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THE HARDWARE

Spyre: Enterprise GenAl Inference Acceleration

O O >

Spyre | In production, 2025 Spyre Il Announced, 2026
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* 75 W PCle Gen5 x16 adapter * 16 RaPiD Gen5 Al cores, FP4/MXFP4
* 32 RaPiD Gen4 Al cores « 600+ fp8 TOPS, 4x current gen

* 150+ fp8 TOPS, 300+ int8 TOPS * 96 GB HBM3e, ~4 TB/s, 20x current gen
+ 128 GB LPDDR5 memory, ~200 GB/s bandwidth « PCle Genb x16, low-latency peer-to-peer

Designed for larger enterprise inference workloads
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CONTEXT

KTIR: A common interface for dataflow accelerators

FRONTENDS

torch.compile + torch-spyre

[ torch-inductor

N
Kernel Tile IR - open spec
Data-parallel tiles ‘
Distributed memory views ‘
Explicit data placement ‘
J

BACKENDS
Spyre backend Spyre
> compiler SpyreCode runtime
Dataflow Scheduler + device
Tttt TTTT T ‘I
- - - », Other dataflow backends !
I\ __________________ 7

+ Dataflow accelerators bring up unique challenges in the design of compiler frontend and backend interface

+ Kernel Tile IR (KTIR): A tile-based IR designed to express “kernels” for multi-core dataflow accelerator architectures

* Many frontends, many backends. Torch-spyre with inductor emits KTIR today; the Spyre backend compiler generates

SpyreCode for the runtime.
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THE HARDWARE

Dataflow Accelerators: Disaggregated Global/Local Memory

Memory-hierarchy trends

* Distributed on-chip scratchpads
— Multiple levels of scratchpad memory
— Private to a core, yet globally reachable

*  On-chip interconnect moves data directly between local
memories

« Distributed off-chip memory introduces intra-chip
NUMA

* The compiler decides where tensors are resident and
how compute accesses them

«  Common architecture trait amongst many industry-
leading Al accelerators
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On-chip interconnect

[ Off-chip memory 0 ]

Memory interface

Core 0 Core 31

L1 ][ Compute [ Compute ] L1

Core 1 Core 30

L1 [ Compute [ Compute ] L1

Core 15 Core 16

L1 ][ Compute [ Compute ][ L1

Memory interface

[ Off-chip memory 1 }




Kernel Tile IR (KTIR)

* Atile-based interface between the compiler frontend and backend for
dataflow accelerators

* Expressive enough to capture data-parallel mappings from:
— the PyTorch Inductor compiler frontend
— custom Spyre kernels written in Triton or Helion

* Uses compute, data and address tiles to capture, independently:
— work division across multiple cores

— tensors accessed from distributed on-chip and off-chip memories

* Represents multiple operators in one kernel
— operator composition with structured control flow

* Built on open-source MLIR

— reuses existing MLIR dialects for tensor allocation, access, arithmetic and control
flow
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Data-parallel
Compiler

Frontend

U

Kernel Tile IR

<

Dataflow
Comepiler

Backend




KTIR

KTIR's data-parallel view of the accelerator

_ ) ; « Cores = compute engine + its own scratchpad
Off-Chip Off-Chip Off-Chip — Off-Chip
Memory 0 Memory 1 Memory 2 Memory M . .
[ = } [ il } [ i J & * Every compute tile can see every memory: its scratchpad,

( ) other cores' scratchpads, device memory
( On-Chip Interconnect Fabric )

* KTIR programs describe computation mapping across

cores and tensor residency across different memory
On-chip On-chip —_— On-chip
Spad 0 Spad 1 Spad N — In KTIR, a core and tile are synonymous

—_—

r Corﬁbute \ { S | { e T — 2 memory spaces: ct_local (scratchpad) and global (off-chip)
- Engine0 || Engnel - - EngineN - * Built from upstream MLIR: arith, math, linalg, scf,
Core0 | Core 1 Core N tensor, memref
Accelerator Chip ‘ « Two additional dialects: ktdp (memories + accesses) and

spyreop (intrinsics)

Spec: torch-spyre RFC 0682 - github.com/torch-spyre/ktir-mlir-frontend
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KTIR

KTIR: Tensor Representation and Access

One logical tensor, distributed across two scratchpads and off-chip memory « One Iogical tensor, Composed from
Logical view - i
%X : memref<96x1024xf16> Physical placement per-memaory views
r N — each piece lives in a core's scratchpad
e t_local) or off-chip (global)
rows @-31 [p======== . > scratchpad - ct_local, ct_id = 0 4[ compute engine (C _ 0Ca or o1r-c Ip g O0ba

- ' X[0:32 ile_id = 0 .

