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ENABLE DEVELOPERS EVERYWHERE
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IRON NPU Development Kit Overview

Open-Source Fast Compiler

Close-to-Metal Python API

Programming Guides

</ Programming Examples
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IRON: Close-to-Metal NPU Programming

IRON is an open-source framework that lets developers unlock the
full potential of AMD NPUs using:

Python APls

Extensible compiler stack

Hardware-aware abstractions

Core components
IRON Python API
Simplifies AIE programming with clean abstractions
MLIR-AIE Dialect
Defines and lowers spatial operations to AIE cores via MLIR
Peano Compiler
Optimized for fast single-core AIE compilation, leverages LLVM

import iron

@iron.jit

def func(a, b)
[N

IRON

Peano
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Agenda

Spatial Hardware Introduction
Tile-by-Tile Deep Dive
“Hello Worker” using IRON Python API

Exercise 1:
Access to AUP Cloud
Run Your Frist Program!

TODO
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AMD Ryzen Al Architecture

AMD “Strix Point” SoC

“Fen 5 CCXs
E CPUCDRE CPU CORE CPU CORE
E CPU CORE 16MB L3 cPu core | | BMB | | cPu core B
Cache L3
a CPU CORE CPU CORE | (Cache| | cPu CORE
? CPUGCDRE GPU CORE CPU CORE
a _
RDMNA3 S

g {Up to 16 Compute Units) .;’::;E
B it
H
L | XDMNAZ
— ZMB L2 Cache Inference

16 CU Engine
g ARB+ Display Coniroller
o 4 Display Support FGH
S DISPLAYPORT™ 2
; HDMM™ 2.1

o

Spatial Hardware

[Hot Chips 24:Brad Cohen and Mahesh Subramony, Next Generation “Zen 5” Core] together we advance_

Complete

Accelerated
Multimedia
Experience

AMDZN



AMD XDNA: Modular and Scalable Architecture with
Independent Concurrent Processing and Explicit Data Movement
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AMD XDNA: Modular and Scalable Architecture with
Independent Concurrent Processing and Explicit Data Movement

The Neural Processing Unit (NPU) has
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AMD XDNA: Modular and Scalable Architecture with

Independent Concurrent Processing and Explicit Data Movement

The Neural Processing Unit (NPU) has
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AMD XDNA: Modular and Scalable Architecture with
Independent Concurrent Processing and Explicit Data Movement
The AIE array has
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AMD XDNA: Modular and Scalable Architecture with

Independent Concurrent Processing and Explicit Data Movement
The AIE array has

« Spatially distributed compute and memory
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AMD XDNA: Modular and Scalable Architecture with
Independent Concurrent Processing and Explicit Data Movement

The AIE array has
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AMD XDNA: Modular and Scalable Architecture with
Independent Concurrent Processing and Explicit Data Movement

The AIE array has

. . . Compute Compute Compute
Spatially distributed compute and memory Core
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AMD XDNA: Modular and Scalable Architecture with
Independent Concurrent Processing and Explicit Data Movement
The AIE array has

. . g Compute Compute Compute
«  Spatially distributed compute and memory

* Multi-level memory hierarchy
+  Explicitly scheduled, decoupled data movement

Core Core Core

Data Movement
Accelerators (DMA)

i)
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AMD XDNA: Modular and Scalable Architecture with
Independent Concurrent Processing and Explicit Data Movement
The AIE array has

. . . Compute Compute Compute
«  Spatially distributed compute and memory
- Multi-level memory hierarchy oma | o |
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AMD XDNA: Modular and Scalable Architecture with
Independent Concurrent Processing and Explicit Data Movement

The AIE array has

«  Spatially distributed compute and memory

* Multi-level memory hierarchy

+  Explicitly scheduled, decoupled data movement

The AIE array enables
* Independent tasks on each core
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AMD XDNA: Modular and Scalable Architecture with
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AMD XDNA: Modular and Scalable Architecture with
Independent Concurrent Processing and Explicit Data Movement

The AIE array has

+  Spatially distributed compute and memory
- Multi-level memory hierarchy oma |

+  Explicitly scheduled, decoupled data movement
The AIE array enables m m

* Independent tasks on each core

- Dataflow between tasks
The AIE array requires oo o]

*  Synchronization
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AMD XDNA™ 2 architecture leadership
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AIE Compute Tile Architecture

Stream Switch

ComputeTile =
tile(0, 3)
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AIE Compute Tile Architecture: Compute Details

Stream Switch

DMA |

AIE Core

-

\_
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\_

. N )
Scalar Unit Load
Scalar Register Files Unit A
Scalar ALU N Y,
Y. 4 I
~ Load
Vector Unit Unit B
\ /
Vector Register Files 4 D
Vector Compute: Store
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g

int 8 int 4 32 32 512
int 8 int 8 32 32 256
int 16 int 8 32 32 128
int 16 int 16 32 32 64
int 32 int 16 16 64 32
int32% | int32 16 64 16
bfloat 16| bfloat 16 | 16 | SPFP | 128
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29 AIE-ML AIE API Manual: https://www.xilinx.com/htmldocs/xilinx2023 2/aiengine api/aie api/doc/
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AIE Mem Tile Architecture

Stream Switch

MemTile =
tile(0, 1)
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AIE Shim Tile Architecture

Stream Switch

ShimTile =
tile(0, 0)

AMDZ1
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IRON “Hello Worker”



IRON API Options

More Abstraction N
@iron.jit(is_placed=False)

A def example(input):

with mlir_mod_ctx() as ctx:
@device(AlEDevice.npul_1col)
def device_body():

module {
aie.device(npu?2) {
%shim_noc_tile_0_0 = aie.tile(0, 0)
%tile_0_2 = aie.tile(0, 2)

Less Abstraction

33

Primary focus of this tutorial: IRON Python
API

Autogenerated Python Bindings +
Convenience Extensions (e.g., placed)

MLIR Dialects (e.g., AlE, AIEX)

AMDZU
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IRON “Hello Worker”

from aie.iron import Program, Runtime, Worker, Buffer
from aie.iron.placers import SequentialPlacer

from aie.iron.device import NPU1Col1, Tile

from aie.iron.controlflow import range_

import aie.iron as iron

Include modules defining IRON libraries

AMDZU
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IRON “Hello Worker”

from aie.iron import Program, Runtime, Worker, Buffer
from aie.iron.placers import SequentialPlacer

from aie.iron.device import NPU1Col1, Tile

from aie.iron.controlflow import range_

import aie.iron as iron

@ironjit(is_placed=False) JIT decorator indicating IRON design targeting an AMD NPU

def example():
data_size = input.numel()
data_ty = np.ndarray[(data_size,), np.dtype[input.dtype]]
buff = Buffer(data_ty,initial_value=np.array(range(data_size), dtype=np.int32))

# Task for the worker to perform
def core_fn(local_buff):
foriin range_(data_size):
local_buff[i] =0

# Create a worker to perform the task
my_worker = Worker(core_fn, [buff], placement=Tile(0, 2), while_true=False)

Worker() represents a compute tile in the AIE array

core_fn is the task executed by a Worker
Workers can be hand placed, or their placement can be left to the compiler (e.g. a placer)

35
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IRON “Hello Worker”

from aie.iron import Program, Runtime, Worker, Buffer
from aie.iron.placers import SequentialPlacer

from aie.iron.device import NPU1Col1, Tile

from aie.iron.controlflow import range_

import aie.iron as iron

@iron.jit(is_placed=False)
def example():
data_size = input.numel()
data_ty = np.ndarray[(data_size,), np.dtype[input.dtype]]
buff = Buffer(data_ty,initial_value=np.array(range(data_size), dtype=np.int32))

# Task for the worker to perform
def core_fn(local_buff):
foriin range_(data_size):
local_buff[i] =0

# Create a worker to perform the task
my_worker = Worker(core_fn, [buff], placement=Tile(0, 2), while_true=False)

# Runtime operations to start workers and move data to/from external memory

rt = Runtime()

with rt.sequence() as (_):
rt.start(my_worker)

Runtime() starts workers and data movement to/from external memory

AMDZU

together we advance_



37

IRON “Hello Worker”

from aie.iron import Program, Runtime, Worker, Buffer
from aie.iron.placers import SequentialPlacer

from aie.iron.device import NPU1Col1, Tile

from aie.iron.controlflow import range_

import aie.iron as iron

@iron.jit(is_placed=False)
def example():
data_size = input.numel()
data_ty = np.ndarray[(data_size,), np.dtype[input.dtype]]
buff = Buffer(data_ty,initial_value=np.array(range(data_size), dtype=np.int32))

