 + T.shift_right(tx, 2) * 64 + T.bitwise_and(T.st
with T.attr(e, "async_commit_queue_scope”, 0):
for 1 in T.unroll(4):
T.ptx_cp_async("float8_eam3", buf_dyn_shmem, 1 * 2048 + T.shift_right(tx, 2) * 64 + T.bitwise_and(
for k in range(14):
T.tvm_storage_sync("shared.dyn")
for 1 in T.unroll(4):
T.ptx_cp_async("float8_eam3", buf_dyn_shmem, T.truncmod(k + 2, 3) * 8192 + 1 * 2048 + T.shift_rigt
with T.attr(e, "async_commit_queue_scope”, 0):
for 1 in T.unroll(4):
T.ptx_cp_async("€loat8_e4am3", buf_dyn_shmem, T.truncmod(k + 2, 3) * 8192 + 1 * 2048 + T.shift_
T.attr(e, "async_wait_queue_scope”, 0)
T.attr(0, "async_wait_inflight_count”, 2)
T.tvm_storage_sync("shared")
buf_dyn_shmem_1 = T.Buffer((k % 3 * 8192 + 1,), "float8_eam3", data=buf_dyn_shmem, scope="shared.dyn")
buf_dyn_shmem_2 = T.Buffer((24576 + k % 3 * 8192 + 1,), "float8_eam3", data=buf_dyn_shmem, scope="shar
C_local_2 = T.Buffer((1,), data=C_local, scope="Llocal")
T.tL_gemm("tl::gemm_ss<128, 128, 64, 2, 2, 0, 1, 0, 64, 64, 0, 0>", T.address_of(buf_dyn_shmem_1[T.trt
with T.attr(e, "async_wait_queue_scope”, 0):
T.attr(e, "async_wait_inflight_count", 1)
T.tvm_storage_sync("shared™)
buf_dyn_shmem_1 = T.Buffer((16385,), "float8 eam3", data=buf_dyn_shmem, scope="shared.dyn")
buf_dyn_shmem_2 = T.Buffer((40961,), "float8_e4m3", data=buf_dyn_shmem, scope="shared.dyn")
C_local_2 = T.Buffer((1,), data=C_local, scope="local")
T.tL_gemm("tl::gemm_ss<128, 128, 64, 2, 2, 0, 1, 0, 64, 64, 0, 0>", T.address_of(buf_dyn_shmem_1[1638¢
with T.attr(e, “"async_wait_queue_scope”, 0):
T.attr(e, "async_wait_inflight_count”, 0)
T.tvm_storage_sync("shared")
buf_dyn_shmem_1 = T.Buffer((1,), "float8_e4am3", data=buf_dyn_shmem, scope="shared.dyn")
buf_dyn_shmem_2 = T.Buffer((24577,), “float8_e4m3", data=buf_dyn_shmem, scope="shared.dyn")
C_local_2 = T.Buffer((1,), data=C_local, scope="local")
T.tl_gemm(“tl::gemm_ss<128, 128, 64, 2, 2, 0, 1, 0, 64, 64, 0, 0>", T.address_of(buf_dyn_shmem_1[0]),
for 1 in T.unroll(64):

C_1[by * 131072 + T.shift_right(T.bitwise_and(i, 7), 1) * 32768 + T.shift_right(T.bitwise_and(tx, 63>1DIA
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TileLang

TileLang Lowing to TIR

* Tilelang code

@T.prim_func

def main(
A: T.Tensor((M, K), in_dtype),
B: T.Tensor((N, K), in_dtype),
C: T.Tensor((M, N), out_dtype),

with T.Kernel(T.ceildiv(N, bN), T.ceildiv(M, bM), threads=128) as (bx, by):
A_shared = T.alloc_shared((bM, bK), in_dtype)
B_shared = T.alloc_shared((bN, bK), in_dtype)
C_Llocal = T.alloc_fragment((bM, bN), accum_dtype)

T.clear(C_Llocal)

for k in T.Pipelined(T.ceildiv(K, bK), num_stages=3):
T.copy(A[by * bM, k * bK], A_shared)
T.copy(B[bx * bN, k * bK], B_shared)
T.gemm(A_shared, B_shared, C_local, transpose_B=True)

T.copy(C_Llocal, C[by * bM, bx * bN])

return main

Automatically select appropriate
Pipeline

CopyAtom

MmaAtom

for different Arch

* TIR code for sm_90

A_desc)
, B_desc)

128 <= tx:

set_max_nreg(

T.mbarrier_wait_parity(T.get_mbarrier(T.truncmod(k, 3) + 3), T.bitwise xor(7.Div(T.truncmod(k, 6),
if 1.tL_shuffle_elect(128):
T.mbarrier_expect tx(T.get mbarrier(T.truncmod(k, 3)), 8192)
T.fence_proxy_async()
buf_dyn_shmem_1 = T.Buffer((k X 3 * 8192 + 1,), "floats_e4n3", data=buf_dyn_shmem, scope="share:
T.tma_load(A_desc, T.get mbarrier(T.truncmod(k, 3)), T.address_of(buf_dyn_shmem_1[T.truncmod(k,
T.mbarrier_expect tx(T.get mbarrier(T.truncmod(k, 3)), 8192)
T.fence_proxy_async()
buf_dyn_shmem_2 = T.Buffer((24576 + k X 3 * 8192 + 1,), "floats_eam3", data=buf_dyn_shmem, scop
T.tma_load(B_desc, T.get mbarrier(T.truncmod(k, 3)), T.address_of(buf_dyn_shmem 2[T.truncmod(k,
T.ptx_arrive_barrier(T.get_mbarrier(T.truncmod(k, 3)))

1)

(64):

* 2:1 * 2 + 2] = T.Broadcast(T.€Lc
(16):

T.mbarrier_wait

i in T.unrol

C_local 1 at32(e.e), 2)

arity(T.get mbarrier(T.truncmod(k, 3)), T.Div(T.truncmod(k, 6), 3))
T.fence_proxy_async()
buf_dyn_shmem_1 = T.Buffer((k X 3 * 8192 + 1,), "floats_eam3”, data=buf_dyn_shmem, scope="shared.dy
buf_dyn_shmem 2 = T.8u (24576 + k X 3 * 8192 + 1,), "float8_eam3"”, data=buf_dyn_shmem, scope="s
C_Llocal 2 = T.Buffer((1,), data=C_local, scope="local™)

T.tl_gemm("tL::gemm ss<128, 128, 64, 4, 1, ©, 1, 0, 64, 64, 0, 0, true>", T.address_of(buf_dyn_shme:
T.ptx_arrive barrier(T.get mbarrier(T.truncmod(k, 3) + 3))

{inT SLL(64):

C_1[by * ft ght(i, * 65536 + T ift_right(tx, S) * 16384 + T.bitwise and(i, 1

26 <ANVIDIA
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CuTeDSL as a codegen target

Example: Ampere gemm

» TileLang code

def gemm(

A: T.Tensor((M, K), dtype),
B: T.Tensor((K, N), dtype),
C: T.Tensor((M, N), dtype),

A_shared = T.alloc_shared((block_M, block_K), dtype)
B_shared = T.alloc_shared((block_K, block_N), dtype)

with T.Kernel(T.ceildiv(N, block_N), T.ceildiv(M, block_M), threads=threads) as (bx, by): iz

SMEM allocation

C_local = T.alloc_fragment((block_M, block_N), accum_dtype) R allocation

T.clear(C_local)

for k in T.Pipelined(T.ceildiv(K, block_K), num_stages=3):

T.copy(A[by » block_M, k » block_K], A_shared)
T.copy(B[k * block_K, bx » block_N], B_shared)
T.gemm(A_shared, B_shared, C_local)

T.copy(C_local, C[by » block_M, bx * block_N])

return gemn

Ampere style Pipeline

1. Prologue: Issue async memory load of first #stages-1 tiles

2. Mainloop: k-Loop from O to #tiles-(#stages-1)
1. lIssue #k+#stages-1 async memory load
2. Wait for #k async memory load ready
3. Consume #k tile

3. Epilogue: Wait and consume for last #stages-1 tiles

RF LD/ST

cp_async G2S

mma GEMM

STG

» Generated CuTeDSL code

import cutlass
import cutlass.cute as cute
isport tilelang.contrib,cutedsl as tl

feute.kernel
def gemn_kernel(A, B, C) :
threaglax = ti.Threadldx()  pogijcated for CuTeDSL Backend
blockldx = t1,Blocklax()
buf_dyn_shnea = tl.get_dyn_smem(cutlass.Uint8, 128)
C.local = cute.make_fragment((123), cutlass.Float32)
for 1 in cutlass.range_constexpr(D, &4):
t1,make_teasor_offset(C_local.iterator, (L » 2), (2), div_by = 2).store(tl.make_filled_tensor((2), cutlass.Float32(a)).lcad())
for 1_1 in cetlass.range_conatexpr(B, 4):
tl.cp async_gs(16, buf _dyn_shmen, ((((4.1 » 2048) + ((threadldx.x >> 2) ~ 64)) » (((((threadldx.x & 31) >> &) » ((threadlex.x &
for 1.2 in cetlass.range_constexpr(f, 4):
tl.cp_async_gs(16, buf_dyn_shnem, (((((((((threacldx.x & 15) >> 5) » 4696) » (1.2 » 1624)) + ((threadldx.x >> 4) ~ 128)) + ((((n
tl.cp async_conmit()
for 1.3 in cetlass.renge_constexpr(p, 4):
tl.cp asyne_gs(16, buf dyn_shnen, (((((3i.3 # 20i6) + ((threadidx.x >> 2) + &4)) + (((((threadlax.x & 31) »> 4) + ((threaoldx.x &
for 1_4 in cetlass.range_conatexpr(p, 4):
tl.cp_async_gs(16, buf_dyn_shnen, (((CC((((threacidx.x & 15) »> 3) & 4096) « (1.4 » 1024)) + ((threadIdx.x »>» &) » 128)) + ((((u
tl.cp async_conmit()
for k in range(d, 39):
tl,sync_threads()
for i_5 in cutlass.range_constexpr(d, 4):
tl.cp.async_gs(16, buf dya_shmem, (((((((k + 2) % 3) = B192) + (1.5 = 2048)) + ((threadldx.x >> 2) = 64)) + (((((threacldx.x &
for 1.6 &in cutlass.range_cosstexpr(d, 4):
tl.cp_anync_ge(16, buf_ayn_shmem, (CCCCCCCCCK « 2) X 3) « 8192) o (((threadIdx,x & 15) »» 3) = &@96)) + (4.6 » 1824)) + ((thres
tl.cp_async_comnit()
tl.cp_async_wait(2)
tl, sync_theeads()

tl.gomn_s5(123, 2, 2,6, 8,0, 52, 128, 8, 8, (cutlass.Fleatls, (cute.recast_ptr(duf_dyn_shmen, dtype = cetlass.Floatls
tl.cp_async _wait(l)
tl.sync_threads()
tl.genm_ss(128, 128, 32, 2, 2, 0, 9, @, 32, 128, 0, 8, (cutlass.Floatls, (cete.recast pte(buf _dyn_shmen, dtype = cutlass.Floatls) -
tl.cp_async_wait(0)
tl.sync_threads()
tl.genm_ss(128, 128, 32, 2, 2, 0, D, 8, 32, 128, 0, 8, (cutlass.Flootlé, (cute.recast ptr(buf_dyn_shmen, dtype » cutlass.Flostls)
for 1.7 in cutlass.range_constexpr(b, )
1 = cute.make_fragment((2,), cutlass.Floatls)
v. = tl.nake_tensor_offset( 0 7% 2), (2), div.by = 2)
1.store(v_.load().to(
tl.make_teasor offset(( x.y = 131872) « (((1.7 & 7) >> 1) = 32768)) + (((threadldx.x & 63) >> 5) = 163
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CuTeDSL as a codegen target

