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“OpenAl and Cerebras have signed a multi-year agreement to deploy 750 megawatts of
Cerebras wafer-scale systems to serve OpenAl customers.” - OpenAl, 2026

“Based on 550,000 Nvidia Blackwell Al accelerators, xAl's Colossus 2 is advertised as the industry's first
Al facility that consumes one gigawatt of power for Al inference and training.” - xAl, 2026

“We are announcing that we plan to expand our use of Google Cloud technologies, including up to
one million TPUs, dramatically increasing our compute resources.” — Anthropic, 2025
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* Jared Kaplan, "Scaling Laws for Neural Language Models", arXiv, 2020.
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* Sara Hooker, "The Hardware Lottery", Communications of the ACM, 2021.
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* Figure generated by Gemini. Source of components : Dragon: "Compilers: Principles, Techniques, and Tools"; Wizard: "Structure and Interpretation of Computer Programs"; Sea of accelerators: "Profiling Hyperscale Big Data Processing"
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* Figure generated by Gemini. Source of components : Dragon: "Compilers: Principles, Techniques, and Tools"; Wizard: "Structure and Interpretation of Computer Programs"; Sea of accelerators: "Profiling Hyperscale Big Data Processing"
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* Figure generated by Gemini. Source of components : Dragon: "Compilers: Principles, Techniques, and Tools"; Wizard: "Structure and Interpretation of Computer Programs"; Sea of accelerators: "Profiling Hyperscale Big Data Processing"
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* Figure generated by Gemini. Source of components : Dragon: "Compilers: Principles, Techniques, and Tools"; Wizard: "Structure and Interpretation of Computer Programs"; Sea of accelerators: "Profiling Hyperscale Big Data Processing"
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* Figure generated by Gemini. Source of components : Dragon: "Compilers: Principles, Techniques, and Tools"; Wizard: "Structure and Interpretation of Computer Programs"; Sea of accelerators: "Profiling Hyperscale Big Data Processing"
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NVIDIA Hopper and Blackwell GPU Architecture

Streaming Multiprocessor (SM)
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NVIDIA Hopper and Blackwell GPU Architecture
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NVIDIA Hopper and Blackwell GPU Architecture
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Different Execution Schemes: Sequential

Data loading is time-consuming

Underutilized Tensor Cores
Pipelining can help, but has inherent limitations

CUDA
Core
Tensor
Core
B
B1
Bk
result
Al AK
c

Naive sequential program

l COMPK

* Actual latency not drawn to scale

I0 LoadO I1 Load1
[ Compo | [ Comet |
[ o] Lomf |
result = 0.0
for k in range(K):
.y ta = load(A, k)
tb = load(B, k)
‘¢l result += dot(ta, tb)
“® |store(result, C)
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Different Execution Schemes: Warp Specialized

 Instructions in different WG are naturally async
« Significantly simpler than pipeline scheduling

« New communication mechanisms

« Async TMA
* Async MMA

# Producer WG

for k in range(K):

ta = load(A, k)
tb = load(B, k)
shmem|. . ta
shmem|. . tb

]
]

Naive sequential program

CUDA 10| Loadd I1 Load1 Epi
Core
Tensor I Comp0 | ' Comp1 l CompK
Core st L°>"f | | " |
War(a s(aeciahzwtiov\
oth 1st 2nd
WG0 I0| 11 I2
(producer)
——————————————————————————————— Time saved
wa Oth ComPO 1st Comp‘l kth ComPK Epi - -
(consumer)
TMA Load0 Load1

# Consumer WG
for k in range(K):
ta = shmem[..
tb = shmem[..

]
.

result += dot(ta, tb)
store (result, C)

* Actual latency not drawn to scale
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Challenges of Writing Warp Specialized Programs

» ~1k lines of CUDA code

for a single GEMM kernel on Hopper

> Optimizations
- TMA asynchronous load
— Warpgroup partitioning
- MMA pipelining
— Layout transformation

¢
7/ _1aunch_Bounds _ (NAX_THREADS_PER_BLOCK, IN_BLOCKS_PER M
voungs_(384, 1)

w® 519_genn_warpspecialized_noncast_pingpong(

glosal_ void

SUB_GHMA_START_ADDRESS (desc_a_sh,

(1024 = PIPEDEPTH));

SUE_GH¥A_STAKT_ADDRESS (desc_b_sh, (1624 = PIPE_DEPTH));

pipe_index

€ DERTH;

pipeparity = pipe_parity ~ 1;

¢ constant_ CUtensorMap tna_desc_A,
w constant_ CUtensorMap tna_desc_s,
a const half #_restrict_ A, const half »_restrict
50 half x_restrict_ €, it K, int M, int N) {
5 uint3z_t clustertd, cluster_ctaid;
52 17 nitps://github < e/arch/cluster_snoe. hppALLOACI-L136
53 /7 Returns the a1n3 cluster rank in the grid.

350 volatile("nov.us2 %9, Aclustertd.x;\n" : “sr*(clusteria) :);
55 e relative d1n3 block rank local to the cluster.
s6 U329, Scluster_ctald.xi\n” ¢ “sr*(cluster_ctatd) 1)
57 r async_dynamic_snen(); // size 223488
s
59 Thread Arrangenents
6 1nt cluster_ctaid 1 = cluster_ctatd;
& /7 Synchronizes data exchange: exchange data between threads in warp.
& 17 1 unsigne mask, int val, int src 526
o /7 broadcast the “value™ that the thread in lane src the other threads (nask) 1n the warp 527
& 1nt warpgroup, SATLsyncextrrterer, ((threadtax.x / 128)), O); 28
o 10t QWAL = _snTUsync(extererees, ((threadlax.x / 32) % 4), 0); 529
& 1t w141 = _SKTUsync(oxtreeertt, (threaclax.x / 32), 9); 3
o 11 2 math we s
6 1nt math_group_1a_1 = ((varpgrowp_1a1 - 1) % 2);
o 1nt b1d.1 = Dlockldx.x;

1

1/ weory Allocation

Constexpr 1nt a_bytes = T + TK + s1zeof(halt) « PIPE_DEPTH;

7 constexpr 1nt b_bytes = TK x TN + sizeof(half) + PIPEDEPTH;
3 natf sa_sh = (halt s)sasync_dynanic_snen(o];
halt #_sh = (halt s)sasync_dynanic_snenla_bytesl:
™ "
o 11 set up bvarriers
o
& 1/ Recipe for producer-consuner problen
& 11 Producer: Consuner
& /1 vatt for emty barrier wait for full barrier (nbar_ful
& produce consune (at Least 111U 1n one chunk we can start conpute)
& /1 arrive tull barrier arrive enpty barrier (nbar_enoty
& © Abar_full_offset = a_bytes + b_bytes; // there are PIPE_DEPTH nunber of barriers
& © Abar_enpty_offset = mbar_full offset  Sizeof (11t64_t) + PIPE_DEPTH;
& r_full = (1nt64_¢ =)sasync_dynanic_sven(nbar_tull offset];
% 10164t sabar_enpty = (1nt64._t +)6async_dynanic_snen (mbar_enpty_offset]
@ CONSTexpr 11C AbAr_A3_OTTSET = Mbar_enpty_otfset + S1zeof (nt64_T) + PIPE_DEPTH;
o constexpr 1nt mbar_epi_offset = mbar_ma_offset + sizeof(int6d_t) = 2
o 1nt64_T smbar_nma = (1nC64_3 +)5async_dynanic_snen(nbar_nna_otfsetl; // 16 bytes
o5 int64_t smbar_ept = (1nt64_t w)Sasync_dynanic_snem[nbar_epi_offset); // 16 bytes 558
o7 async_rer_t<nal, PIPE_DEPTH, T, TH, TK» aret(async_dynanic_snen); S0
o st
o ulnt32_t pred = 0; // predicate s62
100 /1 elect.sync 1s to elect a thread to do the THA load, stnce we only need one thread to do the TMA load. 563
01 77 why ot using 11 threadldx.x == 07 because elect.sync a pattern ptxas can recognize, if we use if threadldx.x==0 it may not generate optinal code. 564
102 4 565
103 uint32_t tanet e
104 asn volatite(
105 -
106 .reg 032 Arx;
107 “.reg .pred Apxi\n
108 = electusync wrxjapx, A2
109 “@9x mov.s32 41, L\
= mov.s32 W, st
ho-
m £ “er(lane1d), “or(pres)
1 (OxFFFFFFFR) )
m ) i
578
7/ 15_1030_warp & 1s_leader._thread 7
11 (101 == ©) 66 prea)) s
sa1
11 1 e nbarriers required for varp specialization synchronszation .
77 tull count, empty count 5
/7 only 1 thread reach to the full Barrier in the 1030 WG to indicate the produ ed the data e
77 but 128 threads reach to the empty barrier in the math G to indicate the computation has been done s
aret.allocate(1, 128); e
se7

771 1030 WG and 2 nath WG

11 wna:

17 Rectpe:

I/ arrive ma_barrier

/  watt for epilog barr
9

1/ arrive eptlog barrier
#pragna unroll
for (signes 10t wg = 07 wg < 2; +wg) {

¢
/7 create a new barrier that expects 128 threads to arrive
uIntI2_t smen_ptr = __nvvn_get_snen pointer(s(mbar_mnmalugl));
asn volatile("marrier. init.shared.b6d (], 128;" ::"r~(snen_ptr));
)
uINtIZ_t smen_ptr = __nvvn_get_snen pointer(s(mar_eptlvgl));
asn volatile("mbarrier. init.shared.b64 (), 1285 11"r~(smen_ptr));

17 Y /1 ena-tt
18 syncenreads();

aret.set_consuner_parity(pipe_parity);

mna_parity = nma_parity ~ 1;
ept_parity = ept_parity ~ 1;

/ notaty other wg to start epilog
¢

uint3z_t smen ptr =
nvvm_get_snen_potnter (5 (mbar_ep1(1 - nath_group_1d_11));
asn volatile("mbarrier,arrive. snared. 064 _, [%0]3" :1r~(snen_ptr)

} /7 tiienum toop
} /1 nath ws

) 17 sne_gem arpspe

) 11 extern c

alizeq_noncast_pingpong

V014 run_ws_genn(halt sdevice A, half sdevice B, half sdevice C, size_t M, size t N, sizetK)
CutensorMap tna_desc A();
{1/ 1nit1alizing ta_desc A
CutensornapbataType atype =
CUtensorapbataType:£CU_TENSOR NAP_DATA_TYPE_FLOATI6;
auto cuTensormapEncodeTled = get_cuTensorMapEncodeTled();

auto rank = 25

uintea_t sizelrank] = ({uintsa_tIK, (utnted_IM);

uinted_t stridelrank - 1) = {uintsd_t(K) » sizeof(Ralt)};

uint32_t box_szelrank] = (64, 128);

T3zt eten stridelrank] = {1, 1);

CutensorMaplnterteave interteave
CUtensornapInter eave: :CU_TENSOR MAP_INTERLEAVE_NONE;

te = £CU_TENSOR_MAP_SWIZZLE 1288;
CUtensormapL2pronotion 12_pronotion =
CUtensorMapL2oronot ion: :CU_TENSOR_ JAP_L2_PROVOTION NONE:

orMapFloatoostLL oob_filt
CUtensoMapFLoatoDsT1LL: :CU_TENSOR NAP_FLOAT_008_FILL NONE;

cwresue res A
&tna_desc_A, // CUtensoriap wtensorMap,

cuTensorMapEncodeTited(

atype, /1 CutensorMapoataType tensorbataType,
rank, /7 cossnt32_t tensorhank,

device A, /1 vo1a wglobalagaress,

size, // const cuuintsa_t globatoin,
stride, 4t vglobatstrides,
box_size,  // const cuuint32_t spoxDim,
elenstride, // const cubint32_t selementStrides,
interteave,  // CutensarMapInterleave interleave,
suzzte, /7 cutensorMapswtzzle sizzle,
12_pronotion, // CutensorMapL2pronot ion 12Promo

oop_tatl /1 CUtensorapFloatodsrill aobFLL)

Cutensorap tna_desc_8();
/7 tnitiaszing tna_desc 8
cutensornapoataType dtype =
CUtensorapbataType: :CU_TENSOR_HAP_DATA_TYPE_FLOATIS;

auto rank = 2;

uinted < sizelrank] = ({uints4_tIK, (utntes TN

uinted_t stridelrank - 1] = {uinté4_t(K) » 5

7 0K nulticast

/ uint32_t box sizelrank] = {TK, (TH / MCAST_FACTOR)),

uint32_¢ box_szelrank] = (64, 128);

uintzz_t eten stridelrank] = {1, 1);

Cutensornaptnterteave interteave
CUtensorapInter eave: :CU_TENSOR MAP_INTERLEAVE_NONE;

TENSOR MAP_SWIZZLE 1285;

ot natr)};

CutensorMapL2pronotion 12_pronotion =
CUtensorMapL2pronot 1on: :CU_TENSOR JAP_L2_PROVOTION NONE;
CUtensorMapFloatoostill oob_till =
CUtensorMapFLoatoDsT1LL: :CU_TENSOR_NAP_FLOAT_008_FILL NONE;

CUresult res 8 = cuTensorMapEncodeTiled(
&tna_descB, // Cutensorhap wtensorMap

atype, /1 cutensorapbataType tensorbataType,
rank, /7 cwssnt32_t tensorhank,

sevice 8, /1 vo1a wglobalagaress,

size, /7 const cuuintsa_t globaloin,
strige, /7 const cuuintse_t »globaistrides,
box size, /1 const cuutnt3z_t wooxdim,
elenstride, // const cusint32_t selenentstrides,
interteave,  // CutensorMapInterleave interleave,
suzzte, /1 cutensorMapswtzzle swizzle,
12_pronotion, // CutensorMapL2pronot ion 12Promo

oop_tatL /1 CUtensorapFloatodsrill aobFLL)

1/ kernet. taunch
CugaCheckErrar (cudaFuncsetateribute(
5190_genn_warpspecialized_noncast_pingpong,

CudaFunchttributeNaXDynanicShareavenarySize, 229528));

cusaCneckError (cudaFuncsetattribute(
5190_genn_warpspectalized_noncast_pingpong,
cudaFuncAttributePreferredsharedtenaryCarveout, 100));

5190_genn_warpspecialized_nancast_pingpongeccili CTA, 384, 229520
na_desc_A, tna_cesc_B, device A, device B, device.C, K, W, N);




Challenge 1: Coordinating Concurrent Warp Roles

> CUDA SIMT > Warp Specialization
— Suppose all the threads do the — Different warps play different roles
same thing

if (wgid == 0) {
// producer

for (int k = 0; k < K; ++k) { for (int k = 0: k < K: ++k) {

tma_load( (halfx) (&shmem[...]), ;; TMA load
tma_desc_A, offA0, offAl); y "t
tma_load( (halfx) (&shmem[...]), \

tma desc B, offB@, offB1l);

if (wgid == 1) {
// consumer

for (int k = 0; k < K; ++k) {
// WGMMA
/] un

Need to significantly restructure the code y
to separate the roles 1
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Challenge 2: Low-Level Communication Management

> Manually handle synchronization between warps
— Inlined PTX
— A set of carefully designed mbarriers

#pragma unroll // producer
for (int 1 = 0; i < N; i++) { for (int k = 0; k < K; k++) {
uint32_t full_ptr = mbarrier::try_wait(empty_mbar, prod_parity);
__nvvm_get_smem_pointer(&shmem[...]); mbarrier::expect_tx(full_mbar, size);
asm volatile("mbarrier.init.shared.b64 // load
%0], %1;":: // ...
"r"(full_ptr), mbarrier::arrive(full_mbar);
"r"(full_count)); // update parity
uint32_t empty_ptr = // ..
__nvvm_get_smem_pointer(&shmem[...]); I
asm volatile("mbarrier.init.shared.b64
%01, %1;":: // consumer
"r"(empty_ptr), for (int k = 0; k < K; k++) {
"r"(empty_count)); mbarrier::try_wait(full_mbar, cons_parity);
} // compute
/] o«
re mbarrier::arrive(empty_mbar);
Error-prone, low readability, // update parity
hard to debug and maintain e

20



Challenge 3: Resource Allocation and Pipelining

> Manually allocate shared memory and registers for each warp group

> Manually split the MMA pipeline

T~

constexpr int a_bytes = TM x TK % sizeof(half) *x PIPE_DEPTH;
constexpr int b_bytes = TK x TN % sizeof(half) x PIPE_DEPTH;

half xa_sh = (half x)&async_dynamic_smem[0];
half xb_sh = (half *)&async_dynamic_smem[a_bytes];
if (wgid == 0) {
// producer
asm volatile("setmaxnreg.dec.sync.aligned.u32 40;" ::);
/] vun
}
if (wgid == 1) {
// consumer

asm volatile("setmaxnreg.inc.sync.aligned.u32 232;" ::);
// wan
}

Again, need to significantly refactor the
code for each design point

// MMA prologue
for (int k@ = 0; k@ < MMA_STAGES - 1; ko++) {
// 1issue a few wgmma
/] v
}
// MMA mainloop
#pragma unroll
for (int k1 = MMA_STAGES - 1; k1 < (K + 63) / 64; kl++) {
#pragma unroll
for (int mma_k = 0; mma_k < 4; mma_k++) {
// wgmma
¥
asm volatile("wgmma.wait_group.sync.aligned %0;" ::
"n" ((MMA_STAGES - 1)));
mbarrier::arrive(empty_mbar[...])
}
// MMA epilogue
asm volatile("wgmma.wait_group.sync.aligned %0;"
for (int k2 = MMA_STAGES - 1; k2 > 0; k2--) {
mbarrier::arrive(empty_mbar[...]);

by

::llnn(@));
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Asynchronous Reference (Aref)

