
Architecture 2.0
Workshop on AI Computing Systems Design

@ ASPLOS 2026

March 23, 2026



● Workshop Theme:
○ How do we apply/leverage AI to enhance, accelerate, and enable computer systems and their 

design
○ Focused on domains across the computing stack and the core disciplines of ASPLOS, 

spanning computer architecture, programming languages, and operating systems
● Submission Formats:

○ Early, WIP Work
○ Completed Research
○ Wacky Ideas, Opinions, and Proposals

● 13 Accepted Submissions presenting today
○ Acceptance decision made by 2 human reviewers without the help of AI
○ Review feedback included AI-generated reviews, more on that later

Workshop Overview



● 4 Talk Sessions throughout the day:
○ Traditional ML / Lightweight Models
○ LLM Agents for Systems Part I
○ LLM Agents for Systems Part II
○ Wacky Ideas / Proposals

● Talks format:
○ 15 minutes total
○ Talks will be 10-12 minutes to leave time for QA + transition 

Workshop Talk Themes



● Keynote 1: Tushar Krishna, Georgia Tech
○ To achieve Arch 2.0, we must focus on the design and integration of architecture tools into 

AI-driven workflows. This talk will overview the design of architecture tools Chakra and 
AstraSim, and how they can be integrated to achieve AI-driven design. It will also explore how 
tools will prove essential to agentic workflows.

● Keynote 2: Yakun Sophia Shao, UC Berkeley
○ Redefining how we design systems to achieve Architecture 2.0: introducing new 

machine-understandable abstractions, building AI-native tools, and embracing system-level 
thinking in a world of increasingly specialized and heterogeneous architectures.

Workshop Keynotes



Workshop Schedule: Morning
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Full Schedule:
harvard-edge.github.io/asplos-26-arch-2-workshop/



Workshop Schedule: Afternoon
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Full Schedule:
harvard-edge.github.io/asplos-26-arch-2-workshop/



Architecture 2.0: Motivations 
and Background 



Technology Architecture Optimization Specialization

Innovation
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Technology

● Moore’s law
● Dennard scaling
● Dark silicon

Innovation
50
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Technology Architecture

● Moore’s law
● Dennard scaling
● Dark silicon

● Hardware support 
for parallelism: BLP, 
ILP, DLP, TLP, ALP

● Memory system 
design

● System-on-chip

Innovation

[Hill & Reddi, CACM’19]
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[Hill & Reddi, CACM’19]

[Shao, PhD. Thesis’16]

< 30% of the die is 
dedicated to the CPU

1111



Technology Architecture Optimization

● Moore’s law
● Dennard scaling
● Dark silicon

● Hardware support 
for parallelism: BLP, 
ILP, DLP, TLP, ALP

● Memory system 
design

● System-on-chip

● Application-level 
tuning

● Full-stack system 
optimization

● Hardware-Software 
co-design

.

Innovation
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Technology Architecture Optimization Specialization

● Moore’s law
● Dennard scaling
● Dark silicon

● Hardware support 
for parallelism: BLP, 
ILP, DLP, TLP, ALP

● Memory system 
design

● System-on-chip

● Application-level 
tuning

● Full-stack system 
optimization

● Hardware-Software 
co-design

.

Innovation

● Application-level 
co-design

● “Frankenstein” 
co-design

● Chiplet integration
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The need for 
domain-specific 
efficiency is 
increasing!

Specialization-Driven Innovation
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Increasing Complexity & Cost

[Krishnan et al., MICRO’22]
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[Krishnan et al., MICRO’22]

Parameters
 ~ 1014  to 102300

Large Design Space
Increasing Complexity & Cost

1616



Increasing Complexity & Cost

[Mirhoseini, Nature’21]
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Increasing Complexity & Cost

1818



How can we rethink the way we design and build 
systems—reducing human intervention, embracing 

complexity, and delivering greater efficiency?
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How can we rethink the way we design and build 
systems—reducing human intervention, embracing 

complexity, and delivering greater efficiency?
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25[Liang et al., 2022]



26[Liang et al., 2022]

Can we build foundation models that usher in 
a new era of computer architecture design?



The Bottlenecks



Datasets

What datasets do we need? How we 
should collect these datasets for 

architecture research? What metadata 
should the datasets contain to enable 

broad usage? How do 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?

Best Practices

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

Workforce & Training

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

Tools & Infrastructure 

How do we reduce the sim2real gap? What 
instrumentation mechanisms do we need 
for creating the datasets? What gym 
environments do we need to enable 
data-centric AI? How do we define 
standard data formats for interoperability?
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Key Themes for Architecture 2.0
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Lack of large, high-quality public datasets
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Lack of large, high-quality public datasets
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Challenge #1: 
Inability to "scrape" the internet for creating datasets/benchmarks



Lack of large, high-quality public datasets

3
4

Challenge #2: 
Domain-speciůc expertise required for validating dataset quality



Related Work on LLMs for Systems  

The gap…



QuArch: A Benchmark for Evaluating 
LLM Reasoning in Computer 

Architecture

ArXiv paper Quarch.ai website



QuArch QA Skills Framework



QuArch Construction - Synthetic Data



QuArch Construction - Exam Parsing



QuArch Construction - Crowdsourced



QuArch Construction - Crowdsourced
ASPLOS 2026 Competition Winners

1. Mahnoor Malik, NED University of Technology
2. User “hexu”, Advanced Computing SIG
3. Gokulan Ravi, Purdue University

Congratulations!
We will reach out individually for awards distribution.



