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The Legacy of AlphaGo / AlphaZero
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March 9, 2016
The first program to beat a professional human Go player without any handicap.

The Legacy of AlphaGo / AlphaZero
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Move 37!
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“With a single creative play, the famous ‘Move 37,’ AlphaGo demonstrated 
the potential of AI and signaled that we now had the techniques to begin 

tackling real-world scientific problems.” - Demis Hassabis

https://deepmind.google/research/alphago/
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Move 37!Move 37: From Games to Real-World Science
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“With a single creative play, the famous ‘Move 37,’ AlphaGo demonstrated 
the potential of AI and signaled that we now had the techniques to begin 

tackling real-world scientific problems.” - Demis Hassabis

https://deepmind.google/research/alphago/
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The Evolution of System Optimization

6

Auto-tuning hardware parameters / DSE 
Sweeps (Vizier, OpenTuner)

Copilots generating Verilog / C++ kernels (local 
code assistance and optimization engine)

End-to-end autonomous agents discovering 
novel compiler passes, custom 
hardware-software interfaces, etc.
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Past
Auto-tuning hardware parameters / DSE Sweeps (Vizier, 
OpenTuner)
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Offline Optimization for Architecting Hardware Accelerators
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Recent
Copilots generating Verilog / C++ kernels (local code 
assistance and optimization engine)



There is plenty of 
room at the top!

Moore's Law 
Diminishing returns

Code optimization 
Soaring profits (xB$)
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Performance 
Improvement
Cost SavingsResource
Utilization

Environmental
Impact

Competitive 
Advantage
Reliability 

and Stability
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Why Code Optimization for Hyperscale Data Centers?
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Conventional Optimization ToolBox
Program Synthesis? Compiler?

Predefined Rules and 
Heuristics

Scalability and Domain 
Specific Insights
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Can GenAI be effective at 
program optimization? 
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Building a Deterministic Evaluation Environment

In this work, we use Skylake CPU configuration

● Capable of full system simulator
● Modeling detailed microarchitecture
● Extensible to different microarchitecture and system details
● Docker based and accessible API for reproducibility
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PIE: Dataset for Performance Optimization Edits

~77K train and ~1K unique tests
＞42 Million CPU simulations 

Problem Descriptions

Competitors V0 V1 Vn

PIE 
Dataset
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Evaluation Metrics
Generated Performance Optimization Edits



Speedup:1.30✕ Speedup:1.60✕ Speedup:3.66✕
Significant Gap
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Are Pre-Trained LLMs Effective at
Program Optimization?

CodeLlama 34B Human ReferenceGPT 3.5 and GPT 4



Significant Improvements 
with Retrieval
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Retrieval-Based Program Optimization

19

Blazingly Fast Program

Relevant Optimization Pairs

Code Similarity
(Retriever)

Code Generation
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Retrieval-Based Program Optimization
GPT4 Results (Best@8)



Speedup:2.43✕ Speedup:3.93✕
CodeLlama 34B GPT 4 Human Reference

Speedup:3.66✕
Often Faster!
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Does using Similar Code in Prompts
Improve Performance?



Speedup:5.65✕ Speedup:6.86✕
CodeLlama 13B GPT 3.5

Speedup:3.66✕
Human Reference

Significant Improvements!

Self-PlayPerformance-Conditioned
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Fine-Tuning with Data Augmentation
Performance-Conditioned and Self-Play
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Deploying Performance 
Optimization System at Scale
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Building Performance Optimization System at Scale

Anti
Patterns

Code
Repository

Candidate
Ed

it 
Ge

ne
ra

tio
n

Ed
it 

Va
lid

at
io

n

Identify and eliminate 
redundant lookups or set 
operations in C++ to 
optimize performance.

You are an expert c++ 
performance engineer 
reviewing a code change. The 
goal is to reduce redundant…

You are an expert c++ 
performance engineer 
reviewing a code change. The 
goal is to reduce redundant…

Code Edit
Review and Final 

Validation
Submission

and monitoring
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Anti-Pattern Categories for Performance Edits 
Al

loc Unnecessary allocations
Ar

gs Unnecessary copied args

Co
py Unnecessary copies

M
ap Missing std::moves

So
rt Unnecessary sorts

Ve
ct

or

Missing vector reserves

M
ap

Co
py

Ve
ct

or
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Microbenchmark Code Optimization Samples

The proposed type change requires updating the file 
includes but this was not added by the LLM

Sample of a successful model generated edit

Original code snippet with an 
unnecessary copy anti-pattern.
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Feedback from Human and Automated Code Review