Example: Hopper fp8 gemm

» TileLang code

14 def matmuL_NT(M, N, K, bM, bN, bK, in_dtype, out_dtype, accum_dtype):

15
16 @T.prim_func
def main(

A: T.Tensor((M, K), in_dtype),
B: T.Tensor((N, K), in_dtype),
C: T.Tensor((M, N), out_dtype),

):
with T.Kernel(T.ceildiv(N, bN), T.ceildiv(M, bM), threads=128) as (bx, by):
A_shared = T.alloc_shared((bM, bK), in_dtype) SMEM allocat
B_shared = T.alloc_shared((bN, bK), in_dtype) e SR e
C_local = T.alloc_fragment((bM, bN), accum_dtype) RE allocation
T.clear(C_local) RF LD/ST
for k in T.Pipelined(T.ceildiv(K, bK), num_stages=3):
T.copy(A[by * bM, k * bK], A_shared) TMA copy G2S
T.copy(B[bx = bN, k * bK], B_shared)
T.gemm(A_shared, B_shared, C_local, transpose_B=T: wgmma GEMM
T.copy(C_local, C[by » bM, bx = bN]) STG
return main

Hopper style Warp-specialized Pipeline:
1. TMA warp: Loop on #stages buffers
1. Wait for empty mbarrier ready
2. lssue TMA load
3. Arrive on full mbarrier
2. GEMM warp: Loop on #stages buffers
1. Wait for full mbarrier ready
2. Issue wgmma GEMM

3. Arrive on empty mbarrier

* Generated CuTeDSL code

inport cut
inport cu

lass

ash.Cute a8 cute

import tilelang.coatrib.cutedsl as tl

@evte.kernol

det gemm_kernel(A_desc, B _sesc, C
threadldx = t1.Throadldx()

tensormaps)

Dedicated for CuTeDSL Backend

blockIax = tl.Blockidx()
A_desc_pte, B_desc_ptr = tl.get_temsormap ptrs(l, tensormaps, (A_desc, B_desc))
buf_dyn_shnen = tl.get_dyn_smen(cutloss.Uints, alignment = 1024)

cal = cute.make fragment((
nbarrie

Float32)
r = tl.alloc snon(cutloss,Uintéé, size in olens =

, alignment = &4)

if tl.shuffle_elact(0):

wi

th
T,
.

tL.
.
tL.

T,
tl.
tl

oute.arch,elect one():

prafetch_tma_descriptor(A_desc)

prefetch_tna_descriptor(B_desc)
128)

sbarcier_tnit((sbarriersd)
sbarrier_init((sbareiers
sbarcior_tnit((sbarriers2),
sbarrier_tnit((sbare
mbarrier_init(
sbarrier_init((st

tL.sync_threads()

if 1

<» threadlax.x:

tl.sarpgroup_reg_dealleoc(24)

for k in range(d, 16):

olse

tl.
af

sbarcier_wait((n der+((k % 2) + 3)), (((k X &) /f 3) »1))
tL.shuffle_slect(128):

with cute.arch.elect one():

tl

tl.mbarrier _expect_tx((abarrier+(k % 35)) ,8192)

t1.fonco_proxy_async()

tl.tna_losd(A_cesc_ptr, (abarriec+(k % 3)), ((cute.recast_ptr(buf_dyn_shmen, diype = cULLAsS. FLOATSEGMIFN) + ((k % 3) » 8192))), ((k = &
tl.abarrier _expect tx((abarciers(k % 3)) ,5192)

tl.fence_proxy_async()

tl.tea load(B_cesc_ptr, (sbarrier+(k % 3)), ((cute.recast ptr(buf dyn stmen, dtype = cutlass.FLoatS8ELMIFN) « (((k % 3) = 8192) + 24576))

sbarrier_arrive((sbarriere(k % 1)))

tL.warpgrouvp_reg. alloc(2406)
for L in cutlass,range_constexpr(d, 64):

for k_1 in renge(d, 1&):

tl.

L.
tl.
tl.
tl

e i1 in cut

make_tensor_at_offset(C_local.iterstor, (i = 2), (2), div.by = 2).store(T1.make_filled tensor((2), cutless.Float32(0)).lead())

sbarrier_wait((
fenco_proxy_asyne()
gesn_ss(128, 128,

sbarrier_arrive((m

ronge_c

make_tensor_at_offset(C.3

32 <ZNVIDIA I



&9 OVERVIEW

AR : AEEFXMESH, TileLang BRiER 7 1HA? EXBE(TREHA? (5 min)
Fk:

. Language Basics . JIT . TIR/ Lowering Trace, TVM-FFI (20 min)

. T.Kernel, Fragment, T.Parallel. Layout Inference (20 min)

. Tile Library Primitives, Layout Annotation, Reducer, Replication (20 min)

1
2
3
4. TPipelined, copy lowering, Autotuning / Carver (15 min)
5. Persistent scheduling 5 MegaKernel-style control (10 min)
6

. Runtime Profiling. IKET 5 SASS evidence (10 min)



¥11>: Bkernel FEEAMIERY PN o) 7R

1. — CTA, warp. thread SaE=EHRLIZEITE"?

2. HHEAITF global, shared &2 fragment/register?
3. load, compute. store AN{AHEFFIES?

4. tile, threads, stages. worker CTA #{&2X?

TileLangP&il 7 +A? EXREATREHA?
1. AILAKEBEIHESEFE ownership, {8 CTA workload {3 RE.
2. FIF %5 memory scope, JmiEsSHESITZ BAMUEBRESFNIRIELH,
3. MINiR/K BT T.Pipelined B&1EFF; amﬁ‘@ﬁ%ﬁ-ﬁﬁﬁpﬁﬁ =14,
4. TERERTE, AMFE— I EZEOBSHEERMNE




1.1 &)\ kernel

Python factory: #aIR specialization

é%;ﬁk = @tilelang.jit(out_idx=[-1])
/QQ;:F*@E kerne|° def make_add(n, block_n=256):
T.prim func: ERIERIRITES Mz e

def kernel(
x: T.Tensor((n,), T.float32),

buffer contract,
y: T.Tensor((n,), T.float32),

T.Kernel: 7=BE CTA grid f0&1 CTA ):

with T.Kernel(T.ceildiv(n, block_n), threads=128) as bx:

A4EFR K for j in T.Parallel(block_n):
EIIJ%$E$&° idx = bx * block_n + j
T.Parallel : Z5H1Z24EF 715, H 1 ddx <on:

y[idx] = x[idx] + 1.0

layout inference BUETRIZIES

thread-local iterations,

return kernel



1.2 JIT (Just-in-time compilation)

TileLang 0.1.12 By @tilelang.jit 2 FEEFEREED: Eager JIT #1 Lazy JIT, £
Lazy JIT /1, P ESENSEHUL kernel; HLETEERSSEL (specialization) 5,
fmiFes e/ XVEARRTER Lowering, LACFOMCIBAERL, FEFEMAY kernel
artifact, [FEEBHEHRAFSEERERTLIERERERAES artifact, MIAHEEERIF,
NSSENEIEITRIHEN, BFEHIEMR workload MtE, 4EkRY artifact BRT7BILA
EEHITIN, E32FSE CUDA RS, 3REX profiler SR, LEBIAE] schedule
specialization BItgEE, LAKREFFIR?F host/device GmftiL,

Eager JIT Lazy JIT
Python 230 tensor fEREREESE, REBUKIDEH M kernel  factory 3R[E] PrimFunc
HFEB 18 PyTorch op %3K18 IITKernel , B tensor
fat B T.empty() J5 return EXBHSYE out_idx



1.2 JIT (Just-in-time compilation)

T 2 E9miEHA specialization BEN S TRIYRIFIEZ AR TINE: 3 SSER
iE kernel USCIL S0, (RImIFESEeBEAFERt. SUEmBIMNRRYORHITRE
it shSSEIRTE kernel BIHRITHIR, 1S artifact ERERHIHEmIFEFHE.
2[R0 ;. #2200 kernel SCIIEEMIRISEN, BIAIEUER (layout) | tile liE. &
IR EC (shared memory. register usage) LANIZHIRESEHMINIHITERSEHE, LA
RIS ERMUEE; (NEmHITIURRISEL, (a0 token £, batch size,
problem size 8 loop trip counth{RFEFENZS, LABRImZEEFR AR kernel
artifact FYS FE&E

5k, Lazy JIT fEE{ TRt R mIFNERRES R EFEE. RFRAELIKEITIR
BEELINAT, FMELE.



1.3 itk

Python TileLang DSL
factory / eager function / @tilelang.jit / @T.prim _func —
================ Frontend Elaboration ================
17 factory, g#SEE specialization, f#fT DSL —
Apache TVM TIRx PrimFunc / IRModule

+ TileLang Tile Library primitives

+ control-flow / layout / pipeline / reducer annotations —
================ Compiler Middle-End ================
Target normalization / BindTarget —

architecture: sm 80 /sm 90 /sm 100 . backend key: plain CUDA / CuTeDSL



1.3 itk

Canonicalization / LayoutReducer
PipelinePlanning / InjectSoftwarePipeline
Warp-specialization planning (B##B8%) -
Layoutinference

HES fragment ownership, parallel-loop layout, shared layout —
LowerTileOp

45k physical indices, thread-local loops. H#rEZX intrinsic —
Target-specific lowered TIRx

legalization / safe access . vectorization / unrolling . storage planning5

reuse . synchronization / fence insertion —

SplitHostDevice + ABI / launch lowering —



1.3 itk

Host side:
host TIRx / launcher metadata / host stub
Device side:
— CUDA C++ — NVCC/NVRTC — cubin/SASS
L— CuTeDSL Python — nvidia-cutlass-dsl — cubin/SASS —
================J|IT /Runtime ================
JIT cache / module loading / argument-output organization —
TVM-FFI backend (plain CUDAZARIA) Bk Cython / NVRTC / CuTeDSL adapter
— CUDA Driver APl — kernel launch —



1.3 itk

oo ooz EvaluatiOn oS-SSz

correctness — benchmark — runtime profile — tune

5BIHETE . https://tilelang.com/tools/lower_trace.html
o] LUEITIR Lower Trace 7 TileLang BY TIR BE&EYwiFes Pass FITIH=EFRIZL.



https://tilelang.com/tools/lower_trace.html

1.4 TVM-FFI

BXTVM-FFINEZHTHRI LIS . https://tilelang.com/blog/2025/12/11/ffi.html,
BBk, TVM-FFI (Foreign Function Interface) 2 TVM 7 HRUEEIESIcTHS
O, BT —E%—. BT ABI, 8 C++, Python, Rust, Java EAREIESHEE
T A& R —EE 1 TR FI4RIE 4.

TileLang EF TVM-FFI #3952 Host Runtime, #E4miE&ERRY Host Stub 5 Device
Module ¥ ATTEEERRY Python X485, BREEEREZI PyTorch-compatible
Tensor, Bzh5Ehk Tensor JtEWE (Shape. Stride, Dtype. Device) BIRENSHIES,
FE Kernel FRIFEHISEN. EEHILM Tensor, HFUTHRIFEYIBMN (20 TMA
Descriptor) . 5EAk Kernel Launch, M7ERF Python inFaifRE Shape
Check 5(2HZR Launch &%, {§ GPU Kernel 8855 1&E Python BRE—HEEHA.



https://tilelang.com/blog/2025/12/11/ffi.html

1.4 TVM-FFI

TVM-FFI B9z MBS T IRERECERTHE. BrES5ET PyBind RSESL T,
TVM-FFI EEERNmFEIFEIIETEHE, FRAFN. €0 ABI, ERiE
SREMERTASERESE (70 PyTorch)

SHFHATATER A TLFAS GPU Kernel, Python V&R0 Kernel Launch B2AA
o] ZRSRIRGFFEH, M TVM-FFI 8Ef2151XEE Host UH{F FinEIgmiE LIS 14Re
C++ Host Stub &, &> Python Runtime &5, MNMEZEPEK Host Overhead,
REEBINITER,



Tech Report From DS-V4 ﬁ

Reducing Invocation Overhead with Host Codegen. As accelerators continue to grow in
performance, CPU-side orchestration overhead becomes increasingly prominent. For small,
highly optimized kernels, such fixed host overhead can easily cap utilization and throughput.