# Task for the worker to perform
def core_fn(local_buff):
foriin range_(data_size):
local_buff[i] =0

# Create a worker to perform the task
my_worker = Worker(core_fn, [buff], placement=Tile(0, 2), while_true=False)

# Runtime operations to start workers and move data to/from external memory
rt = Runtime()
with rt.sequence() as (_):

rt.start(my_worker)

# Create the program from the device type and runtime
my_program = Program(iron.get_current_device(), rt)

# Place program (assign resources on the device) and generate MLIR
return my_program.resolve_program(SequentialPlacer())

Components assigned to a Program():

design, device and runtime

AMDZU
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IRON “Hello Worker”

@iron.jit(is_placed=False)
def example():

def main():
# Define tensor shape and data type
tensor_size =48
data_type = np.int32

# Construct an input tensor and an output zeroed tensor

“main” host program

input = iron.arange(tensor_size, dtype=data_type, device="npu")

# JIT-compile the kernel then launches the kernel with the given arguments.

example(input)

# Exit because the example has no output.
print("\nPASS\n")
sys.exit(0)

if _name__=="_main__":
main()

Future calls to the example kernel will reuse

the compiled design and loaded code objects

AMDZU
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IRON “Hello Worker” — Runtime Input

@iron.jit(is_placed=False) i .
def example(): Signature of JIT function

matches call

def main():
# Define tensor shape and data type
tensor_size =48
data_type = np.int32

# Construct an input tensor and an output zeroed tensor
input = iron.arange(tensor_size, dtype=data_type, device="npu")

# JIT-compile the kernel then launches the kernel with the given arguments.
example(input)

# Exit because the example has no output.
print("\nPASS\n")
sys.exit(0)

if _name__=="_main__":
main()

Call the JIT function

AMDZU
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IRON “Hello Worker” — Runtime Input

@iron.iit(is_placed=False)

def example(input):

# Runtime operations to start workers and move data to/from external memory
rt = Runtime()
with rt.sequence(tensor_size) as (in):

def main():
# Define tensor shape and data type
tensor_size =48
data_type = np.int32

# €onstruct an input tensor and an output zeroed tensor
input = iron.arange(tensor_size, dtype=data_type, device="npu")

# JIT-compile the kernel then launches the kernel with the given arguments.
example(input)

# Exit because the example has no output.
print("\nPASS\n")
sys.exit(0)

if _name__=="_main__":
main()

40
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AUP Cloud Ryzen Al cluster Login Information

Login to JupyterHub via web browser
https://aupcloud.io/aipc-<id> — provided separately

Token: provided separately

AMDZU
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JupyterHub login page

University Program

Unique token:

<provided-token-goes-here>

-
.
-

= «*

= »
Welcome to the Ryzen™ Al AUP Cloud .,
This page allows you to spawn a server for a period of time and run a number of stacks via JupyterLab on Ryzen Al enat)le

°

To access it you should have been given a unique token, these tokens will allow you to login until their expiration date.
While the token is active any data that you write into the /notebooks directory will persist.

Once the token expires, your data could be deleted at anytime.

The AUP Remote Learning Lab is maintained by the AMD University Program (AUP) team in Ireland.

Login Issues
If you get the log in error Invalid username or password:

If this is the first time trying to login, make sure the token is correct.
If you logged in before, your token has likely expired.
Make sure the URL you entered is correct, e.g., check for the port

For more information or to request an access token please email:

Useful Links

o

aupcloud.io,

AMDID1
University Program

Server Options

Logout and end your session

Select your desired environment (ROCm or MLIR-AIE or Ryzen Al SWor -

Riallto) from the dropdown below:
mlir-aie:latest

0 of 4 server slots are currently in use

Run my server for (minutes):

Your token expires on 31 December 2030 at 23:59:59.

AMD ¢
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JupyterHub working with IRON

File Edit View Run

Name

B miir-aie

O COMMITID.TXT
README.ipynb

Simple

ps://aupcloud.io/aipc-

Kernel Tabs Settings Help

[ Launche,

Backed directory /notebooks

Modified Notebook

5d ago

5d ago
A A

Python 3 ironent
(ipykernel)

Console

Pythan 3
(ipvkernel)

Other
N e @

Terminal Markdown File Python File show Contextuzl

Launch terminal

Launcher 1 Q

® o

< C @ 0

] Iab - Jupyterlab

ps://aupcloud.io/aipc-

File Edit View Run Kernel Tabs Settings Help

B mliraie@dd8c5ec4b0de: /not X | +

Autocomplete not enabled for XRT tools

XILINX_XRT : Jopt/xilinx/xrt

PATH : Jopt/xilinx/xrt/bin: /home/mliraie/mlir-aie/my_install/1lvm-aie/bin:/home/mliraie/mlir-aie/my_inst
11/mlir_aie/bin:/home/mliraie/mlir-aie/my_install/mlir/bin:/home/mliraie/mlir-aie/ironenv/bin:/opt/vitis_aie essentia
s/bin/:/opt/xilinx/xrt/bin:/usr/local/sbin: /usr/local/bin: /usr/sbin: /usr/bin:/sbin: /bin

LD_LIBRARY_PATH : /opt/xilinx/xrt/lib:/home/mliraie/mlir-aie/my_install/llvm-aie/1ib:/home/mliraie/mlir-aie/my_inst
11/mlir_aie/lib:/home/mliraie/mlir-aie/my_install/mlir/1ib: /opt/xilinx/xrt/1ib

PYTHONPATH : Jopt/xilinx/xrt/python: /home/mliraie/mlir-aie/my_install/mlir_aie/python:/opt/xilinx/xrt/python
RTNETLINK answers: File exists

(ironenv) :
/notebooks/mlir-aie

(ironenv) : Y |

$ pwd

Your terminal, work here

mliraie@dd8c5ec4b04e: /notebooks/mlir-aie 1 Q
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Exercise 1: Run Your First Program

)
e

Memcpy: out = in
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Exercise 1: Run Your First Program

Navigate in your browser to:
https://github.com/Xilinx/mlir-aie/tree/main/programming_examples/getting_started/00_memcpy
This is a parallel parameterized design that uses multiple shim DMA channels in N columns

Exercise:
Profile the NPU bandwidth with memcpy
Follow the README in the directory

Objective
Understand the structure of a full NPU dataflow application using IRON
Measure and report the peak memory bandwidth achieved
Experiment with parameters (columns, channels, data size) to study how design choices affect performance
If you have extra time, peek at the other “Getting Started” examples

AMDZU
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Data Movement with ObjectFifo
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Spatial Compute = Data Movement a Main Programming Task

Core
)

Core Core Core
< Smm——
N
S e”,
)

Core Core

DMA
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Spatial Compute = Data Movement a Main Programming Task

Max
Addressing
Dimension

3D

4D

3D

Zero-padding

N/A

Yes

N/A

Num
Channels
(R/W)

2/2

6/6

2/2

Num Buffer
Descriptors

16

48

16

| S

Num
Semaphore
Locks

16

64

16

nmna]
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Data Movement Scenarios

B

Peer Mem-To-Mem
Shared Memory

AMDZU
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Data Movement Scenarios

Peer Mem-To-Mem
DMAs + Routing
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Data Movement Scenarios

-

MA

- __.

|
|
¥

Hierarchical Mem-To-Mem
DMAs + Routing
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ObjectFifo is the High-Level IRON Data Movement Primitive

class ObjectFifo:
def __init_ (
self,
obj_type,
depth = 2,
name,

AMDZU
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ObjectFifo is the High-Level IRON Data Movement Primitive

class ObjectFifo:
def __init_ (
self,
obj_type,
depth = 2,
name,

AMDZU
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ObjectFifo is the High-Level IRON Data Movement Primitive

256xi32
J

a = \
256xi32
\ 4

4

of0 = ObjectFifo(np.ndarray[(256,), np.dtype[np.int32]],3,"objfifo0")
A = Worker(..., fn_args=[of0.prod(),] )
B = Worker(..., fn_args=[of0.cons(),] )
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ObjectFifo is the High-Level IRON Data Movement Primitive

« Layout of an ObjectFifo object (tensor-like)

of0 = ObjectFifo(np.ndarray[(256,), np.dtype[np.int32]],3,"objfifo0")
A = Worker(..., fn_args=[of0.prod(),] )
B = Worker(..., fn_args=[of0.cons(),] )

AMDZU
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ObjectFifo is the High-Level IRON Data Movement Primitive

J
a4 \

y

How many objects in a ObjectFifo (depth)

of0 = ObjectFifo(np.ndarray[(256,), np.dtype[np.int32]],3,"objfifo0")
A = Worker(..., fn_args=[of0.prod(),] )
B = Worker(..., fn_args=[of0.cons(),] )
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ObjectFifo is the High-Level IRON Data Movement Primitive

class ObjectFifoHandle:

256xi32
self, )

of: ObjectFifo o
. 256xi32
is_prod: bool, -

) ” \
()

Worker A produces objects
Worker B consumes objects

of0 = ObjectFifo(np.ndarray[(256,), np.dtype[np.int32]],3,"objfifo0")
A = Worker(..., fn_args=[of0.prod(),] )
B = Worker(..., fn_args=[of0.cons(),] )

AMDZU
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Synchronized Accesses to the ObjectFifo Enables a Deadlock-

Free Schedule

(

of0 = ObjectFifo(np.ndarray[(256,), np.dtype[np.int32]],
3,"objfifo0")

def core_body_prod(of_out):
for _inrange_(3):
elem = of out.acquire(1)
test_fn(elem)
of out.release(1)

A = Worker(core_body_prod, fn_args=[of0.prod(),] )
B = Worker(core_body _cons, fn_args=[of0.cons(),] )

.

