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User

; Prompt

Al is pervasive today!

Chatbots

Sentiment Analysis

“25% of code at google in last

and articulate your reason.
{{Few-shot Demonstrations}}

INPUT: "If you sometimes like to go to the movies to have fun, Wasabi is a good

[Plelse decide whether the sentiment of the input sentence is positive or negative, )

lece to start.” )

I'he sentiment is positive. The input sentence contains positive sentiment. It
suggests that if you enjoy going to the movies for fun, "Wasabi" is a good place to
begin, implying that the speaker finds Wasabi to be an enjoyable or suitable
option for such activities.

o2

N

Code Generation

& segmentation.ib

, def segmentation(items, separator)
curr = [1
segments = []

. items.each do |itenl|

end

segmentation([1,2,4,0,2,5,0,3,8], 0).each do |segment|
puts(segment.join(", "))

end

quarter was Al generated ”
Text to Speech

Generator

7 Text

» Algorithmic view of Al (Datasets and Models)

T

Speech

Text Generation

O Stop Generating

Recommendations

Language Translation

[Instruction]: Translate the following

sentences from English to Chinese.

[/nput]: Did you see it go?

v 5698

[Outputl: HFHRTS?

Question Answering

Generative Question Answering

Document Question
Python is a high-level, interpreted, Is Python dynamically-typed?
general-purpose programming
language. Its design philosophy
emphasizes code readability with

the use of significant indentation. Question Answering Model

{ Python is dynamically-typediand
garbage-collected. It supports
multiple programming paradigms,
including structured (particularly ver
procedural), object-oriented and Yes, itis

functional programming.

Answer
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Computer Architect’s view of Al

......

e
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Instinct Platforms Gaudi Andromeda
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. .
Computer Architect’s view of Al

Datacenter Fabric v’ Customized

accelerators for Al
(aka NPUs)

Neural Processing
Unit (NPU)

v’ Customized network
fabrics to scale the Al
task across multiple
accelerators

CPU Fabric

ey

DRAM/HBM - NIC ' DNN Accelerator ' CPU Node

Why?

Figure modified from “Zion: Facebook Next- Generation Large Memory Training Platform”, Misha Smelyanskiy, Hot Chips 31”
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“Large” Language Models

Model

(Company)

#Parameters
[Billion]

Hundreds of ZettaFLOPs of compute

Model Footprint
(Assuming 2B/Param)

Training Footprint
(Assuming 16B/Param”)

Clause 3 Opus

GPT-4

Gemini 1.5 Pro

Samba-1

Cerebras-1T

Grok-3

DeepSeep-R1

PaLM

Anthropic

OpenAl

Google

SambaNova

Cerebras

XAl

DeepSeek-Al

Google

2,000
1,760
1,500
1,400
1,000
928
685

540

N

4.00 TB 32.00 TB
3.527TB 28.16 TB
3.00TB 24.00 TB
2.80TB 22.40TB
2.00TB 16.00 TB
1.86 TB 14.85TB
1.37TB 10.96 TB
1.08 TB 3.64 1B

/
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Al is a distributed systems problem!

GPT-4 (2023) GPT-5 (2025)

Total Parameters ~1.8 Trillion (using MoE) Unknown
(Weights)

l Training Compute ~25000 NVIDIA A100 GPUs over 90-100 days ~170,000 H100/H200 GPUs over 2 years ]

Training Data ~13 Trillion Tokens ~70 Trillion Tokens
[Inference Compute 128 NVIDIA A100 GPUs Multiple GB200 (72 GPU) nodes ]
Context Length 32,000 Tokens 400,000 Tokens

Arch2.0 Workshop @ ASPLOS 2026 Tushar Krishna | Georgia Institute of Technology Mar 23, 2026



.
The Al datacenter market continues to grow!

Global Al Data Center Market

Size, by Type, 2025-2034 (USD Billion)
180 | ASIC Data Center

160
140

123.8
120
97.4
100
5 76.6
60.3
60 47.4
58,4 37.3

40 :

us B2 2B
° - B
N N

B GPU Data Center

167.3
Hybrid Data Center

2024 2025 2026 2027 2028 2029 2030 2031 2032 2033 2034

The Market will G
atthecacrot | 21170 s inzosamuse . $1957.3B AW marketus
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Google

The Al datacenter “scale” continues to grow!

The Keyword Home  Productnews v Companynews v Feed

“ > TECHNOLOGY > RESEARCH

Nov 04, 2025 (o]

Meet Project Suncatcher, a research moonshot to scale
machine learning compute in space.

Artificial intelligence is a foundational technology that could help us tackle humanity's greatest
challenges. Now, we're asking where we can go next to unlock its fullest potential. Today we're
announcing Project Suncatcher, our new research moonshot to one day scale machine learning in
space. Working backward from this potential future, we're exploring how an interconnected
network of solar-powered satellites, equipped with our Tensor Processing Unit (TPU) Al chips,
could harness the full power of the Sun.