QuArch Construction



QuArch Format Breakdown



QuArch Topic Breakdown

Distribution of 2500+ QAs Across Architecture Topics



The Eval
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How well do LLMs 
understand 
computer 
architecture?

“

”



Recall Required
What is the capital of Australia?

A) Sydney
B) Canberra
C) Melbourne
D) Brisbane
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Recall Required
What is the capital of Australia?

A) Sydney
B) Canberra
C) Melbourne
D) Brisbane

Factual Question-Answering: Jump to 
answer in “one-shot.”
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Reasoning RequiredRecall Required
What is the capital of Australia?

A) Sydney
B) Canberra
C) Melbourne
D) Brisbane

Factual Question-Answering: Jump to 
answer in “one-shot.”

If a train departed at 8:30AM traveling at 60 
mph and travels for 180 miles, what time did it 
arrive at its destination if it took a 45 minute 
break in between for maintenance?

A) 10:30AM
B) 11:30AM
C) 12:15PM
D) 12:30PM
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Reasoning RequiredRecall Required
What is the capital of Australia?

A) Sydney
B) Canberra
C) Melbourne
D) Brisbane

Factual Question-Answering: Jump to 
answer in “one-shot.”

If a train departed at 8:30AM traveling at 60 
mph and travels for 180 miles, what time did it 
arrive at its destination if it took a 45 minute 
break in between for maintenance?

A) 10:30AM
B) 11:30AM
C) 12:15PM
D) 12:30PM

Requires (complex) multi-step generation 
with intermediate steps & understanding 
relationship between distance, speed, and 
time. 50



QuArch-Recall
In ___, each processor has its own local 
memory system.

(a) symmetric multiprocessing 
(b) asymmetric multiprocessing
(c) core-based multiprocessing 
(d) clustered multiprocessing

Factual Question-Answering: Jump to 
answer in “one-shot.”
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QuArch-ReasoningQuArch-Recall
In ___, each processor has its own local 
memory system.

(a) symmetric multiprocessing 
(b) asymmetric multiprocessing
(c) core-based multiprocessing 
(d) clustered multiprocessing

Factual Question-Answering: Jump to 
answer in “one-shot.”

Assume a DRAM system with a burst size of 256 bytes 
and a peak bandwidth of 240 GB/s. Assume a thread 
block size of 256 and warp size of 32 and that A is a float 
array in the global memory. What is the maximal memory 
data access throughput we can hope to achieve in the 
following access to A?
int i = 4*blockIdx.x * blockDim.x + threadIdx.x;

float temp = A[i];

(A) 240 GB/s  (B) 120 GB/s  (C) 60 GB/s  (D) 30 GB/s

Requires (complex) multi-step generation 
with intermediate steps & understanding 
relationships between software, burst size, 
warp size, memory bandwidth, etc. 52



Key Observations & Insights from QuArch

53



Key Observations & Insights from QuArch
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Key Observations & Insights from QuArch
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Key Observations & Insights from QuArch
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23.4% 
drop!



Key Observations & Insights from QuArch
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Key Observations & Insights from QuArch
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Datasets will be required for eŦective AI agents in computer architecture.

Takeaway #1



Key Observations & Insights from QuArch
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Recall-Reasoning Gap: 
Recall is mastered but higher order thinking skills are not.

Takeaway #2



Key Observations & Insights from QuArch
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LLMs:
53.1% 

avg



Key Observations & Insights from QuArch
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SLMs:
22.9% 

avg



Key Observations & Insights from QuArch
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SLM Struggles: 
Today’s small language models exacerbate the recall-reasoning gap.

Takeaway #3



Key Observations & Insights from QuArch
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SLM Struggles: 
Today’s small language models exacerbate the recall-reasoning gap.

Takeaway #3



Key Observations & Insights from QuArch
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Consider the code given below:

bool detect_duplicate(int* elements, int length){
    bool cond, dup = false;
    for(int i=0; i<length; i++) {
        for(int j=0; j<length; j++) {
            cond = (elements[i] == elements[j]) && (i!=j);
            dup = CMOV(cond, cond, dup);
        }
    }
    return !dup;
}

Assume that CMOV is implemented as the cmov x86 instruction, a secure constant-time instruction. 

Assume the length of the array is already known publicly and is not sensitive information. 