The acquire() function will
access objects from oldest

to youngest and release()
in that same order.
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Synchronized Accesses to the ObjectFifo Enables a Deadlock-
Free Schedule

(

of0 = ObjectFifo(np.ndarray[(256,), np.dtype[np.int32]],

3,"objfifo0")

def core body cons(of in):

elems = of in.acquire(3)
test_fn(elems[0])
test_fn(elems[1])

test fn(elems[2])

of in.release(3)

A = Worker(core_body prod, fn_args=[of0.prod(),] )
\B = Worker(core_body_cons, fn_args=[of0.cons(),] )

256xi32
J

a = \
256xi32
\ 4

1
256xi32
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Reusing Data in an ObjectFifo:

Sliding Window

Window
elems[0]

elems[1]
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Reusing Data in an ObjectFifo:

def core_body_cons(of in):
elems = of _in.acquire(2)
test_fn(elems[0])
test_fn(elems[1])
of in.release(1)

Sliding Window

256xi32
J

4 \
256xi32

N
256xi32

Window
elems[0]

elems[1]
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Reusing Data in an ObjectFifo:

def core_body_cons(of in):
elems = of _in.acquire(2)
test_fn(elems[0])
test_fn(elems[1])
of in.release(1)

elems = of _in.acquire(2)
test_fn(elems[0])
test_fn(elems[1])

of in.release(1)

Sliding Window

256xi32
J

Window
elems[0]

elems[1]
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Reusing Data in an ObjectFifo:

def core_body_cons(of in):
elems = of _in.acquire(2)
test_fn(elems[0])
test_fn(elems[1])
of in.release(1)

elems = of _in.acquire(2)
test_fn(elems[0])
test_fn(elems[1])

of in.release(1)

elems = of _in.acquire(2)
test_fn(elems[0])
test_fn(elems[1])

of in.release(2)

Sliding Window

256xi32
J

Window
elems[0]

elems[1]
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Exercise 2: mini_tutorial Part 1

Navigate in your browser to https://github.com/Xilinx/mlir-aie/tree/main/programming_gquide/mini_tutorial
Contains a mini tutorial with exercises for learning IRON data movement concepts
Follow the README in the mini_tutorial directory
Do exercise 1; we'll come back later for the other exercises

This example uses iron.jit for runtime
We have already configured the host-side buffer management for the input & the JIT signature for the function

AMDZU
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Answer:

def aie2p(input, output):

# Dataflow with ObjectFifos
of_in = ObjectFifo(tile_ty, name="in") # Add input ObjectFifo
of _out = ObjectFifo(tile_ty, name="out")

# Task for the core to perform
def core_fn(of_in, of_out): # Use of _in rather than buff in
elem_in = of_in.acquire(1) # Acquire 1 object from of _in
elem_out = of _out.acquire(1)
foriin range_(num_elements):
elem_out[i] = elem_in[i]
of _in.release(1) # Release 1 object from of _in
of out.release(1)

# Create a worker to perform the task
my_worker = Worker(core_fn, [of _in.cons(), of out.prod()]) # Use of in rather than buff in

# To/from AlE-array runtime data movement

rt = Runtime()

with rt.sequence(tile_ty, tile_ty) as (a_in, c_out): # Add input buffer to runtime sequence
rt.start(my_worker)
rt.fill(of __in.prod(), a_in) # Fill of in from a_in input
rt.drain(of _out.cons(), c_out, wait=True)

def main():

# Add inputO as an argument to the exercise_1 function call
aie2p(input0, output)
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Answer:

def aie2p(input, output):

# Dataflow with ObjectFifos
of in = ObjectFifo(tile ty, name="in") # Add input ObjectFifo
of _out = ObjectFifo(tile_ty, name="out")

# Task for the core to perform
def core_fn(of_in, of_out): # Use of _in rather than buff in
elem_in = of_in.acquire(1) # Acquire 1 object from of _in
elem_out = of _out.acquire(1)
foriin range_(num_elements):
elem_out[i] = elem_in[i]
of _in.release(1) # Release 1 object from of _in
of out.release(1)

# Create a worker to perform the task
my_worker = Worker(core_fn, [of _in.cons(), of out.prod()]) # Use of in rather than buff in

# To/from AlE-array runtime data movement

rt = Runtime()

with rt.sequence(tile_ty, tile_ty) as (a_in, c_out): # Add input buffer to runtime sequence
rt.start(my_worker)
rt.fill(of __in.prod(), a_in) # Fill of in from a_in input
rt.drain(of _out.cons(), c_out, wait=True)

def main():
# Add inputO as an argument to the exercise_1 function call

aie2p(input0, output)
66
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Answer:

def aie2p(input, output):

# Dataflow with ObjectFifos
of_in = ObjectFifo(tile_ty, name="in") # Add input ObjectFifo
of _out = ObjectFifo(tile_ty, name="out")

# Task for the core t
def core_fn(of_in, of out): # Use of in rather than buff in
elem_in = of_in.acquire(1) # Acquire 1 object from of _in

elem_out = of _out.acquire(1)
foriin range_(num_elements):
elem_out[i] = elem_in[i]
of _in.release(1) # Release 1 object from of _in
of out.release(1)

# Create a worker to perform the task
my_worker = Worker(core_fn, [of _in.cons(), cIf_out.prod()]) # Uselof_in rather than buff _in

# To/from AlE-array runtime data movement

rt = Runtime()

with rt.sequence(tile_ty, tile_ty) as (a_in, c_out): # Add input buffer to runtime sequence
rt.start(my_worker)
rt.fill(of __in.prod(), a_in) # Fill of in from a_in input
rt.drain(of _out.cons(), c_out, wait=True)

def main():
# Add inputO as an argument to the exercise_1 function call

aie2p(input0, output)
67
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Answer:

def aie2p(input, output):

# Dataflow with ObjectFifos
of_in = ObjectFifo(tile_ty, name="in") # Add input ObjectFifo
of _out = ObjectFifo(tile_ty, name="out")

# Task for the core to perform
def core_fn(of_in, of_out): # Use of _in rather than buff in
elem_in = of_in.acquire(1) # Acquire 1 object from of _in
elem_out = of _out.acquire(1)
foriin range_(num_elements):
elem_out[i] = elem_in[i]
of _in.release(1) # Release 1 object from of _in
of out.release(1)

# Create a worker to perform the task
my_worker = Worker(core_fn, [of _in.cons(), of out.prod()]) # Use of in rather than buff in

# To/from AlE-array runtime data movement

rt = Runtime()

with rt.sequence(tile_ty, tilel ty) as (a_in, c_out): # Add inpUt buffer t] runtime sequence
rt.start(my_worker)
rt.fill(of __in.prod(), a_in) # Fill of in from a_in input
rt.drain(of _out.cons(), c_out, wait=True)

def main():

# Add inputO as an argument to the exercise_1 function call
aie2p(input0, output)
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Answer:

def aie2p(input, output):

# Dataflow with ObjectFifos
of_in = ObjectFifo(tile_ty, name="in") # Add input ObjectFifo
of _out = ObjectFifo(tile_ty, name="out")

# Task for the core to perform
def core_fn(of_in, of_out): # Use of _in rather than buff in
elem_in = of_in.acquire(1) # Acquire 1 object from of _in
elem_out = of _out.acquire(1)
foriin range_(num_elements):
elem_out[i] = elem_in[i]
of _in.release(1) # Release 1 object from of _in
of out.release(1)