: : L o:321 J L et ). - Any compute tile can access any

1 1 —* 3

! E (Core 1 Ot omoteresd | | & element, local or remote, through

1 s N N\ .

rows 32-63 R : > scratchpad - ct_local, ct_id = 1 [ compute engine g,' access ti |eS
X[32:64] tile_id = 1 5
- ’ ) |3 * Access by logical coordinates,
2 . .
(" Off-chip memory ‘ N constrained by integer sets
rows 64-95 > memory_space<global>
X[64:96]  Layout decoupled from access: the
- 7 compiler can optimize data movement
coEstruct_dist ributed_memory_view across memory spaces
= union of per-memory coordinate sets

=== access tile of compute tile 0 (rows 16-47: spans two scratchpads)

Existing Tile IRs assume one unified off-chip memory reached through pointers; a tensor spread across on-chip scratchpads has no
direct representation there.
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KTIR

KTIR operations

I S T S

Tensor layout

Tensor addressing (access
tile)

Tensor load / store (data
tile)

Inter-tile communication
Compute

Control flow
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ktdp.

ktdp.

ktdp.

ktdp.

ktdp.

ktdp.

ktdp.

linalg, arith, math + spyreop

Start address, sizes and strides of a tensor or sub-tensor in

construct_memory_view . . |
a given memory space (e.g., in one core's scratchpad)

Composes a full tensor that is split across multiple memory

construct_distributed_memory_view
spaces (e.g., across several scratchpads)
construct_access_tile Coordinates of a tensor that a tile needs to access
. . Coordinates a tile accesses indirectly, through a second
construct_indirect_access_tile

index tensor

Reads a tile of a tensor using its layout (across memory

toad spaces) and access tile

. Writes a tile of a tensor using its layout (across memory
spaces) and access tile

, , Exchanges partial results between compute tiles, e.g., an

inter_tile_produce / _reduce gesp P 9

all-reduce

Arithmetic on data tiles, from upstream MLIR dialects plus
Spyre intrinsics

scf.for, scf.if, scf.forall, .. How multiple tiles of work are sequenced and parallelized



KTIR

A whole kernel: elementwise add over 32 tiles

4 )
// Addresses are arguments: PyTorch's allocator owns them Four concerns, kept apart

func.func @add(%A: index, %B: index, %C: index)

attributes {grid = [32]} {
%id = ktdp.get_compute_tile_id : index Access tiles: which coordinates

Views: how memory is interpreted

%Srowd arith.muli %id, %c3 : index // 3-row slab
load / store: the only data movement

%A_view = ktdp.construct_memory_view %A, linalg: the arithmetic

sizes: [96, 64], strides: [64, 1] { L )

coordinate_set = #full,

memory_space = #ktdp.memory_space<global> s ~N
} + memref<96x64xf16> Work division is already settled
%A_t = ktdp.construct_access_tile %A_view[%srowd, %c@] { grid = [32] + the arithmetic on %id is

access_tile_set = #tile, access_tile_order = #id the partitioning.

. " ; .

} : memref<96x64xf16> —> !ktdp.access_tile<3x64xindex> The backend honors it rather than
%a = ktdp.load %A_t : ... —> tensor<3x64xfl6> second-guessing it.
%b = ktdp.load %B_t : ... —> tensor<3x64xfl6> \_ )
%Cc = linalg.add ins(%a, %b ...) outs(%e ...)

ktdp.store %c, %C_t : tensor<3x64xfl6>,
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KTIR

Every Inductor decision has a home in KTIR

Inductor decides... KTIR records it as...