A common source of this overhead is that host-side logic, such as runtime contract checks, is
typically written in Python for flexibility and thus incurs a fixed per-invocation cost.

We mitigate this overhead with Host Codegen, which moves most host-side logic into gen-
erated host code. Specifically, we first co-generate the device kernel and a lightweight host
launcher at the IR (Intermediate Representation) level, embedding the necessary metadata—such

as data types, rank/shape constraints, and stride/layout assumptions—parsed from the lan-
guage frontend. The launcher is then lowered to the host source code built on top of the
TVM-FFI (Chen et al., 2018) framework, whose compact calling convention and zero-copy tensor
interop together minimize host-side overhead. At runtime, this generated host code performs
validation and argument marshaling, shifting all per-invocation checks out of the Python exe-

cution path. Our measurements show that CPU-side validation overhead drops from tens or
hundreds of microseconds to less than one microsecond per invocation.




https://tvm.apache.org/2026/06/22/tirx TIRXxZ2FAF4E GPU kernel gy Python
DSL, FERFeJLAE#E#M threads, SMEM, TMEM, barriers ] Tensor Core S5i@{4
S, ERREBESERIPRIZR.

TIRx #HY tile B FEER=TNEERE: WL threads FITEE (scope) . #UEX
Rt4fBE (layout) , LARIR{FIEESMRSEE(GERZSCIN (dispatch)
https://mlc.ai/modern-gpu-programming-for-mlsys/ kb EIFARIEFE.

TileLang BIRERLRFNERIZ tvm.tirx.PrimFunc, BEZERL IRModule, XEERY
TIR/TIRX AT LAR E D TAISENE/ <L\ tensor IR, Fprogressive lowering
— 4R EIRERartifact, BN target, scope. shape. stride,

alignment, layout 5 pipeline context B9£E o TrFOSEINIEES,


https://tvm.apache.org/2026/06/22/tirx
https://mlc.ai/modern-gpu-programming-for-mlsys/
https://mlc.ai/modern-gpu-programming-for-mlsys/
https://mlc.ai/modern-gpu-programming-for-mlsys/
https://mlc.ai/modern-gpu-programming-for-mlsys/
https://mlc.ai/modern-gpu-programming-for-mlsys/
https://mlc.ai/modern-gpu-programming-for-mlsys/
https://mlc.ai/modern-gpu-programming-for-mlsys/
https://mlc.ai/modern-gpu-programming-for-mlsys/
https://mlc.ai/modern-gpu-programming-for-mlsys/

(J

2.1 T.Kernel

I.—EM CTA workload with T.Kernel(grid x, grid y, threads=256) as (bx, by):

EEMERRE: —HES/MNEE CTA, — CTA tE=lN tile, —) CTA BV
FEOT T tile IFT?

TileLang AEBFIEESE DR, & CTA B tile X/)\, reuse #1 ILP RE&; XK
M register/shared-memory [£73_EF,
e BaRYZ tile RIREY, AZ2BUHE workload decomposition,



2.2 Fragment

Scope TileLang 38 FERIFE
Global T.Tensor / T.StridedTensor BRNad, BEdATR
Shared T.alloc_shared CTA staging. EH. B&%EEH
Fragment/register  T.alloc_fragment iZ 38 tile BY thread-distributed register state

T.alloc fragment((M, N)) &7~ CTA HEHFE—1NBIE MxN fragment (RE2E/1M%
EEE=E MxN FABEIX) .
YPIRREY P SRk :

Fragment layout: (logical indices) — (thread id, thread-local slot)



Recall: Memory Hierarchy

GPU Overview
NVIDIA H100 SXM

132 SMs
4th Gen Tensor Cores

4th Gen NVLink,
900 GB/s
bidirectional

PCle Gen 5,
128 GB/s
bidirectional

80 GB HBM3,
3.3TB/s
bidirectional

“ANVIDIA I



Recall: Memory Hierarchy

SM

Ulinstruction Cache

L0 Instruction Cache ]
Warp Scheduler (32 thread/clk)

7“-6) Scheduler (32 thread/clk)

Str i n M Iti r r (S M) Dispatch Unit (32 thread/cik) Dispatch Unit (32 thread/clk)
ea g u p ocesso Register File (16,384 x 32-bit) Register File (16,384 x 32-bit)
Hopper architecture FP32 FP32  FPe4 INTI2 FP32 FP32  FPea
FP32 FP32 FPe4 INT32 FP32 FP32 FP84
FP32 FP32 FPe4 INT22 FP32 FP32 FPe4
FP32 FP32 FP64 INT32 FP32 FP32 P4
FP32 FP32 FP64 INT32 FP32 FP32 FP6a
FP32 FP32 FP64 INT3Z FP32 FP32 FPe4
FP32 FP32 FP64 INT32 FP32 FP32 FP64
FP32 FP32 FP64 TENSOR CORE INT32 FP32 FP32 FP64 TENSOR CORE
FP32 FP32 FP64 4" GENERATION INT32 FP32 FP32 FP64 4" GENERATION
FP32 FP32 P64 INT32 FP32 FP32 FPe4
. _— FP32 FP32 FP64 INT32 FP32 FP32 P64
SM has 4 sub-partitions WIZ [FpsziFPaz  Fred
FP32 FP32 FP64 INT32 FP32 FP32 FPea
. FP32 FP32 P64 INT32 FP32 FP32 FPEa
« 128 FP32 units FP32 FP32 FP64 INT2Z2 FP32 FP32 P64
FP32 FP32 FP64 INT32 FP32 FP32 P64
+ 64 FP64 units S ow sww s s s SR -
« 64 INT32 units . \instn e ||| B Loinstruction Cache
Warp Scheduler (32 thread/clk) ‘Warp Scheduler (32 thread/clk)
H soas Dispatch Unit (32 thread/clk) Dispatch Unit (32 thread/clk)
+ 4 mixed-precision Tensor Cores
Register File (16,384 x 32-bit) Register File (16,384 x 32-bit)
+ 16 special function units (transcendentals) T EEFHS —
INT22 FP32 FP32 FP64 INT22 FP32 FP32 P64
INT32 FP32 FP32 FPe4 INT32 FP32 FP32 FPe4
- 4 warp SChedUlerS INT32 FP32 FP32 FP64 INT32 FP32 FP32 FPa
INT32 FP32 FP32 FP64 INT32 FP32 FP32 FP64
INT32 FP32 FP32 FP64 INT32 FP32 FP32 FP84
INT32 FP32 FP32 FP64 INTS2 FP32 FP32 P64
INT32 FP32 FP32 FP64 TENSOR CORE INT32 FP32 FP32 FP84 TENSOR CORE
. INT32 FP32 FP32 FP64 4™ GENERATION INT32 FP32 FP32 FP64 4" GENERATION
. 32 LD/ST units INT32 FP32 FP32 FPe4 INT32 FP32 FP32 FP64
INT32 FP32 FP32 FP64 INT32 FP32 FP32 FP6a
. . INT32 FP32 FP32 FP64 INT32 FP32 FP32 FPe4
® - INT32 FP32 FP32 FP64 INT32 FP32 FP32 FP84
64K 32 blt regISters INT32 FP32 FP32 FP64 INT32 FP32 FP32 FP64
INT32 FP32 FP32 FPe4 INT32 FP32 FP32 P64
- 256 KiB unified L1 data cache and shared memory S (PR | rees —L_L_JL___

LD/ W/ LD LDl LD LD LD LD/ SFU LD/ LD/ LD/ LD/ LD/ LD/ LD/ LDN
st lsT| feri| N for Lsy | isT) Ian o7t (67} FeT Fex| e Eavd Ler hev

« Tensor Memory Accelerator (TMA) Tonaor Memory Accalarats——

256 KB L1 Data Cache / Shared Memory

I @z NVIDIA Tex Tex




Recall: Memory Hierarchy

Thread Hierarchy: Grid & Blocks

CUDA/Software Hardware

n

Grid
fhrend Dok | Thveaa Block | Treac 8o - A CUDA kernel is ?G:auir;cr;e% r?rieczjnsc).f thread blocks,
ALIRIRT ARIRRIRR IRTAYINY QUNTINEY - which are completely Independ

T T O

- Thread blocks are executed on SMs.
== - Several blocks can reside on an SM concurrently.
[ - Blocks do not migrate.
HUHU - Each block can be scheduled on any of the available
SM

Thread Block

SMs, in any order, concurrently or in series.




Recall: Memory Hierarchy

|

T e




Recall: Memory Hierarchy

)

Power:
TDP=700W (SXM)

4x of these per SM/

_ "CUDA cores”

aka
wgmma instructions needed
to fully exploit it e
e
7
: .

&

tensor other
core comput:
D/ST

register file e
(16 K 32bit)

BW = 128B/cycle
latency = ~20-30 cycles (~15 ns)

shared
(SMEM) ¢, dial u“
up to 228 KiB
256KB

WA

\
\
\

KB of SMEM goes for system use per blo
so effectively we have:
228 - num_blocks * KB KBs!

distributed
shared mem
(DSMEM)

(aka quadrants)

arithmetic
instructions
usually have a
latency of
~4-15 cycles

[ ——across

cluster,

L1 *can* be used for register spill-over
when register pressure is high

SM 18
N
tensor other warp
core comput. scheduler
register file
(D/ST (16 K 32bit)

aka RMEM

for small requests, TMA loads have higher latency

than regular async copies
(due to address generation overhead)

shared  sw dial u

T

handles load/store

transfers between
GMEM and SMEM
(with swizzling)

’
L2 cache line = 128B

(same as L1)

and does

J

for hit/miss.

worse bandwidth/latency
compared to shared mem,
but better than L2/

shared mem is Faster than L1/
no need to tag stage comparisons

(1 cache line = 1288’
(sthreads in warp
fetehing 4B Floats)

|

N=144 on the die |

N=132 (SXM5)!
N=11¢ (PCIe) 1
1

x86 CPU,

\e

4 sectors (sector == 32B)
/

DPUs, ete.

J

(18 SMs/GPc)

/
contains data
compression circuitry

global atomics!

bi-bw = 128 GB/s
uni-bw = 64 GB/s

SM 18
]
’
—————————————— R
2 \
near \ real read BW
partition far = 12-14 TB/s (near)
| partition
. ~

L1 *can* be used For register spill-over
when register pressure is high

[
=
L 3

We can set the granularity of
the data fetch size

(Far is significantly slower) -7 to 32, 64 or 128B
~ _latency ~200 cycles

v 3

. using cudaDeviceSetLimit

partition
crossbar

Bw = 3 TB/s (SXM)
Bw = 2 TB/s (PCIE)

latency ~200-1000 cyeles
(100-500 ns)
VRAM/device mem

60MiB on the die
50 MiB (SXxM/PcIe)

Residency control:

\ we can set a part of L2 cache
\ for persistent data accesses

& and map it to a chunk of GMEM

It's p;ssihle to redirect power from L2 to SMs/
(demonstrated in MLPErf 2024)

32,64,128B

mem transactions

granularity

80 GB

X _common form factor
extensions can offer 141 GB (H200), ete.