Aref: A set of mbarriers and a shared memory buffer

64
164

{T>

aref<T>

£ull

emply

buffer

X ‘try__.umit(e_mpty)

buffer = X try,_.u/ait({:u“)
arrive(full) X = buffer

aref.put(X)

aref.get()

aref<T>, T -> ()

* Operational semantics defined in the paper

arefdT> -> T

N arrive(emptt/)
v

aref<T> -> ()
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Asynchronous Reference (Aref)

> Cyclic buffer (D: aref size) » Shared states
— Limited GPU shared memory ~ Reduce mbarrier overheads
tensor<{Dx aref<tensor<T>>> aref<tuple<tensordT1>, tensor<T2>>>
full fall fall £ull
emplty | empty empty empty
—~ buffer | buffer buffer — buffer | buffer




Task-Aware Warp-specialization with Aref (Tawa)

OpenAI
Triton Program

| v

TTIR e Stage I
L7 DAG Analysis
TT(NV)GPUIR \l'
[ Stage II j
J

DAG Partitionin

\
LLVMIR . \[,
\
\N
N\
\
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Stage I: DAG Analysis

> Backward traversal through use-def chain

> Tile statement (Black edges)
— Perform actual computation

> [teration statement (Orange/Blue edges)
— Pointer arithmetic
— Not necessarily consecutive in the IR

rSc!:.{:or \
r Iterator \
\.'BlockArg
°7ar93 m32
Toargi32 Toargi32
‘ TMALoad ’ l TMALoad '
%argZQ:12‘3x64xF16 °7°ar327:128x64x4:16
' LocalAlloe LocalAlloe
7%30:ptr
Tramspose
Z31:ptr
/
WGM
K %32:128x128xF32 J

726:128x128xF16

TruncF

* Full DAG is not displayed here
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Stage Il: DAG Partitioning & Aref Generation

> Tag partitions (# of Partitions=2) (st (" tterstor ) A
— Partition 0 (WGO0): Load (Iteration statements) (Blockdrg
— Partition 1 (WG1): Compute (Tile statements) s gl |
— Partition 1 also needs to include the epilogue g 9
\_ _J
— For Blackwell, we need more semantics roles (e @g

Toarg29:128x64x£16
| | | | | |
LocalAlloe

7%30:ptr

l Tramspose '

\ 732:128x128x£32

Toarg2#:128x64xF16
LocalAlloe

TruncF

726:128x128xF16
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Stage Il: DAG Partitioning & Aref Generation

» Tag partitions (# of Partitions=2)
— Partition 0 (WGO0): Load (Iteration statements)
— Partition 1 (WG1): Compute (Tile statements)
— Partition 1 also needs to include the epilogue

> Loop distribution

wG0
fsc'F.'For ( \ W
Iterator
\_ J
[ aref.put J J
\_
waé1
é ScF.For\
Y
r aref.get ]
l T ranspose ’
v
WGEMMA
\ J
TruncF
*epﬂogue
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Stage Il: DAG Partitioning & Aref Generation

» Tag partitions (# of Partitions=2)
— Partition 0 (WGO0): Load (Iteration statements)
— Partition 1 (WG1): Compute (Tile statements)
— Partition 1 also needs to include the epilogue

> Loop distribution
— Create cyclic aref objects (size D)

taref = aref.create() # Dx aref<tensor<128x128xf1l6>>
# WGO
for k in range(K):
ta = tma_load(A, offs_am, offs_k)
tb = tma_load(B, offs_bn, offs_k)
tarefl[k % D].put(ta, tb)
offs_k += BLOCK SIZE K
# WG1
for k in range(K):
ta, tb = tareflk % D].get()
acc += wgmma(ta, tb)
taref[k % D].consumed()

* Pseudocode for demonstration

waG0

fsc'F.'For ( \ W
Iterator
\_ J
[ aref.put J J
\_
waé1
4 ScF.For\
Y
r aref.get ]
l T ranspose ’
v
WGEMMA
\ J
TruncF
*epﬂogue

Store
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Stage Ill: Aref Lowering

» Pattern matching and rewrite

— Only after rewriting the whole subgraph, it can be erased

N
[ﬁcreate_aref

J

extract extract
)
( put ) get [:consumed )
> Parity

-~ A mechanism to avoid deadlock
— Parity=1, it will skip the waiting

create_aref

Gol:uﬁ:er = local_alloc : mema(esc<bx$1x52x“:16>\
ZoFull_mbar = local_alloc : memdese<Dxi64>
°7°empty_ml>ar = local_alloe : memdesc<Dxi64>
init_barrier Zfull_mbar[i], 32*numWarps

Q\?t_.lmrrier Toempty_mbar[i], 1

put

wait_barrier Z%empty_mbarlk % D], parity ]

barrier_expect Zofull_mbar[k 7% D]
a\st/nc,_‘tma_loao! Zobufferlk % D]

get

[ wait_barrier Z%full_mbar[k % D], parity

consumed

(: arrive_barrier %oempty_mbarlk % D]

29



CUDA and Tensor Core Pipelining

> Focus on compute WG
~ Leverage asynchronous MMA

— GEMM: overlap address computation and mma

- FMHA: overlap softmax and mma

> Extract different stages from the program

— Tensor Core Stage: T_i
— CUDA Core Stage: C_i
-~ Downstream Tensor Core Stage: U_j

w/o Pipe'ining
> After aref generation before aref lowering
w/ Pipelining

another way
of P?(aelivﬁng
but requires

double buffer

—T‘

Un-1

T ¢ Ui
TO T Ui-1
co Ci
TO0 Ti Ui-1
ci-1

Un-1




Source level optimizations

» Support the following source level optimizations

» Cooperative Warp Groups
-~ Two WGs cooperate on a larger tile

— Higher register pressure, mitigated via setmaxreg
- Warp IDs are marked in the IR, codegen handles the rest

» Persistent Kernel

— Launch num_sm CTAs

waG0

wa1
— Looping over ALL tiles with the stride of num_sm

— Writes output when processing the final k tile o
(complex control flow) e

. (Tensor)
— Reduce CTA scheduling overhead o
(cud4)

— Overlap the epilog with the next tile

waG1

Al

LoadK

B1

waGa2

el

c

LoadO

CTA

N

Lounch

Overhead

LoadK

LoadO

@

Bjii)

Time
saved

V
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Experimental Settings

> Baselines
— CUuBLAS v12.7
— Triton (Oc7edf, one-year-old baseline, not yet had WS in late 2024)
- Default software pipelining (swp) is on. Pipeline depth is predetermined.

— Triton-Aref (Tawa)
* Aref size and MMA pipeline depths are manually chosen to maximize performance

- TileLang
— ThunderKittens

» Hardware
_ GPU: NVIDIA H100 SXM5 HBM3e
_ CUDA12.7

» Benchmark

— GEMM 8192x8192, varied K from 128 to 2048

- 8 warp groups for non-warp-specialized kernels, and 4+8 warp groups for warp-specialized
kernels

- MHA N=4, D=128
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Throughput (TFLOPs/s)

GEMM FP16 & FP8 Results

- Theoretical Peak cuBLAS B Tawa B Triton 0 TileLang B ThunderKittens
1200
1000 FP16 2000 kP8
800 1 1500 - =
600 -
1000
400 -
200 - 500
0- 0 -
256 512 1024 2048 4096 8192 16384 256 512 1024 2048 4096 8192 16384
GEMM K size

» 8192x8192xK, best tuned tile size
» CUBLAS: 1.01x on FP16, 1.06x on FP8
> Triton (swp): 1.13x on FP16, 1.02x on FP8 (overheads dominate)

> Both TileLang and ThunderKittens achieve good performance on FP16,
but worse on FP8




Flash Attention FP16 & FP8 Results

FA3 (CUTLASS) I Tawa B Triton

800 A FP16, causal=false

600 -
400 -

200 1

1024 2048 4096 8192 16384

1000 - FP8, causal=false

Throughput (TFLOPs/s)
o

750 1
500 +
250 1

1024 2048 4096 8192 16384

[0 TileLang BN ThunderKittens

800 -

600 -

400 -

200 1

o-

1000
750 1
500
250 1

FP16, causal=true

1024 2048 4096 8192 16384

FP8, causal=true

1024 2048 4096 8192 16384

Context length

» N=4, D=128

> FP16:96% of FA3, 1.21x over Triton
» FP8: 89% of FA3, 1.11x over Triton

» Perform better with long sequences
» ThunderKittens failed in FP8
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Hyperparameter Section
Non-Persistent GEMM Persistent GEMM

159 600

400

567 437

Aref Size (D)

200

(295/S40141) @2UewW0)udd

MMA Depth (P) MMA Depth (P)

> Increasing aref size generally improves performance
» Setting MMA pipeline depth to 1 or 2 is enough
> In all the cases, persistent kernels are better than non-persistent kernels
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Conclusions

> Proposed a general asynchronous dataflow communication structure
aref for warp specialization
and implemented end-to-end in the Triton compiler

» Development branch: https://github.com/triton-
lang/triton/tree/aref_auto_ws
— Most features have been merged into main (enable_warp_specialization=True)
-~ NVWS dialect: https://github.com/triton-lang/triton/pull/6288
— End-to-end aref: https://github.com/triton-lang/triton/pull/8262

> Blackwell optimization
— Actively developing, search aref in upstream Triton

— Check out Chris Sullivan’s talk “A Performance Engineer's Guide to NVIDIA
Blackwell GPUs in Triton” @ Triton Conference'25
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Challenge: Balancing Manual Control & Compiler Optimization

void systolic_tile(intd t A tile(2] (7681, Vanilla Matmul (1% theoretical peak perf.)

int8_t B_tile[768][2],

int8_t C_tile[2]1[2]) { 1 1 ~

#praqna dstatlow + Compute customization (~30% peak)
hls::stream<int8_t> A_fifo[2][3], B_fifol[2]1I[3]; + L_ .|.