Submitted
Submitted
User Dis.
Reject
Regression
Reject Test

Reject User

Reject Failure

Reject Other

Total Commit

Normalized
Core Savings

39.97%

6.55%

0.16%

16.14%

35.81%

0.00%

1.37%

4,959

331k

Copy Map Vector

4.86%

10.49%

0.14%

37.39%

46.55%

0.07%

0.49%

1,421

125k

40.89%

15.99%

0.12%

20.07%

22.87%

0.00%

0.05%

4,035

618k

Su
bm

itt
ed

Re
jec

te
d

Sa
vin

gs
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6,400 Submitted Changes
25k Lines of Code Edits

Production Code
>99.5%

Success Rate

Performance Optimization Impact at Scale
Impact Evaluation

500k Normalized Cores
per Quarter
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Present
In Pursuit of AlphaZero of System Design
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Evolutionary 
Search to select 

the best program

AlphaEvolve in a Nutshell

3131
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Magellan: Autonomous Discovery of Novel 
Compiler Optimization Heuristics with AlphaEvolve



ML-Guided (compiler) Optimizations (aka MLGO)

33

● Compiler optimization is a big $ lever for fleet efficiency

● ML can help with some compiler optimization problems

● Last ~5 years, ML-Guided Opt in LLVM:
○ Inlining for size
○ Register Allocation (perf)
○ Successfully deployed and used in Fuchsia OS, mobile Chrome, Android apps, and 

instrumented FDO data center, etc.
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How LLM accelerates heuristic optimization 
discovery?

34

Deep
Dive

Manual
Labor

HypothesisFeedback

Slow, iterative, and labor-intensive

Deep
Dive

Feedback

Faster discovery & 
better sample efficiency

LLM acts as a force multiplier, improving the compiler engineers productivity and 
facilitating the novel optimization heuristics discovery.

Richer 
Feedback (NL)

The Conventional Workflow The LLM-in-the-loop Workflow

LLM

34
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The system works in an autonomous loop: A two-stage pipeline that decouples high-level policy design 
(LLM-driven) from low-level parameter optimization (executed via an autotuner).

System Architecture for Heuristic Discovery in 
LLVM

AlphaEvolve

llvm

clang

Application
Program

Executable// llvm/lib/Analysis/AlphaEvolveRunner.cpp
// EVOLVE-BLOCK-START
void *AlphaEvolveRunner::evaluate() {
  // ...
}
// EVOLVE-BLOCK-END

include

lib
llvm-project

llvm-size/ 
perf stat

Score

② Local   Evaluation

build

① Policy
Proposal

④ Feedback
Reward + (logs, profiling results, etc.)

Policy
Template

// [hyperparam]: ...
static cl::opt<int> 
BaseThreshold("ae-threshold-base",
   cl::desc("Base threshold"), 
cl::init(400), cl::Hidden);

Hyperparams

VizierBest score

③ Hyperparam
Tuning
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Key Compiler Optimization Problems under 
LLVM & XLA
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● LLVM: Inlining for binary size reduction
○ This is the pilot - unambiguous reward signal used in MLGO
○ Currently in production, used by Chrome on mobile, Fuchsia, Android Google Search App
○ Good candidate for 1st milestone with AlphaEvolve

● LLVM: Inlining for performance
○ Using NNs is difficult b/c modeling performance reward is challenging for datacenter

● LLVM: Register allocation
○ Priority function that determines the order in which live ranges should be processed

● XLA: Graph rewrite
○ Determine the optimal tensor sharding strategy for a given deep learning model inside a 

distributed TPU environment
● XLA: Auto-sharding

○ Determine the optimal rewrite rules for a given computation graph to achieve high performance

36



Case Study I: Function Inlining for Size (w/o 
autotuner)
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1. Partial heuristic based on predefined
feature sets

a. Same input features as NN
b. Output boolean inlining decision
c. Implement evaluateUntyped

inherited from MLInlineAdvisor

2.    Full heuristic based on arbitrary
       LLVM API calls

a. Input the CallBase CB
b. Implement getAdviceImpl

inherited from InlineAdvisor
c. Evolved code after correctness checks

// llvm/lib/Analysis/AlphaEvolveRunner.cpp
// EVOLVE-BLOCK-START
std::unique_ptr<InlineAdvice>
AEInlineAdvisor::getAdviceImpl(CallBase &CB) {
    bool IsInliningRecommended = false;
    Function *Callee = CB.getCalledFunction();
    Function *Caller = CB.getCaller();
    // ...
}
// EVOLVE-BLOCK-END