Inspired by other Google moonshots like autonomous vehicles and quantum computing, we've

begun work on the foundational work needed to one day make this future possible. We're excited
that this is a growing area of exploration, and our initial research, shared today in a preprint paper,
describes our approach to satellite constellation design, control, and communication, and also our

initial learnings from radiation testing Google TPUs.

Our next step is a learning mission in partnership with Planet to launch two prototype satellites by
early 2027 that will test our hardware in orbit, laying the groundwork for a future era of massively-

scaled computation in space.

We are having to invent new terminology!

Scale-In = Scale-Up = Scale-Out = Scale-Across = Scale-Above

Al Infrastructure

Leaf% %%%
Y @ @ @

Al edge [/ loT

Edge / Micro Cloud

KEYSIGHT

e —————— s U
\ Faone

>10km-6m
500m - 0.31 mi

InfiniBand
Ultra Etherneat

ToR | |
{ |

|

|

|

|
1
: |
1
|

|
o Uy
¥

, - Nvlink, Infir
} . — UALink, NSUE

| |
%00 #00 [ won P00

PCle switch RDMA NICs /
A — 30em-121in

1 mm -.04in

Chiplets Wafer Scale xPU + HBM




How to design and optimize Al Datacenters?

"Al is not just about algorithms and "The future of computing is going to
software; it’s about creating the right be about flexibility — flexibility to
hardware infrastructure that can create new architectures, flexibility

enable these algorithms to run to scale, flexibility to bring Al into
efficiently. Hardware and software every single thing that we do."

must be co-designed to fully unleash

the potential of AL" — Jensen Huang, CEO of NVIDIA

— Jensen Huang, CEO of NVIDIA

i

Need an agile mechanism to
navigate the HW-SW stack
and make judicious bets
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Outline

* Design Space of Al Platforms
* ASTRA-sim Ecosystem
e Case Study: Using Al to Navigate Search Space

 Conclusion
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Outline

* Design Space of Al Platforms
* ASTRA-sim Ecosystem
e Case Study: Using Al to Navigate Search Space

 Conclusion
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. .
Computer Architect’s view of Al

Datacenter Fabric v’ Customized

accelerators for Al
(aka NPUs)

Neural Processing |
Unit (NPU)

v’ Customized network
fabrics to scale the Al
task across multiple
accelerators

CPU Fabric

DRAM/HBM . NIC Node

Figure modified from “Zion: Facebook Next- Generation Large Memory Training Platform”, Misha Smelyanskiy, Hot Chips 31”
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Diverse Compute

Intel
AMD

NVIDIA
AMD

m G Microsoft
CRARRARRAR RARALRALL
EnChargeAl |
& SRERR. Google
Amazon
B Meta
ASICs Microsoft
Gro
TINY q
Cerebras
Rebellions
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Diverse Networks

[Easi=] .. 18 switches ...

Nvlink + Nvswitch = Infiniband

I\

EuEmsNNs||eEeeenen| .. 32 servers (256 GPUs) ...

NVLink
Switch

External

NVSwitch

NVLink
H100

Emerald Pools

—>

Clear Creek

|

Angels Landing

—>

Arch2.0 Workshop @ ASPLOS 2026

NVIDIA DGX

ZionEX

UPI PCle x4

PCle x16
Gen 3

Xelink = RoCE

Intel Habana Gaudi

Scale-up = Scale-out

 opgi- v) AN ,“{' L 'm‘; {

1 3D Torus using custom

| electrical interconnect =2
Optical scale-out

SwarmX Interconnect

SwarmX
Interconnect

Wafer-scale 2 SwarmX
tree fabric

Men

[ 2

Cerebras SwarmxX

Tushar Krishna | Georgia Institute of Technology
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Diverse Memory Systems

CPU GPU m On-chip spad memory Local main memory

Remote memory CPU main memory

@ Per-node memory expansion

Intel Habana, NVIDIA DGX2

@ Per-GPU memory expansion

Astera Labs

@ Integ. chip mem. exp with CPU network

Arch2.0 Workshop @ ASPLOS 2026

@ Integ. chip mem. exp with GPU network

NVIDIA Grace Hopper

Tushar Krishna | Georgia Institute of Technology

A6 006

(5) On-chip (SRAM) memory

Groq
Cerebras CS-3
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Cross-coupled Design-Space

Examples of Platform
Design Questions

What are the platform
requirements for
~ agentic reasoning?

\

How to
navigate?