# Create a worker to perform the task
my_worker = Worker(core_fn, [of _in.cons(), of out.prod()]) # Use of in rather than buff in

# To/from AlE-array runtime data movement
rt = Runtime()
with rt.sequence(tile_ty, tile_ty) as (a_in, c_out): # Add input buffer to runtime sequence

rt.star; - L)
rt.fill(0f _in.prod(), a_in) # Fill of in from a_in input

rt.drain(of_out.cons(), c_out, wa|t=True)
def main():
# Add inputO as an argument to the exercise_1 function call

aie2p(input0, output)
69
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Answer:

def a'eZp(input, output):

# Dataflow with ObjectFifos
of_in = ObjectFifo(tile_ty, name="in") # Add input ObjectFifo
of _out = ObjectFifo(tile_ty, name="out")

# Task for the core to perform
def core_fn(of_in, of_out): # Use of _in rather than buff in
elem_in = of_in.acquire(1) # Acquire 1 object from of _in
elem_out = of _out.acquire(1)
foriin range_(num_elements):
elem_out[i] = elem_in[i]
of _in.release(1) # Release 1 object from of _in
of out.release(1)

# Create a worker to perform the task
my_worker = Worker(core_fn, [of _in.cons(), of out.prod()]) # Use of in rather than buff in

# To/from AlE-array runtime data movement

rt = Runtime()

with rt.sequence(tile_ty, tile_ty) as (a_in, c_out): # Add input buffer to runtime sequence
rt.start(my_worker)
rt.fill(of _in.prod(), a_in) # Fill of__in from a_in input
rt.drain(of _out.cons(), c_out, wait=True)

def main():

# Add inputO as an argument to the exercise_1 function call
ai¢2p(input0, output)
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Your First Complete Program
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Runtime Support

More Abstraction N
@iron.jit(is_placed=False)

A def example(input):

import pyxrt

#include "xrt/xrt_bo.h"
#include "xrt/xrt_device.h"
#include "xrt/xrt_kernel.h"

from aie.utils import DefaultNPURuntime

Less Abstraction

JIT Runtime Support

Separate Test Programs + Makefiles

(python or C++)

AMDZU
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Understanding the SDK: From Source Code to Binaries

design.py ' aie.mlir design.

: xclbin
aiecc
(MLIR-AIE)

inst.

xchesscc )
or peano bin

core.cc

NPU AIE array

)

Source Code Ryzen™ Al Binaries

CPU Host

AMDZU
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vector_scalar_mul: Data Movement and Compute Steps
c = a*factor

Compute *
Core

‘ Vector 4k >

- Read “a” data from external memory and
1 ¢ Push data onto streaming interconnect with Shim DMA

_ -+ Pull data off streaming interconnect with AlE tile DMA

himDMA

ik- Vector scale operation in the AIE Core

-« Push data from L1 tile memory onto streaming
interconnect with AIE tile DMA

- Pull data off streaming interconnect with Shim DMA
L - Write “c” back to DDR

AMDZU
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vector_scalar_mul
c = a*factor

Vector 4k

AIE Core Code (Scalar Version)

void scale_scalar(int32_t *a, int32_t *c,
int32_t factor) {

for (inti=0;i<1024; i++) {
c[i] = factor * a[il;

}

}

75
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AlE Array Code

def my_vector_scalar(dev, vector_size):

VECtO r_sca Ia r_m U I scale = Kernel(f"scale_scalar”, “scale.o",
c = a*factor

[tile_ty, tile_ty, scalar_ty, np.int32],)
of_in = ObjectFifo(tile_ty, name="in"
of factor = ObjectFifo(scalar_ty, name="infactor")

of out = ObjectFifo(tile_ty, name="out")

def core_body(of_in, of _factor, of_out, scale_fn):
p > elem_factor = of factor.acquire(1)
Vector 4k for _inrange_(N_div_n):
elem_in = of in.acquire(1)
elem_out = of_out.acquire(1)
scale_fn(elem_in, elem_out, elem_factor, n)
of in.release(1)
of out.release(1)
of factor.release(1)

worker = Worker(core_body, fn_args=[of in.cons(), of _factor.cons(),
of _out.prod(), scale])

rt = Runtime()

AlE Core COde (Scalar VerS|0n) with rt.sequence(tensor_ty, scalar_ty, tensor_ty) as (A, F, C):
void scale_scalar(int32_t *a, int32_t *c, rt-s'tart(VYorker)
int32_t factor) { rt.fill(of _in.prod(), A)
rt.fill(of_factor.prod(), F)
for (inti=0; i< 1024; i++) { rt.drain(of_out.cons(), C, wait=True)
c[i] = factor * a[i];
}} return Program(dey, rt).resolve_program(SequentialPlacer())

AMDZU
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AlE Array Code

def my vector scalar(dev, vector size):

VECtO r_sca Ia r_m U I scale = Kernel(f"scale_scalar”, “scale.o",
L] *
c = a*factor

[tile_ty, tile_ty, scalar_ty, np.int32],)

of_in = ObjectFifo(tile_ty, name="in" ReSOUFCGS and

of factor = ObjectFifo(scalar_ty, name="infactor") .
of out = ObjectFifo(tile ty, name="out") Declarations

def core_body(of_in, of _factor, of_out, scale_fn):
p > elem_factor = of_factor.acquire(1)
Vector 4k for _inrange_(N_div_n):
elem_in = of_in.acquire(1)
elem_out = of out.acquire(1)
scale_fn(elem_in, elem_out, elem_factor, n)
of_in.release(1)
of out.release(1)
of_factor.release(1)

worker = Worker(core_body, fn_args=[of in.cons(), of _factor.cons(),
of _out.prod(), scale])

rt = Runtime()

AlE Core COde (Scalar VerS|0n) with rt.sequence(tensor_ty, scalar_ty, tensor_ty) as (A, F, C):
void scale_scalar(int32_t *a, int32_t *c, rt.s.tart(V\{orker)
int32_t factor) { rt.fill(of_in.prod(), A)
rt.fill(of_factor.prod(), F)
for (inti=0; i< 1024; i++) { rt.drain(of_out.cons(), C, wait=True)
c[i] = factor * a[i];
}} return Program(dey, rt).resolve_program(SequentialPlacer())
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AlE Array Code

def my_vector_scalar(dev, vector_size):

VECtO r_sca Ia r_m U I scale = Kernel(f"scale_scalar”, “scale.o",
L] *
c = a*factor

[tile_ty, tile_ty, scalar_ty, np.int32],)

of_in = ObjectFifo(tile_ty, name="in"
of factor = ObjectFifo(scalar_ty, name="infactor")
of out = ObjectFifo(tile_ty, name="out")

def core_body(of_in, of _factor, of_out, scale_fn):

< > elem_factor = of_factor.acquire(1) CompUte Core
Vector 4k for _inrange_(N_div_n): Definitions

elem_in = of_in.acquire(1)
elem_out = of out.acquire(1)
scale_fn(elem_in, elem_out, elem_factor, n)
of_in.release(1)
of out.release(1)

of_factor.release(1)

worker = Worker(core_body, fn_args=[of in.cons(), of _factor.cons(),
of _out.prod(), scale])

rt = Runtime()

AlE Core COde (Scalar VerS|0n) with rt.sequence(tensor_ty, scalar_ty, tensor_ty) as (A, F, C):
void scale_scalar(int32_t *a, int32_t *c, rt.s.tart(V\{orker)
int32_t factor) { rt.fill(of_in.prod(), A)
rt.fill(of_factor.prod(), F)
for (inti=0; i< 1024; i++) { rt.drain(of_out.cons(), C, wait=True)
c[i] = factor * a[i];
}} return Program(dey, rt).resolve_program(SequentialPlacer())
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AlE Array Code

def my_vector_scalar(dev, vector_size):

VECtO r_sca Ia r_m U I scale = Kernel(f"scale_scalar”, “scale.o",
L] *
c = a*factor

[tile_ty, tile_ty, scalar_ty, np.int32],)

of_in = ObjectFifo(tile_ty, name="in"
of factor = ObjectFifo(scalar_ty, name="infactor")
of out = ObjectFifo(tile_ty, name="out")

def core_body(of_in, of _factor, of_out, scale_fn):
p > elem_factor = of_factor.acquire(1)
Vector 4k for _inrange_(N_div_n):
elem_in = of_in.acquire(1)
elem_out = of out.acquire(1)
scale_fn(elem_in, elem_out, elem_factor, n)
of_in.release(1)
of out.release(1)
of_factor.release(1)

worker = Worker(core_body, fn_args=[of in.cons(), of _factor.cons(),
of _out.prod(), scale])