_____ 512 KiB/thread

nlink v4

it can also be Grace CPU, ete.

bi-bw = 900 GB/s

uni-bw =

450 GB/s

(18 links with 25 GB/s)

N=144 on the die |
N=132 (SXM5),
N=114 (PCIe) |

I



2.3 T.Parallel

for i, j in T.Parallel(block m, block n):
y frag[i, j] = activation(x_frag[i, j])

EF R Fe RS EIE .

Layout inference Z5& . HitH. parallel-loop layout 5 tile-operator 458,
RE: (i, j) B thread #1417, 1% thread A local iteration, GRS register
slot, &Rk vectorized load/storeZFE,



o

2.4 Layout Inference

LayoutIinference LAZ = layout, B#x ISA TileOp contract Fl&FESBEI AR E R,
B#1E Gemm, Copy. Parallel/elementwise, Reduce F&EFHY InferLayout FRMI,
f£ buffer-use graph #1417 strict constraint extraction, fixed-point propagation
0 free-layout candidate selection, &#Z1§%l fragment ownership/register
packing, parallel-loop thread mapping, LIKZ&51EXx TileOp AY shared-
memory physical/swizzle layout, (Global tensor #9 shape/stride BT HtIHRBE, =~

[FF fragment ownership, {B£7E Copy. TMA fIEEHHEIEEHIRRSEASEREL, )
Layout AR5

Fragment layout logical index — thread/local slot
Parallel loop layout  logical iteration — thread

Shared layout logical coordinate — shared address/swizzle



: Y. [ran P
19 v def _kernel(shape_x_mod_128: int, shape_y_mod_128: int, dtype: T.dtype):
. 20 batches = T.dynamic("batches™)
wWorkKloaa. 2 hope x = T.dynomic("shape ")

22 shape_y = T.dynamic("shape_y")

23 stride_x = T.dynamic("stride_x")

4 CTA 80 256 MHAR, QHE—MAAtle, — = oo

block_y = 128 if shape_y mod_128 == @ else

27 block_k = 4

28 threads_per_row = block_y // block_k
ﬁ t I 29 layout = T.Fragment((block_y, block_x), forward_fn=_loop_layout(block_x, threads))
E lne:

31 @T.prim_func
32 v def impl(

M . 33 x: T.StridedTensor[(batches, shape_x, shape_y), (shape_x * stride_x, stride_x, 1), dtype],

input: block x x block y e e e

—_— — 35 ):

36 with T.Kernel(shape_y // block_y, shape_x // block_x, batches, threads=threads) as (
37 by,

output: block y x block x :

p ° _y - 39 batch

40 )
a1 smem = T.alloc_shared((block_y, block_x + block_k), dtype)

block x #0 block y 2 BIRIERS N 4EE1%HEE 64 8 - LT v

44
as T.assume(shape_x % block_x == 0)

1 28 Jtt{-%ﬁ%'e_' B_ i?i B 46 T.assume(shape_y % block_y == 0)

~ 47 T.assume(stride_x % block_k == @)
! SESVIN ~ - N x % block.
49 tmp = T.alloc_local((block_k, block_k), dtype)
AES =Nt se rou_tmp = T.alloc_local((block_k,), dtype)
a= /\ te n SO r Eg F—/\ 51 for ii in T.unroll(block_x // block_k // (threads // threads_per_row)):

E} B} 'ER | %*EI EBJ)\ H 52 i =i * (threads // threads_per_row) + row
53 for § in T.unroll(block_k):
sa for kk in T.vectorized(block_k):

‘Eéié& r_.ﬂ_};ll?j__ Vec4 z&#i‘i@ Xj- B F 1 6 E;ﬂ zz . :Zyl;:m:[k:)].oil)((itl)::ih;)bx * block_x + i * block_k + j, by * blocky + col * block_k + kk]

| I .u :

N > = ° ! 57 tmp[kk, 3] = row_tmp[kk]

58 for § in T.unroll(block_k):

N /\ —_ 59 sj = (5 + tid // (8 // dtype.bytes)) % block_k

%m 4 I E% El] 8 bytes 6o for kk in T.vectorized(block _k):
IS T o 61 smem[col * block_k + sj, i = block_k + kk] = tmp[s3, kk]

62 T.sync_threads()
63 for 1, j in T.Parallel(block_y, block_x, loop_layout=layout):
64 out[batch, by * block_y + i, bx * block_x + j] = smem[i, j]
65

66 return impl



2.5 Case Study: Transpose

Shared memory R MEH:
R B SRR

global input —1%E%4: vec4 read — thread-local

4x4 tile — register micro-transpose — shared
memory — & IRFIZELE vecd read — global
output

IR — N EER 4%4 tile, 1B1I tmplkk, j] £
AR BT asTTAX micro-transpose, AJEIRAEE
589 (y, X) 28RS N shared memory, {EHEIAF]
B ERERREIS D= B RUELEE T .
mEMiIE.,

61
62
63
64
65
66

v

def _kernel(shape_x_mod_128: int, shape_y_mod_128: int, dtype: T.dtype):
batches = T.dynamic("batches")
shape_x = T.dynamic("shape_x")
shape_y = T.dynamic("shape_y")
stride_x = T.dynamic("stride_x")
threads = 256
block_x = 128 if shape_x_mod_128 == @
block_y = 128 if shape_y_mod_128 == @

block_k = 4

threads_per_row = block_y // block_k

layout = T.Fragment((block_y, block_x), forward_fn=_loop_layout(block_x, threads))

@T.prim_func
def impl(
x: T.StridedTensor[(batches, shape_x, shape_y), (shape_x * stride_x, stride_x, 1), dtypel,
out: T.Tensor[(batches, shape_y, shape_x), dtypel,

with T.Kernel(shape_y // block_y, shape_x // block_x, batches, threads=threads) as (
by,
bx,
batch,

Ismem - T.alloc_shared((block_y, block x + block_k), dtype)l
TId = T.get thresd BInding()

rou, col = tid // threads_per_row, tid % threads_per_row

T.assume(shape_x % block_x == 0)
T.assume(shape_y % block_y == @)
T.assume(stride_x % block_k == 0)

tmp = T.alloc_local((block_k, block_k), dtype)
row_tmp = T.alloc_local((block_k,), dtype)
for ii in T.unroll(block x // block k // (threads // threads_per_row)):

i = ii * (threads // threads_per_row) + row
for j in T.unroll(block_k):
for kk in T.vectorized(block_k):

for kk in T.unroll(block_k):
tmp[kk, 3] = row_tmp[kk]
for j in T.unroll(block_k):
= (j + tid // (8 // dtype.bytes)) % block_k
for kk in T.vectorized(block_k):
smem[col * block_k + sj, i * block_k + kk] = tmp[sj, kk]

row_tmp[kk] = x[batch, bx * block_x + i * block_k + j, by * block_y + col * block_k + kk]

T.sync_threads()
for i, j in T.Parallel(block_y, block_x, loop_layout=layout):
out[batch, by * block_y + i, bx * block_x + j] = smem[i, j]

return impl



2.5 Case Study: Transpose

Shared memory R MEH:

MZE shared-memory bank mapping
FE_HERIMEND block k=4
logical width = block x
physical shared stride = block x + 4
Padding ¥Ja#848 shared-memory 17 Z[BJAFIAY
bank EERYIZF, REEJEREF vecd iHIRIATFRRIRIST.
s sj BN SRR NMEETHITIRAER, &
[a]—%% shared vector-store 1§ HAIAE lane
group 1HIAARINITIRTZ; BCE padding RN
17 bank (w2, RRpEIZDEEIEZ smem banks,

19

v

v

def _kernel(shape_x_mod_128: int, shape_y_mod_128: int, dtype: T.dtype):
batches = T.dynamic("batches")
shape_x = T.dynamic("shape_x")
shape_y = T.dynamic("shape_y")
stride_x = T.dynamic("stride_x")
threads = 256
block_x = 128 if shape_x_mod_128 == @ else 64
block_y = 128 if shape_y_mod_128 == @ else 64
block _k = 4
threads_per_row = block_y // block_k
layout = T.Fragment((block_y, block_x), forward_fn=_loop_layout(block_x, threads))

@T.prim_func

def impl(
xi T.StridedTensor[(batches, shape_x, shape_y), (shape_x * stride_x, stride_x, 1), dtypel,
out: T.Tensor[(batches, shape_y, shape_x), dtype],

with T.Kernel(shape_y // block_y, shape_x // block_x, batches, threads=threads) as (
by,
bx,
batch,

I smem = T.alloc_shared((block_y, block_x + block_k), dtype)l
Tid - T.get_thread binding()

row, col = tid // threads_per_row, tid % threads_per_row

T.assume(shape_x % block_x == @)
T.assume(shape_y % block_y == @)
T.assume(stride_x % block_k == 0)

tmp = T.alloc_local((block_k, block_k), dtype)
rou_tmp = T.alloc_local((block_k,), dtype)
for ii in T.unroll(block_x // block_k // (threads // threads_per_row)):
i=ii * (threads // threads_per_row) + row
for § in T.unroll(block_k):
for kk in T.vectorized(block_k):
row_tmp[kk] = x[batch, bx * block_x + i * block_k + j, by * block_y + col * block_k + kk]
for kk in T.unroll(block_k):
tmp[kk, j] = row_tmp[kk]
for_j in T.unroll(block k):
I sj = (3 + tid // (8 // dtype.bytes)) % block_k I
Tor KK in T.vectorized(bIock_K):
smem[col * block_k + sj, i * block_k + kk] = tmp[sj, kk]
T.sync_threads()

for i, j in T.Parallel(block_y, block_x, loop_layout=layout):
out[batch, by * block_y + i, bx * block_x + j] = smem[i, j]

return impl



2.5 Case Study: Transpose

J’

E3{ loop layout: layout = T.Fragment((block y, block x), forward fn=_loop layout(block x,
threads)) Producer fiE&5ERk shared-memory transpose f5, consumer JHEM{ERAEZ
loop_layout &4t tile FNIZABALTR (i, j) BREI/9: (thread _id, thread-local slot)
BRET B FeiiE row-major R ATR: elem =i * block x + j

SREIGEM MESEHTTERARM— vecd chunk, Et: 81 vecd iEEHFERBR—
HHEIE,; vecd chunk 7£ 256 NMEIEZ [ARRE:; BB seiB 2 MRS BT
vecd REZ; [BE— warp B Bn—BiEsmiXE, FF&5HEIR.

loop layout #EIARIZHH iteration ownership, Layoutinference SaZRGUEFIICRIL
5, J54E lowering BBAERY thread-local loops. ithERIAT SaIRERIEIEL A,

def _loop_layout(block_x: int, threads: int
def fn(i, j):
elem = i * block_x + j
return (elem // 4) % threads, elem % 4 + elem // (threads * 4) * 4 for i, j in T.Parallel(block_y, block_x, loop_layout=layout):

out[batch, by * block_y + i, bx * block_x + j] = smem[i, j]
return fn



2.5 Case Study: Transpose

B85 global input — thread-local tmp — shared memory — T.sync threads()
— output loop — global output
SANEA shared element 4612, BEAEMEIZEIZITEA SR IHAYZE. FILL,
shared ENFIEEZ BFE CTA RBIELAE. #5 warp producer-consumer {4,

# Producer phase smeml...] = tmpl...] T.sync_threads()

# Consumer phase out[...] = smem]..]
- IXER T.sync_threads() [ERJIEH: CTA-wide ERICS: FTBEZIE5Shk producer
phase [5A8EH N consumer phase; shared-memory ordering: barrier Bify
shared writes XJ barrier f[5AY CTA PiEEENAT L,
T shared-memory load/store 2FTREHRI, barrier REIFRIA. loop layout

HFZE iteration ownership, NEHEEZIEN.