," Al Models  Software Optimizations Use Cases \I

“Co-Design” 1 CNNs Quantization Chat Bots :
jommm——————— ~~ ' DLRM Parallelism Code Gen ]
,' Architecture K LLMs Scheduling Summarization 1
| NPU I VLM Reasoning -
i Memory i GNNs . :
! Fabric A Software /I'
: _______________________________________ L
l @ J Iterative
i What is the impact
: rechnol to:: parallelisn’:‘ on?
I Technology oken generation”
i CIM — Al Platforms
i Packaging
! Photonics —
: CXL I
i i How does doubling
‘. Hardware 7 interconnect bandwidth affect

NN S B B

the summarization task?

Would HBM to offload help
meet my target throughput at
lower memory capacity?

Arch2.0 Workshop @ ASPLOS 2026 Tushar Krishna | Georgia Institute of Technology
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Architecture2.0

Industry Relations

How do we share traces/infrastructure?
What resources can industry offer?

How can industry engage with academic
efforts? How can academia transfer
developed technologies to industry?

Workforce and Training

Can we create a systematic
playbook for best known methods?
How do we ensure strong baselines
and reproducibility?

Best Practices

Can we create a systematic playbook for
best known methods? How do we ensure
strong baselines and reproducibility?

Arch2.0 Workshop @ ASPLOS 2026

Datasets

What datasets do we need? How should we collect these
datasets for architecture research? What metadata should
the datasets contain to enable broad usage? How do

O

Tushar Krishna | Georgia Institute of Technology

we create standard data formats from any ML algorithm?

ML Algorithms

How can we learn and apply new ML
algorithms to effectively design high-
performance/efficient systems?

How do we make our community more
accessible to ML researchers? How do
we embrace ML algorithm design as part
of architecture research?

( Tools and Infrastructure \

@ What instrumentation mechanisms do

we need for creating the datasets?

What gym environments do we need to
enable data-centric Al? How do we define

\ standard data formats for interoperability? )

Mar 23, 2026




Outline

* ASTRA-sim Ecosystem
e Case Study: Using Al to Navigate Search Space

 Conclusion
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Understanding the design-space

Al Model Architecture Co-Design Optimization Opportunities
Parallelization Strategy LLM/ViT/Mamba/....
Communication Policy
TP/PP/DP/ESDP/..
Use Case + Framework-level Scheduling
Al Model + Workload
.. . Collective Compiler
Optimizations Scheduling || Optimizations
Software Communication Compute Transport || HW specific Collectives Tiling
Scheduling Scheduling Scheduling Layer || Optimizations Send-Rev Layout
"""""""""""""""""" - Scale-out Mapping
Topol
Network Compute sy
Hard.ware HW HW Geslieuofii Offload
Architecture Topology Dataflow CXL
Flow Control Microarch Data Reuse
Technology Circuits and Devices End Point =il Sparsity
Integration Technology
Link Technol :
e SoTmooy Frequency, Energy, Latency, Bandwidth
Memory Technology
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Introducing ASTRA-sim

APls
( Workload‘“
Graph Execution Workload
Workload
API
Operator Communication Compute
. > Scheduling Scheduling
' 2
E Network Memory | Compute
HW HW HW
System
API
System . . .
Paereters Circuits and Devices
J
Network Memory Compute
API API API
( Neton 4 A Compute

(e.g. Garnet or NS3) NI e.g. SCALE-SIM)

Request Queue On-chip SRAM

& TOPOIOgy ﬂ
Network
W

Compute E ﬂ E
Parameters \ J Parameters
AN J A\ J |\ J Eﬂ
Y Y Y O

Network Simulator Mem Simulator Compute Simulator ASTRA-sim Website

\ /\ /

,
L
r




ASTRA-sim: Design Principles

* User determines the model/simulator for compute/network/memory
depending on the level of detail and simulation time they want

* Key enabler: APIs for plugging in diverse external open/proprietary
tools (i.e., composable simulators)

» Reference Implementation: http://github.com/astra-sim/astra-sim
* Website: https://astra-sim.github.io/
 Tutorials: https://astra-sim.github.io/tutorials
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Workload

- Workload
API

Network
Parameters

System
API

=

A\

-

System
Parameters
Network
API
r N\
Network
(e.g. Garnet or NS3) NI

Topology
Router ) T ( link

7

J

Y
Network Simulator

v Input + Model Architecture + Optimizations

INIS-VULSV

Mem Simulator

N
Workload
Graph Execution
Operator
7
System)
Scheduler
Memory
API

~

C Request Queue D

C Memory module D
N\ J

Workload

Compute
Scheduling

Communication
Scheduling

Compute
HW

Memory
HW

Network
HW

Circuits and Devices

.