#pragma stream variable=A/B_fifo depth=3

#pragma partition variable=A/B/C_tile complete dim=1 Oop tl Ing

f (int k4 = 0; k4 768; ka4++) { H

?cr)r %gnt m=0; m <<2; m++) { + LOOp Unronlng

int8_t v105 = A_tilel[m] [k4]; . . . .
A_fifolm] (0] .write(v1e5);) + Loop & function pipelining

1}
for (int Ti = 0; Ti < 2; ++Ti) {
#pragma HLS unroll

for (int Tj = 0; Tj < 2; ++Tj) { Compute
#pragma HLS unroll . .
Customization

PE_kernel(A_in, A_out, B_in, B_out, C, Ti, Tj);
Y

void matmul(int8_t A[512]([768], int8_t B[768][768],
int8_t C[512][768]

) {
int8_t local_A[2]1[768], local_B[7681[2], local_CI[2]I[2];

for (int mi = @; mi < 256; mi++) {
for (int ni = 0; ni < 384; ni++) {

systolic_tile(local_A, local_B, local _C);

‘llIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII.‘

PE PE

v v v v

Accelerator

s NN NS NN NN NS EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEER®

Memory

s EEEEEEEEEEEEEEEEEEEEEEEES

140JJ9 Suiwweldoid 3uisealdu|
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Challenge: Balancing Manual Control & Compiler Optimization

void systolic_tile(int8_t A_tile[2][768],

int8_t B_tile[768][2],

int8_t C_tile[2][2]) {

#pragma dataflow

hls::stream<int8_t> A_fifo[2][3], B_fifol[2]1I[3];
#pragma stream variable=A/B_fifo depth=3

#pragma partition variable=A/B/C_tile complete dim=1

for (int k4 = 0; k4 < 768; k4++) {
for (int m = 0; m < 2; m++) {
int8_t v105 = A_tilel[m] [k4];
A_fifo[m] [0] .write(v105);}

1}
for (int Ti = 0; Ti < 2; ++Ti) {
#pragma HLS unroll
for (int Tj = 0; Tj < 2; ++Tj) {
#pragma HLS unroll

PE_kernel(A_in, A_out, B_in, B_out, C, Ti, Tj);
Y

void matmul(int8_t A[512]([768], int8_t B[768][768]
int8_t C[512]1[768]

) {

int8_t local_A[2][768], local_B[768][2],
for (int mi = @; mi < 256; mi++) {
for (int ni = @0; ni < 384; ni++) {

systolic_tile(local_A, local_B, local _C);

Memory
Customization

Compute
Customization

’

local_C[2][2];

FIFO: [T
> E: PE PE :
— - :
<:> : -‘:2 - > - > - > - > E
e e = =5 1

- o :
| ¢ | | I | :
= . :
Accelerator :

Vanilla Matmul (1% theoretical peak perf.)
+ Compute customization (~30% peak)
+ Loop tiling
+ Loop unrolling
+ Loop & function pipelining
+ Custom memory hierarchy (~50% peak)
+ Tiling & data reuse buffers
+ Memory banking/partitioning

140JJ9 Suiwweldoid 3uisealdu|
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Challenge: Balancing Manual Control & Compiler Optimization

void systolic_tile(int8_t A_tile[2][768],
int8_t B_tile[768][2],
int8_t C_tile[2][2]) {
#pragma dataflow
hls::stream<int8_t> A_fifo[2][3]1, B_fifo[2][3];
#pragma stream variable=A/B_fifo depth=3
#pragma partition variable=A/B/C_tile complete dim=1
for (int k4 = 0; k4 < 768; k4++) {
for (int m = 0; m < 2; m++) {
int8_t v105 = A_tilel[m] [k4];
A_fifo[m] [0] .write(v105);}

1}

for (int Ti = 0; Ti < 2; ++Ti) {
#pragma HLS unroll

for (int Tj = 0; Tj < 2; ++Tj) {
#pragma HLS unroll

PE_kernel(A_in, A_out, B_in, B_out, C, Ti, Tj);
Y

void matmul(int8_t A[512]([768], int8_t B[768][768],
int8_t C[512]1[768]

) {

int8_t local_A[2][768], local_B[768][2],
for (int mi = @; mi < 256; mi++) {
for (int ni = 0; ni < 384; ni++) {

local_C[2][2];

systolic_tile(local_A, local_B, local _C);
+

Communication
Customization

Memory
Customization

Compute
Customization

Vanilla Matmul (1% theoretical peak perf.)
+ Compute customization (~30% peak)
+ Loop tiling
+ Loop unrolling
+ Loop & function pipelining
+ Custom memory hierarchy (~50% peak)
+ Tiling & data reuse buffers
+ Memory banking/partitioning
+ Data movement optimization (~95% peak)
+ Data streaming
+ Data packing (vectorization)
+ Memory coalescing
+ Systolic communication

140JJ9 Suiwweldoid 3uisealdu|
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Challenge: Balancing Manual Control & Compiler Optimization

void systolic_tile(int8_t A_tile[2][768],

int8_t B_tile[768][2],
int8_t C_tile[2][2]) {
#pragma dataflow

hls::stream<int8_t> A _fifo[2][3],

B_fifo[2] [3];

#pragma stream variable=A/B_fifo depth=3
#pragma partition variable=A/B/C_tile complete dim=1

for (int k4 = 0; k4 < 768; k4++) {
for (intm = 0; m < 2; m++) {
int8_t v105 = A_tilel[m] [k4];

A_fifo[m] [0].write(v105);}

33

for (int Ti = 0; Ti < 2; ++Ti) {

#pragma HLS unroll

for (int Tj = 0; Tj < 2; ++Tj) {

#pragma HLS unroll

PE_kernel(A_in, A_out, B_in, B_out, C, Ti, Tj);

Fr}

void matmul(int8_t A[512]([768],

int8_t C[512][768]
) {
int8_t local_A[2][768],

local_B[768][2],
for (int mi = @; mi < 256; mi++) {

for (int ni = 0; ni < 384; ni++) {

systolic_tile(local_A, local_B, local _C);
+

On-chip buffer

N E NN NN NN EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEENEEEEEEEEEEER .

Communication
Customization

Memory
Customization

Compute
Customization

int8_t B[768][768],

local_C[2][2];

Vanilla Matmul (1% theoretical peak perf.)

+ Compute customization (~30% peak)
+ Loop tiling Existing HLS compiler
+ Loop unrolling e.g., ScaleHLS [HPCA22]
+ Loop & function pipelining

Accelerator

+ Custom memory hierarchy (~50% peak)
+ Tiling & data reuse buffers
+ Memory banking/partitioning
+ Data movement optimization (~95% peak)
+ Data streaming
+ Data packing (vectorization)
+ Memory coalescing
+ Systolic communication

A4

vendor-specific, hard to maintain & reuse

140JJ9 Suiwweldoid 3uisealdu|

| ~500 lines of HLS code for a small systolic array
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Allo Accelerator Design Language (ADL) and Compiler
&4{& Pythonic: No need to learn a new DSL!
alle

| def [matmul(A: float32[M, KI,

\\ B: float32[K, NI)
Programs Algorithm —> float32[M, N]:
_________________ i ficati L—] c—£l0at32[M, N] = 0.0
: Specification for [i, j, k in allo.grid(M, N, K):
Parser P | efi, j1 += Ali, kI * Blk, jl
v i \ return]C
Type System python |
""""""""" I « Free-form imperative programming
! _ « Python native keywords (e.g., for, if, else)
IR Builder | . :
; Q - Explicit type annotation
Scheduler MLIR |

- P

Code Generator

l l

NNNN 15l
dlre D - -
JICPUIBE 2D F
a D ™ FPGAs I

UuUuUvV (AN N



Allo Accelerator Design Language (ADL) and Compiler

W~
oG

Programs

— b :
Pallser ﬁ |

Type System python

IR Builder |
v @ i
Scheduler MLIR

l l

NNNN 15l
dlre D - -
JICPUIBE 2D F
a D ™ FPGAs I

UuUuUvV i1t

Pythonic: No need to learn a new DSL!

