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Challenges Solutions

• Fragmented abstraction for parallelism 
and data movement

• ARIES Python-Based programming 
interface that provides higher level 
abstraction for parallelism and data 
movement  of AIE

• Lack of a unified representation for the 
entire heterogenous systems

• ARIES Multi-Level Intermediate 
Representation (MLIR)-Based middle 
end with IRs and optimizations for 
different heterogenous component

• Extensibility and portability for different 
backends and future AIE architectures

• White-box open-sourced framework
https://github.com/arc-research-lab/Aries



ARIES Compilation Flow Overview



ARIES Compilation Flow Overview
User Programs



ARIES Compilation Flow Overview

ARIES Programming 
Interface

IR Builder

Python-Based Frontend

ARIES Initial IR

User Programs



ARIES Compilation Flow Overview

ARIES Programming 
Interface

IR Builder

Python-Based Frontend

ARIES Initial IR

Global Optimizations

Local Optimizations

ARIES Final IR

ARIES MLIR-Based Middle End

User Programs



ARIES Compilation Flow Overview

ARIES Programming 
Interface

IR Builder

Python-Based Frontend

ARIES Initial IR

Global Optimizations

Local Optimizations

ARIES Final IR

ARIES MLIR-Based Middle End

Code Gen

Versal NPU

Translation & Conversion within MLIR 
for Multiple Backends

User Programs





ARIES Programming 
Interface

IR Builder

Python-Based Frontend

ARIES Initial IR



ARIES Programming 
Interface

IR Builder

Python-Based Frontend

ARIES Initial IR

Global Optimizations

Local Optimizations

ARIES Final IR

MLIR-Based Middle End



ARIES Programming 
Interface

IR Builder

Python-Based Frontend

ARIES Initial IR

Global Optimizations

Local Optimizations

ARIES Final IR

MLIR-Based Middle End

Code Gen

Versal NPU

Backend



Global Optimizations

Local Optimizations

ARIES Final IR

Code Gen

Versal NPU

ARIES Compilation Flow Overview

Higher-level Abstraction:

• Explicit intra/inter AIE parallelism
• Simplified data movement
• Free of hardware details(locks, tiles)

Programming 
Interface

IR Builder

Python-Based Frontend

ARIES Initial IR



Code Gen

Versal NPU

ARIES Compilation Flow Overview

Programming 
Interface

IR Builder

Python-Based Frontend

ARIES Initial IR

Global Optimizations

Local Optimizations

ARIES Final IR

Hardware-agnostic Opts:

• Dataflow graph optimizations

Hardware dependent Opts under 
a unified representation:

• Single AIE → AIEVec Dialect
• AIE Array→ ARIES ADF Dialect
• PL→MLIR Builtin Dialects



ARIES Compilation Flow Overview

Programming 
Interface

IR Builder

Python-Based Frontend

ARIES Initial IR

Global Optimizations

Local Optimizations

ARIES Final IR

Code Gen

Versal NPU

• AIEVec Dialect → AIE Intrinsics
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• Final IR → AIE Objectfifo + AIEX Dialect
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4 Specify primitives for optimization

gemm_task = top(A, B, C)

sch = Schedule(gemm_task)

sch.parallel(gemm_task, [i=1, j=2, k=2])
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Experiment Results

• Versal Backend: GEMM Performance

• Finer-grained data transfer mechanism & wider 
PLIO port width are applied

• The unified representation enables 
hardware aware optimizations

• ARIES end-to-end flow provides good 
extensibility and reusability

Higher Comm. Efficiency between AIE & PL1

Config IO in AIE & Corresponding adjustment in PL 

Optimizations can be implemented by adding or replacing 
a single pass in ARIES with other automations reused

More efficient AIE core and IO placement2
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Key Takeaways

• ARIES is the first work that proposes a unified representation for the heterogeneous 
system that enables holistic optimization

• ARIES provides a simplified abstraction for constructing AIE that greatly improves the 
productivity reliving users from detailed hardware controls

• ARIES end-to-end flow has good extensibility and reusability providing the opportunities 
for potential optimizations and design space exploration

ARIES Open-source GitHub Repo

• https://github.com/arc-research-lab/Aries
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GEMM Example: ARIES Python-Based Frontend

• ARIES Tile Programming Model: 

5 Construct multi-layer applications: @task_top()

@task_top()

def top(A: float32[32, 64], B: float32[64, 64], 

C: float32[32, 64], D: float32[64, 64], 

E: float32[32, 128]):

grid0 = (1, 2, 2)

grid1 = (1, 2, 4)

tile_size = (32, 32, 32)

gemm_task = gemm[grid0, tile_size, id=0](A, B, C)

gemm_task = gemm[grid1, tile_size, id=0](C, D, E)

return gemm_task

L3

AIE AIE

AIE AIE

One-monolithic overlay

PL



GEMM Example: ARIES Python-Based Frontend

• ARIES Tile Programming Model

5 Construct multi-layer applications: @task_top()

@task_top()

def top(A: float32[32, 64], B: float32[64, 64], 

C: float32[32, 64], D: float32[32, 64], 

E: float32[64, 64], F: float32[32, 128]):

grid0 = (1, 2, 2)

grid1 = (1, 2, 4)

tile_size = (32, 32, 32)

gemm_task0 = gemm[grid0, tile_size, id=0](A, B, C)

gemm_task1 = gemm[grid1, tile_size, id=1](D, E, F)

return gemm_task, gemm_task1

L3

AIE AIE

AIE AIE

Spatial Acc design comm via L3

PL

PL



GEMM Example: ARIES Python-Based Frontend

• ARIES Tile Programming Model

5 Construct multi-layer applications with PL: @task_pl()

@task_top()

def top(A: float32[32, 64], B: float32[64, 64], 

C: float32[32, 64], D: float32[32, 64]):

grid0 = (1, 2, 2)

tile_size = (32, 32, 32)

gemm_task = gemm[grid0, tile_size](A, B, C)

softmax_task = softmax(C, D)

return gemm_task, softmax_task

L3

AIE AIE

Spatial Acc design comm via L3

PL

@task_pl()
def softmax(CIN: float32[32, 64], CO: float32[32, 64]):

# Find max
# Exp sum
# Division
return

PL PL PL
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