Compute
API
f Compute
. e.g. SCALE-SIM)
On-chip SRAM

Compute Array

L

Compute
J Parameters

&

El%LE
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Y

Compute Simulator
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Workload

v Input + Model Architecture + Optimizations

Training Workload = {Data Set, Model Architecture, System Optimizations}

N\

LLM

Parallelism

MoE

Activation Recompute

Inference Workload = {Use case, Model Architecture, Model Optimizations, System Optimizations}

Flash Attention

Chunking prefill

Chat Bot MQA/GQA Quantization
Summarization MoE Weight Sparsity

Q/A Sliding Window KV pruning
Reasoning Layer-wise KV sharing Mixed precision

Arch2.0 Workshop @ ASPLOS 2026

Parallelism

Tushar Krishna | Georgia Institute of Technology

Speculative Decoding
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Workload API

- Workload
API

Network
Parameters

System
API

=

-

System
Parameters
Network
API
r '
Network
(e.g. Garnet or NS3) NI

Topology
Router)""( link )J

A\

J

Y
Network Simulator

Workload‘

Graph Execution

Operator

Memory
API

Request Queue

I

Memory module

\ /\ /

L

Y

Mem Simulator

INIS-VULSV

Graphical representation of training/inference loop

Workload

Communication
Scheduling

Compute
Scheduling
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HW

work Memory

HW

Compute
HW

Circuits and Devices

Compute
API

Compute

. e.g. SCALE-SIM)
On-chip SRAM

Compute Array

. J
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Y

Compute Simulator

L

Compute
Parameters

i
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Workload API

* Workload API captures workload-specific characteristics
 DNN Model
* Parallelization strategies
* Control and Data dependencies
e Compute and Communication order

* All workload characteristics are captured through
MLCommons Chakra Execution Trace representation

Arch2.0 Workshop @ ASPLOS 2026 Tushar Krishna | Georgia Institute of Technology
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Chakra Execution Trace

* Extensible and standardized graph format
to represent Al workloads

* Nodes: primitive operators and tensor objects
with attributes and timing

* Edges: data and control dependency

* Benefits
* |solate comms and compute operators

e Operator, dependencies, and timing for replay,
simulation, and analysis

* Flexible to represent both workloads and
collective implementations

e Graph transformations to obscure sensitive IP

Arch2.0 Workshop @ ASPLOS 2026 Tushar Krishna | Georgia Institute of Technology

" Compute Op

Tensor
object

Control dep

S
SS
~

sy
~
S

~
~~
~~
~
~
~
~~
~
~~.
~~.
<

Comms op . Execute
concurrently

Comms op

Compute op
e.g. GEMM, Cony,
Embedding op

Comms Op

- 1D: - |D:

- Type: AllIReduce
- Size:
- Runtime:

- Type: MatMul
- Dimensions:
- Runtime:
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Chakra Traces: Collection and Synthesis

Platform Platform
{ AT model agnostic dependent Code Gen H Execution }
transforms transforms .
v v v
Pre-transformed Post-transformed* Post-transformed** Profiled

[PyTorch] Integrate Execution Graph Observer into PyTorch Profiler #75358

Type of Execution Traces

1. Pre-transformed: original model

2. Post-transformed*: optimized graph (may or
may not be platform dependent)

i.e., PyTorch2.0 FXgraph

3. Profiled: graph executed on a specific platform

S

/'

4. Synthesized: via analytical or statistical models
"~ ICLR 2025 paper: https://arxiv.org/abs/2411.02322

https://github.com/astra-sim/symbolic tensor graph

Arch2.0 Workshop @ ASPLOS 2026

eg = None

if args.eg:
eg_file = f"{out_file_prefix}_eg.json"
eg = ExecutionGraphObserver O

eg.register_callback(eg_file)
eg.start()

T~

Code

with torch.autograd.profiler.profile(

args.profile, use_cuda=use_cuda, use_kineto=True,

) as prof:

with record_function(f"[param|{run_options['device"

benchmark.run()

reco

if eg:
eg.stop()
eg.unregister_callback()

logger.info(f"exeution graph: {eg_file}")

dificatjons

Tushar Krishna | Georgia Institute of Technology
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Sample Chakra Traces

COMM_RECV_NODE_MB_0_BWD

N

COMP_NODE MB 0 BWD WG COMM _RECV_NODE MB_1 BWD

o

/

‘ COMP_NODE_MB_1_BWD_WG | ‘ COMM_RECV_NODE_MB_2 BWD ‘

3

atenzeros (3)

[pytorchiprofileriexecution_graphiprocess] (1)

o
[pytorchiprofilefexecution_graphithread] (2)

## LOOP 4 5 (5T)

28

\ e
I\\ el b}
atenzempty (4) l aten: mm(mr l #HTEST 1 88 (22) ‘ atenzzeapty (9)
T

I aten::randn (12)
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e
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N

COMP_NODE MB 3 BWD WG

COMM_RECV NODE MB 4 BWD

aten::mul (40)

aten::normal_(31) | | aten::mul (46)
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\ \
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|
1
e 4
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\
\

o
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N 1
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Workload Layer