// llvm/lib/Analysis/AlphaEvolveRunner.cpp
// EVOLVE-BLOCK-START
void *AERunner::evaluateUntyped() {
  int64_t CallerUsers =
      *getTensor<int64_t>(FeatureIndex::caller_users);
  int64_t CalleeUsers =
      *getTensor<int64_t>(FeatureIndex::callee_users);
  // ...
}
// EVOLVE-BLOCK-END
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Case Study I: Function Inlining for Size (w/o 
autotuner)

38

● Automatically composed predefined feature sets to form a heuristic
○ Evaluated on the internal search engine and started from a naïve policy
○ Iterated for two days, score consistently improved

4.27% better than
the upstream LLVM heuristic,

iterating for 1.5 days!

std::unique_ptr<InlineAdvice> AEInlineAdvisor::getAdviceImpl
(CallBase& CB) {
  bool IsInliningRecommended = false;
  return std::make_unique<InlineAdvice>(
      this, CB,
      FAM.getResult<OptimizationRemarkEmitterAnalysis>
      (*CB.getCaller()), IsInliningRecommended);
}

38



Case Study I: Function Inlining for Size (w/o 
autotuner)

39

● Automatically discovered the entire heuristic based on arbitrary LLVM API calls
○ Evaluated on internal search application and started from a naïve heuristic
○ Require more trials and errors compared to giving pre-defined features
○ Production Ready → The generated heuristic is clean C++ that is ready to be 

directly deployed upstream with minimal manual intervention

5.23% better than
a human-developed heuristic after 1.5 days!
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Case Study I: Function Inlining for Size (w/o 
autotuner)
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● Further analysis on the workflow w/o autotuner
○ Total: 1616 samples; Failed compilation: 1036 samples
○ More than 65% of programs are invalid!
○ After ~180 iterations, the score got stuck

40



Case Study I: Function Inlining for Size (w/ 
Autotuner)

41

● Use the workflow combining AlphaEvolve+Vizier
○ 15 iterations *  10 Vizier samples / iter
○ Significant boost on program sampling efficiency!
○ Only 2/15 ≈ 13% of programs are invalid! 5x reduction compared w/ previous one
○ Only 5 hours to achieve the same level of size reduction! 7x time reduction

More than +5% better than
a human-developed heuristic with only 5 hours!
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Case Study I: Function Inlining for Size
Temporal Generalization
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○ Evaluated on four different timestamps with one-month interval
○ Compared w/ a two-year old TensorFlow NN model (we didn’t retrain it!)

42



Case Study I: Function Inlining for Size
Domain Generalization

43

On average (10+ production applications), AlphaEvolve achieves a 8.79% 
size reduction on average, on par with the NN model's 8.52%.

Internal binaries with same 
compilation flags enabled

43



AlphaEvolve-Generated Code Deep Dive
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● Human-readable C++ code

● Comments with rationale

44



AlphaEvolve-Generated Code Deep Dive
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● ~15x shorter implementation but better code size reduction
○ Only counts the actual implementation lines – comments and empty lines are removed

● Key insights discovered by AlphaEvolve
○ Inlining the right functions instead of simply avoiding code growth (in InlineCost.cpp)

■ Aggressively inline single-use functions
■ Prioritize readonly functions that enable substantial dead code elimination after inlining

○ Weighted complexity model that penalizes control-flow instructions more heavily

Manual Heuristic AlphaEvolve

LoC of the policy 2115 143
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At this point, we thought…
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AlphaEvolve appears to have a much higher sampling complexity than
NN techniques. 

We (hope to) leapfrog the reward-shaping problem in ML
for compiler optimizations.
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Case Study II: Function Inlining for Performance
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● Used AlphaEvolve+Vizier to evaluate the performance problem on clang (-O3, 
ThinLTO, instrumented FDO. Also, very overfitted: clang compiles 1 large module)

○ Tried more than 2 months w/ different prompting techniques w/o luck
○ Started from a naive policy directly returning False
○ -34% regression to -2.7% regression but still cannot get positive results

Can we really break the performance ceiling?
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Case Study II: Function Inlining for Performance

48

● Finally broke the performance ceiling!
○ First time achieving performance improvement using ML for this problem at this 

problem complexity and from a “best practices” baseline
○ Used the clang compiler as the benchmark
○ Started from a policy with -4.7% regression obtained by Gemini-2.5-Pro
○ 23 iterations *  40 Vizier samples / iter (3 days)
○ 7 hours per iteration, 4 parallel samples, avg 30 min per sample

+0.6% performance improvement compared
to a human-developed heuristic w/ Gemini-3-Pro!