. rt = Runtime()

AIE Core Code (Scalar VerS|0n) with rt.sequence(tensor_ty, scalar_ty, tensor_ty) as (A, F, C):

void scale_scalar(int32_t *a, int32_t *c, rt.s.tart(V\{orker)

int32_t factor) { rt.fill(of_in.prod(), A)
rt.fill(of_factor.prod(), F) Runtime Sequence

for (inti=0; i< 1024; i++) { rt.drain(of_out.cons(), C, wait=True)

c[i] = factor * ali]; =

}} return Program(dey, rt).resolve_program(SequentialPlacer())
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Exercise 3: vector_scalar_mul

Navigate to Section 3 of our Programming Guide
(https://github.com/Xilinx/mlir-aie/tree/main/programming_guide/section-3)
On your local mlir-aie install, change the directory to mlir-aie/programming_quide/section-3 folder

Steps:
Follow the instructions in Section 3 for building and running this design
Familiarize yourself with the binaries generated and the additional source files

Challenge: Modify the example to add a scalar to the vector rather than multiply
Do not forget to modify the host code verification!

README.md

n 3 - My First Program
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Tracing and Performance Analysis
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Fast and Efficient NPU Designs

Measuring performance is key to building efficient designs

Different ways to measure performance:

Latency
Throughput

Energy efficiency
Hardware utilization

Primary methods used in IRON:

Timers
Tracing

Area of ongoing research & development
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Fast and Efficient NPU Designs with Timers o% 7

“Wall clock” time is a helpful metric to measure the overall performance of an application

- Gives upper bounds AlE application
Include software stack overhead like OS, kernel drivers, and communication overheads

auto start = std::chrono::high_resolution_clock::now();

auto run = kernel(bo_instr, instr_v.size(), bo_inout0, bo_inoutl, bo_inout2);
run.wait();

auto stop = std::chrono::high_resolution_clock::now();

bo_inout2.sync(XCL_BO_SYNC_BO_FROM_DEVICE);

AIE Core

OS Software Stack AMDZ

83 together we advance_



Fast and Efficient NPU Designs with Trace

Visualize cycle-accurate low-level AIE events

S S

Compute
Core

What you can trace (over 100 events for core tile)
Kernel start (event0) / Kernel end (event1)
Data movement: active port transfers
Stalls: due to memory/locks/stream backpressure
Vector instructions
Complete list: https://xilinx.github.io/mlir-aie/AIEXDialect.html (search EventAlE)

How to enable trace in IRON
Configure trace units (events)
Route trace packets through stream switches
Configure Shim DMA to write trace packets to DDR
Read buffer and write to file
Parse file to generate JSON waveform file
View json file in a visualizer (e.g., Perfetto)

AMDZU
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IRON makes trace integration easy and scalable!


https://xilinx.github.io/mlir-aie/AIEXDialect.html
https://xilinx.github.io/mlir-aie/AIEXDialect.html
https://xilinx.github.io/mlir-aie/AIEXDialect.html

NPU Trace Units

What are trace units?

North North
. . Events Events
Dedicated hardware blocks across all tile types:
Core, L1 Memory, MemTile, ShimTile I~ AaewmLTe
Can monitor up to 8 user-selected events (from 100+) [ ‘ SR e \ East
Events ) i
Generate trace packets based on events

Configuration
Register

Trace has minimal performance impact
Monitoring and packet generation are non-intrusive

BUt Memory
Packet routing uses stream switch resources L Module
Data movement to DDR (L3) uses ShimDMA channels Losk MM A

South South
Events Events

AMDZU
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Enabling Trace in IRON: Code Integration & Dataflow (1/2) o% 7

IRON code to enable trace (unplaced design)

Core
|

Core
|

Core
HES
|
Core
|

my _workers = []
for 1 in range(n_cores):
workers.append(
Worker(...

Core
|

rt = Runtime()
with rt.sequence(tensor ty, tensor ty) as (A, C):
rt.enable_trace(trace_size, workers=my_workers)

if (trace_size > 0) {
test utils::write out trace(
((char *)bufOut) + IN SIZE,

trace_size, vm["trace_file"] A
.as<std::string>());

AMDZU
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Enabling Trace in IRON: Code Integration & Dataflow (2/2) o% -

IRON code to enable trace (unplaced design) with selected events

rt = Runtime()

with rt.sequence(tensor_ty, tensor_ty) as (A, C):

rt.enable trace(
trace_size=trace_size,
workers=my_workers,
trace_offset= trace_ offset,

(coretile_events = |
trace_utils.CoreEvent.INSTR_EVENT_O,
trace_utils.CoreEvent.INSTR_EVENT_ 1,
trace_utils.CoreEvent.INSTR_VECTOR,
trace_utils.CoreEvent.MEMORY_STALL,
trace _utils.CoreEvent.STREAM STALL,
trace_utils.CoreEvent.LOCK_STALL,
trace utils.CoreEvent.ACTIVE,

trace utils.CoreEvent.DISABLED]

~N

87

|

<
L

Buffer offset

Selected events
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Visualizing Trace with Perfetto

Step 1: Use trace parser (trace/parse.py) to convert raw trace.txt file to waveform JSON (trace.json)

Step 2: View results (trace.json) in web browser (http://ui.perfetto.dev)

Raw
trace.txt

trace/parse.py

aie.mlir

88

(D Perfetto =
Navigation

&5 Open trace file

IC open with legacy Ul
Q@ Record new trace A core_trace for tie2,1 0 =]
Current Trace

trace_vs.json (1 MB)

& Show timeline

£ Query (sQL)
a Viz

(# Metrics

@ Infoand stats

Convert trace

IO} switchto legacy Ul

&, Convert to .json

Example Traces

& ©pen Android example

[& Open Chrome example

NOTE: units in microseconds should be interpreted as clock cycles

AMDZU
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http://ui.perfetto.dev/
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Exercise 4: Measuring Performance with vector_scalar_mul

/

O

AMDZU
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Running Timers and Trace Exercises on Hardware

Navigate to Section 4 of the Programming Guide
https://github.com/Xilinx/mlir-aie/tree/main/programming_guide/section-4

On your local mlir-aie install, change directory to mlir-aie/programming_guide/section-4/section-4b
folder

Follow the instructions in Section 4b
Note: use “make use placed=1 trace” for this example

AMDZU
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vector_scalar_mul
c = a*factor

AlE Array Code

sub-vector
1k

AV/=Yei (o] 0“1 ¢

> >4

core_trace for tile2,1 0 =

— | TOKCycles (scalar processor)

Lockstal 5 ool |
AIE Core Code (Scalar Version)

@ Concurrent

Data Trans

void scale_scalar(int32_t *a, int32_t *c,
int32_t factor) {

for (inti=0;i<1024; i++) {
c[i] = factor * a[i];

}

}

91
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Vectorizing on AlE



AIE Compute Tile: Compute Details

Stream Switch

o T e T e
4

N S int 8 int 4 32 32 512
Scalar Unit Load int 8 int 8 32 32 256
Scalar Register Files Unit A int 16 int 8 32 32 128
Scalar ALU > < int 16 int 16 32 32 64
\ “[ Load int 32 int 16 16 64 32
" Vector Unit ) Unit B int 32° int 32 16 64 16
N ) || bfloat 16° | bfloat 16 16 SPFP | 128
Vector Register Files 4 ) 32°
Vector Compute: Store
MAC || Shuffle/Add/Cmp || Unit
\_ AN y,
[ Locks ] K /
AMDZ1

AIE-ML AIE API Manual: httos://www.xilinx.com/htmldocs/xilinx2023 2/aiengine api/aie api/doc/ together we advance_



https://www.xilinx.com/htmldocs/xilinx2023_2/aiengine_api/aie_api/doc/
https://docs.amd.com/r/6fASxLXnzZmaBR6accmoTw/qHcwBjjP9N49DEAVgGwyRA?section=sqv1632376492701__li_int32_emulated
https://docs.amd.com/r/6fASxLXnzZmaBR6accmoTw/qHcwBjjP9N49DEAVgGwyRA?section=sqv1632376492701__li_float32
https://docs.amd.com/r/6fASxLXnzZmaBR6accmoTw/qHcwBjjP9N49DEAVgGwyRA?section=sqv1632376492701__li_spfp
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AIE Compute Tile