- Workload
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r N\
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Network Simulator

v Graph parsing and execution
v’ Pass operators to system layer

o
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Memory module
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System API
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Network Simulator

Specify Collective Communication
Algorithms and Scheduling Policies
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System Layer

v’ Identify compute, memory and

- Workload
API

Network
Parameters

System
API

System
Parameters
Network
API
r N\
Network
(e.g. Garnet or NS3) NI

=€

A\

Topology
Router ) T ( link
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Y
Network Simulator
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Operat
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collective operators
v’ Pass operators to compute, memory
and network simulators

_— T,
Workload

\
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I

Memory module
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% Plug in different compute models /\
simulators of varying fidelity

Compute Layer

Workload| ™) v' Identify the slack available to hide
Graph Execution . . b h d t
Workload communication behina compute
- < e
IS munication Compute
| S _\’:RPA cheduling Scheduling
s S y

S

etwork Memory | Compute
HW HW HW

INIS-VULSV

System
API

System ) ) )
Pargmeters y Circuits and Devices
Network Memory Compute
API API API
f Network ) ( ) f Compute
e.g. SCALE-SIM
(e.g. Garnet or NS3) NI ( Request Queue D On-chip SRAM g )
& Topology l ﬂ
Siol €=
Network Compute
Parameters J \ J \ J Parameters
AN J N\ J ¢ J
Y Y Y
Network Simulator Mem Simulator Compute Simulator
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Compute Layer

* Simulates compute times required for Chakra ET's compute node

Roofline
SCALE-sim

Real GPU**

Compute Compute
Input: 50 x 10 Sl _ 23 us
. Simulator
Layer
Analytical: First-order roofline Fast analysis for compute vs memory boundness
Cycle-accurate: systolic array and memory Models Google-TPUv5-like SoC
Run compute operator on real GPU Measured runtime

**In progress

Fidelity Speed
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. .
Example: SCALE-Sim NPU Simulator

SCALE-Sim /
Hardware Il Repot:
c f§pec o Ramulator For DRAM/HBM , Cycles,
on 'g.l:ra = | ] Bandwise
ile !
DRAM Interface A - etc.
’ w
v 1 . 3
L =
Multi Cores !
Q Core
N
< ~
2 AN
Q’_ TC TC TC SC
3 -
Wrokload % s~ Metadata CVCIe
Topology 8 sparse I Accurate
File 5 TC TC TC Core r Traces
N 2=
Data-Layout-Simulated L2 S . =2
A S

https://scalesim-project.github.io/
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Inject and receive traffic from
any network model/simulator

Network API

Workload‘ \
Graph Execution Workload

Communication Compute

)2 Scheduling Scheduling
System) E

E Network Memory = = Compute
Scheduler HW HW HW
Parameters y Circuits and Devices
Network Memory Compute
API API API
( ) [ A f Compute
SRS e.g. SCALE-SIM)

(e.g. Garnet or NS3) NI

Request Queue On-chip SRAM

& TOPOIOgy ﬂ
( Router ) e ( link C Memory module Compute Array
Network Compute

EIE' E'%El

Parameters G J \ J Parameters

(N J (N J g J ﬂ
Y Y Y O

Network Simulator Mem Simulator Compute Simulator ASTRA-sim Websit

\ /\ /

,
L




NetworkAPI

*sim send(msg size, src, dest, callback)

* Simulate sending a message of size msg_size from src through dest
and invoke callback function once transmission has finished

*sim recv(msg size, src, dest, callback)

* Simulate receiving a message of size msg_size from src through dest
and invoke callback function once transmission has finished

* sim schedule (delta, callback)
* Invoke callback function after delta time

*°sim get time ()
e Return current time of simulation to the frontend
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Network Layer

v" Plug in different network models /
Workload| ™ simulators of varying fidelity
v’ Open-source (+ proprietary)

simulators already being used
v" Simulate actual network behavior
f v' Communication protocols (TCP,

RDMA, etc.)

v" Network topology
v' BW/latency per link
v’ Buffering and Arbitration

Compute
API

Graph Execution

- Workload
API

\

\

AIS-VU.LSV

System
API

System
Parameters

<iemory
API

Network
API

r

Compute

N\
(e.g. Garnetor NS3) C Request Queue D e.g. SCALE-SIM)
&' Topology l ﬂ
Network [ Router ) - ( link )] C Memery module D Compute E ﬂ E
Parameters \ J J \ J Parameters E&Eﬂ
. N J \. ~ J 1§ N ) 5

Network Simulator Mem Simulator Compute Simulator ASTRA-sim Websit




Network Layer

» Simulates actual network behavior (send/recv)