\\

Algorithm
Specification

——

Decoupled customization

Compute Cust.

Memory Cust.

Comm. Cust.

f def matmul(A: float32[M, KI,
B: float32[K, NIJ)
—> float32[M, NI:
C: float32[M, N] = 0.0
for i, j, k in allo.grid(M, N, K):
Cli, jl += Ali, kI * Blk, jl

return C

= allo.customize(matmul)
.reorder("k", "j")
.buffer_at(s.C, axis="i")
.pipeline("j")

nu un n n
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Allo Accelerator Design Language (ADL) and Compiler
\-air ld: Stepwise verifiable rewrites | fii, amon oo s
-nl 5 = a.L.LO. customize(gemm) i :?}}-ﬁg;oreggigéailgcig ig;ge{= C"} : memref<1024x1024xf32>

affine.for %arg3 = 0 to 1024 {

S. r‘eordel‘( "k" ’ "j " ) B affine.for %arg4 = 0 to 1024 { i

Programs print(s.module) — ) floonome = )
I} {loop_name = "i", op_name = "S_i_j_0"}
e i _______________________ S, buffer_at ( S, C , axj_s:" i“ ) i };eturn %alloc : memref<1024x1024xf32> I
print(s.module) @ { ''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''
module

func.func @gemm(%arg0d: memref<1024x1024xf32>, %argl:
memref<1024x1024xf32>) —> memref<1024x1024xf32> {

%alloc = memref.alloc() {name = "C"} : memref<1024x1024xf32>
affine.for %arg2 = 0 to 1024 {

%alloc_0 = memref.alloc() : memref<1024xf32>

affine.for %arg3 = 0 to 1024 {

s.pipeline("j")
Type System python Pri“t(s'mOdUIe)\

L e e e il 1

module {
IR Builder |
v @ i

Parser i

} {buffer, loop_name = "j_init", pipeline_ii = 1 : i32}
affine.for %arg3 = 0 to 1024 {

func.func @gemm(%arg0d, %argl) —-> memref<1024x1024xf32> { N
affine.for %arg4 = 0 to 1024 {

1
Lo
1 1
| 1
1
%salloc = memref.alloc() {name = "C"} : memref<1024x1024xf32> | 1
affine.for %arg2 = 0 to 1024 { - s e
affine.for %arg3 = 0 to 1024 { ! } {loop_name = "j"}
affine.for %argd = 0 to 1024 { ro } {loop_name = "k'", op_name = "S_k_0", reduction}
i 1 affine.for %arg3 = 0 to 1024 {
I
| 1
| 1
1 1
| 1
1 1
| 1
1

loop_name = "j", pipeline v
¥ {loop_ ] pip ¥ } {buffer, loop_name = "j_back", pipeline_ii = 1 : i32}

} {loop_name = "K', op_name = "S_k_0", reduction}
.. } {loop_name = "i", op_name = "S_i_j_0"}
Scheduler M LI R } {loop_name = "i", op_name = "S_i j 0"} return %alloc : memref<1024x1024xf32>
return %alloc : memref<1024x1024xf32> b
1y | TS oossoosooooooosoosooooooooooooe-

Code Generator

nnNn 1511

CPU

UUUU 151 45
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Transforming GEMM to Systolic Array

- = Algorithm specification 3
idef matmul(A: int8[M, K], hon !
| B: int8[K, NI, python

C: int16[M, N]):
for i, j in allo.grid(M, N, "PE"):
for k in range(K):
Cli, j1 += Al[i, k] x B[k, jl

____________________________________________________________

-> Schedule construction
is = allo.customize(matmul)

* Schedule: A sequence of customization primitives




Transforming GEMM to Systolic Array

- => Algorithm specification P

idef matmul(A: int8[M, K],
! B: int8[K, NIJ,

B, B

C: int16[M, N]): (/Ode
for i, j in allo.grid(M, N, "PE"): . 699&5 ) :
. _ L e fifo_B fifo_B
for k in range(K): .d(\e (,Od — _

Cli, jl += Ali, k]l * B[k, j]

- Schedule construction O(\\\)

s = allo.customize(matmul)

' buf_A = s.buffer_at(s.A, "j")
'buf_B = s.buffer_at(s.B, "j")
' pe = s.unfold("PE", axis=[0, 11,

' factor=[M, NIJ)
s.partition(s.A, dim=0)
's.partition(s.B, dim=1)

' s.partition(s.C, dim=[0, 11)
'S +
S +

.to(buf_A, pe, axis=0, depth=
.to(buf_B, pe, axis=1, depth=

=z =<

* Schedule: A sequence of customization primitives




Transforming GEMM to Systolic Array

________________________________________________________________________________________________________________________________

- Algorithm specification P - CPU Simulation o
def matmul(A: int8([M, KI, : mod = s.build(target="1lvm") E CPU E
B: int8[K, NI, python T

A = np.random.randint(-8, 8, size=(M, K)) \
.astype(np.int8)

for i, j in allo.grid(M, N, "PE"): i i
' B = np.random.randint(-8, 8, size=(K, N)) \ i

for k in range(K):
Cli, jI += Ali, k]l * B[k, jl

i C: int16I[M, NJ]): i

.astype(np.int8)
C = np.zeros((M, N), dtype=np.intl16)
mod(A, B, C)
np.testing.assert_allclose(C, A @ B, atol=le-3)

___________________________________________________________

-> Schedule construction

s = allo.customize(matmul)
buf_A = s.buffer_at(s.A, "j")
buf_B = s.buffer_at(s.B, "j")
pe

i = s,unfold("PE", axis=[0, 1], i
i factor=[M, NIJ) |
' s.partition(s.A, dim=0) |
' s.partition(s.B, dim=1) i
' s.partition(s.C, dim=[0, 11) i
' s.to(buf_A, pe, axis=0, depth=M + 1)

is.to(buf_B, pe, axis=1, depth=N + 1)
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Transforming GEMM to Systolic Array

-> Formal Verification [FPGA'24 Best Paper*] 2l

—-—

- Algorithm specification P c
def matmul(A: int8I[M, K], . mod = s.verify() c CPU
B: lnt8[K, N], pl:] on UUUU

for i, j in allo.grid(M, N, "PE"):
for k in range(K):
Cli, jI += Al[i, kI * B[k, jl

| C: int16I[M, NJ]): i
| i Vanilla Vanilla

i i Schedule C++

' | Optimized Optimized
Schedule HLS C++

___________________________________________________________

-> Schedule construction

ipe = s.unfold("PE", axis=[0, 11, « Support statically interpretable control-flow (SICF)
i factor=[M, NIJ) |

' s.partition(s.A, dim=0) |
' s.partition(s.B, dim=1) i
' s.partition(s.C, dim=[0, 11) i
' s.to(buf_A, pe, axis=0, depth=M + 1)
is.to(buf_B, pe, axis=1, depth=N + 1)

 Verification in time/space linear w.r.t. OPs executed
« ~500K Ops/sec in verification throughput
« A complex 64x64 systolic array verified in 16 minutes

* L.-N. Pouchet et al., “Formal Verification of Source-to-Source Transformation for HLS”, FPGA 2024 (Best Paper Award)

s = allo.customize(matmul) ,
buf A = s.buffer_at(s.A, "j") « A formal equivalence checker of source-to-source HLS
buf B = s.buffer_at(s.B, "j") transformations via symbolic execution



Transforming GEMM to Systolic Array

———————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————————

-> Algorithm specification P
def matmul(A: int8[M, K], -
B: int8[K, NI, python

for i, j in allo.grid(M, N, "PE"):
for k in range(K):

i C: int16[M, N]):
Cli, j1 += Ali, kI * Blk, j]

___________________________________________________________

-> Schedule construction

s = allo.customize(matmul)
buf_A = s.buffer_at(s.A, "j")
buf_B = s.buffer_at(s.B, "j")
pe

i = s,unfold("PE", axis=[0, 1],

i factor=[M, NIJ)

' s.partition(s.A, dim=0)

' s.partition(s.B, dim=1)

' s.partition(s.C, dim=[0, 11)

' s.to(buf_A, pe, axis=0, depth=M + 1)
is.to(buf_B, pe, axis=1, depth=N + 1)

- Formal Verification [FPGA'24 Best Paper*] ==,
mod = s.verify() E CPU E
Vanilla Vanilla

Schedule C++

Optimized Optimized
Schedule HLS C++

- Bitstream generation -
mod = s.build(target="vitis_hls", EE
mode="hw"', I

project="systolic.prj")



Transforming GEMM to Systolic Array

- Spatial loop: i,

s = allo.customize(matmul)

buf_A = s.buffer_at(s.A, "j")

buf_B = s.buffer_at(s.B, "j")

pe = s.unfold("PE", axis=[0, 1],
factor=[M, NI)

s.partition(s.A, dim=0)

s.partition(s.B, dim=1)

s.partition(s.C, dim=[0, 11)

s.relay(buf_A, pe, axis=0, depth=M + 1)

s.relay(buf_B, pe, axis=1, depth=N + 1)

] Bo

'

B,

fifo_B fifo_B

__________________________________________

- Spatial loop: K, |

s = allo.customize(matmul)

mnmaqii (1] II)

s.reorder("k", "j",

buf_A = s.buffer_at(s.A, "j")
buf_C = s.buffer_at(s.C, "j")
pe = s.unfold("PE", axis=[0, 1],

factor=[K, NI)

s.partition(s.A, dim=0)
s.partition(s.B, dim=[0, 1])
s.partition(s.C, dim=1)
s.relay(buf_A, pe, axis=0)
s.relay(buf_B, pe, axis=1)
j Co C4
fifo_C fifo_C

AﬁH!!