① 
② 

③

48



Trade Offs

49

+ Improved compiler engineers productivity (at least for new heuristics)
- No need to manually train a new model
- Use macro benchmarks!
- Sparse and time-consuming reward & slow evaluation is ok (to some extent)
- Only need hundreds of samples (even for end-to-end metrics) to approximate SOTA
- Land the generated code as if manually-written

-  We haven’t done much study on the convergence / performance ceiling aspect
- The performance ceiling of AlphaEvolve is an open research question, despite it provided similar 

performance improvements as NNs.
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AI-PROPELLER: Warehouse-Scale Interprocedural
Code Layout Optimization with AlphaEvolve
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● Automated Discovery & Productivity Gain → AlphaEvolve boosts productivity by 
automating the labor-intensive process of heuristic design.

● Human-Competitive Results → The system consistently generates heuristics that 
perform on par with, and can sometimes surpass, those created by human experts.

● Faster iteration pipeline → The incorporation of autotuner boosts sampling efficiency.
            Next steps:
● Scale up evaluations: Explore the boundaries of AlphaEvolve and see if it has signals on 

convergence.
● Tackle "Green-Field" Problems: Apply AlphaEvolve (or its variants) to novel compiler 

domains to evaluate its ability to innovate where little or no prior human expertise exists.
● Open-source Implementation: Upstream the skeleton code of our infrastructure to 

LLVM.

Takeaways & Future Work
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Challenges to find Move 37 for system design!



● Current models excel at interpolating from known architectural patterns but struggle with the 
structural, first-principles reasoning required to invent entirely novel paradigms.  

● Unlike the definitive win/loss rules of Go or the formal proofs of mathematics, system design lacks a 
perfect "ground truth". In most cases, evaluating a design requires navigating noisy, competing 
trade-offs across latency, throughput, power, and area. 

● AlphaGo mastered a finite grid. System design operates in a near-infinite, continuous, and highly 
dimensional space that spans hardware microarchitecture, compiler behavior, and application-level 
code.

● An agent needs millions of rapid iterations to discover a "Move 37." In system design, high-fidelity 
architectural simulations are notoriously slow and computationally expensive, breaking the rapid 
feedback loop required for autonomous discovery.

● The rules of board games are static. In system design, the foundational constraints shift constantly, 
meaning an agent is always aiming at a moving target.

● An agent designing a system rarely has perfect information. Unobservable variables like thermal 
throttling, network congestion, and OS-level jitter make it difficult for AI to definitively prove that a 
novel optimization is universally better.

Can we ever have “Move 37” moment in system 
design? Maybe!
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Google Agentic Ecosystem to Accelerate Research



Google’s unified platform for builders to work with agents
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Redefining Research Workflow
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Teamwork Google Antigravity
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Teamwork Google Antigravity
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We developed a first-of-its-kind, cycle-level RISC-V CPU simulator with minimum 
human invention (< 1% average error vs. golden reference) and successfully booting 

an OS to shell.



Teamwork Google Antigravity
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Teamwork Google Antigravity
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Personal Reflections
Life and Research
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1. Measure What Matters → Don’t be seduced by easy metrics or fads. 
2. Defy the Herd → Industry often chases the obvious; academia’s role is to explore what isn’t yet 

commercializable.
3. Follow Your Compass→ isn’t thinking about you. Pursue what you’re passionate about, not what someone 

else says is hot. 
4. Embrace the Serendipity → Luck is real. You can’t force it, but you can improve your odds by putting yourself 

in new environments 
5. Kindness is a Scaling Factor → Publications, grants, and promotions are transient. The relationships you build 

last longer. Lift others up; share credit. 
6. Sprinkle Some Noise → Inject controlled randomness into your projects and your life. The unknown can 

reveal hidden anomalies.
7. Forge Your Own Path → There is no single “best” way to do research. What worked for someone else might 

be the wrong approach for you.
8. Mentor as a Force Multiplier → Help others find their passion. Seek out mentees, share your tools, and 

create opportunities. The view from the summit is better when shared.
9. Assume Good Intent → Almost everyone around you wants to help, even Reviewer #2. Be open to feedback, 

and on being wrong (TED: On Being Wrong!), ask questions, and engage with your community. 
10. Build Your Own Measurement Toolkit → Don’t rely solely on existing benchmarks or tools. Create or adapt 

frameworks that reveal your inefficiencies.
11. Don’t work for Awards → Work for the work. Awards are a nice outcome.
12. … 

https://www.ted.com/talks/kathryn_schulz_on_being_wrong
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