* Supports multiple network models/simulators through NetworkAPI

* Enabling the simulation of various scales/fidelity

* We have released 4 network simulators implementing NetworkAPI

analytical analytical equation-based simulation fast simulation, hierarchical topologies
congestion-aware congestion-aware analytical simulation first-order congestion (queueing) modeling
Garnet on-chip/scale-up network simulation packetization, flow control, congestion
ns-3 inter-network simulation RDMA, congestion-control
Genie Transmit packets through real network Measured network performance Fidelity Speed

Additional proprietary network simulators implementing the NetworkAPI being
used by AMD, Alibaba, HPE Labs, some startups ..
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Memory Layer

System
Parameters
Network
API
4 N\
Network
(e.g. Garnet or NS3) NI

- Workload
API

System
API

(v Model data movement between )

remote memory to local memory
v Study emerging disaggregated

memory architectures (e.g., CXL)

Workload‘ \

Graph Execution

INIS-VULSV

Memory
API

Compute
API
On-chip SRAM

Compute Array

Compute
e.g. SCALE-SIM)

Request Queue

I

L

\ /\ J

Topology
- . Memory module
Network ( Router ) ( link Compute
Parameters \ J \ J \ J Parameters
(N J \\ J (G J
Y Y Y
Network Simulator Mem Simulator Compute Simulator
Mar 23, 2026
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Memory Layer

e Simulates remote memory behavior

e Should support multiple memory architectures using RemoteMemoryAPI
* Enabling the simulation of various scales/fidelity

* Current version: only supports a simple analytical model

* Local vs Remote Mem BW (Memory Access Time)

* Pipelined Data Transfer = (Memory Access Latency)
+ (Tensor Size)/(Memory Bandwidth)

analytical analytical equation-based simulation fast simulation, disaggregated topologies

Fidelity Speed
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Example of ASTRA-sim in action

Simulating a system with new network fabric but same GPU

Type: Compute
Input: 50 x 10
Weight: 10 x 20
Time: xxx

Extract
Runtime

All Reduce - ‘
Algorithm

Type: Comms
All-Reduce
300 MB

Time: xXxx

API

Chakra Trace Total Runtime
Exposed Communication

——

20 us

Arch2.0 Workshop @ ASPLOS 2026 Tushar Krishna | Georgia Institute of Technology
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20 us

Network
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Summary of ASTRA-sim

* Key Features

* Workload, System, Network, Memory, and Compute Layers

* Plug-and-play support via APIs
Supports arbitrary workload and parallelization strategies
Models system-level behaviors
Supports large-scale, multi-dimensional network simulations
Runs various compute simulation backends

( ML Frameworks )

‘ Parser Workload)
( Training Loop ) Network

e ‘ API

System

( Comm. ) (Memory) ( Comm. ) M‘( Event ,
Queue
- System
Parameters

Execution Trace

D|spatcher Scheduler
Remote Mem Load/Store (Load Size)
Schedullng
m Compute (#FP Ops, Mem Size) Ready Queue Queue

Collective Comm. (Type, Size)

Workload

Communication
Scheduling

Compute

Scheduling

Network
HW

Memory
HW

Compute
HW

Circuits and Devices

Multi-dimensional

NPU Fabric

7\

NPU

NPU

NPU

Local

Remote
Memory

saggregated Memory
Fabric

NN

Local
Mem. Mem.

Remote Remote
Memory Memory




External Impact

Mc":ommons ASTRA-sim
An Open-source Distributed-Deep Learning Training Simulator
Chakra: Advancing oo
Benchmarking and Co- e
design for Future Al Systems %&gﬂ
Tutorials
* Chakra has been adopted by MLCommons! * ASPLOS (2022, 2023), ISCA (2022), MLSys (2022),
* maintainer of MLPerf MICRO 2024
e | co-chair a working group with the following goals Userbase (540 stars on github, 190 forks)
* Trace Format Standardization * Industry
e Trace Collection support * AMD, Intel, NVIDIA, HPE Labs, Marvell,
(PyTorch/TensorFlow) Alibaba, Keysight,
* Trace Replay and Simulation * Many startups
* Trace Benchmark Suite Creation e Open Compute Project (OCP) WG on Co-Design

* Many universities




-
Outline

e Case Study: Using Al to Navigate Search Space

o
Concl usion Aditi Raju, Jared Ni, William Won, Changhai Man, Srivatsan
Krishnan, Srinivas Sridharan, Amir Yazdanbakhsh, Tushar
Krishna, Vijay Janapa Reddi, “COSMIC: Enabling Full-Stack
Co-Design and Optimization of Distributed Machine
Learning Systems”, https://arxiv.org/abs/2505.15020
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https://arxiv.org/abs/2505.15020

Motivation

lel2 lel?
O 2 8 A
4 - 6-
8 | 64.5x # o 103x
21 o
I 2'
oL =" 01 _—_
Latency Latency

latency spread for training GPT3-175B

just varying the workload parameters Full-stack co-design
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Design-space Size

