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Contributions
● Paper Categorizations: All

● Phase 1: Aubtin and Aiden

● Phase 2: Alexander and Jason

● Phase 3: Rufus, Ayia

● Phase 4: Gabe, Timothy

● Making/Presenting Slides: Contributions are 
labeled in the bottom left corner of future slides.
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Piazza Activity

Aiden Wiehn 

● A total of 16 papers discussed across 17 piazza 
posts
○ 13 were papers proposed by us
○ 3 were new papers discussed by the class

■ SPEC CPU: The Next Generation: @35
● Used in our presentation

■ Photon: A Fine-grained Sampled Simulation 
Methodology for GPU Workloads: @41

■ GPGPU: Dissecting and Modeling the 
Architecture of Modern GPU Cores: @43
● Used in our presentation
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Motivation and Background

Timothy Scholtz 

● To understand complex systems, we 
must evaluate their performance

● But what you measure, and how you 
measure, shapes the design choices and 
overall product
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Hanoi Rat Problem - 
What you measure matters

● Hanoi, 1902: French colonial government 
wanted fewer rats in the sewers1

● Bounty paid per rat tail turned in
● Result: tailless rats in the streets, rat 

farms on the outskirts
● The metric was optimized. The problem 

was not solved.
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How this related to Comp. Arch.
Intel NetBurst - Pentium

Timothy Scholtz 

● Clock rate - one number for "speed/performance"

● Easy to measure, Easy to market

● Intel designed for it. NetBurst stretched the 

pipeline to 20 stages and later 31:

● Less work per stage, shorter cycle time, but more 

cycles per second

● The metric went up, performance didn't. Deeper 

pipelines mean costlier mispredictions
7

Megahertz Myth 
(gigahertz myth): 
refers to the misconception 
of only using clock rate to 
compare the performance of 
different processors.

Timothy Scholtz 



The Goal: What is our motivation for 
evaluating performance?
● We need a meaningful way to benchmark computer performance, and do 

so consistently.
● Benchmarking has evolved as computer systems and workloads have 

become more complex:
○ Operating systems
○ Hardware
○ Varying metrics

● We need to determine how we select our benchmarks to meet the above 
criteria.
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A brief history of benchmarking 2

● Early benchmarks in the 1970s, such as Whetstone and Dhrystone, focused on a single 
metric--Whetstones/Dhrystones per second.
○ However, benchmarks become outdated as architectures change and workloads differ

● To fix this, new benchmarks were created over time:
○ LINPACK, SPEC CPU, MLPerf

● Instead of focusing on just one metric like CPI, modern benchmarks now focus on multiple 
metrics:
○ Energy efficiency, reproducibility, performance

● Zablah et al., 2025

9Aiden Wiehn 



State of the Art 3

● Same compiler, three benchmarks, 
& three different verdicts3

● Embench 2.0, a consistent benchmark for 
embedded workloads.

Takeaway: Embench 2.0 tracks real progress by using a 
broad benchmark suite, legacy benchmarks don’t.

Aubtin Rasouli 10



State of the Art and Future Work 4

● Same sampling method, very different accuracy 
per metric.

● Temperature: a dimension the standard method 
misses

● Takeaway: Sampling gets IPC right,
but is ineffective in other metrics.
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The Rigor: Methodology & Statistics

12Jason Huang

● Motivation: How can we measure these metrics?

● History: 
○ Simulators ←→ ML
○ Relation to Course Material: Amdahl’s Law

● State of the Art: 
○ Load Tests
○ Minimizing simulator errors
○ ML



Measuring Experimental Error in 
MicroProcessors Simulation5

● Problem: Unvalidated sims avg. 
74.7% initial error(Desikan et al., ISCA ‘01)

● Root Causes: Bugs, faulty specs, 
and missing structural details

● Reality Check: Even at 2% 
microbenchmark error, complex 
workloads hit 18% error
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Source: Desikan, Burger, & Keckler, ISCA '01 (Comparison of microbenchmark vs. 
macrobenchmark error rates)



MicroLib: Designing Reliable 
Performance Evaluations 6

14Alexander Kim

● Problem: Inconsistent 
setups/cherry-picked 
benchmarks skew results 
(Gracia Perez et al., MICRO ‘04)

● Reality Check: SDRAM model 
drops speedup by 57.9% 
(Global History Buffer)

● Solution: MicroLib, an open 
source library model

Source: Gracia Perez, Mouchard, & Temam, MICRO-37 (Table 6: Impact of benchmark selection 
and memory latency on performance rankings). 

Source: Gustafson’s Law: Lecture 3, Slide 10



GPGPU Performance and Power 
Estimation Using Machine Learning 7

15Jason Huang

● Summary:
○ Speed up finding optimal GPU configuration 
○ Utilize ML to estimate GPU performance

● Limitations:
○ Estimations vs. Accuracy
○ Introducing new hardware generations

● Interesting Point(s) in Discussion:
○ Md Tanvir Mahmud Prince: Dynamic Clustering

Source: Wu, G., Greathouse, J. L., Lyashevsky, A., Nuwan 
Jayasena, & Chiou, D. (2015). GPGPU performance and power 
estimation using machine learning. IEEE Xplore. 
https://doi.org/10.1109/hpca.2015.7056063 (Figure 15)



The Tools: Modeling, Simulation, 
Emulation & Real Hardware

16

● Computer architects use different tools to 
test and measure system performance

● Modeling and simulation allow for early 
exploration of designs before hardware is 
available