3.1 Tile Library Primitives

Lz,

Case Study : RMSNorm

S=2 )X J>?

rstd = rsqrt(s / N + eps)

y_j =xj - rstd - weight j
SRR
global — fragment/shared copy;

elementwise square;
hidden %£ reduction;

— ™ row scalar #[R—{TFTETEERH;
elementwise scale 5 writeback,

@tilelang.jit(pass_configs={"tl.disable_tma_lower™: True})
def rms_norm(A, blk_m):

M, N = T.const("M, N")

dtype = T.float

A: T.Tensor((M, N), dtype)
B = T.empty((M, N), dtype)

with T.Kernel(T.ceildiv(M, blk_m), threads=128) as bx:
A_local = T.alloc_fragment((blk_m, N), dtype)
A_pow_local = T.alloc_fragment((blk_m, N), dtype)
A_powsum = T.alloc_fragment((blk_m,), dtype)

T.copy(A[bx * blk_m : (bx + 1) * blk_m, :], A_local)
for i, j in T.Parallel(blk_m, N):
A_pow_local[i, j] = A_local[i, j] * A_local[i, j]

T.reduce_sum(A_pow_local, A_powsum, dim=1)

for i in T.Parallel(blk_m):

A_powsum[i] = T.rsqrt(A_powsum[i] / N + 1le-12)
for i, j in T.Parallel(blk_m, N):
A_local[i, j] *= A_powsum[i]

T.copy(A_local, B[bx * blk_m : (bx + 1) * blk_m, :])

return B



3.1 Tile Library Primitives ri)

Tile Library primitives BU#Z/CMIME : 1L280E#ZE0. |IAZ9FIREMETEE IR FREHRER o
ey tile/region 1EX,, MASEERAAZFEZEEAFIILITE,
EAI1SZEHTRIMLEMAY layout inference HYZIZRE,

- T.copy {R8E source/destination buffer, memory scope. 58] region FEE5[H,
[ERRERAEOEIERES layout, FHikiEglobal/shared/fragment /8] EFFIESCHHESTH.
- Treduce sum {R88 source/destination region, reduction dimension F1288Y, ¥R
IFEaeZIRYE source fragment ownership ¥ESFIGUE reducer/result layout,

- Tgemm {REBFERE tile. M/N/K. 3%REHLVFIBER ISA 22y, & MMA/WGMMA/
tcgen05 fragment 5 shared-memory layout FIEELAIRH .

- T.Parallel #EREEHTIENE, ATLETET loop_layout; BN4mFEesrIiREREIAF
B9 fragment IZ5XEHES thread ownership,



4 % *\‘\\\‘\\_\

3.1 Tile Library Primitives

Layout Inference : EE3( layout annotation, H#xr ISA By TileOp contract,
parallel-loop mapping, LAKIEID buffer use-def/access graph HEERNEFHT
EERE. (MEMipseies, SRBEIFRSH fragment ownership, parallel-loop
thread mapping, LAKTEX shared-memory layout,

XFME X ARBIERT Tile Library primitive; E1BFEHR shared load/store &E5A1J3
a2 5iEanth, BASEEEAE primitive ArEE=RIBNZEk RIS M.



3.1 Tile Library Primitives

[E—™ T.copy(src, dst) tR#E scope. shape. alignment, target # schedule, 7]

B¢ lowering A%

scalar/vector load-store; yiosn-

CTA cooperative copy;

.....

cp.async XigRERE;

TMA;
XIh target HUEtE copy path, By
TR target AYELE copy p

(BlRBGTC25Maximum Memory Bandwidth: Optimization Guidelines)
FE T.copy HmiAEYEIRE; target-specific lowering 1%L HL,



3.2 Layout Annotation (3RS ‘ (J)

ESM6 quant 1$8ME4RAS/8 12 bits, EtE 8 NMESZNFEMEFTEIEM 3 1
uint32, float to_e5m6 {FRALZIEFABHRY T.LocalBuffer TRl FTE, FRLATERIT
packing B, X 8 MEXRREIEHEI—LAELAthread-local 75Z(i(a),
T.annotate layout B=#E out fragment B9 ownership: &/MELE 8 JTEAITE—4%
TERTE, FHIREIEIZELERY local slots, Layoutinference FGIX—£UREREEI=4
out_fragment Y normalization loop F¥I;EZZERY packing loop, & packing RILAE#E
REIERENTR, AT EIYMIZEE RIS EIEACR,

(Layoutinference RIgEB{THSHERNITRE, (EABEREINRY 8-wide ownership R
iE; BEEEEME, WEESEHMME. BEERK, &4 layout conflict, )

T.annotate_layout({
out_fragment: T.Fragment( def out_forward_fn(i: int, j: int):

(block_m, block k), elems = i * block_k + j
forward_fn=out_forward_fn,
)s
1

return elems // 8 % num_threads, elems % 8 + elems // (8 * num_threads) * 8



3.3 Reducer

IO R -
Reduction API BEREURTHS ownership [J&fi: 1. —NB1EHLAY partial values
DAL, 2. RREREEHNELIETEIIEE.,

- partial £1E&FEA: A serial/unroll At Eit,

- partial HTESEEE warp: {FF T.warp reduce *, FFE324 lane MREEHAT,
734 lane IR{HIIFLI9R{RIT,

- fragmenty/tile II32Y9: {$H T.reduce *, ZRiFEsstRHIE source fragment layout F3
NHE, HSAMWALIUR DV ERIFESIERS.

- 7 T.Parallel ;=BAZ=(&1T: {$HA T.alloc reducer #0 T.finalize reducer,

- partial B2 CTA: FZE atomic FZMETZ.



3.3 Reducer, Replication

HEEDS— ~NEBAzlreducer,
T.alloc_reducer =BH™ reduction operation #[ replication
JTCEHERY fragment reducer, MAREEFABH CTA collective,
fFdfEd: LayoutReducer fR1E replication #&#37 reducer
layout, T.Parallel layout ;REE™ partial contribution A
BN 2F2&IAS; FinalizeReducerOp:InferLayout {X{RER1Z
layout, Lower tR#EHE ReplicateExtent 1B ixEimYMLIE(S.
- replication="none": &MNB1E reducer TTERE— N EE
BI4LFE owner, ReplicateExtent=1, Ff& contribution #47R
21 Zzowner A2 1T, finalize reducer lower 5 no-op,

A=EFHEMZFZE LAY partial values,

NRAAEBET reducer RiA:

sg_sum = T.alloc_reducer(
(block_m,),
T.float32,
op="sum",
replication="all",

)

T.fill(sq_sum, 0.0)

for i, j in T.Parallel(block_m, hidden):
sqg_sum[i] += x_frag[i, j] * x_frag[i

T.finalize_reducer(sq_sum)

» 3]



3.3 Reducer, Replication

: . n n > WNRABEAT reducer Tik:
- replication="all": current thread range FENKIEEFE N
sg_sum = T.alloc_reducer(

Emooer logical shape BIZAE partial BIA, Tfill EE#IE (block =),

T.float32,

ARRLNERTT, T.Parallel mapping RERLFEF-EHPLE it k—
o . o . \ = — )
contribution; finalize reducer J3ENNZBIETTRIEEN

T.fill(sq_sum, ©.0)

for i, j in T.Parallel(block_m, hidden):

current thread range #1717 AllReduce, TREREIESIX co_sum[4] += x_fragli, 3] + x_fragli,

T.finalize_reducer(sq_sum)

ERBIAIEER,

Ftt: ReplicateExtent Eiz/RRE finalize reducer EH1E(S
NEB(SEEE, m T.Parallel mapping /R%E partial
contributionfY%6i25310. =381 lowering (X325
ReplicateExtent = 1 & current thread range extent ., i
%= finalize 5 no-op #1174 range AllReduce,

il



3.3 Reducer, Replication
= WRASEAEIN reducer RiA:

518 EiHreducer~"SIRIESCIRRmAZAIE Baida/ )\ HiER
subgroup collective, EItt;, alloc reducer F3F CTA o e

T.float32,

reducer FIEINIA; {B% current thread range 88528 T et
1281 CTA %52, replication="all" ZRIM=4hk128-

T.fill(sq_sum, ©.0)

for i, j in T.Parallel(block_m, hidden):
thread A”REdUCEo sq_sum[i] += x_frag[i, j] * x_frag[i

T.finalize_reducer(sq_sum)

TELA T.alloc reducer + T.finalize reducer ofjll, i%fa%H
IFRKEAREEM Python DSL Z| CUDA XIBRYEEHRITTE,
B1EPython Biim#ai&E. LayoutReducer, Layoutinference,
LowerTileOp/FinalizeReducer lowering, ARERZRARKAS
CUDA f#8,

» 3]
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3.3 Lowering—rg

WAL
1 P thon I \ o def alloc_reducer(shape: ShapeType, dtype: DType, op: ReducerOp = "sum", replication=None) -> Buffer:
. Py Bl

Allocate a reducer buffer.

alloc reducer fIFHEE, 1. oo s o oo o)

such as “op="sum"® requires “reducer[...] += ...  and

“op="max"" requires ‘reducer[...] = T.max(reducer[...], ...) .

Ee— local.fragment

Only after T.fill with proper initializer the reduction may begin;

only after T.finalize_reducer the partial results will be available.

buffer; 2. 1E2a7 SBlock
u er I . :t EU OC For “op="sum"", filled value must be ©; for min and max, the filled initializer will become max or min clamper correspondingly.

You may want to use “T.max_value  for min and “T.min_value™ for max.

BfF00 reducer JTEUE.

shape (tuple): The shape of the buffer to allocate
dtype (str): The data type of the buffer (e.g., 'float32', 'int32')

A} —
FEL\X S Su mZ__‘_'_l \—IJ-I I R EI:% op (str): The reduce operation corresponded with the reducer
q :tﬁ_]—lﬂﬁ /J\ replication (str | None): Replication strategy, can be "all" or "none". Defaults to not specified, and the compiler will do whatever it want.

Returns:

N
.
jj\ . _/I\ Ioca | .frag ment T.Buffer: A TVM buffer object allocated in thread-private storage, available to reduce values in T.Parallel loops.

buffer + reducer info { op =i e

# TODO: support automatic layout
if replication is None:

= "none"

n n n n replication
= Su m I rep = a II } assert replication in ["all", "none"

reducer = T.sblock_alloc_buffer(shape, dtype, scope="local.fragment")

sblock_attr({"reducer_info": {reducer.data: {"rep": replication, "op": op}}})

return reducer
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3.3 Lowering—rg

def finalize_reducer(reducer: tirx.Buffer, batch: int = 1) -> tirx.PrimExpr:

1. Pyth iy
° y On ﬁuuﬁ.ﬁ Finalize a reducer buffer by emitting the “tl.tileop.finalize_reducer’ intrinsic.

finalize reducer DE}EE[EJ)E This returns a TVM "tirx.Call® handle that finalizes the given reducer using its writable pointer.
7\ R/

The call does not modify Python objects directly; it produces the low-level intrinsic call used by the IR.

TileOp intrinsic, [FELLBETURAIIE IR serovecers:

reducer (tirx.Buffer): Reducer buffer whose writable pointer will be finalized.
N \ D . batch (int): Batch size for the AllReduce call (default 1 = scalar path,
l&jl’ljg . matching the T.reduce default). When batch > 1, the compiler emits a
single batched AllReduce call covering “batch™ output elements at a

T.finalize_reduce r(sq_su m_region) time, reducing barrier count by batchx. batch must evenly divide the

total number of per-thread output elements.