Work division across cores grid attribute + arithmetic on get_compute_tile_id
Stick-granularity layout memory-view strides + access—tile order

Coarse tiling / working-set reduction scf.for loops around load - compute - store
Scratchpad residency (address, core) a view in memory_space<ct_local, ct_id = k>

A tensor split across cores construct_distributed_memory_view

Partial sums across cores inter_tile_produce / inter_tile_reduce

Paged tensors and gathers construct_indirect_access_tile

Activations, normalization steps spyreop intrinsics inside linalg.generic

kernel arguments / runtime_arg — kept symbolic to

Tensor addresses and shapes launch
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EXAMPLE

Tensors pinned in scratchpad, distributed across cores

One logical tensor, distributed across two scratchpads and off-chip memory

® KTIR: on-chip placement is first-class

Logical view

%X : memref<96x1024xf16> Physical placement
(" Core0 ) ) 'Y I d‘ _ h‘ f
- ntermeaqiates stay on-cnip Trom one op to
rows 0-31 [p======== ] S scratchpad - ct_local, ct_id = 0 compute engine I
' C X[0:32] tile_id = 0 the next
' : N > 8
g : ( PPt i remote rea ) (_é' M M M
i : e - el |3 e Mismatched splits are just loads across
FOWS 32—63 |m==mmm——- | scratchpad - ct_local, ct_id = 1 compute engine I %
X[32:64] tile id = 1 5 scratch pads
- g y 3
(" Off-chip mem ) = o . .
° °“"Wep°'ygl — * Placement is a binding contract the
rows 64-95 — > memory_space<global> |
XI64:96] compiled code depends on
& J )

construct_distributed_memory_view
= union of per-memory coordinate sets

===+ access tile of compute tile 0 (rows 16-47: spans two scratchpads)

// X[96, 1024] f16: rows 0-31 in core @'s scratchpad, rows 32-63 in core 1's, rows 64-95 off-chip

%X0 = ktdp.construct_memory_view %0ff@, sizes: [32, 1024], strides: [1024, 1]
{ coordinate_set = #rows@, memory_space = #ktdp.memory_space<ct_local, ct_id = 0> } : memref<32x1024xf16>

%X1 = { coordinate_set = #rowsl, memory_space = #ktdp.memory_space<ct_local, ct_id = 1> } : memref<32x1024xf16>
%X2 = . { coordinate_set = #rows2, memory_space = #ktdp.memory_space<global> } : memref<32x1024xf16>
%X = ktdp.construct_distributed_memory_view (%X0, %X1, %X2 : ...) : memref<96x1024xf16>

// compute tile @ reads rows 16-47: half from its own scratchpad, half from core 1's
ktdp.construct_access_tile %X[%row, %c@] { ... } : memref<96x1024xf16> —> 'ktdp.access_tile<32x1024xindex>

ktdp.load %t : !ktdp.access_tile<32x1024xindex> —> tensor<32x1024xf16>
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BACKEND

The backend compiler at a glance

The Spyre backend compiler: KTIR in, SpyreCode out

( )

from .’”dUCtO’I Dataflow Scheduler (open source)
Triton, ...

pTTTIIIIIIN , KTIR scheduler frontend |schedulelr | Scheduler optimizations |schedulelr DataflowIR backend
| KTIR > split into programs, path expansion, nested units, addresses,
e ! three-stage pipeline pipelines, loop exploration one program per engine

_ J

( DataflowlR (hand-off) |
( )
Symbolic SpyreBinary Metadata generation for SpyreCode generation
generation runtime symbol substitution )
binary + metadata, plus a
symbolic addresses and shapes how each symbol is computed from the inputs preparation and execution plan

L Device-specific backend ¢ )

______________

(%]
T
<

=

(1]

(2]

o

Qo

(]

to the Spyre runtime: prepare once, launch many times

* Open-source Dataflow Scheduler: KTIR — SchedulelR — DataflowIR
* Device-specific stages turn DataflowIR into SpyreCode. DataflowIR is the only point where the two halves meet.
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DATAFLOW SCHEDULER

Dataflow Scheduler: scheduling means building a pipeline

\
KTIR [ SchedulelR J [ DataflowlIR
* A g
( ( )
KTIR frontend Scheduler DataflowlIR
optimizations backend
Split into programs > Legalize data movement g Instantiate units
Fuse compute Nest pipelines One program per engine
Simplest pipeline Double-buffer & size Hand off for codegen
. . J

Architecture description

memories - execution units - datapaths — read by every group
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Three constructs: loops,
pipelines, parallel
instances

Start simple, legalize,
enlarge

Three pass groups, each
with a fixed IR contract

Upstream MLIR wherever
possible

Architecture-driven, not
hard-coded




DATAFLOW SCHEDULER

Hardware lives in an architecture description

#L1

{ kind "L1", size = 1048576 } // 1 MB scratchpad [DDRkhﬂcememowﬂ
#SFU

{ kind = "SFU", ktdf_arch.features = {
ktdf_arch.feature.compute,

ktdf_arch.feature.simd = {

lanes = #ktdf_arch.map<fl6 = 64, f32 = 32> } } }

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

group "core"

