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with T.Kernel(batch, heads // min(block_H, kv_group_num), threads=256) as (bx, by)
QShared = T.alloc_shared [block_H, dim], dtype)
SShared = T.alloc_shared [block_H, block_N], dtype)
QPEShared = T.alloc_shared [block_H, pe_dim], dtype)

acc_s = T.alloc_fragment([block H, block_N], accum_dtype)._\
T.annotate_layou® {0_shared: T.make swizzle_layout()

\ oD ecide Tile Configuration
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Recom m end
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for k in T.Pipelined(loop_range, num_stages=2):
T.copy(KV[bx, k * block_N:k * block_N + block_N, cur_
KVShared)
T.copy(K_pel[bx, k * block_N:k * block_N + block_N, cur_kv_head\:1,
KPE_shared)
T.clear(acc_s)
T.gemm(QShared, KVShared, acc_s, transpose_B-True)
T.gemm(QPEShared, KPE_shared, acc_s, transpose_B=True)
T.copy(scores_max, scores_max_prev)
T.fill(scores_max, -T.infinity(accum_dtype))
T.reduce_max acc_s, scores_max, dim=1, clear=False)
for i in T.Parallel(block_H):
scores_scale[i] = T.exp2(scores_max_prev[i]* scale - scores_max[i] x|scale)
for i, j in T.Parallel(block_H, block_N):
acc_s[i, j] = T.exp2(acc_s[i, j] * scale - scores_max[i] * scale)
T.reduce_sun(acc_s, scores_sum, dim=1)
T.copy(acc_s, SShared)
for i in T.Parallel(block_H):
logsum[i] = logsum[i] * scores_scale[i] + scores_sum[i]
for i, j in T.Parallel(block_H, dim):
acc_o[i, j] *= scores_scale[il]
T.gemm(SShared, KVShared, acc_o )«

for i, j in T.Parallel(block_H, dim): \

acc_ol[i, j1 ~ logsum[i]

—
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Recom m end
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Recom m end

T.copy(acc_o, O_shared)
T.copy(0_shared, Output[bx, by * BLOCK_H:by * BLOCK_H + BLOCK_H, :1])
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TileLangfli#s: #EREF—21E

P iAXFfast math (unlike triton.)
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EiTHR: Tieee sqrt
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P 2SM support/CLC -- GEMM 1700TFLOPS
p Blackwell £AJ FA 3755 (FA4 schedule WIP)

P MI300X 45i4s74F (copy.async, wmma, codegen, ...)
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Frontend: Python AST |

2]
TileOP as éommon IR D
—" - < AMD Y
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TileOP Optimizations

| Instruction Inference |
Hardware y GPU Like Hardware Ascend NPU
Abstraction | Pipeli“eflanni“g | | 1|1 | CPU g
Shared Memory Reuse InferAscendBufferScope .
| Layout Inference | 7 7 (RiscV, x86) AS nnd M I . I A
| k 2 | I Inject Thread Sync I I AscendMemoryPlanning I b
L 2
| . | |1 » |
‘ I Code Generation I I Code Generation I Another NPUs
Backend TileOP - (Metal/TPUY...)
. NVIDIA GPUS [ AscendnPUs |
Lowerlng _ Ascend NPU ya= *ﬂ
B R% g
| Execution Mapping | MOORE THREADS
¥
| Memory Mapping |
2
| Lower TileOP |
| - | EnE
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TileLang Puzzles: From beginner to experts
= o tile-ai / tilelang-puzzles

<> Code (2 Issues I Pullrequests 1

1. PEET ENFFREX, (BHEXILE, Tile-Al
NFF 7 TileLang DSL B9=3J15Ra TileLang puzzles;

BYHZEERNEFBE, HiRAFR T RE TileLang wling

RIS IEA IS ERERE(TA, 79 TileLlang &ECET
iZ HORE S I B E B

2. BEIATF puzzles & 10 4, MIEERY copy
S8 dequant gemm, Bz TileLang IE RS
SEIIRIE, ENERERAMNZHE, ZTLEF

3. Ki& MetaX {EXEHIXLE puzzles iZiTFNFIEE T
EHC MetaX RUNRAS, JSEREFIZFIF 04
https://www.gitlink.org.cn/ccf-ai-infra/tilelang-

puzzles

[ 01-copy.py

[ 02-vector-add.py
[ 03-outer-vec-add.py
[ 04-backward-op.py

0 05-reduce-sum.py

[ 06-softmaxpy

[ 07-scalar-flash-attn.py

[ 08-matrix.py

[ 01-copy.py
[ 02-vector-add.py

[ 03-outer-vec-add.py

[ 01-copy.py

[ 02-vector-add.py

[ 03-outer-vec-add.py
[ 04-backward-op.py
[ 05-reduce-sum.py
[ 06-softmaxpy

[ 07-scalar-flash-attn.py

[ 08-matrix.py

[ 10-dequant-mm.py
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TileScale: %_Egﬁﬁit%¥ﬁ*5 https://github.com/tile-ai/tilescale