- Spatial loop: j

s = allo.customize(matmul)
buf_A = s.buffer_at(s.A, "j")
buf_B = s.buffer_at(s.B, "j")

pe = s.unfold("PE", axis=1,
factor=M)

s.partition(s.B, dim=1)
s.partition(s.C, dim=1)
s.relay(buf_A, pe, axis=0)
s.relay(buf_B, pe, axis=1)
Bo
]
—
fifo_B fifo_B

B, |

Realize different dataflows
with minimal schedule code

51



Single-Kernel Evaluation

> Benchmarks from PolyBench; Target hardware: AMD U280 FPGA
> Normalized against AMD VitisHLS-auto (pragmas automatically inserted)

» Other baselines
— ADLs: HeteroCL [FPGA'19], Dahlia [PLDI'20], PyLog [TC'21]
— Automated DSE for HLS: ScaleHLS [HPCA'22], Merlin [TRETS'22]

° B Allo ScaleHLS . HeteroCL PyLog B Merlin - Dahlia Il VitisHLS (auto)
= |
= 4000- 817x 775% 1099% 706x 820x 827 x 837x
n 575X
— 500" 297 % 213x 328x
I 132% 167 X
£ 100
>
o
3 104
Q
=
©
g 11 N a m i 1
Q
2mm 3mm atax bicg correlation gemm gesummv jacobi-2d  mvt symm syr2k syrk trmm

Allo achieves (much) higher performance by optimizing
data placement with a custom memory hierarchy




Single-Kernel Evaluation

» Compared to ScaleHLS [HPCA22], Allo achieves
— Lower latency with much more effective use of compute resources
— Higher post place-and-route frequency due to better pipelining

Allo ScaleHLS

Benchmark Tatency I DSP PnR Lines of Compile | Latency DSP  PnR Compile

(cycles) Usage Freq. (MHz) Allo Custm. Time (s) | (cycles) Usage Freq.(MHz) Time (s)
atax 4.9K (| 3.9%) 1 403 (T 2.9x) 411 9 1.0 194K 4 141 329 36.1
correlation | 498.7K (] 290.5X) 1 4168 (T 38.2x) 362 19 0.8 1449M 667 109 305 638.8
jacobi-2d | 58.8K (| 183.1x) 1 3968 (] 72.1x) 411 17 0.9 10.8M 28 55 308 47.9
symm 405.7K (] 427.4x) 1 1208 (T 201.3x) 402 15 1.0 1824M 13 6 397 3.5
trmm 492.6K (| 78.0x) 1 101 (T 14.4%) 414 12 0.8 38.4M 4 7 382 14

Allo achieves (much) higher performance by optimizing

data placement with a custom memory hierarchy
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How to Compose Optimized Kernels into Complete Accelerator?

Ksed
APy
KN
Optimized High-performance
Kernels Accelerator
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Behavioral Composition

- Given optimized kernel implementations

def matmul(A: int8I[M, K],
B: int8I[K, NI,
C: intl1le[M, NI)

Mismatched

interface ~s2.partition(s.A, Gif=d)

matmul

Matched
interface!

- Algorithm specification (Hierarchical)

def top(X: int8I[M, KI, W_A: int8[K, NI,
W_B: int8[N, K], Y: int8I[M, K]):
Y: int8[M, N] = 0
Z: int8[M, K] =0
matmul(X, W_A, Y)
matmul(Y, W_B, Z)
return Z

Wi

Need to ensure
interface consistency Z

55



Behavioral Composition
(T, T) (T, T) » Keyidea: Model memory banking as a

top:X top:W .
T pl : type to ensure kernel interfaces are
consistent
(Cte: T) matmul:A matmul:B (T Ce)
Coe) Subtyping relation forms a lattice!
| 16, L 16
matmul:C Complete cycllc No
1 partltlon partltlon

(T, T top:y top:Wig (T, T) N Qv -
(Ci6, T) matiul:A matiukB (T, C16) / \
\‘/(Cm,(,’w) \ /i_i -

matmul:C

Q

2

! block &

top:Z (T,T)

Hierarchical use-def graph



Multi-Kernel Evaluation: A Complete LLM Accelerator

» GPT2 model (the only open-source LLM in the GPT family)
— 355M parameters, 24 hidden layers, 16 heads
-~ WA4A8 quantization

Multi-Head Attention (MHA) , Feed-Forward
FIFO X' Linear Network (FFN)
LQ —> —)X—) — ... Non-Linear - -
Data loader : * 0> GL )*?],‘\X ,F
—»(X —>» —» Lg —>»buf—> —»(X »Mask»SM |—> v
LKV< . Y || m LN
—>»(X —>» —>» Ly —>»buf—>» > X X >LN>+
SDP v
. } L e
def GPT_layer(inp: float32[L, DI, ...) e e :
—> float32]L, DI:  Compose all the schedules together |
|
Q = Linear_layer_qkv(inp, Wq, Bq) ! s = allo.customize(GPT_layer) :
K = Linear_layer_gkv(inp, Wk, Bk) 1 s.compose([s_qgkv, ..., s_gelul) I
V = Linear_layer _gkv(inp, Wv, Bv) b el
attn_sf_outp = Self_attention(Q, K, V)

return ffn_res_outp



LLM Accelerator Evaluation

» GPT2: single-batch, low-latency, generative inference settings
— Full design running on an AMD Alveo U280 FPGA (16nm) at 250MHz
— 2.2x speedup in prefill stage compared to DFX [MICRO'22] (an FPGA-based overlay)

- In decode stage, 1.9x speedup for long output sequences and
5.7x more energy-efficient vs. NVIDIA A100 GPU

— Fewer than 50 lines of schedule code in Allo

A100 GPU Alveo U280
7nm (ours) 16nm
Max M: 16415 (temporal) Max M: 1289
Bandwidth: 1935 GB/s Bandwidth: 498 GB/s
] = Ao Tesla A100 i Allo DEFX
£ 103 - DFX GTX 1080Ti E Device U280 U280
- : Freq. 250MHz 200MHz
L i BRAM 384 (19.0%) 1192 (59.1%)
10! I i DSP 1780 (19.73%) 3533 (39.2%)
[B2:1] [32:4] [32:16] [32:64] [32:256] [128:1] [128:4] [128:16] [128:64][128:256] FF 652K (25.0%) 1107K (42.5%)
[Input:Output] Sequence length (tokens) LUT 508K (39.0%) 520K (39.9%)

H. Chen et al., “Understanding the Potential of FPGA-Based Spatial Acceleration for Large Language Model Inference”, ACM TRETS
(FCCM Journal Track), 2024. 58



Structural Composition: Producer-Consumer

- Data communication (Stream) as a first-class citizen

Enable type checking on read/write consistency

i —,’
A'_’___lp

&5 __ >

put

_>

(oroo(ucer

stream<Ty, Depth>

T 1>

& _ _ -»
&5 _ _ >

consumer

Ty float32
M, K

N, = 16, 16, 16
@df.unit()
def top():

pipe: Stream[Ty, 2]

@df.work(mapping=[1])
def producer(A: Ty[M, NJ]):

for i, j in allo.grid(M, N):

pipe.put(Afli, jl)

@df.work(mapping=[1])
def consumer(B: Ty[M, N]):

for i, j in allo.grid(M, N):

Bl[i, j] = pipe.get() + 1

S. Fang*, H. Chen* et al., “Dato: A Task-Based Programming Model for Dataflow Accelerators”, arXiv, 2025.
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Structural Composition: Systolic Array

@Qdf.region()

def top():
fifo_A: Stream[int8, 4] [P0, P1]
fifo _B: Stream[int8, 4] [P0, P1]

@df.kernel(mapping=[P@, P1])
def gemm(A: int8[M, KI,
B: int8[K, NI,
C: int16[M, NJ):
i, j = df.get_pid()

with allo.meta_if(i in {0, M + 1}
and j in {0, N + 1}):
pass
with allo.meta_elif(j == 0):

for k in range(K):
fifo_Ali, j + 1]l.put(A[i - 1, k])
with allo.meta_elif(i == 0):

for k in range(K):
fifo B[i + 1, jl.put(Blk, j - 11)
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Structural Composition: Systolic Array