Returns:
tirx.Call: Handle to the finalize reducer intrinsic call.

if batch < 1:
raise ValueError(f"finalize_reducer: batch must be >= 1, got {batch}")

annotations = {}

if batch > 1:
annotations["batch"] = batch

return tirx.call_intrin(
"handle",
tirx.op.Op.get("tl.tileop.finalize_reducer"),
to_tile_region(reducer, access_type="w"),

annotations=annotations if annotations else None,




3.3 Lowering—!x%,

2. LayoutReducer : FREIFLIXIEFFEIZ reducer
layout, layout reducer.cc &: 1. M SBlock B3
reducer _info annotation 1¥£EX reducer A op #[
replication, 2. BEERTF reducer B tl.tileop.fill
i, BEFREHHEN reduction region, T.clear £
BliREREF A fill(.., 0). 3. 1% region ARINEHY
T.Parallel loop nest i7/0 reducer _info annotation,
Fr&HE replication 37 reducer By Fragment
layout, S\ layout map, 4. 1BZIICEHY
T.finalize_reducer BY455R region, FFi& reduction

operation FUEEEYRAZIENNZ! intrinsic &0,

Stmt visitStmt_(const SBlockNode *op) final {

// Record annotations
if (op->annotations.count(attr::kReducerInfo)) {

auto map = op->annotations.Get(attr::kReducerInfo)

->as<Map<Var, Map<String, String>>>();
ICHECK(map) << "reducer_replication map is not defined”;
for (auto &&[var, rep] : map.value()) {
reducer_info_map_.Set(
var, ReducerInfo{rep.Get("op").value(), rep.Get("rep").value()});

¥
}
for (auto &&buffer : op->alloc_buffers) {
var_to_buffer_.Set(buffer->data, buffer);
}

auto result = IRMutatorWithAnalyzer::VisitStmt_(op).as<SBlock>().value();
// After iterating over the body, set all layout_map to block
auto p_result = result.CopyOnkirite();
Map<Var, Layout> layout_map;
if (auto layout_map_ref = p_result->annotations.Get(attr::kLayoutMap)) {

if (auto maybe_layout_map =

layout_map_ref.value().as<Map<Var, Layout>>()) {
layout_map = maybe_layout_map.value();

¥
}
for (auto &&[k, v] : new_layout_map_)

layout_map.Set(k, v);
if (!layout_map.empty())

p_result->annotations.Set(attr::kLayoutMap, layout_map);
new_layout_map_.clear();
return result;

¥



3.3 Lowering—¥g

N P — Stmt VisitStmt_(const SBlockNode *op) final {
2- LayoutReducer : éﬁu;fm%aﬂ—%jg // Record annotations

if (op->annotations.count(attr::kReducerInfo)) {
auto map = op->annotations.Get(attr::kReducerInfo)

T.ﬁnalize_reducer(rOW_SUm, O), HEP O %%_ﬁ‘_ﬁ ->as<Map<Var, Map<String, String>>>();

ICHECK(map) << "reducer_replication map is not defined”;

ReducerOpType:SUM BY4RH3. X3F e oo o, < e

var, ReducerInfo{rep.Get("op").value(), rep.Get("rep").value()});

replication= "“all” , LayoutReducer ¥3i&: .
for (auto &buffer : op->alloc_buffers) {

Fragment::FullyReplicated(buffer->shape, thread extent) var_to_buffer_.Set (buffer-sdata, buffer);
¥

_— A '42%$E:H-.73 auto result = IRMutatorWithAnalyzer::VisitStmt_(op).as<SBlock>().value();

yu% rOW—Sum.Shape_ ['I 28] S é EU’ $7B M 256 ! // After iterating over the body, set all layout_map to block
E N auto p_result = result.CopyOnlrite();
I-I!J ﬁ% D %_jg ° Map<Var, Layout> layout_map;
)\ - = T m ) if (auto layout_map_ref = p_result->annotations.Get(attr::kLayoutMap)) {
if (auto maybe_layout_map =

|Ogica| Shape - [1 28] layout_map_ref.value().as<Map<Var, Layout>>()) {

layout_map = maybe_layout_map.value();

forward thread = replica id .

forward_index — I'OW for (auto &&[k, v] : new_layout_map_)

layout_map.Set(k, v);
if (!layout_map.empty())

Replicate EXte nt - 256 p_result->annotations.Set(attr::kLayoutMap, layout_map);

new_layout_map_.clear();

(row, replica_id)— (thread id=replica_id, local slot=row)  retwn resure;



3.3 Lowering—!x%,

R8N EHIEEEBEEED 128 MMEETRRIAI
reducer B, Tfill FRINRZFELLT, FLIER
EIR1FRZZERERY partial values; RBEHRIT
finalize_reducer [5, BREIERIAT B /H5TEEIFLI%5
R,

Stmt visitStmt_(const SBlockNode *op) final {

// Record annotations

if (op->annotations.count(attr::kReducerInfo)) {
auto map = op->annotations.Get(attr::kReducerInfo)

->as<Map<Var, Map<String, String>>>();
ICHECK(map) << "reducer_replication map is not defined";
for (auto &&[var, rep] : map.value()) {
reducer_info_map_.Set(

var, ReducerInfo{rep.Get("op").value(), rep.Get("rep").value()});

¥
for (auto &buffer : op->alloc_buffers) {

var_to_buffer_.Set(buffer->data, buffer);
¥
auto result = IRMutatorWithAnalyzer::VisitStmt_(op).as<SBlock>().value();
// After iterating over the body, set all layout_map to block
auto p_result = result.CopyOnkirite();
Map<Var, Layout> layout_map;
if (auto layout_map_ref = p_result->annotations.Get(attr::kLayoutMap)) {
if (auto maybe_layout_map =
layout_map_ref.value().as<Map<Var, Layout>>()) {

layout_map = maybe_layout_map.value();

X
for (auto &&[k, v] : new_layout_map_)
layout_map.Set(k, v);
if (!layout_map.empty())
p_result->annotations.Set(attr::kLayoutMap, layout_map);
new_layout_map_.clear();

return result;
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3.3 Lowering—rg

3. Layoutinference: #S contribution ownership
LayoutInference XJ#SBAZIFARY TileOp A
InferLayout, TEARIEFZBIEEF+ME Fragment
FinalizeReducerOpNode::InferLayout ZNBA~HE
S#HMEE, RiRE] reducer BBHY layout:

layout_map.Set(reducer, layout_args.layout map.Get(reducer).value());

Eitt, reducer B9 fully replicated layout 2
LayoutReducer #xE. Layoutinference fEIXEEIF
FEMRTEE x frag B9 Fragment layout LUK
reduction region XJfY T.Parallel loop layout,
R4 (row, col) iteration HABRPMEAZAIT

layout,

* Cop
* into a new Layo
* layou

* @param layou
* layout is copied.
* @param level Unu
* @return LayoutMap A

LayoutMap FinalizeReduce

// Run InferLayout

auto updates = next->InferlLayout(LayoutInferArgs{target_,
thread_bounds,
layout_map,
cur_analyzer,
buffer_oob,
{1
bind_var_to_expr_,
false},

level);

* @brief Infer and return the layout mapping for the reducer buffer

ies the existing layout for the reducer from the provided LayoutInferArgs
utMap and returns it. The inference does not modify the
t; it preserves the reducer's current layout.

t_args Provides the input layout map from which the reducer's

sed by this operator; present for API compatibility.
map that contains the reducer buffer mapped to its
original layout.

rOpNode: :InferLayout(const LayoutInferArgs &layout_args,
InferLevel level) const {

LayoutMap layout_map;
layout_map.Set(reducer,
return layout_map;

layout_args.layout_map.Get(reducer).value());
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3.3 Lowering—rg

/7
/7
1/
'z
'z
/7
/7

=

i

Try to infer loop layout from buffers in order of preference only if we
don't already have a layout (e.g., from annotations)

1. Annotated loop layout

2. Non-replicated write buffer (most reliable)

3. Non-replicated read buffer

4. Fully replicated write buffer (backup, may cause issues)

5. Free inference mode (no source buffer

(!loop_layout_.defined() && annotated_layout_unbound_.defined()) {

loop_layout_ = annotated_layout_unbound_.value()->BindThreadRange(

3. Layoutinference: #S contribution ownership

XJF replication="all", ParallelOp:InferLayout iX=RA%H
BEd reducer, AMEREEA loop layout RIS FKIE;
loop layout BEM x frag FE(tE Fragment access ##S,

B2 B B B AR,

// Step 1: try to infer loop's partition from a source fragment
Buffer source_buffer, read_source_buffer;
bool source_buffer_is_write = false;

Buffer replicated_write_buffer; // Backup: fully replicated write buffer

for (const auto &buffer : access_order_) {
const auto &access = GetAccessInfo(buffer);

if (layout_args.layout_map.count(buffer)) {

// skip reducers with rep=ALL
if (auto info = reducer_info_map_.Get(buffer->data);

info &% info.value()->rep == ReducerRepType::ALL)

continue;

i

/

{

layout_args.thread_bounds);
loop_layout_requires_padding_guard_ = annotated_requires_padding_guard_;
if (annotated_predicate_.defined()) {
predicate_ = annotated_predicate_.value();

}

else if (!loop_layout_.defined() & source_buffer.defined() &&
(allow_layout_propgate || source_buffer_is_write)) {

loop_layout_ = ComputelooplLayoutFromBuffer(source_buffer, layout_args);

else if (!loop_layout_.defined() && level == InferlLevel::kFree) {

// For free layout inference

// In free inference, try two mechanisms and prefer the one that

// minimizes replication while remaining compatible:

// 1) compute_loop_layout_from_buffer (always correct but may

// over-replicate) 2) PlanLoopPartition (often smaller replication)

F

F

b

ragment candidate_from_buffer;
ragment candidate_from_plan;

ool selected_plan_candidate = false;

f (read_source_buffer.defined() && allow_layout_propgate) {

candidate_from_buffer =
ComputelooplLayoutFromBuffer(read_source_buffer, layout_args);

/ try to infer loop layout with two mechanisms and choose the best one

candidate_from_plan = ComputePlanCandidate(layout_args);

// Choose the best candidate:

if (candidate_from_buffer.defined() 8 candidate_from_plan.defined()) {

-

loop_layout_ = ChooseBestCandidate(candidate_from_buffer,
candidate_from_plan, layout_args);

else if (candidate_from_plan.defined()) {

loop_layout_ = candidate_from_plan;

selected_plan_candidate = true;

DLOG(INFO) << "[FreeInfer] only PlanLoopPartition available, choose it.";

} else if (candidate_from_buffer.defined()) {
loop_layout_ = candidate_from_buffer;
DLOG(INFO)

¥

< "[FreeInfer] only compute_from_buffer available, choose it.";

loop_layout_requires_padding_guard_ =
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3.3 Lowering—rg

3. Layoutinference: #S contribution ownership

AHESHAY iteration mapping 9:
thread id = (row % 16) * 16 + col // 4
local id = (row // 16) *4 + col % 4

IXZERRETHRIA x_frag[row, col] BIZLFE ownership: &1{THY 64 NTERDHE 16 NEFE
L, BPMEAERERITIES 4 TR, 80 SIERITHE 8 x 4 = 32 4 x_frag 7t W
THERE row, REXNAY 16 NMEAZEFHFER sq_sum[row]; Hik 240 PMEFZANZE
RoRHEEFT, RSERURY TAll(..., 0) MERESKRFIRAI T, FEER, sq_sum BRKA
fully replicated layout: (row, replica id) — (thread id=replica id, local slot=row) FHLt;,, BN
FEEREEEEAY1284 sq_sum AR, {B7E finalize Bl, IXLLRERIRRIZLAFEN partial
value B EE{\[7T, /5%4L finalize reducer Z&3FE4 row 5 256 MNREIZAHIIT AllReduce,



3.3 Lowering—!x%,

4. Lowering: A pk/gim AllReduce 1A,

LowerTileOp &%lEvaluate(tl.tileop.finalize reducer(...))

