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The Vision: AI as Scientist

The Challenge:
Scientific discovery requires:

Hypothesis generation
Experimental design
Data analysis
Paper writing

Current AI: Limited to specialized tasks
Goal: End-to-end automation

Core Question
Can AI autonomously conduct research from
idea to publication?

AI Scientist

Idea → Experiment

→ Analysis → Paper

Fully Automated Loop

Figure: The AI Scientist workflow
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Background: AI’s Scientific Milestones

Recent Breakthroughs:
AlphaFold (Jumper et al. 2021): Protein structure prediction
GPT-3/4 (Brown et al. 2020): Language understanding and generation
Large Language Models: Scientific reasoning capabilities

Gap in Current AI:
Task-specific tools
Human-in-the-loop required
Limited integration
No autonomous research loop

AI Scientist Innovation:
End-to-end automation
Idea → Paper pipeline
Self-improvement capability
Open-ended discovery
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System Architecture

1. IDEA GENERATION
(LLM brainstorming)

↓

2. EXPERIMENT DESIGN
(Code generation + execution)

↓

3. VISUALIZATION
(Automated plotting)

↓

4. PAPER WRITING
(LaTeX generation)

↓

5. PEER REVIEW
(Automated feedback)

Figure: Five-stage automated research pipeline (Lu et al. 2024)
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Component 1: Idea Generation

LLM-Powered Brainstorming:
Seed ideas from research area
Generate novel hypotheses
Evaluate feasibility
Rank by potential impact

Example Domains Tested
Diffusion models
Transformers
Grokking phenomena

Prompt:
"Generate novel research

ideas in [domain]"

↓

Output:
Ranked list of

testable hypotheses

Figure: Idea generation process
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Component 2: Automated Experimentation

From Idea to Implementation:
1 Code Generation: LLM writes experimental code

2 Execution: Run experiments with safety checks
3 Data Collection: Automated logging and tracking
4 Iteration: Debug and refine as needed

Key Innovation
Agentic loop: AI debugs its own code, reruns failed experiments

Resource Management:
Computational budgets enforced
Parallel experiment execution
Average cost: $15 per paper (Lu et al. 2024)
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Component 3: Visualization & Analysis

Automated Plotting:
Generate publication-quality figures
Statistical analysis
Comparison visualizations
Error bars and confidence intervals

Analysis:
Interpret results
Identify patterns
Compare to baselines
Statistical significance testing

[Sample Plot]

Training Loss vs. Epochs

Model A vs. Model B

p < 0.001

Figure: AI-generated figure example
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Component 4: Automated Paper Writing

LaTeX Generation: Complete manuscript in standard format

Sections: Introduction, Methods, Results, Discussion
Citations: Semantic Scholar integration for references
Figures: Automatically embedded with captions

Template-Based:
NeurIPS style
ICML style
ICLR style

Quality Metrics:
Clarity scoring
Completeness checks
Citation verification
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Component 5: Automated Review

AI Reviewer System:
LLM acts as peer reviewer
Evaluates on standard criteria:

Novelty and significance
Technical correctness
Clarity of presentation
Experimental rigor

Provides numerical scores (1-10)
Generates detailed feedback

Validation
AI reviews show correlation with human expert ratings (Lu et al. 2024)
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Performance: Papers Generated

Quantitative Results (Lu et al. 2024):

Domain Papers Avg. Review Score

Diffusion Models 10 5.8 / 10
Transformers 8 6.2 / 10
Grokking 12 5.5 / 10

Total 30 5.8 / 10

Table: AI Scientist paper generation across domains

Cost: $15 per paper (Claude Sonnet)
Time: Hours vs. weeks for humans
Success Rate: ∼80% produce valid papers
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Quality Assessment

Strengths:
Novel idea combinations
Thorough experimental coverage
Proper formatting
Clear methodology
Reproducible code

Novelty
Some ideas were genuinely creative and
non-obvious

Limitations (Anonymous 2025):
Shallow experimental depth
Limited theoretical insight
Occasional factual errors
Missing broader context
Overconfident claims

Critical View
"Wishful thinking or emerging reality?" —
needs human oversight
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Comparison to Human Research

Aspect AI Scientist Human Researcher

Speed Hours Weeks-Months
Cost $15 $1000s-$10000s
Breadth High (many ideas) Focused
Depth Limited Deep insight
Creativity Novel combinations Paradigm shifts
Contextual understanding Weak Strong

Table: AI vs. human scientific capabilities

Complementary: AI excels at breadth, humans at depth
Hybrid approach: AI generates, humans curate and refine
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Implications for Scientific Research

Potential Impact:
Opportunities:

Accelerate hypothesis testing
Explore larger idea space
Reduce research costs
Democratize research access
Handle repetitive work

Challenges:
Quality control needed
Ethical considerations
Authorship questions
Publication flood risk
Scientific rigor concerns

Key Insight
AI Scientist is a tool for augmentation, not replacement of human researchers
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Relation to Prior AI Systems

Positioning in AI Landscape:
AlphaFold (Jumper et al. 2021): Solved protein folding (single task)

GPT/LLMs (Brown et al. 2020): General language understanding
Transformers (Vaswani et al. 2017): Enabled modern LLMs
AI Scientist: First integrated system for end-to-end research

Novel Contribution:
Goes beyond task-specific AI
Integrates multiple capabilities (reasoning, coding, writing)
Demonstrates agentic behavior (self-correction)
Open-ended discovery potential
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Limitations and Future Work

Current Limitations (Anonymous 2025):
Limited to computational experiments (ML domains)
Shallow theoretical depth
Requires significant human validation
No true "understanding" of science
Evaluation remains subjective

Future Directions:
Expand to wet-lab experiments (robotics)
Improve theoretical reasoning
Better evaluation metrics
Human-AI collaborative workflows
Cross-domain knowledge transfer
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Conclusions

Key Takeaways
1 Feasibility: Automated research pipeline is possible
2 Performance: Generates reasonable papers at low cost
3 Limitations: Significant gaps remain vs. human insight
4 Future: Promising tool for augmenting human scientists

Broader Perspective:
Not a replacement, but a powerful assistant
Enables exploration of vast hypothesis spaces
Raises important questions about scientific practice
First step toward more capable AI research systems

The future of science: Human creativity + AI scale
16 / 20



Thank You

Questions?

Key References:

Lu et al. (2024) — The AI Scientist: Towards Fully Automated Scientific Discovery
arXiv:2408.06292

Anonymous (2025) — Evaluating Sakana’s AI Scientist
arXiv:2502.14297

Presentation prepared using AI-assisted workflow



Backup: Technical Architecture Details

System Components:
LLM: Claude Sonnet 3.5 (primary), GPT-4
Code execution: Sandboxed Python environment
Paper generation: LaTeX with template system
Review: Multi-agent LLM reviewers
Citation lookup: Semantic Scholar API

Safety Measures:
Computational limits enforced
Code sandbox with restricted file access
Human oversight checkpoints
Experiment budget constraints
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Backup: Example Paper Titles Generated

Sample Outputs from AI Scientist:
1 "Adaptive Learning Rates in Diffusion Models: A Comparative Study"
2 "Grokking Dynamics: Understanding Delayed Generalization"
3 "Multi-Scale Attention Mechanisms for Vision Transformers"
4 "Style Transfer in Latent Diffusion Spaces"
5 "Curriculum Learning for Faster Grokking"

Note: These are actual paper titles generated by the system, demonstrating reasonable
scientific framing and topic selection.
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