[ DMA load unit ]\ DMA store unit ]

ktdf_arch.device @sample_device {
%sddr = memory #DDR
group { kind = "core" } share(%ddr) {

1
[}
[}
1
L}
|
L}
: L1
1
1
[}
1
1
L}
[}
1

[ L1 load unit _]-V[ SFU ]-V[ L1 store unit ]

%L1 = memory #L1
%mnilu = group {...} —> exec_unit // DMA load unit e
datapath %ddr to Smnilu : memory, exec_unit
datapath %mnilu to %11 : exec_unit, memory * A graph: memories and execution units as
%sfu = group {...} —> exec_unit // compute unit nodes, datapaths as edges
%l1lu = exec_unit #L1LU scratchpad load .
datapath %11 to Sl1lu : memory, execiﬁnit " ’ Datapa.ths are the routing graph for path
datapath %11lu to %sfu : exec_unit, exec_unit expansion
» SIMD lanes, granularities, FIFO depths,
¥ _ . _ sizes shape every pipeline
patterns ["pre_scheduling"] { ... } // device rewrites (PDL) , ,
1 + PDL patterns supply device lowerings

* Retarget = write a new description
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DATAFLOW SCHEDULER

KTIR Frontend: split into programs, build the simplest pipeline

// ScheduleIR: an orchestrator calls one * Compute group = one load — compute — store
// program per compute group chain through memory
func. func @kernel() { _
scf.for %i = %cl to %c5 step %cl { e Each group becomes its own program (nested
func.call @local_schedule_1() module); the kernel becomes an orchestrator
scf.for %j = %cl to %c3 step %cl {
func.call @local_schedule_0() e KTIR loops stay outside as program launches; loops
¥ inside a program belong to the scheduler
func.call @local_schedule_2()
Iy e Each program then gets a three-stage pipeline: load
h — compute — store over FIFOs, tiled to SIMD width

module @local_schedule 0 { ...
module @local_schedule_ 1 { ...

® Functionally complete — but not yet legal on the
module @local_schedule 2 { ...

hardware

i el sl
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DATAFLOW SCHEDULER

Scheduler Optimizations

Growing one pipeline: start simple, legalize, then enlarge

@® the simplest pipeline: load » compute - store

Ptttk N etttk N
I 1 ! 1
! load 1 N compute ! store :
: device mem - FIFO - compute ; fused linalg.generic, 64 lanes : compute - FIFO - device mem }

__________________________________________

functionally complete, but no such datapath exists: device memory does not feed the compute engine directly

@ path expansion: route each hop over the architecture graph

DMA load unit scratchpad load unit compute engine scratchpad store unit DMA store unit
device mem - scratchpad scratchpad - FIFO FIFO - compute - FIFO FIFO - scratchpad scratchpad - device mem

one stage per hop, staging buffers in scratchpad; a tensor already pinned in scratchpad (ct_local) skips both DMA stages

@ tiling, nested pipelines, double buffering, corelet parallelism

N
outer ktdf.pipeline modulo(size: 2): tile granularity, scratchpad buffers double-buffered
s N
DMA load stage compute stage: scf.for over the tile { inner pipeline } DMA store stage
'd N\
bulk, over the tile: tdf.parallel distribute(num_instances = 2): corelet 0 bulk, over the tile:
device mem - scratchpad ygpmininintntnintn it ————————— : |_p-| scratchpad -> device mem
1
writes buffer[phase] : [ sp load - FIFO ]—»[ compute (64 x f16) }[ FIFO > sp store ] : reads buffer[phase]
L \ - - - - - - e, - - - - - - Y e - - ! )
N
corelet 1 (same inner pipeline, other half of the iterations)
tile N+1 loads 1 i inner pipeline:
while tile N computes : sp load - FIFO compute (64 x f16) FIFO - sp store : vector granularity
L ‘e ee ;i i e m m I I I I I o i ereoPm—€—,€&$U], €4U/IM——F—T—T e i e — /— /— — — /— — — — /— 1 )
(. J
\\§ J
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Path expansion routes each hop
over the device graph