B7ciET ParseOperator k& FinalizeReducerOp, 7AIG¥4i& LowerArgs,

Hrh buffer remap 151248 fragment buffer Bg3/9#%R8 layout->OutputShape() HES
RUZFEAIM buffer; add workspace FAFERiE shared.dyn workspace,

e rAr g Rloner ar =" static Buffer makeBufferWithLayout(const Buffer &buffer, const Layout &layout,
~ ’ Map<Var, Var> &var_remap) {

lower_args.target = target_;
-are 8 Bet_s const auto *ptr_type =

lower_args.thread_bounds = thread_bounds; TVM_TYPE_AS(buffer->data->type_annotation, PointerTypeNode);
lower_args.thread_var = thread_var_->var; Type new_type;
lower_args.layout_map = layout_map_; // convert fragments to normal local buffer

lower_args.buffer_remap = buffer_remap_; 57 (BEDE SR ETTER) |

new_type = PointerType(ptr_type->element_type, "local™);
} else {

new_type = buffer->data->type_annotation;

lower_args.bind_var_to_expr = bind_var_to_expr;

lower_args.mbar_phase_expr = loop_mbar_phase_stack_.empty()
? PrimExpr(IntImm(DataType::Int(32), @)) }
: loop_mbar_phase_stack_.back(); Var new_var;

if (IsGlobalBuffer(buffer)) {

lower_args.mbarrier_buffer = &mbarrier_buffer_;

. . new_var = buffer->data;
lower_args.cluster_size = cluster_size_; - ’

} else {
lower_args.add_workspace = add_workspace_callback; .

- - - - if (var_remap.count(buffer->data)) {
lower_args.alloc_mbarrier = mbarrier_callback; new_var = var_remap[buffer->data];
lower_args.update_barrier_arrive = barrier_arrive_callback; } else {
lower_args.require_smem_alignment = require_smem_alignment_callback; new_var = Var(buffer->data->name_hint, new_type);

var_remap.Set(buffer->data, new_var);
auto lowered = tile_op->Lower(lower_args, analyzer_); )
Array<PrimExpr> layout_shape = layout->OutputShape();

return IRMutatorWithAnalyzer::VisitStmt(lowered); Array<PrimExpr> output_shape = layout_shape;
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3.3 Lowering—

4. Lowering: Zpkf5im AllReduce 1A,
FinalizeReducerOpNode::Lower tR#E target \jg
i EAAFR ARSI, CUDA target (AR
FinalizeReducerLowerer,

23 lowerer B856iEEEN reducer Y Fragment
layoutF1&&: extent == 1 || extent ==
current_thread range _extent

bE =70 ARSI

Evaluate(0), finalize /5 no-op

ReplicateExtent = 1— return

ReplicateExtent = current thread range extent
— 452 range AllReduce

template <typename Impl> struct FinalizeReducerLowerer {

static Stmt Lower(const FinalizeReducerOpNode &op,

const LowerArgs &lower_args, arith::Analyzer *) {

auto buffer = lower_args.buffer_remap[op.reducer];

auto opt_layout = lower_args.layout_map.Get(op.reducer);
ICHECK(opt_layout);

ICHECK(opt_layout->as<Fragment>());

auto layout = opt_layout->as<Fragment>().value();

Array<PrimExpr> indices_0;

indices_@.reserve(layout->OutputDim());

for (int i = @; i < layout->OutputDim(); ++i) {
indices_@.push_back(Var("__finred_"

}

+ std::to_string(i)));

const inté4_t *p_extent = as_const_int(layout->ReplicateExtent());
ICHECK(p_extent);
int extent = *p_extent;
ICHECK(extent == 1 ||
extent == *as_const_int(lower_args.thread_bounds->extent))
<< "Illegal finalize_reducer: extent=" << extent

<< "; T.thread_bounds=" << lower_args.thread_bounds;

if (extent == 1) {
return Evaluate(®);

}
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3.3 Lowering—rg

4. Lowering: 4pkfEim AllReduce 1AM,

ZXIA batch=1 BY, lowerer ¥1&%Y layout-
OutputShape() By parallel loop, HAB %%
TR RIS —IR

call_extern(AllReduceName, buffer[index], ...),

24 ReplicateExtent #81d B#x warp size B, 18
1d LowerTileOp #&{ttiycallback EBiEE &
current_thread range extent 1 reducer-
dtype JtZ&ZH#Y shared.dyn workspace, FIEE
{E/5 AllIReduce &%4,

std::string allreduce = Impl::MakeScalarAllReduce(
op_str, reducing_threads, 1, thread_offset,
lower_args.thread_bounds->extent, lower_args.target);
Array<PrimExpr> thread_reduce_args = {StringImm(allreduce),
BufferLoad(buffer, indices_0)};
if (reducing_threads > Impl::WarpSize(lower_args.target)) {
PrimExpr workspace = lower_args.add_workspace(
*as_const_int(lower_args.thread_bounds->extent), buffer->dtype);
thread_reduce_args.push_back(workspace);

}

auto call = Call(buffer->dtype, builtin::call_extern(), thread_reduce_args);

Stmt body = BufferStore(buffer, call, indices_0);
for (int i = layout->OutputDim() - 1; i >= @; i--) {

body = For(indices_@[i].as<Var>().value(), @, layout->OutputShape()[i],
ForKind::kParallel, body);

return body;

AddworkspaceCallback add_workspace_callback = [this](int num_elem,

DataType dtype) {
auto workspace =
decl_buffer({PrimExpr(num_elem)}, dtype, "workspace”, "shared.dyn");

// Record workspace under the innermost block scope so its lifetime
// covers the statements that requested it and does not sink into
// subsequently created inner blocks (e.g., GEMM macro blocks).
if (!workspace_stack_.empty()) {

workspace_stack_.back().push_back(workspace);
} else {

// Fallback: create a temporary frame (should be rare)

workspace_stack_.emplace_back(Array<Buffer>{workspace});

¥

return workspace.access_ptr(2); // write

b
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3.3 Lowering—rg

4. Lowering: “pkfaim AllReduce 1AM,

XJFA, logical shape=[128]. OutputShape=[128]. ReplicateExtent=256, LowerTileOp
ERiE 256 1 float32 JTEAY shared.dyn workspace, FAE A HIERI4ER
for row in T.Parallel(128):

row_sum[row] = T.call extern(
"float32",
"tl::AllIReduce<tl::SumOp, 256, 1, 0, "
"tl:NamedBarrier<256>>::run",
row_sum[row],

workspace,



<

3.3 Lowering—rg

LayoutReducer 1R#E replication= "all” #&37 fully replicated reducer layout;
LayoutInference #5 reduction region &1 partial contribution FYZFERET,

m FinalizeReducerOp::InferLayout {X{REBEXH reducer layout; LowerTileOp fEf5
IZEYH ReplicateExtent, BNt HENERMEIRAY CUDA
tl::AllReduce<...>:run 1EH,

/5, CUDA backend tR#E reduction operation, 252ZFFS6EF0 target fa1&

AllIReduce fEHREZFR.
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3.3 Lowering—rg

static std::string MakeScalarAllReduce(std::string reducer,
5 CU DA E > ] \:I: int reducing_threads, int scale,
. ta rg et &*E*&IH% PrimExpr thread_offset,
PrimExpr all_threads, Target target) {
Ay 4 N

;’%7': . std::stringstream ss;

2 AN
RESE:

ss << "tl::AllReduce<"” << reducer << ", " << reducing_threads << ", "

<< scale << ", " << thread offset;

Op = tl::SumOp if (Tar’getHasSMVer‘sionGE(targ;t, 99)) {
. ss << ", tl::NamedBarrier<" << all_threads << ">";
reducing threads = 256 )

ss << ">::run”;

scale =1 return ss.str();
¥

thread offset =0 b

all_threads = 256

target = SM90

SM90+ &=15%#% NamedBarrier<all threads> A EbAERY, |
tl::AllIReduce<tl::SumOp, 256, 1, 0, tl::NamedBarrier<256>>::run
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3.3 Lowering—

5. CUDA target 4= aiiE#RIEFE
P4 CUDA J9:

for (int row = 0; row < 128; ++row) {row_sum[row] = tl::AllReduce< tl::SumOp, 256, 1, 0,
tl::NamedBarrier<256> >::run(row_sum[row], &workspace[0]); }
tl::SumOp AR

256 JFALEFRIERE ; scale=1 & E55&FE£09256
T BZES5ERY thread-id 245
0 S 55 CRIR RS

NamedBarrier<256> SM90+ {HHEAY2564FERE£ K&

CTA 9 256 MEEEPSIITIZ row 183K, X T8 row, FTE%IED BRI E ChY
At partial value, FHEFER—IR 256-thread AllReduce,
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3.3 Lowering—rg

6. AllReduce FEBHIITIZFE
AllIReduce {EHEI3 XOR butterfly, X33F threads=256, scale=1:

offset 128: shared memory + NamedBarrier
offset 64: shared memory + NamedBarrier
offset 32: shared memory + NamedBarrier
offset 16: shfl xor sync

offset 8: shfl xor sync

offset 4: shfl xor sync
offset 2: shfl xor sync

1:

offset

FefE, £5 collective B 256 NMEFEEMEEIBRIAITEEFLIE

shfl xor sync



3.3 Lowering—g

<

6. AllReduce REPHITITFE

// AllReduce performs a cross-thread reduction over a group of "threads®

//
1/
//
1/
//
1/
//
1/
//
//
1/
//
/7
//
1/
//
1/
//
1/
//
1/
//
1/
//
1/

threads.

Template parameters:

Reducer

threads

scale

thread_offset

Barrier

batch_size

binary reduction functor (e.g. SumOp, MaxOp).

number of threads that span the reduce dimension,

equal to extent * scale.

stride of participating threads in the thread index
space. When the thread-to-data mapping is normalized as

=

threadIdx = source * scale + ...
“scale’ is the stride between consecutive logical
participants in the reduce dimension.

The recursion terminates when threads == scale, meaning

each reduce group has been collapsed to a single thread.

Uses a recursive XOR-butterfly pattern: at each level,
offset >= 32 goes through shared memory + barrier,
offset < 32 uses warp shuffle (shfl_xor_sync).

base thread index offset within the block.

barrier policy type (SyncThreadsBarrier or
NamedBarrier<N>).

number of independent values to reduce in parallel,
sharing synchronization barriers across all values.

Default 1 preserves the original scalar behaviour.

workspace_stride - stride between per-channel slices in the shared-memory

workspace (typically total threads in the block).

Only used when batch_size > 1.

private:
using Next = AllReduce<Reducer, threads / 2, scale, thread_offset, Barrier,

batch_size, workspace_stride>;

template <typename T>
static TL_DEVICE T butterfly reduce_scalar(T x, T *red_buf) {
constexpr int offset = threads / 2;
if constexpr (offset >= 32) {
Barrier::template sync<1>();
red_buf[threadIdx.x - thread_offset] = x;
Barrier::template sync<2>();
x = Reducer()(x, red_buf[(threadIdx.x - thread_offset) ~ offset]);
} else {
x = Reducer()(x, tl::shfl_xor_sync(uint32_t(-1), x, offset));
¥
if constexpr (offset == scale) {
return x;
} else {

return Next::run(x, red_buf);



3.4 Replication

T.Fragment(..., replicate=R) 5 Fragment layout 5| \E#tx r € [O,R):

(logical indices, r) = (thread id, thread local index)

HE, E—ZET=EE R MIELA; 814 (logical_indices, r) X —MEERIYIIE
owner, forward_fn(..., r) REZFEIANERREEM AR IS N HE(RL

Fragment replication f#ix “E—ZEEGZ /D MIELAILIR B THIERER"

reducer replication MZ2EFZHHE X AIFRIZIRRMEE, (ReplicateExtent=1 By5c
#Z current thread range)

#0O Firfta
T.Fragment(..., replicate=R) B fragment layout BY replica dimension

T.alloc_reducer(..., replication="all") reducer RAREREFMBL&IEL fully replicated

MBS R Znasta] RE", B—P=2 layout HiEEES], — N2 reducer WEBER AR HEE,



Recall : Warp scheduler

H100 A9 SM 4EPZ 1 resident warps, BT ET™X (PC. ZHFEE. BlafK

) WRESTERTER L, ETEESR CPU —HHITHFSRFEIRE.