Zero-Overhead SW Programmable VLIW Vector Processor

o - R - o

void processing_int32(int32_t *in, int32_t *out, int32_t parameter) {

for (inti=0;i<ilLoopBound; i++) {

for (int j=0; j < jLoopBound; j++) {
aie::vector< int32_t, 16> vectorOfData = aie::load_v<16>(in++);
aie::accum<accb4, vec_factor> cout =

aie::vectorProcessing(vectorOfData, parameter);

aie::store_v(out++,cout);

}

}

}

AMDZU
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https://www.xilinx.com/htmldocs/xilinx2023_2/aiengine_api/aie_api/doc/

Vectorizing vector_scalar_mul:
¢ = a*factor

1. Find vector operation, its vector and

accumulator size:
mul/mac, int32 x int32 - vector size 16

> 4
‘ Vector 4k g acc type 6

AlIE Core Code (Scalar Version)

void scale_int32(int32_t *a, int32_t *c,
int32_t factor) {

for (inti=0;i<1024;i++) {
c[i] = factor * ali];
}
}

AMDZU
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Vectorizing vector_scalar_mul:
¢ = a*factor

1. Find vector operation, its vector and

accumulator size:
mul/mac, int32 x int32 - vector size 16

= 4
‘ Vector 4k g acc type 6

AIE Core Code (Vectorizing WIP)

void scale_int32(int32_t *a, int32_t *c,
int32_t factor) {

for (inti=0;i<1024/16; i++) {
ie::accum<accb4, 16> cout = aie::mul(a, factor); ]
}

}

https://xilinx.github.io/aie_api/topics.html AMDZ

% together we advance_



Vectorizing vector_scalar_mul:
¢ = a*factor

1. Find vector operation, its vector and
accumulator size:
mul/mac, int32 x int32 - vector size 16
< > - acc type 64

Vector 4k _ _ | |
2. Load input into vector register and increment
AIE Core Code (\Vectorizing WIP) Input pointer

void scale_int32(int32_t *a, int32_t *c,
int32_t factor) {

for (inti=0;i<1024/16; i++) {
le::vector< int32_t, 16> a0 = aie::load_v<16>(a);
+=16;
aie::accum<accb4, 16> cout = aie::mul(a0, factor);
}
}

AMDZU
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vector_scalar_mul:

c = a*factor

‘ Vector 4k >

AIE Core Code ( )

void scale_int32(int32_t *a, int32_t *c,
int32_t factor) {

for (inti=0;i<1024/16; i++) {
aie::vector< int32_t, 16> a0 = aie::load_v<16>(a);
a +=16;
aie:;:accum<accb64, 16> cout = aie::mul(a0, factor);
aie::store_v(c,cout.to_vector<int32_t>(0));
c+=16;

98

Find vector operation, its vector and

accumulator size:

mul/mac, int32 x int32 = vector size 16
-> acc type 64

Load input into vector register and increment
input pointer

Cast and store the result from the accumulator
into the output and increment the output pointer

AMDZU
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vector_scalar_mul:

c = a*factor

‘ Vector 4k >

AIE Core Code ( )

void scale_int32(int32_t *a, int32_t *c,
int32_t factor) {

AIE_PREPARE_FOR_PIPELINING

AIE LOOP MIN ITERATION COUNT(64)

for (inti=0;i<1024/16; i++) {
aie::vector< int32_t, 16> a0 = aie::load_v<16>(a);
a +=16;
aie:;:accum<accb64, 16> cout = aie::mul(a0, factor);
aie::store_v(c,cout.to_vector<int32_t>(0));
c+=16;

99

Find vector operation, its vector and

accumulator size:

mul/mac, int32 x int32 = vector size 16
-> acc type 64

Load input into vector register and increment
input pointer

Cast and store the result from the accumulator
into the output and increment the output pointer

Add optional pragmas to further optimize design

AMDZU
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vector_scalar_mul:

c = a*factor

1. Find vector operation, its vector and

accumulator size:
mul/mac, int32 x int32 = vector size 16

> t 64
‘ Vector 4k g ] . .acc ype.
2. Load input into vector register and increment
AIE Core Code (Vectorized) Input pointer
void scale_int32(int32_t *a, int32_t *c, 3. Cast and store the result from the accumulator
Int32_t factor) { into the output and increment the output pointer
AIE_PREPARE_FOR_PIPELINING 4. Add optional pragmas to further optimize design

AIE_LOOP_MIN_ITERATION_COUNT(64)

for (inti=0;i<1024/16; i++) {
aie::vector< int32_t, 16> a0 = aie::load_v<16>(a);
a +=16;
aie:;:accum<accb64, 16> cout = aie::mul(a0, factor);
aie::store_v(c,cout.to_vector<int32_t>(0));

AMDZU
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Exercise 5: Tracing vector_scalar_mul

2,

O

AMDZU
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Running Vectorization Exercises on Hardware

Navigate now to Section 4c¢ of our Programming Guide
(https://github.com/Xilinx/mlir-aie/tree/main/programming_guide/section-4/section-4c)
On your local mlir-aie install, change directory to mlir-aie/programming_guide/section-4/section-4c folder
Follow the instructions in Section-4c up to Vectorization Exercises

NOTE — We will be working with programming_examples/basic/vector_scalar_mul example directly
Edit programming _examples/basic/vector_scalar_mul/vector_scalar_mul.py to set vectorized=False
Edit aie_kernels/aie2/scale.cc to comment/ uncomment pragmas
Use “make use placed=1 trace” for this example

[ Files

¥ main

ctorization and Optimization

ur local

multiply first to get an idea of the different components of this example

AMDZU
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AlE Array Code

vector_scalar_mul:
c = a*factor
sub-vector
1k
< >
Vector 4k

103

-l 2°Cycles (vector processor)

> >

core_trace for tile2,1 0 =]

Concurrent _

Data Transfers

PortRunning1

LockStall 5 LockStall I
AIE Core Code (Vector Version)
void scale_int32(int32_t *a, int32_t *c, int32_t factor) {
event0();
for (inti=0;i<1024/16; i++) {
aie::vector< int32_t, 16> a0 = aie::load_v<16>(a);
a +=16;
aie::accum<accb4, 16> cout = aie::mul(a0, factor);
aie::store_v(c,cout.to_vector<int32_t>(0));
c+=16;
}
eventl(); AMDZ1
} together we advance_




Dataflow and Larger Designs



Broadcast with ObjectFifo
of0

of0 = ObjectFifo(np.ndarray[(256,), np.dtype[np.int32]],3,"objfifo0")
A = Worker(..., fn_args=[of0.prod(),] )
B = Worker(..., fn_args=[of0.cons(),]|)
C = Worker(..., fn_args=[of0.cons(),]|)
D = Worker(..., fn_args=[of0.cons(),]!)

AMDZU
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Some ObjectFifo Patterns

forward() -- Hierarchical Data
Movement

Checkout the programming guide for more patterns and details!

AMDZU
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Some ObjectFifo Patterns

split() from MemTile

Compute
Tile 0

Checkout the programming guide for more patterns and details!

AMDZU
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Some ObjectFifo Patterns

join() in MemTile

Compute

Tile O

of out1

of out2

Checkout the programming guide for more patterns and details!

AMDZU
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More Information

Checkout the programming guide for
more patterns and details!