KT RIORR, WSRO SERE/ETRONE
JCELEMRIE (tilehl B NBERS. ystem Overview

Frontend
. o . . . (unified tile primitives for different level of scales)
Hierarchical Distributed Architecture (HDA) \ 5
hread scal [ Compiler 3
3 : N 7 (passes to optimize and lower tile-primitives Cost Model
\ to lower-level implementations) (Performance
<Ll g g oo o] g o o] - i guidance and
Tile kernels profiling)
P (registered implementations of tile-primitive) )
) Z Clustero Cluster n CIusterO Cluster n @
e L2 (global | L2 (global | Backend
Lol AT (HDA specialization for a specific hardware )
\ GPUO D GPUn )
I L3 (host memory) I E‘:_J TPRAIE 1§J
# communication example: send data to neighbor GPU
S 0.0 S e s S S e e e N
‘ H with T.Scale("device") as dev_id, dev_num:
scale-level 0| H T.copy(remote_B, local_A, dst=(dev_id + 1) % dev_num)
T.gemm compute . =9 =0 B = =
! 1
I m m J - T.relu, T.barrier()
""""""""" T.reduce_sum,
T e e e S e e o e P ~
1 T.copy, memory N +—=
! L R - i | T.alloc, Cluster/BAVRERE3R £~
1 4EPONE NP1 P2 P3 | H S
scale-level 11 "y~ TTFTT T : T.view,
: —————————————— : # cluster-level GEMM example
H || Mo | I M1 | | M2 | I M3 I' i T.copy, communicate with T.Kernel(
|l T.barrier, s ellEr(),
T.signal, block=(block_M, block_N),
s e o g e e < T.allreduce, threads=256
7 e m—— - i .
( b PO s \ T.shift, DE .
: ------------ : with T.Scale("cta_cluster™):
scale-level 2 | ! T.Scale, schedule T-gemm(A, B, C)
: ! T.Parallel,
1
: MO E TPlpellne
\
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TileSight: Cost Model and Auto Tuning

1. EBEFINEAIIESZKernel (40 FlashAttention #] FlashMLA) 7EXESHEE! (LLM) PRYMREL
v, BEMHTEEFIRREESE.

2. RERHIBIIENER, S/ GPU, CPU MINERFEZM/ainEMRAIT AR tile BLE (BP tiling
RESEVERIRR) | BEIFAZRELZNEEIEAIEERE, OFEtEdE

i
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@T.prim_func

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

C: T.Tensor((M, N), dtype), AN . oo
. ~ Tile-IR o _
y: ~ —
# Initialize Kernel Context — — _—
with T.Kernel(T.ceildiv(N, block_N), T.ceildiv(M, block_M), threads=128) as (bx, by): Tl Yo = = = = =
A_shared = T.alloc_shared((block_M, block_K), dtype) . . = 7 | \
B_shared = T.alloc_shared((block_K, block_N), dtype) Tile-based Performance MOdeI’"g | Plpe 0 | l Plpe 1 | Latency: 1.58ms |
C_local = T.alloc_fragment((block_M, block_N), accum_dtype) |
Cuda Core add | | Cuda Core Util3.8% |
# Enable hésterlzatlon 'lFor' better L2 cache locality (Optional) Tensor core GEMM 2 ’ GEMMy, | GEMM, . Tensor Core Util:94.5% I
# T.use_swizzle(panel_size=18, enable=True) b T e L L |
= e W '
# Clear local accumulation LO . i LDC : | L0 Util: 64.2% I
T.clear(C_local) ‘ GEMM» I OEMMST —l SEMS Add STO :q Bt
cevee L : v |
for ko in T.Pipelined(T.ceildiv(K, block_K), num_stages=3): L1 . GEMM,, GEMMy4 l GEMM, l E | !
# Copy tile of A | L1 Util: 73.3% |
# This is a sugar syntax for parallelized copy b deeee LD Ak‘l'Bk‘ll- LD A Bx ] LbC l_ ........ L STO I
T.copy(A[by * block_M, ko * block_K], A_shared) : H ' | |
L2 L2 Hit Rate: 81.3%
Yo STO it Rate: 81.3%
# Copy tile of B DA [ ; LD A By | e |
T.copy(B[ko * block_K, bx * block_N], B_shared) e l
T u ———
# Perform a tile-level GEMM on the shared buffers ez V== I Wem ( \ .
# Currently we dispatch to the cute/hip on Nvidia/AMD GPUs : : { _U",‘i _U": i",'j :,'i ) i",‘i ,i": N \ji Ii": MOdeI’ng Report
T.gemm(A_shared, B_shared, C_local) - - ( L0 D @ Lo )+ ( L0 D § L0 )
- ~ ) 1 ~ [ : I - I -
TTT1 |:> G G &G G
# relu - ) L I . | I ]
for i, j in T.Parallel(block_M, block_N): F/‘A::ll%% MN‘I?;J;J(;( I ( L2 \ |
\. p
C_local[i, j] = T.max(C_locall[i, j1, @) \ .
""" \_- + - - - Hardware Abstraction - - - - - -
# Copy result back to global memory
T.copy(C_local, C[by * block_M, bx * block NJ]) 1 4
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TileOPs https://github.com/tile-ai/TileOPs/

TileLang4£ &+ AIFlash-Linear-Attention/FlagGems

TileRT https://github.com/tile-ai/TileRT

FATileLangZ®BEMegaKernels

15



5353 !




