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The big picture

▶ Fully autonomous discovery, simulate all aspects of the conventional

research process (e.g., ideation, experiment execution, paper writing).

2



The big picture

▶ Autonomous discovery for ML: Discovering novel machine learning

components, make our ML systems more efficient, transparent and safer..

2



The big picture

▶ Autonomous discovery for ML: Discovering novel machine learning

components, make our ML systems more efficient, transparent and safer..

Lion optimizer (Chen et al., 2023)

Narrow (no LLMs), clear goals.

2



The big picture

▶ Autonomous discovery for ML: Discovering novel machine learning

components, make our ML systems more efficient, transparent and safer..

Lion optimizer (Chen et al., 2023)

Narrow (no LLMs), clear goals.

2



The big picture

▶ Autonomous discovery for ML: Discovering novel machine learning

components, make our ML systems more efficient, transparent and safer..

Lion optimizer (Chen et al., 2023) AI Scientist (Lu et al., 2024)

Narrow (no LLMs), clear goals.

2



The big picture

▶ Autonomous discovery for ML: Discovering novel machine learning

components, make our ML systems more efficient, transparent and safer..

Lion optimizer (Chen et al., 2023) AI Scientist (Lu et al., 2024)

Narrow (no LLMs), clear goals. Broad (LLM-driven), unclear goals.

2



The big picture

Lion optimizer (Chen et al., 2023) AI Scientist (Lu et al., 2024)

Narrow (no LLMs), clear goals. Broad (LLM-driven), unclear goals.

Problem: Largely system demonstrations
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1. Tasks: What are the target discovery tasks?

▶ What tasks and discovery problems should we be working on to make

progress? Community has not yet come up with clear tasks or metrics.
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1. Tasks: What are the target discovery tasks?

Lion optimizer (Chen et al., 2023) AI Scientist (Lu et al., 2024)

Narrow (no LLMs), clear goals. Broad (LLM-driven), unclear goals.

Our proposal: language model architecture discovery, finding better

(e.g., more efficient, performant, transparent,...), LM layer designs.
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2. System design: How should we build such systems?

▶ Do these discovery workflows make sense? What are their limits? Should

be efficient, cost-effective, transparent.
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Proposed a new algorithmic framework for discovery, allows us to address

technical issues, devise generalized algorithms.
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Language model architecture design discovery: what?

▶ Finding improved layer designs for autoregressive language models.

4



Language model architecture design discovery: what?

▶ Finding improved layer designs for autoregressive language models.

Em
bedding

LNormBlock

Repeat N times

LM
 H

ea
d

4



Language model architecture design discovery: what?

▶ Finding improved layer designs for autoregressive language models.

Em
bedding

LNormBlock

Repeat N times

LM
 H

ea
d

 def GPT(X,**Z):
     X1,Z = RMSNorm(X,**Z)
     X2,Z = MHA(X1,**Z)
     X = X+X2
     X3,Z = RMSNorm(X,**Z)
     X4,Z = GatedMLP(X3,**Z)
     X = X+X4
     return X,Z

GPT

GatedMLP MHA

RMSNorm RoPE

Transformer Block

4



Language model architecture design discovery: what?

▶ Finding improved layer designs for autoregressive language models.

Em
bedding

LNormBlock

Repeat N times

LM
 H

ea
d

 def GPT(X,**Z):
     X1,Z = RMSNorm(X,**Z)
     X2,Z = MHA(X1,**Z)
     X = X+X2
     X3,Z = RMSNorm(X,**Z)
     X4,Z = GatedMLP(X3,**Z)
     X = X+X4
     return X,Z

GPT

GatedMLP MHA

RMSNorm RoPE

Transformer Block
Can we

improve on
these block
designs?

At its core, a code discovery problem, similar goals to AutoML and

Neural architecture search (NAS), model full research pipeline.
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▶ Finding improved layer designs for autoregressive language models.

Em
bedding

LNormBlock

Repeat N times

LM
 H

ea
d

 def GPT(X,**Z):
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Can we

improve on
these block
designs?

Ill-formed search space: huge unbounded design space.

Complex sampling process: literature understanding, coding skills.

Expensive verification: pre-training/evaluation, resource bound.
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Language model architecture design discovery: how?

▶ Finding improved layer designs for auto-regressive language models.
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 def GPT(X,**Z):
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Continuous learning loop: Generate new model ideas, implement them

and verify through generative pre-training.

▶ Objective: Find designs that improve on end-task performance.
▶ Start small, innovate then scale, Ladder-of-scales (LoS) approach.
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Continuous learning loop: Generate new model ideas, implement them

and verify through generative pre-training.

▶ Objective: Find designs that improve on end-task performance.
▶ Start small, innovate then scale, Ladder-of-scales (LoS) approach.

The Genesys system: components and principles
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The Genesys system: core utilities

Web Search Agent

External Sources

Paper Vector DB

BLiMP

🪐SmolLM
Automated Trainer

...

Automated Evaluator

Reference Library

Realtime Leaderboard

LM-Eval GLUE

library

verifier tree
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The Genesys system: agents
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    """Select parent designs to improve,
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The Genesys system: agents
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async def verify(EvoTree, VE):

    """Select a design and scale to verify,

    run experiments and produce a report"""

    design, scale = Experimenter(EvoTree)

    report = Verifier(design,scale,VE)

    async EvoTree.update(design.report)

verifiers
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The Genesys system: distributed evolution
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async def genesys_evolve(EvoTree, KE, VE):
    """Run distributed discovery loop"""
    while budget:
        async design(EvoTree,KE)
        async verify(EvoTree,VE)

evolution
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Experiments at a glance: 1,162 discovered designs (1,062 fully verified),

86K dialogues, 2.76M lines of code, 1B processed tokens.

Peeking inside
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Design tree: fully factorizable design space
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Code is fully factorizable,
representable as a unit tree

Fitness score: end task
performance
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Designers: Proposer-reviewer architecture
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Designers: Planner, coder, observer
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Unit-based design and implementation
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Verifiers: budget sensitive scaling
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A sketch of the results: end task performance

Have we made any discoveries yet?
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A sketch of the results: end task performance
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A sketch of the results: end task performance

Result: Yields designs competitive with human ones
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A sketch of the results: system and design analysis
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A sketch of the results: system and design analysis

We can justify design, empirically and formally.
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Please come to the poster to learn more
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Thank you.
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