@Qdf.region()

def top():
fifo_A: Stream[int8, 4] [P0, P1]
fifo _B: Stream[int8, 4] [P0, P1]

with allo.meta_elif(i == M + 1 and j > 0):
for k in range(K):
b: int8 = fifo_B[i, jl.get()
with allo.meta_elif(j == N + 1 and i > 0):
for k in range(K):
a: int8 = fifo_A[i, jl.get()

with allo.meta_else():
c: intlo = 0
for k in range(K):
a: int8 = fifo_A[i, jl.get()
b: int8 = fifo_B[i, jl.get()
C +=a x b
fifo_A[i, j + 1].put(a)
fifo_B[i + 1, jl.put(b)
Cli-1, j-1] =c




Experiments: FPGA

« Same interface for designing high-performance systolic array

« Target Alveo U280 FPGA (300MHz)

1

L3

L2

COMP

COMP

L1

200 -

= =
N U1 N
Ui O WU

Throughput (GOP/s)
o
o

N
o U

Bl Dato
B Allo

- Theoretical Peak

(LB N |
o !,

643 1283 2563 5123 10243
GEMM Size
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Allo Dataflow Programming Interface

« Layout as a refinement type of the tensor

import allo

import allo.dataflow as df

from allo.ir.types import int8, Stream
from allo.memory import Layout

Ty, M, PO = int8, 16, 2

S = Layout.Shard producer_0 consumer_0 Ty[16,16] @ Layout("...")
R = Layout.Replicate >0
_ ALZ]) comp | —»| comp |BL:E] ‘AR R 'SR' R
@df.unit()
def top(): x[:®, :]
Z: Stream[Ty[M // PO]][PO] producer_1 consumer_.1 R XD, ] Sl)([;gl :]l
@df.work(mapping=[P@]) AL2:] Z1 ----
def producer(A: Ty[M] @ [5(0)1): COMP |—b| COMP Rs' S 'ss' S
wid = df.get_wid() b rﬂ} A @1
Z[wid].put(Al:]) Al16 Layout('s") B[16] @ Layofi("s") R :_ °°~ RS & . *S'._,;'
] (I I
@df.work(mapping=[PQ]) MEA MEA (a) X1 X, & J'_+\°'; B

def consumer(B: Ty[M] @ [S(0)]):
wid = df.get_wid()
B[:] = Z[wid].get() + 1



Allo Dataflow Programming Interface

 Virtual mapping
« .bundle() and .chain() at the IR

import allo
from allo.memory import Layout CO = AOXBO + A1xB1

'. --- s2 s0 s0
% ! A0l 41| x |BO|l | = |cO I
|

S = Layout.Shard Bl ' |Bf!
Pk, Pm, Pn =2, 2, 2

s s2 | s el |
I B1 I

[ Bl R

A0 BO A1 B1

@df.unit()
def top():

@df.work(mapping=[Pn, Pm, Pk]) s s
def gemm( g
A: Ty[M, KI @ [S(1),S(2)
B: Ty[K, N] @ [S(2),S(@)
C: Ty[M, N] @ [S(1),S(0)
part_C = allo.matmul(A, B
allo.allreduce(part_C, op="+" el ps°
Cl:, :] = part_C

!
|
o
L

LS

0
)
=
=1
S
=
v

’
[
’ [
) 1
A |

N e ]
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Experiments on NPU

»
o

-
(6]

Performance (TOP/s)
o o

S
o

AMD XDNA1T NPU (4x5 compute tiles)
GEMM (M, N, Kin {256, 512, 1024, 2048}
MLIR-AIR results similar to IRON (MLIR-AIE) thereby not shown in the figures

i16 bf16 i8 Mixed Precision
util. = 75.01% util, = 47.56% | ° ] util. = 61.58% util. = 64.22% util. = 84.38%
util. = 75.03% util. = 48.91% util. = 56.91% :
util. = 72.55% util. = 46.73% 6 util. =2 55.51%
4 d

—— Dato —— iBxi4

—— ARIES —— i8xi8

—— Roofline —— Roofline

0 200 400 600 200 400 600 0 500 1000 500 1000 1500

Arithmetic Intensity (OPs/byte)
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Experiments: MHA

« Flash Attention on NPU, mapping to the whole array

« MHA: H=12, D=64, L=[128,2048]

« FFN: D=768, 3072

import allo

@df.work(mapping=[P0,1])

from allo.ir.types import bfloat16,\ def softmax():

Stream, Layout
Layout.Shard
Layout.Replicate

y = bfloatl6

0, PL=N// Tq, N // Tkv

.unit()

top():

q: Stream[Ty[Tq,d]][PO,P1]

s: Stream[Ty[Tq,Tkv]][PO,P1]
w: Stream[Ty[Tq,Tkv]][PO,P1]
exp_sum: Stream[Ty[Tql] [PO]
exp_scale: Stream[Ty[Tqll[PO]
0: Stream[Ty[Tq,d]][P@,P1]

@df.work(mapping=[P0,1])

def send_q(Q: TyI[N,d] @ [S(@), RI):

tid, _ = df.get_wid()
for i in range(P1):
qltid,il.put(Q)

@df.work(mapping=[P0,P1])
def gemm0 (K: Ty[d,N] @ [R, S(1)]):
tid, tj = df.get_wid()
s[tid,tj].put(allo.matmul(
qltid,tjl.get(), K))

ti, _ = df.get_wid()
max_: Ty[Tkv]
sum_: Ty[Tkv]

init_softmax_kernel(max_, sum_)
for i in range(P1):
weight: Ty[Tq, Tkv]
scale: Ty[Tkvl
online_softmax_kernel(
s[ti,il.get(), max_, sum_, weight, scale)
exp_scale[ti].put(scale)
wlti,i]l.put(weight)
exp_sum[ti].put(sum_)

@df.work(mapping=[P0,P1])
def gemml(V: Ty[N,d] @ [S(1), R]):
ti, tj = df.get_wid()
o[ti,tj]l.put(allo.matmul(
wlti,tjl.get(),V))

@df.work(mapping=[P0,1])

def acc(0: Ty[N,d] @ [S(@), Rl):
output: Ty[Tq,d] = 0
ti, _ = allo.get_wid()
for i in range(P1):

rescale_kernel(output, exp_scale[ti].get())
allo.add(output, ol[ti,i].get())

output[:,:] =
scale_kernel(output,exp_sum[ti].get(),0)

(o]

Latency (us)

S~(j)

— “]i(j

COMP

COMP

COMF.

MEM

?

comp |\

——»exp_scale

———» eTp_SUM

= QinT

= exp(Si(j) —mY

) (7)

=PV
y

comp comp
comp comp
comp comp
COMR, comp
MEM MEM

ko 1 %9

K1 Vi

Q0 00 Q101 Q202

COMP

COMP

COMP

=)
/

MEM

I

Q303

B

N

Sequence Length

U KO ; Zu VO ;I ¢
Q4 o4 o5 Q& Q7?07
165 MHA 1e4 FFN
I Dato
| I IRON
X
128 256 512 1024 2048 128 256 512 1024 2048
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Allo ADL Summary

") PyTorch &—f"f
O e > ﬂll'?& [PI:AD"I924]

Programs

i Parser
€ *

python Type System
e L
v
IR Builder
/ ; Verifier
@ v ~ PEQC
M LI R Scheduler [FPGA24]

I
Optimizedl MLIR

Code Generator

cornell-zhang/allo

Allo Accelerator Design and Programming
Framework (PLDI'24)

https://qgithub.com/cornell-zhang/allo
Ay 38 ® 51 Ch 29 .. 351 % 64 O

Contributors Issues Discussions Stars Forks

oo srown JT iLLINOIS  Intel. AMDZV

A H N
SIiMlE H o
UNIVERSITY w I I I I I L] Microsoft

LLVM IR HLS C LLM-FPGA l Dato i APU l .
l - l [FCCM24] [ArXiv'25] ! [MICRO25] Ge.cI{rgla 7VIRGINIA
nnon 1001 | C R ech.
qlr D - - !
= b - :'l__. = ' THE UNIVERSITY OF
E aﬁ\é " T cuicaco UCLA IMPERIAL
UUUU T NPU ASIC
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From Hardware Generation to ...

(2 HW>native.
Primitives

Development Time
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What's Next?

> Learning the bitter lesson - Most significant progress in Al has come
from scaling, where more compute, data, and general meta-methods
beat specialized, human-designed strategies in the long run

> LLM agents are eating the world.
> Can they help tackle system problems?

> Both Tawa and Allo have manually designed optimization algorithms, can
we use LLM to generate those algorithms?

* Rich Sutton, "The Bitter Lesson", 2019



HeuriGym: Agentic Benchmark for LLM-Crafted Heuristics

HeuriGym

" leaderboard cs.LG arXiv:2506.07972 | @ Hugging Face fheurigyr

[§About - &Problems - #%Quick Start - #/LLM Solver Agent - <Contribute - B Citation

W About

HeuriGym is a benchmark for evaluating how well LLMs generate and refine heuristics for real-world combinatorial
optimization (CO) tasks through agentic, code-driven interaction.