Workload Knob Value Range #Points
DP 008 e 3511201028

PP (0.0 808 s, 5121024} :
SP {12 A8 e 571210280 286
Weight Sharded {o, 1} 2
Collective Knob Value Range #Points
Scheduling Policy {LIFO, FIFO} 2
Collective Algorithm | MultiDim {Ring, Direct, RHD, DBT} 256
Chunks per Collective | {1, 2,3, 4, - - -, 32} 39
Multi-dim Collective | {Baseline, BlueConnect} 2
Network Knob Value Range #Points
Topology MultiDim {Ring, Switch, FC} 81
NPUs per Dim MultiDim {4, 8, 16} 81
Bandwidth per Dim MultiDim {100, 200, 300, 400, 500} 625
Total #Points 7.69 X 101
Constraints

product (DP, SP, PP) < (Number of NPUs) = 1,024
product (NPUs per Dim) = (Number of NPUs) = 1,024

Arch2.0 Workshop @ ASPLOS 2026
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Even at 1 millisecond per

configuration, exhaustive
search would take ~2,500 years
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Introducing COSMIC

Full-stack Co-design Space Parameter Set Architecture (PSA)

Zarameter Set Schema

(Required)

' Collective Patterns > Parameter Set

Distributed ML
Infrastructure 1

ML Agent-Based PSA Optimizer

DNN Models (COSMIC)

Workload

Parallelization Strategies >

Optimal
- ~ Parameter
COSsMIC _— Set [~
s
ArchGym New ASTRA-sim

Parameter Set

Collective Collective Algorithms >

Parameter Genetic Ant-Colony
Communication Scheduling > (Required) Set Algorithm || Optimization
Value Ranges Schedular

Workload| [Collective

. Distributed ML
Bayesian Random . Infrastructure N
Optimization Walker

Observation -
(Reward) .
\ ) Optimal
Parameter
Set [~
N

Design Principles

v’ Separation of Concerns (Al Agents vs System
Design Space)

v Automated Configuration of ML Design-Space

v’ Flexible Expression of System Design-Space

Network || Compute

Network Topology

Network

Network Configuration >

Local Memory

(Opotional)
Compute Model Constraints
Compute
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Evaluation Setup: Al System Design Space

Parameter Set Architecture

System configurations used for evaluation

Knobs System 1 System 2 System 3
Collective Knob
Collective Algorithm [RI, RI, RI, RHD] [RL, DI, RI, RHD] [DI, RHD, RI, RI]
Network Knob
Topology [RLRLRLSW]  [RLEC,RLSW]  [FC,SW,RL RI]
NPUs per Dim [4, 4, 4, 8] [4, 8, 4, 8] 8, 16, 4, 4]
Bandwidth per Dim  [200, 200, 200, 50]  [375, 175, 150, 100] ~ [900, 100, 50, 12.5]
Compute Knob
Compute Performance 459 10 900
Local Mem BW 2765 50 3000 »
TPU-like 4D Hier. NV-like
Target Workloads
Parameters | GPT3-175B GPT3-13B ViT-Base ViT-Large
Number Layers* 96 40 12 24
Embedding Dimension 12288 5140 768 1024
FFN Dimension 49152 20560 3072 4096
Sequence Length 2048 2048 256 256
Number Heads 96 40 12 16

Workload Knob Value Range

DP {1,2,4,8, - - -, 1024, 2048}

PP {1, 2, 4}

SP {1,2,4,8, - - -, 1024, 2048}

Weight Sharded {0, 1}

Collective Knob Value Range

Scheduling Policy {LIFO, FIFO}

Collective Algorithm MultiDim {Ring, Direct, RHD, DBT}
Chunks per Collective {2, 4, 8, 16}

Multi-dim Collective {Baseline, BlueConnect}

Network Knob Value Range

Topology MultiDim {Ring, Switch, FC}

NPUs per Dim MultiDim {4, 8, 16}

Bandwidth per Dim MultiDim {50, 100, 150, - - -, 450, 500}
Constraints

product (DP, SP, PP) < (Number of NPUs)
product (NPUs per Dim) = (Number of NPUs)

Arch2.0 Workshop @ ASPLOS 2026
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Evaluation Setup: ML Agents

* Methods
« RandomWalker (RW)
* Genetic Algorithm (GA)
* Ant Colony Optimization (ACO)
e Bayesian Optimization (BO)

e Optimization Objectives
* Runtime per BW/NPU
e Runtime per Network Cost.
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—_ —_ N
o o o
1 1 |

Normalized Runtime per BW/NPU
(&)