Does this code have timing side channels that can reveal insights into the contents of the 

elements array? Explain why.



Key Observations & Insights from QuArch
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Key Observations & Insights from QuArch
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Consider the code given below:

bool detect_duplicate(int* elements, int length){
    bool cond, dup = false;
    for(int i=0; i<length; i++) {
        for(int j=0; j<length; j++) {
            cond = (elements[i] == elements[j]) && (i!=j);
            dup = CMOV(cond, cond, dup);
        }
    }
    return !dup;
}

Assume that CMOV is implemented as the cmov x86 instruction, a secure constant-time instruction. 

Assume the length of the array is already known publicly and is not sensitive information. 

Does this code have timing side channels that can reveal insights into the contents of the 

elements array? Explain why.

Multiple model failure points exist: 
Struggles with architecture-semantics of code execution, assuming unconventional architectural 

properties, modeling and tracking system state, and others highlighted in paper!

Takeaway #4



Downstream Usecases



68[Liang et al., 2022]



How does accuracy on QuArch translate?
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Case Study #1
● Downstream Task Formulation:

○ Models instructed to perform hardware-software co-design of memory hierarchy for workload

○ Included decisions about cache hierarchy, tiling strategies, dataflow ordering, memory layout

○ Provided a fixed area and energy budget. 

○ No programming; pure reasoning; iterative 10-turn process.

How does accuracy on QuArch translate?
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● Finding: After being fine-tuned on QuArch data, models proposed designs that successfully met 

area and energy budget ~40% more often and achieved 1.86x-1.99x more area-efficient designs
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Case Study #1
● Downstream Task Formulation:

○ Models instructed to perform hardware-software co-design of memory hierarchy for workload

○ Included decisions about cache hierarchy, tiling strategies, dataflow ordering, memory layout

○ Provided a fixed area and energy budget. 

○ No programming; pure reasoning; iterative 10-turn process.

● Baselines: Obtained with open-source Gemma 3 27B and Llama 3.3 70B

● Finding: After being fine-tuned on QuArch data, models proposed designs that successfully met 

area and energy budget ~40% more often and achieved 1.86x-1.99x more area-efficient designs

Knowledge Transfer: 
Reasoning elicited by QuArch can lead to improved design outcomes. 

Takeaway #5



How does accuracy on QuArch translate?
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Case Study #2



How does accuracy on QuArch translate?
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Case Study #2
● Downstream Task Formulation:

○ Developing domain-specific review assistant for computer architecture  

○ “Act and think like an architect—provide me with a constructive review for my ASPLOS 

conference submission.” 



How does accuracy on QuArch translate?
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Case Study #2
● Downstream Task Formulation:

○ Developing domain-specific review assistant for computer architecture  

○ “Act and think like an architect—provide me with a constructive review for my ASPLOS 

conference submission.” 

● Archscholar:

○ Gives LLMs access to corpus of 50 years of computer architecture/systems research



How does accuracy on QuArch translate?
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Case Study #2
● Experimental Evaluation:

○ Submissions given 2 human reviews + 4 LLM-generated reviews (2 with Archscholar)

○ Accepted submitters asked to rank reviews in order of preference (0-5, higher is better)

● Takeaways:

○ Archscholar models can match the average review in quality

○ Models vary in ability to leverage ArchScholar for more informative reviews

Human
GPT OSS

Human
Qwen 
235B

GPT
OSS

Hum
an

Qwen 
235B Human

A B C D E F Arch
scholar

G H I J Base
line

Base
line

K Arch
scholar

L M

4.5 4.3 4.0 4.0 3.2 3.2 3.0 3.0 2.7 2.7 2.5 2.4 1.9 1.8 1.3 0.3 0.0
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Case Study #2
● Experimental Evaluation:

○ Submissions given 2 human reviews + 4 LLM-generated reviews (2 with Archscholar)

○ Accepted submitters asked to rank reviews in order of preference (0-5, higher is better)

● Takeaways:

○ Archscholar models can match the average review in quality

○ Models vary in ability to leverage ArchScholar for more informative reviews
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These are only 2 of the many potential applications—reach out to explore your use case with the dataset!



Datasets

What datasets do we need? How we 
should collect these datasets for 

architecture research? What metadata 
should the datasets contain to enable 

broad usage? How do 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?

Best Practices

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

Workforce & Training

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

Tools & Infrastructure 

How do we reduce the sim2real gap? What 
instrumentation mechanisms do we need 
for creating the datasets? What gym 
environments do we need to enable 
data-centric AI? How do we define 
standard data formats for interoperability?
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8181

SWE

Algorithms

Compilers

CompArch

RTL

EDA

Data-Centric Approaches Across the Computing Stack

Circuits

Architecture 2.0
The era when we use AI/ML methods to

(1) minimize human intervention,
(2) build complex,  efficient systems, 

(3) in a shorter time frame.



contact.quarch@gmail.com 82

Join the community!
https://quarch.ai