@

Problem Description N g Heuristic Final
4 Prompt '> : Generate Results
in electronic design automation (EDA), ... solution file: str): [f=====14
a
ons r a cont dat

mizes the ov

Background

scheduling

11

LLM

A

Uonen|eAg

l Stage I: Execution

minmax(t; + d;)
seS ic0

The

The

L

Input
input

Format
is provided in

with the following struc

# Output Format
> output

schedule of the program. For ex

JSON forma
ture:

should provide the exe

cution
ample, ...

/

Feedback

% Solution File

Stage llI: Verification

¢ Constraints
Satisfaction e(}

Verifier

]<_

Cost
——{ali

Evaluator

]‘_

ata flow >
eduling problem
N . Loas Demo
e ule $s s <—E"§rs—[ 0 Compiler / Interpreter HD""‘
verall latency SL$

A tradeoff space of quality and yield

1.0
- QYI=0.20
~ QYI=0.40
0.8 ~+-QYI=0.60
----- QYI=0.80 |
> 0.6 - Gemini-2.5-Pro,
o] -
- Gemini-2.5-Flash GPT-04-mini
3 ,, Qwen3-235B 9Deep5eek-R1
© 0.4 ‘ .Clau e-3.7-Sonnet
LLaMA—i:Mave?‘?c?%%k-VB.
0.2 - e LLaMA-3.3-70B
0-0 T T 1 1
0.0 0.2 0.4 0.6 0.8 1.0
Yield

Q https://github.com/cornell-zhang/heurigym

H. Chen et al., “HeuriGym: An Agentic Benchmark for LLM-Crafted Heuristics in Combinatorial Optimization”, ICLR, 2026.

* SOTA LLMs in early 2025 achieve a
quality-yield index (QYI) score of 0.6, where
1.0 = human expert
« More results available on HeuriGym leaderboard
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-t }"gellanz Autonomous Discovery of Novel Compile
| Optimization Heuristics with AlphaEvolve

Hongzheng Chen, Alexander Novikov, Ngan (NV) Vi,
Hanna Alam, Zhiru Zhang, Aiden Grossman,
Mircea Trofin, Amir Yazdanbakhsh
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AlphaEvolve in a Nutshell

C’} Scientist / Engineer

Prompt template Choice of existing . I.mt'al program
. - Evaluation code with components
and configuration or custom LLMs to evolve

I _— l _—

p— e
Program database| Best program

Distributed Controller Loop

|
|
parent_program, inspirations = database.sample() I
prompt = prompt_sampler.build(parent_program, inspirations) |
diff = 1llm.generate(prompt) :
child program = apply diff(parent_program, diff) :
results = .execute(child program) !
database.add(child _program, results) |

©  AlphaEvolve

Data Center Optimization Hardware Optimization
Borg Scheduling TPU Circuit Design

* https://deepmind.google/blog/alphaevolve-a-gemini-powered-coding-agent-for-designing-advanced-algorithms/

'/K(K((

Y

.0

eA

-

(

.
.V.
AN

'

Software Optimization
Gemini Training
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Evolving Compiler (passes) using LLM Agents

Application
Program

\.>\\b
¥ — clang

L/ llvm/lib/Analysis/AlphaEvolveRunner.cpp Executable

I // EVOLVE-BLOCK-START
void *AlphaEvolveRunner::evaluate() {

(D Policy ‘J: /. Policy : llvm-size/
Alphakvolve Proposal | i/ EVOLVE-BLOCK-END Template i perf stat

€ N OEiEE fi=====ssmssssooscasscssoo=c
Tuning

1

|
// [hyperparam]: ... I
static cl::opt<int> Baﬁ%@@ﬁﬁ@lﬁ@ms 1
threshold-base", :

cl::desc("Base threshold"), I
cl::init (400), cl::Hidden):; |

(4) Feedback Tt (2) Local
Reward + (logs, profiling results, etc.) Evaluation

Best score

The system works in an autonomous loop: A two-stage pipeline that decouples high-level policy design
(LLM-driven) from low-level parameter optimization (executed via an autotuner).



Case Study I: Function Inlining for Size (w/0 autotuner)

» Automatically discovered the entire heuristic based on arbitrary LLVM API calls
— Evaluated on internal search application and started from a naive heuristic
— Require more trials and errors compared to giving pre-defined features

— Production Ready — The generated heuristic is clean C++ that is ready to be directly
deployed upstream with minimal manual intervention

0.05

score

0.045 —
0.04 —
0.035 —
0.03 +

0.025 better than

0.02 —

a human-developed heuristic after 1.5 days!

0.01 —

0.005 —

0 lIm/num_samples

| I I I I I | I I I L
Q o \00 \‘30 (?/QQ (?530 %QQ %(00 [xQQ b?JQ 606 660
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Case Study I: Function Inlining for Size (w/ Autotuner)

» Use the workflow combining AlphaEvolve+Vizier
— 15 iterations * 10 Vizier samples / iter
— Significant boost on program sampling efficiency!
— Only 2/15 = 13% of programs are invalid! 5x reduction compared w/ previous one
— Only 5 hours to achieve the same level of size reduction! 7x time reduction

Best (samples)

o More than +5% better than
bor- a human-developed heuristic with only 5 hours!

-0.015 — lIm/num_samples

score
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Case Study I: Function Inlining for Size
Temporal Generalization

o

o

B AlphaEvolve [ NN Model

7.00% T

% 0 . °0
.. 5.95% g9, 5.52% coo 5.75% 509, 5.9%c 67%
. (+ M .

5.00% —+
4.00% —+
3.00% —+
2.00% —+

1.00% —+

0.00% -
May 1, 2025 June 1, 2025 July 1, 2025 Aug 1, 2025

Evaluated on four different timestamps with one-month interval
Compared w/ a two-year old TensorFlow NN model (we didn't retrain it!)
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Case Study I: Function Inlining for Size
Domain Generalization

Internal binaries with same

12.38% B Aphakvolve [l NN Model compilation flags enabled
12.50%
29, 2
10-626°269% 1015050, 10655309
10.00% 9.465:28% : .
8.668:55% g 355,990, 8.76%  g558.57%
7.627.57%

_ 7:57 2 197.19% 7.25%
o 7.50%
) 5.86%
3
o
© 5.00%
g

2.50%

0.00%

Binary 1 Binary 2 Binary 3 Binary 4 Binary 5 Binary 6 Binary 7 Binary 8 Binary 9 Binary 10  Binary 11 Binary 12  Binary 13

On average (10+ production applications), AlphaEvolve achieves a 8.79%
size reduction on average, on par with the NN model's 8.52%.
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Case Study Il: Function Inlining for Performance

« Finally broke the performance ceiling!

o First time achieving performance improvement using ML for this problem at this
problem complexity and from a “best practices” baseline

o Used the clang compiler as the benchmark

o Ustarted from a policy with -4.7% regression obtained by Gemini-2.5-Pro

o 23 iterations® 40 Vizier samples / iter (3 days)

o 7 hours per iteration, 4 parallel samples, avg 30 min per sample

Best (samples)
00053 @
o

-0.005

-0.01 4

+0.6% performance improvgsnent compared

-0.015

to a human-developed heuristic w/ Gemini-3-Pro!

-0.025 —

-0.03 4
-0.035

-0.04 —
lim/num_samples

T & & 4§ < 4 & <& $ £ 4
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Takeaways & Future Work

« Automated Discovery & Productivity Gain — AlphaEvolve boosts productivity by
automating the labor-intensive process of heuristic design.

« Human-Competitive Results — The system consistently generates heuristics that
perform on par with, and can sometimes surpass, those created by human experts.

o Faster iteration pipeline — The incoporation of autotuner boosts sampling
efficiency.

%ﬂ Next steps:

o Scale up evaluations: Explore the boundaries of AlphaEvolve and see if it has signals
on convergence.

o« Tackle "Green-Field" Problems: Apply AlphaEvolve (or its variants) to novel compiler
domains (e.g., GPU and NPU optimization problems) to evaluate its ability to innovate
where little or no prior human expertise exists.



"We're moving from the age of scaling to the age of research."
-- llya Sutskever
TOOO~}

100 —

10 71

Productivity Index (Log Scale)

Global Output per Capita

Time
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Allo [pLDI'24]

Accelerator Design & Programming %

Tawa [CGO'26]

GPU warp specialization

Dato [arXiv'25] | LLM-FPGA [Fccm'24]
NPU Virtual Mapping LLM generative inference

Thank You! Questions?

Magellan [CGO’26 C4ML]
Agentic compiler evolution

HeuriGym [ICLR'26]
| Agentic heuristic generation

SPMW [arXiv'26]
| Dataflow xcel design

Slapo [ASPLOS24]

e

Distributed LLM pretrain

[ ARIES [FPGA'25 ' ]

| AIE Programming

PEQC [FPGA'24'Y]

Formal verification

\

(SchSyn [PLDI'24 SRC &

g
Schedule synthesis

Contact: Hongzheng Chen

hzchen@cs.cornell.edu