Results

Performance/Bandwidth Performance/Cost
System 1 System 2
48.41 E 20 20- System 1 20- System 2
s 3 127147 7 38.73
0 454 o o
!Gg_ 315- 315_
£ £ 2
=101 < 104 S 10-
[ =) =]
% = =
g 8 8
N 51 § 51 § 5
g 5 5
o = z
. Zz 0- . Workload Collective Network Full-Stack Workload Collective Network Full-Stack
Workload %o;i?rﬁ;;:tiglﬁt_\?_/;éz Full-Stack Workload %Oglt?rﬁil;:tigﬁtyrv;;ke Full-Stack Optimization Type Optimization Type
1.50 t0 48.41x 3.15t0 7.67x 3.94-t0 127.17x 3.40 — 38.73x
Highest Gains from Workload-opt Cost-optimization can lead to
diverse choices
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N

Normalized Runtime per BW/NPU

Scalability

ViT-Large

GPT3-175B

Optimization
B \Workload
B Full-Stack

1024 2048 4096 8192 16384
Batch Size
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Normalized Runtime per BW/NPU

Optimization
B \Workload
B Full-Stack

1024.0 2048.0

4096.0 8192.0 16384.0
Batch Size

Value of Full-stack Opt increases with System Size
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Designs Found for Diff Use Cases

*: Searching: Searched parameter; Fixed: Fixed value;

Expr. 1 Expr. 2.1 Expr. 2.2
Observations Multi-Model Chat Inference QA Inference
Network Knobs
Topology [RL, FC, RI, FC]  [RI, RIL, RI, RI] [RI, RI, RI, RI]
NPUs-count [16, 4, 4, 4] (4, 16, 4, 4] [16, 4, 4, 4]
Bandwidth per Link [50, 50, 50, 50] [50, 50, 50, 50] [50, 50, 50, 50]
Collective Knobs
Scheduling Policy LIFO LIFO LIFO
Chunks per Collective | 4 2 2
Collective Algorithm [RI, RI, RI, RI} [RHD, DBT, DBT, DI]  [DI, DI, DBT, RHD]
Multi-dim Collective Baseline BlueConnect Baseline
Workload Knobs
Number of NPUs 1024 1024 1024
DP. PP .5P. 1P 2,1, 8, 64 3,4,8,4 3,4, 8,4
Weight Sharded 1 1 1
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Comparing ML Agents

o S

\a \ la

&T o \\ o

(b) GA
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(d) BO

(c) ACO

Consistency in key performance-critical parameters,
with variance in less impactful parameters

The RW agent does not leverage history,
resulting in a relatively flat reward curve
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(d) BO

Other agents exhibit learning behavior
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Outline

* Design Space of Al Platforms

* ASTRA-sim Ecosystem
e Case Study: Using Al to Navigate Search Space

 Conclusion
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Conclusions and Takeaways

Al Model Architecture

Parallelization Strategy

Communication Policy

Framework-level Scheduling

Collective Compiler
Scheduling || Optimizations
Transport HW specific

Layer Optimizations
Scale-out Memory &
Topology Storage

Hierarchy

Scale-up/in
Topology Dataflow
Flow Control Microarch
End Point Precision

Integration Technology

Link Technology

Memory Technology
Complex Design-Space of

» Parameter Set Schema

i (Required)
> Parameter Set
| 4
Parameter |:>
> (Required) — Set =
Value Ranges Schedular
Framework for il
o fo . . >
Multi-fidelity design- (Opotiona)
space Exploration i Consthoinis

Using Al Agents to Search via
Parameter Set Architecture

Thank you!

Distributed Al Training Platforms
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A% [FACT
My & @ @
Reasoning =  Specialized ¢ E=

Ques-Ans Math Code Gen Chatbot Doc Search

e |[osipiagess
Cache e Output Filtering

(Safety, Toxicity)
Retrieval ||+ Output Validation
+ Memory

(fact-checking,

Storage hallucination)

Hierarchy + Reward Model (RM)
Formatting

Preprocess|| RAG

« Text Cleaning

Prefill

0 % = Quantization
&eem..MLLaMA meen Sparsity

TTFT, TPOT, E2E Latency SLOs,
Throughput requirements

i

« Embedding
Model

* Retrieval

Algorithm

* Prompt
Enhancement

« Tokenize

« Topic Detection

Request Stage-to-Client Mapping, Router Policy

Step Batching Strategy,
Step Priority Policy, KV Cache Mgmt

Speculative Decoding, Flash Attention, Prefix Caching
CUDA, ROCm, XLA, OneDNN, NCCL, CUTLASS,

8 0D s "8 | ag =p|COED| 4
(DRl & |8 8 |mED
Accelerators Memory (e.g. General-i
(e.9.GPUs, ASICs) HBMSs, SSDs, purpose

| &0 @ “HED

DRAMs) (&> (CPUs) i

Design Spaces are becoming more
complex (esp with Al Inference)!
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