Pinned ct_local tensors skip
DMA

Nested pipelines: bulk DMA
outside, vector compute inside

Double buffering overlaps load
N+1 with compute N

Corelet split adds parallelism
inside a core

Every choice is explicit IR
Buffering depth — modulo(N)
Instance split — distribute(N)
Tile sizes — reserve_size

Each bounded by the architecture
description




DATAFLOW SCHEDULER

DataflowIR Backend

// One level up: what each symbol is » Addresses assigned against capacities in
func. func @local_schedule_0(%base: index) { the description
symbol.create_id %base {symbol_id = -1}
%w@d = arith.divsi %base, %c64 : index * Units instantiated per core (and per
symbol.create_id %w@ {symbol_id = -2} // grid elem 0 corelet)
%bl = arith.addi %base, %c49152 : index
%wl = arith.divsi %bl, %c64 : index e One dataflow.program_unit per

symbol.create_id %wl {symbol_id = -3} // grid elem 1
call @local_schedule_0_body() : () —> ()

¥
// The DataflowIR only names symbols

engine kind

e Symbolic addresses and shapes survive:

%s@ = symbol.create_symbol {SymbolId = -2 : i64} gachlsan expression over the kernel's
%s1 = symbol.create_symbol {SymbolId = -3 : i64} Inputs

%m = uniform.def_immutable_mapping(

%a = uniform.query_map(map: %m, key: %unit) device-specific backend

dataflow.get_logical_memory_view %ddr, %a ...
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DEVICE-SPECIFIC BACKEND

From DataflowlR to SpyreCode — and into the runtime

What SpyreCode carries

SpyreBinary

Symbol-substitution metadata
device binary with symbolic tensor addresses and shapes

how each symbol is computed from the call's inputs

" . A ; A
Preparation plan Execution plan
once per compiled artifact every call, with the caller's tensors
Load the SpyreBinary Evaluate symbols Transfer values Launch
onto the device on the host to the device substitute symbols and run
@ host callback @ transfer ® computation
runtime: prepare_kernel . .
runtime: launch_jobplan

N\ J U J

e SpyreCode = a SpyreBinary with symbolic addresses and shapes + symbol-substitution metadata + a two-phase job
plan

® Preparation plan runs once (prepare_kernel); execution plan runs every call (Launch_jobplan)
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RESULTS & OPEN SOURCE

Where we are, and how to try it

( ) ( )
Working today (V1)

Most LLM operations (softmax, layernorm, elementwise,
reductions), from Inductor and Triton

Next

Matrix multiplication, a cost model, and end-to-end LLMs

4 )

git clone —-recursive \ Open source (Apache-2.0)
https://github.com/torch-spyre/dataflow-scheduler.git

cd dataflow—scheduler ktir-mlir-frontend: KTIR (ktdp + spyreop)

cmake =S . -B build -G Ninja \ dataflow-scheduler: the scheduler and
—DMLIR_DIR=$MLIR_INSTALL_PREFIX/lib/cmake/mlir sample architecture description
cmake --build build dataflow-scheduler-mlir-dialects:

e d SchedulelR and DataflowlIR dialects

# hello world: elementwise add on the sample device ) N

./build/bin/dataflow-scheduler-opt -ktir-to-dfir \ RFCs: RFC 0682, the KTIR specification
test/dataflow-scheduler-opt/ktir-to-dfir-sanity-check.mlir All under github.com/torch-spyre

NG J

* Add --mlir-print-ir-after-all to watch every step
*  Your own kernels and devices: dataflow-scheduler —-kEmitDFIR --device=<arch.mlir>
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WRAPPING UP

Takeaways
4 )
KTIR Dataflow Scheduler Let's talk
the interface the backend 0 :
Building a compiler for
* Kernels as data-parallel tiles: work + KTIR to explicit pipelines: path a dataflow or
division, layout and tiling are explicit expansion, nesting, double buffering scratchpad-based
accelerator?
*  On-chip placement is first-class: *  Architecture-driven: retarget by writing
tensors stay in scratchpad across ops a new description We'd love to hear from
*  Open spec on upstream MLIR: one *  Open source: hands symbolic YOU:'and to see more
target for Inductor, Triton and more DataflowIR to the device backend architecture
descriptions.
S j

Read more on pytorch.org: Building Spyre as a Native PyTorch Device - Extending Inductor for the IBM Spyre Accelerator
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