IRON API Docs:
https://xilinx.github.io/mlir-aie/python/html/

View Source Code:

mlir-aie/python/iron

AMDZU
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https://xilinx.github.io/mlir-aie/python/html/
https://xilinx.github.io/mlir-aie/python/html/
https://xilinx.github.io/mlir-aie/python/html/

Data Layout Transformations on the Fly

of0 = ObjectFifo(np.ndarray[(4, 8), np.dtype[int32]], 3, "objfifo0”,
dims_to_stream =[(8, 1), (4, 8),])

Dimension 0: Length 3, Stride 2

int *buffer;
for(int dim1 =0; dim1 < 2; dim1++) //size 1
for(int dim0 = 0; dim0 < 3; dim0++) // size_ 0
// access/store element at/to index:
buffer[
diml1 * 16 //stride 1
+dim0 * 2 // stride 0

-

Dimension 1:

110

Length 2, Stride 16

I;

AMDZU
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Exercise 6: mini_tutorial Part 2

Navigate in your browser to https://github.com/Xilinx/mlir-aie/tree/main/programming_gquide/mini_tutorial
Contains a mini tutorial with exercises for learning IRON data movement concepts
Follow the README in the mini_tutorial directory
Do exercise 2

AMDZU
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https://github.com/Xilinx/mlir-aie/tree/main/programming_guide/mini_tutorial
https://github.com/Xilinx/mlir-aie/tree/main/programming_guide/mini_tutorial
https://github.com/Xilinx/mlir-aie/tree/main/programming_guide/mini_tutorial
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Answer:

def exercise_2(input, output):

# Dataflow with ObjectFifos
of in = ObjectFifo(tile_ty, name="in"

# $plit of_in into of _ins

of| ins = of_in.cons().split(

of offsets,

obj_types=[tile_ty] * n_workers,
names=[f"in{worker}" for worker in range(n_workers)],

)

of out = ObjectFifo(tile_ty, name="out")

# Split of_in into of _ins

of _outs = of_out.prod().join(
of_offsets,
obj_types=[tile_ty] * n_workers,
names=[f"in{worker}" for worker in range(n_workers)],

)

# Create workers to perform the tasks
re — u

for worker in range(n_workers):

workers.appen orker(core_fn, [ot_ins|wor er].col|s(), of _outs[worker].prod()]))

AMDZU
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Answer:

def exercise_2(input, output):

# Dataflow with ObjectFifos
of in = ObjectFifo(tile_ty, name="in"

# Split of_in into of _ins

of_ins = of_in.cons().split(
of offsets,
obj_types=[tile_ty] * n_workers,
names=[f"in{worker}" for worker in range(n_workers)],

)

of out = ObjectFifo(tile_ty, name="out")

Split of _in into of _ins

_outs = of_out.prod().join(
of_offsets,
obj_types=[tile_ty] * n_workers,
names=[f"in{worker}" for worker in range(n_workers)],

)

# Create workers to perform the tasks
re — u
for worker in range(n_workers):
workers.appen orker(core_tn, [ot_ins|worker].cons(), of _outs[worker].prod()]))

AMDZU
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Example Vector Designs

Basic ML Operators
Design name Data type | Description Design name Data type | Description
132 Adds 1 to every element in vector bfloat16 An element by element addition of two
i32 Returns a vector multiplied by a scale factor vectors
i32 Returns a vector summed with another vector 39 An element by element multiplication of two
vectors
i32 Returns vector % vector
i N Rectified linear unit (ReLU) activation
i32 Returns a vector multiplied by a vector bfloat16 function on a vector
bfloat16 Returns the sum of all elements in a vector bfloat16 Softmax operation on a matrix
bfloat16 Returns the maximum of all elements in a vector i8 A single core 2D convolution for CNNs
bfloat16 Returns the minimum of all elements in a vector ia A Conv2D with a ReLU fused at the vector
register level
bfloat16 Returns a vector representing e* of the inputs
30 Transposes a matrix with the Shim DMA
using npu_dma_memcpy_nd
i32 Returns a matrix multiplied by a scalar
bfloat16 A single core matrix-matrix multiply
A matrix-matrix multiply using 16 AlEs with
bfloat16 operand broadcast. Uses a simple "accumulate in
place" strategy
bfloat16 A vector-matrix multiply returning a vector

114
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https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_scalar_add
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_scalar_mul
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_vector_add
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_vector_modulo
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_vector_mul
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_reduce_add
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_reduce_max
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_reduce_min
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_exp
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/dma_transpose
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/matrix_scalar_add
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/matrix_multiplication/single_core
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/matrix_multiplication/whole_array
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/matrix_multiplication/matrix_vector
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/eltwise_add
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/eltwise_mul
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/relu
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/softmax
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/conv2d
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/conv2d_fused_relu

Larger Example Designs

Vision Pipelines

ML Designs

Design name

Data type

Description

ui8

A Bottleneck Residual Block is a variant of the
residual block that utilizes three convolutions,
using 1x1, 3x3, and 1x1 filter sizes,
respectively. The implementation features
fusing of multiple kernels and dataflow
optimizations, highlighting the unique
architectural capabilities of Al Engines

ui8

ResNet with offloaded conv2_x layers. The
implementation features depth-first
implementation of multiple bottleneck blocks
across multiple NPU columns.

Design Data Description
name type
A simple pipeline with just one passThrough kernel. This
i8 pipeline mainly aims to test whether the data movement
works correctly to copy a greyscale image.
30 This multi-kernel, multi-core pipeline detects colors in an
RGBA image.
A multi-kernel, multi-core pipeline that detects edges in
XY an image and overlays the detection on the original
image.
30 A multi-core data-parallel implementation of color

thresholding of a RGBA image.
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ui8

MobileNet v3. The implementation features
depth-first implementation of multiple bottleneck
blocks utilizing all 32 tiles in a Strix/ Strix Halo
device. Currently uses scalar convolution
kernels, with vectorized kernels coming soon.

AMDZU
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https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/vision/vision_passthrough
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/vision/vision_passthrough
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/vision/color_detect
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/vision/edge_detect
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/vision/color_threshold
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/vision/color_threshold
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/bottleneck
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/resnet
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/mobilenet

Design 1: ResNet: Residual Network on Whole NPU Array

000

1000

Bottleneck
Block

000

000

000

> Dog
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17

Bottleneck Block

/

1x1

Convolution

—> RelLU —

Dimension
\\ reduction

Skip connection

3x3

Convolution

1x1
Convolution

Dimension
restoration
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Bottleneck Block: Kernel Fusion

/

1x1 3x3
_—’ . _’ .
Convolution Convolution
\ J

.

|

Dimension
reduction

Skip connection

Convolution

Dimension
restoration

v
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Mapping 1 Bottleneck on 1 NPU Column

A, (WxH)xC

|

A, i (WxH)xC

Layer0

Layer1

Layer2

AlE AlIE AlE AlE AlE
Tile Tile Tile Tile Tile
AlE AlIE AIE AlE AlE
Tile Tile Tile Tile Tile
AlE AIE AIE AlE AlIE
Tile Tile Tile il Tile
AlE AIE AIE AlE AlE
Tile Tile Tile Tile Tile
Mem Mem Mem Mem Mem
Tile Tile Tile Tile Tile
DMA & NOCs
Data Fabric

DDR DDR DDR
Controller Controller Controller
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Mapping 1 Bottleneck on 1 NPU Column: Spatial Dataflow Mapping

AlE3

B Weights

Weight (Distribute Pattern) | [] Activation

[ Residual
. MemTile III" B Intermediate
1x1|C/4 idua] Skip Connection [ Final Output

Activation yy
3x3|C/8 3x3|C/8
Broadcast Pattern

ShimDMAJ : AMD
{ Final O UtpUt together we advance_
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Mapping 1 Bottleneck on 1 NPU Column

1x1|C/4

Bottleneck 1

AlIE AlIE AlE AlE
Tile Tile Tile Tile
AlE AIE AlE AlE
Tile Tile Tile Tile
AlE AIE AIE AlE
Tile Tile Tile Tile
AIE AIE AlE AlE
Tile Tile Tile Tile
Mpm Mem Mem Mem Mem
Tlle Tile Tile Tile Tile
DMA & NOCs
Data Fabric

[IDR DDR DDR DDR
Controlle Controller Controller Controller
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Mapping 2 Bottleneck on 2 NPU Column

1x1|C/4

3x3|C/8 | 3x3|C/8 Bottleneck 2

Mem Mem Mem Mem
T Tile Tile Tile Tile

Data Fabric
[IDR DDR DDR DDOR
Controller Controller Controller Controller
Ain Aout

AMDZN
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Mapping 3 Bottleneck on 3 NPU Column

Mem Mem Mem
T Tile Tile Tile

1x1|C/4

3x3|C/8 | 3x3|C/8 Bottleneck 3

Data Fabri
[IDR DDR DOR DDOR
Controller Controller Controller Controller
Ain Aout

AMDZN
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Mapping 4 Bottleneck on 4 NPU Column

Data Fabric

DDR DDR
Controller Controller Controller Controller

out

1x1|C/4
3x3|C/8 | 3x3|C/8 Bottleneck 4
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Design 2: Edge Detect Vision Pipeline on 1 NPU Column

l,, (WxH)

filter2d

Iout

!