● Emulation and real hardware provide more 
realistic testing

● Each method considers accuracy, flexibility, 
cost, and evaluation speed

Rufus Hinton IV



Rufus Hinton IV

Simulation-Based Performance Evaluation
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● Motivation
○ Measure how architecture changes can affect performance 

before implementation
● History

○ Simulators are used to compare ideas before implementation
○ These tools continue to improve as R&D progresses

● State of the Art
○ gem58

■ Provides configurable software models of various 
computer parts and systems for comparing performance 
between design choices

○ TraceRTL9

■ Applies trace-driven performance evaluation to RTL, allows 
for earlier testing before unrelated functional details are 
complete/verified

● Future Directions
○ Continue to advance model validation, simulation speed, trace 

accuracy, and processor coverage



Metrics for Evaluation 11

1. Accuracy

2. Performance

3. Level of details

4. Ease of development

5. Flexibility 

6. User friendliness 
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Intel’s Haswell 
Microarchitecture 

(Core i7-4770)
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Simulation vs Real Hardware

Ayia Ismael Xilinx XUP FPGA board

The Benefits and Challenges

gem5, MARSSx86, Multi2Sim, 
PTLsim, Sniper, and ZSim

Software Simulators11

FPGA Acceleration12
Hardware11



The Frontier: 
Modern Challenges

Gabe Jackson 20

Comparing new vs old challenges
● A survey of cache simulators (2020)
● Challenges in Computer Architecture 

Evaluation (2003)

Modern research 
● SPEC CPU: The Next Generation (2026)
● MLPerf Inference (2020)



A Survey of Cache Simulators (2020) 11

Gabe Jackson

● Brais et. al. surveyed 28 CPU cache simulators
● Four core findings:

○ Simulator selection matters
○ Modern hardware is difficult to fully model
○ Simulator validators are inconsistent
○ Even hardware isn’t a perfect ground truth

What does accuracy even mean when your reference 
measurement has its own abstractions and uncertainty?
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But, how modern are these 
challenges?

22

A Survey of Cache Simulators (2020)

Challenges in Computer Architecture Evaluation (2003)

Gabe Jackson



Challenges in Computer Architecture 
Evaluation (2003) 12

Gabe Jackson

● Skadron et. al. created a perspective on challenges:
○ Growing hardware complexity
○ Validation of simulators
○ Tools limit researchers; the ‘spotlight effect’

● Core problems persisted; others evolved as hardware 
complexity increased.
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Discussion:
● David’s contribution
● Bryan’s contribution

Conclusion:
● Hardware is much more complex
● Software validation 

Up next: Modern Benchmarks
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A Look at Two Modern 
Benchmarks

● General Computring : SPEC CPU 2026
● Specialty Benchmark: MLPerf Inference
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● Problem
○ Comparing Computer Performance

○ Performance is a property of the whole 

stack - microarchitecture, compiler, OS, 

memory hierarchy - not of the CPU alone. 

○ Benchmarks decay. A suite frozen in 2017 

slowly stops resembling modern use cases

○ Long-lived suites also get over-optimized: 

vendors and compiler teams tune 

specifically for known workloads

Suggested By: Alexander Burkholder

14

Timothy Scholtz 
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● Summary
○ “Benchmarks shape a field” - David Patterson
○ Began in 2020, run by volunteers from competing organizations 
○ Suite hardened for portability across architectures, OSes, and compilers
○ Rolling-Round-Robin Rate:  standardized way to run heterogeneous, multiprogrammed 

workloads
○ Expanded multithreaded and also targets distinct microarchitectural profiles

● Limitations
○ Benchmarks can't be 

developed ahead of the 
hardware

○ Compute-intensive by 
design, doesn’t cover I/O, 
networking, or interactive 
latency

Timothy Scholtz 
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MLPerf Inference: Standardizing for Modern 
ML Systems 15 

● Problem
○ Inference runs on a variety of hardware, frameworks, and optimizations
○ Goal - be able to compare real world models on similar metics

● Summary
○ Created an industry standard to compare models 
○ Fixed reference models, datasets, and accuracy targets
○ Four scenarios: single-stream, multi-stream, server, offline
○ LoadGen issues queries in realistic arrival patterns

● Limitations
○ Standardization costs realism — no retraining, no custom preprocessing, no 

caching, though all are common in production
○ Vendor downloads the benchmark suite, runs on own systems, requires 

vendors to be honest with reported numbers



29Timothy Scholtz 

MLPerf Inference: Standardizing for Modern 
ML Systems 

Timothy Scholtz 



Conclusion
● Phase 1: Benchmarking tools have evolved over the years to accommodate for changing 

architecture, operating systems, metrics, and more.
● Phase 2: There’s a wide variety of options to measure performance ranging from HW 

simulators all the way to ML classifiers, but each have tradeoffs that should be considered.
● Phase 3: Computer architects have many tools, like gem5, at their disposal to evaluate 

performance, but determining which tool to use requires consideration of multiple criterion.
● Phase 4: As technology continues to progress and become more complex and versatile, we 

need to continuously update what and how we evaluate systems.
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Q & A?
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Outline (25 minutes total)

Title page (15 seconds) Jason

Contributions of each individual in the group (required) e.g., leading topic X; paper categorization; making slide #; presenting slide # (15 seconds) Jason
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(45 seconds) Aiden
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Conclusions (45 seconds) - everyone contribute as they go, Aubtin can organize it after the fact
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