Warp scheduler 81 EHtRYE scoreboard M Ready Warps HifkiFE—5n] & 51
(issue) BYIES; HEA warp [ memory dependency ExEHERFZEM stall B,

scheduler &37B01)#aZIEfth Ready warps &H1E<.
Bottom line: The two best things about GPUs.

1. SIMD is great.

But wait, there's more!

2. Hyperthreading to the extreme.

Warps time-slice usage of all processor pipeline resources, to hide each other's latency and keep hardware
resources busy.

"Context switch" between warps is "free" from SW perspective.
Context is always resident on processor.
Switch is implemented in hardware.



Recall : Occupancy

XL FEFHERIREAGREE (hardware warp switching) BIEEZA warp [BIRXE &
SHE S KA EAHAITIER, (FitERTFERESFBZR,
BT AR ERRIIRSIES, (BajLUBISIRS occupancy, 18I0 ILP. #iX
load-use IEBELAR4ERIK (software pipelining) 110 Ready work, MTIEF
scheduler [25F latency BIEESD.

(MAIEfE: GPU B9 latency hiding A _EEFBISEREBEA warp BT8R
ZE—FERkE L, £ warp BOZFSET R ASZ— warp BYHAITETEL. )

Occupancy (HAZE) #HARYZE SM LBETEIEEE (resident) BY warp ZEHEXSTHE
HBRARSHIFHENLNE., KT warp scheduler AIHERAGEET/EE (work
pool) , MAEIITEITHISLIRFIEZR,




Recall : Occupancy

Occupancy: What is it? How is it determined?

» There is a maximum number of warps which can be concurrently active on an SM.
« Device (depends on compute capability of the GPU)
« Achievable (depends on kernel implementation + compiler)
+ Achieved (depends mostly on the grid size or workload behavior. Such as workload imbalance.)

Achievable # active warps per SM

Occupancy = - -
P y Device # active warps per SM

« Achievable Occupancy of a CUDA kernel will be limited by at least one of several factors.

« SM resource assignment:
- For example: Shared memory and Registers must be partitioned among threads.

- Block size Analyze the
. : occupancy of CUDA
Other hardware factors: kernels with NVIDIA
- For example: Max blocks per SM, Max warps per SM etc. Nsight Compute!

« Outlined in Table 23 Technical Specifications per Compute Capability




4.1 T.Pipelined

for ko in T.Pipelined(num _k tiles, num_stages=3):
T.copy(A[ko], A _shared)
T.copy(B[ko], B _shared)
T.gemm(A shared, B shared, C_fragment)

T.Pipelined 2RAF AT AR BIMIIE, FFHAERNMELE iteration FRIERIER
SRR, BoRzIVT, fmiEssoT producer-consumer fkEFH ALK stage/order, F
iRz U BAREEARAEER.

TREESBIEIANE I prologue — steady state — epilogue, 5ERIZEE iteration EEIR
5 IEEXEESMTE buffer H#{Tmulti-versioning, FiEISEHEIEREINMERLY
AR, NWFRimsiFNRLRE, A28 producer grouping, commit/wait LA &%
ZEhY barrier,



4.1 Case Study: GEMM stage sweep ‘ ﬁ

@K num_stages IBRESY ASBUERES HEZBRNEEES, (F8% iteration EIRJTE
&, MIMmRESEREERESD; NNAJBEREEZ shared-memory versions, BEKHAY
live range F1E SIS Fes/£/]. EHAY prologue/epilogue, LINHZFIRSBIEINS
MY occupancy NiE, SEBR buffer version I EHFEXIEFNLANRDITRE, F—
EZT num stages,

Case Study: 40963 GEMM, 128x128x32 tile, 128-thread BiE7E H100
shape/configuration BI%55R, &AL stage Zsweep: 1234567,

Q& latency &{Kkm. generated code 5 buffer versions #1 prologue/epilogue .
258 ptxas registers/shared memory #|i#iEZgEES]. F3 NCU stall/pipe counters &
SEHIFE,

EIXMilFHR, stage 5/ 6 MHEERBXIRMAY.



5.1 Persistent

T.Pipelined HARENEE : E— MENRAEPESAEIZEE iteration AY producer,
EMIZA0 consumer, BIIZhRZAS buffer, RIL1ER(FN EILZRESREIEER,

m T.Persistent iR EES AR AEREERIIE worker CTA, LA grid-
stride FTVEEMERIRAORGOIEE KRNZIE tilets;, I CTA 5T SM HERE
WEcE, FHE persistent RAIEN,

& grid:

logical tile © » CTA ©
logical tile 1 » CTA 1

with T.Kernel(num_workers, threads=threads) as worker:

Persistent schedule: for bm, bn in T.Persistent(
[num m tiles, num n_tiles], num _workers, worker

AR worker CTA pool ):
worker @ » task @ » task P » task 2P » ...

compute_one_tile(bm, bn)
worker 1 -» task 1 » task P+1 - ... - -



5.1 Persistent 5 MegaKernel

£ MegaKernel-style ZIMERRIES, persistent execution {EFRBIRIHE. KHf
ZER worker CTA fBERMEE ARGZBEE taskls,, (FIEFREEEEEZEIRIT task
2l worker RYBREY, worker RRISREN SHAITINE. CTA RARZSRYES task Ean/EHE,
LAKeshared/register RIERISEFSEERE. SR EIVESF. T.Pipelined,
warp specialization fFlEX/RIE, E®ATLIELA producer/consumer phase, FF3C
AN ES BIENS R E IS,

RNMEFZZELIBNSEE. EsbESHREZ,; (RIS atomic BF, &
=EBNFIEES determinism, KEIF SRR PIgEIEINET 728+ shared-
memory (5, MK occupancy, BLERY worker #{AZETFSLhRERTIEEERY
CTA 21, REZEEGEIRRE,

Persistent IRHAIEERBAVEAEESIBES), MIAZEEIMERERTT.




Lz,

5.1 Case Study: Engram backward

Er-sEERERE worker CTA 24
with T.Kernel(num_persistent_blocks, threads=256) as pid _p:

BINSEEEER T.Persistent, B/ worker CTA 1813 E 1B ESZEATELELNTE
Z 2R task, FEILEBMEREIRY persistent HEIEN.

@T.prim_func
def engram_gate_bwd_kernel(
grad_out: T.Tensor[(num_tokens, hc_mult, hidden_size), T.bfloatl6],
hidden_states: T.Tensor[(num_tokens, hc_mult, hidden_size), T.bfloatlé6],
k: T.StridedTensor[(num_tokens, hc_mult, hidden_size), (k_stride_s, k_stride_h, 1), T.bfloatls],
v: T.StridedTensor[(num_tokens, hidden_size), (v_stride_s, 1), T.bfloatl6],
weight_fused: T.Tensor[(hc_mult, hidden_size), T.float],
dot_in: T.Tensor[(num_tokens, hc_mult), T.float],
gate_in: T.Tensor[(num_tokens, hc_mult), T.float],
rstd_x_in: T.Tensor[(num_tokens, hc_mult), T.float],
rstd_k_in: T.Tensor[(num_tokens, hc_mult), T.float],
grad_x: T.Tensor[(num_tokens, hc_mult, hidden_size), T.bfloatl6],
grad_k: T.Tensor[(num_tokens, hc_mult, hidden_size), T.bfloatlé],
grad_v: T.Tensor[(num_tokens, hidden_size), T.bfloatl6],

grad_w_partial: T.Tensor[(num_persistent_blocks, hc_mult, hidden_size), T.float],

with T.Kernel(num_persistent_blocks, threads=threads) as pid_p:
tid = T.get_thread_binding()
warp_id = T.get_warp_idx()
lane_id = T.get_lane_idx()
head_id = warp_id // warps_per_head

sub_warp_id = warp_id % warps_per_head



5.1 Case Study: 4@ ERBRSIERpersistent 55 | €F)

grad w local £ worker CTA B{ESERIMSER, FEZ worker LHIBAYEEY token &
SHIEHRIFE S, EEDTE CTA BL&IE register/fragment #7fY worker-local partial
state, & token REF% partial; worker SEpkaBEEEHTTREY—IR, &EHAME

17 reduction kernel ;i worker #&3F,

FEith, BER T & token EFiEfE grad_w Y atomic 5, 1XE Persistent BISCERAT

(BEEFEIFRER worker identity — long-lived partial state JI3EXZ.

grad_w_local = T.alloc_local((elems_per_warp_pair,), T.float32)
T.clear(grad_w_local)

for token in assigned_tokens:
grad_w_local[...] += token_contribution

grad_w_partial[worker, head, ...] = grad_w_local[...]

grad_w_local #51% CTA fAZIRVEE token range FiE. XIFBRE token FXFL/E grad_w 8 atomic:



5.1 Persistent 5 Pipeline

Workload 431 BEEN
tile 383z, FMN, HEFE i@ grid
B4 CTA ABHN iteration-local producer/consumer ~ T.Pipelined
task ZF worker., FE task RERESHBE XX F Persistent
Z RS BES N NIR L 58 MegaKernel 522 A]1T

ZMERRe S BEE R task state/queue/phase control Persistent MegaKernel E515H17
WEFE primitive FZM lifetime 1 dependency %, MARMN BEFEBAENSH feature" H K.

i@ /Persistent JRTE task dN{AIREIZE] CTA;
T.Pipelined j&E CTA I iteration W{AI1ERTE] LS,
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6.1 Profiling

ZaifSession, FEAINEBT @I Nsight Compute (NCU) T8 kernel FIMERESS
fif, BiFoccupancy. memory throughput, stall reason / pipe utilization
counters; EESNAFHRTEERE, BAIEATLUEE Nsight Systems (NSYS) /
PyTorch Profiler N Z S TS host-side launch overhead. kernel timeline,
% kernel ki XZ LK CPU-GPU overlap,
AIHETileLang&eplk ¥ —HPEEFoHAYSEIR TS IKET (SEECuteDSLASTEF)
REHTAEENSERE, FIETLIEZDump SASSI#oHr. SASS AILAUERRFA™
WARGEBAE lowering, #HIaN: 18<SERISEEARE, async copy / barrier
sequence A[E; pipeline prologue/epilogue A[E; registers, shared memory 5

FAATAAE.,
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= 5Kl Reference

A35%EE TileKernels RIgNBEBERFRIER Memory-Bound Kernel {EASTXISR
( https://github.com/deepseek-ai/TileKernels ) LAR—NERIMIRMSNorm
https*//qithub com/tile-ai/tilelang/blob/main/examples/norm/rms_norm.py
HMREENGEMM, NXSZERIAPI SN ETLATERMEE: H100 80GB,

T|IeLang 0.1.12 5 Apache TVM-FFI 0.1.11,
TileLang#EifZ memory bound EF EFRIELF, sEAZ=ERA T CUDA C,
ﬁx AR EICHBMEE (3.35TB/s) B975%-90% .

B ERRBGTCFINV OpenDayfIoE (ANREEZHEY, LARFAVTRAME)
Documentatlonﬁ_[%% https://tilelang.com/ (TileLang 0.1.12)
Hir: @v—ErLUTBRIE RSO ERE,



https://github.com/deepseek-ai/TileKernels
https://github.com/deepseek-ai/TileKernels
https://github.com/deepseek-ai/TileKernels
https://github.com/tile-ai/tilelang/blob/main/examples/norm/rms_norm.py
https://github.com/tile-ai/tilelang/blob/main/examples/norm/rms_norm.py
https://github.com/tile-ai/tilelang/blob/main/examples/norm/rms_norm.py
https://tilelang.com/