(WxH)

def edgeDetect():
@device(AlEDevice.ipu)
def deviceBody():

# AIE Core Function declarations

# AlE-array data movement with object fifos

# input RGBA broadcast + memtile for skip

inOF_L3L2 = ObjectFifo(IB_ty, 2, "inOF_L3L2")
inOF_L2L1 =inOF_L3L2.cons(7).forward("inOF_L2L1")

# output RGBA
outOF_L1L2 = ObjectFifo(IB_ty, 2, "outOF _L1L2")
outOF_L2L3 = outOF_L1L2.cons().forward("outOF L2L3")

# between computeTiles

OF_2to3 = ObjectFifo(IB_ty, 4, "OF_2to3")
OF_3to4 = ObjectFifo(IB_ty, 2, "OF _3to4")
OF_4to5 = ObjectFifo(IB_ty, 2, "OF_4to5")
OF _5to5 = ObjectFifo(IB_ty, 1, "OF_5to5")

# Tasks for cores to perform
# Workers to run the tasks

# Runtime sequence

AIE AlE AlE AlE
Tile Tile Tile Tile
AIE AIE AlE AlE
Tile Tile Tile Tile
AIE AIE AlE AIE
Tile Tile Tile Tile
A
AIE AIE AlE AIE
Tile Tile Tile L
Mgm Mem Mem Mem Mem
le Tile Tile Tile Tile
DMA & NOCs
Data Fabric

in Iout

[IDR DDR DDR DDR
Controlle Controller Controller Controller
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Design 3: Matrix Multiplication on Whole NPU Array

AL Engine Array; Data Movement in Whole Array Design Output Matrix ¢

Al

AMDZU

126 together we advance_



Wrapping Up



AMDQ
RYZEN Al

Continued Learning

Open-source repositories:
IRON + mlir-aie: https://github.com/Xilinx/mlir-aie
Peano: https://qgithub.com/Xilinx/llvm-aie

Papers:

Efficiency, Expressivity, and Extensibility in a Close-to-Metal NPU Programming Interface — FCCM 2025
AMD XDNA™ NPU in Ryzen™ Al Processors — IEEE Micro 2024

[J README &3 License

IRON API and MLIR-based Al Engine Toolchain

o°L

This project emphasizes fast, open-source toolchains for NPU devices including LLVM-based code generation.
IRON contains a close-to-metal toolkit that empowers performance engineers to create fast and efficient designs

Readily available AIE hardware:
Phoenix, Hawk, Strix, Krackan, Gorgon Point

Recommended hardware:
Phoenix Point Mini PC: Minisforum EM780 : AMD Ryzen™ 7 7840U
Hawk Point Mini PC: Minisforum UM890 Pro : AMD Ryzen™ 9 8945HS

Strix Point Mlnl PC Minisforum A| X1 Pro : AMD szen T™ A| 9 HX 370 for Ryzen™ Al NPUs powered by Al Engines. It provides Python APIs that enable developers to harness the unique
] i architectural capabilities of AMD’s NPUs. However, this project is not intended to represent an end-to-end
Krackan Point Mini PC: ASRock 4x4 BOX-AI350 : AMD Ryzen™ Al 7 350 compilation flow for all application designs---it is designed to complement, not replace, mainstream NPU tooling

for inference like the AMD Ryzen™ Al Software Platform. Targeting researchers and enthusiasts, IRON is designed
to unlock the full potential of NPUs for a wide range of workloads, from machine learning to digital signal
processing and beyond. This repository includes programming guides and examples demonstrating the APIs.

Additionally, the Peano component extends the LLVM framework by adding support for the Al Engine processor as

a target architecture, enabling integration with popular compiler frontends such as clang . Developers can
leverage the AIE API header library to implement efficient vectorized AIE core code in C++ that can be compiled by
Peano.
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i~ - IRON: Unlocking the Full Potential of NPUs - ‘..
° [@5iscerd) release NBIBIG) downloads (@ ) Small Benchmark/Test Suite [B8S8ing) PRs [Welcama) license [APEERE) code style black
IRON Library B ——
AMDD E:: . \;E - ; Compute Capacity
. XDNA E | = ] J f ‘ :‘ l i e ‘ oll| I 5X 2:E:Zfrllﬁwskin3
& https://github.com/amd/IRON

ril ey gy oo | | gy e s Power Efficiency
WOI'ld’S mOSt pOWEI’fU' o~ - i - N - = = Pt 2X Architectural advancements
for generative Al workloads

NPU for Next Gen AIPCs

d I RO N re p O S I tO ry fo r IRON is an open-source & close-to-metal Python API enabling fast and efficient execution on AMD Ryzen™ Al

NPUs. It relies on language bindings around the MLIR-AIE dialect.
NPU developers

The IRON Python API for Ryzen™ Al NPUs is described in the following paper:

E. Hunhoff, J. Melber, K. Denolf, A. Bisca, S. Bayliss, S. Neuendorffer, J. Fifield, J. Lo, P. Vasireddy, P. James-
Roxby, E. Keller. "Efficiency, Expressivity, and Extensibility in a Close-to-Metal NPU Programming Interface". In

) O pti m ize d O p e rato r li b ra ry 33rd IEEE International Symposium On Field-Programmable Custom Computing Machines, May 2025.

e" Operator Dashboard

Section Description Datatype AIE2 AIE2P Status Design Example
[ )
Exa m p le m O d e l Element-wise Element-wise addition ironfoperators/
bfloat16 v v - ;
. l t t. . Add kernel elementwise_add
I m p e m e n a I O n ¢ Element-wise Element-wise bfloat16 y r ® iron/operators/
° Lla ma 3.2 1 B Mul multiplication kernel oa elementwise_mul
GEMM General Matrix bfloat16 v v - ironfoperators/gemm)/

Multiplication kernel

General Matrix-Vector
GEMV bfloat1 v v ® i i
Multiplication kernel LA ironfoperators/gemy/

Grouped Query Attention
GQA ped Query bfloat16 v - iron/operatorsfmhaj/

kernel (Single pipeline) AM D “'l
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Triton for AMD NPU:
& https://github.com/amd/Triton-XDNA

@triton.jit

[J README 3 MITIi V4
eense def func(a, b)

Triton-XDNA é

An experimental open-source project demonstrating compiler-driven kernel generation for AMD XDNA NPUs
using Triton and MLIR-AIR. triton-air

Triton-XDNA provides an end-to-end compilation flow that lowers standard Triton kernels directly to AMD NPU
hardware — no prebuilt kernel libraries required. It bridges Triton's high-level parallel programming model with
AMD's MLIR-AIR/AIE compilation stack, producing XRT-compatible binaries for AMD Al Engine architectures (AIE2 mlir-air
and AIE2P).

How it works

Triton kernels are first lowered to compact Linalg compute graphs via triton-shared, then tiled and mapped onto | et
parallel NPU cores using the MLIR Transform dialect, and finally compiled through MLIR-AIR and MLIR-AIE to |
produce device binaries. '
Peano
Triton kernel (@triton.jit) & L
-> triton-shared (Linalg) l

—> MLIR Transform dialect (tiling, bufferization, vectorization)
—> MLIR-AIR / MLIR-AIE

-> XRT binary (aie.xclbin) AMDA
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Exercise 7: Programming Examples

Basic ML Operators
Design name Data type | Description Design name Data type | Description
132 Adds 1 to every element in vector bfloat16 An element by element addition of two
i32 Returns a vector multiplied by a scale factor vectors
i32 Returns a vector summed with another vector 39 An element by element multiplication of two
vectors
i32 Returns vector % vector
i N Rectified linear unit (ReLU) activation
i32 Returns a vector multiplied by a vector bfloat16 function on a vector
bfloat16 Returns the sum of all elements in a vector bfloat16 Softmax operation on a matrix
bfloat16 Returns the maximum of all elements in a vector i8 A single core 2D convolution for CNNs
bfloat16 Returns the minimum of all elements in a vector ia A Conv2D with a ReLU fused at the vector
register level
bfloat16 Returns a vector representing e* of the inputs
30 Transposes a matrix with the Shim DMA
using npu_dma_memcpy_nd
i32 Returns a matrix multiplied by a scalar
bfloat16 A single core matrix-matrix multiply
A matrix-matrix multiply using 16 AlEs with
bfloat16 operand broadcast. Uses a simple "accumulate in
place" strategy
bfloat16 A vector-matrix multiply returning a vector

131

AMDZU

together we advance_


https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_scalar_add
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_scalar_mul
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_vector_add
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_vector_modulo
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_vector_mul
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_reduce_add
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_reduce_max
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_reduce_min
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/vector_exp
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/dma_transpose
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/matrix_scalar_add
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/matrix_multiplication/single_core
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/matrix_multiplication/whole_array
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/basic/matrix_multiplication/matrix_vector
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/eltwise_add
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/eltwise_mul
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/relu
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/softmax
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/conv2d
https://github.com/Xilinx/mlir-aie/blob/main/programming_examples/ml/conv2d_fused_relu
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