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Task Definition
• Data Analysis by Model Discovery

• Find the interpretable model that best express data for understanding data

• Interpretable models: models composited with interpretable basis functions

• Application: data scientists manually finds model through trial and error
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Manual Model Discovery by Human Expert
[1] Duvenaud et al., Structure Discovery in Nonparametric Regression through Compositional Kernel Search, ICML 2013

[2] Lloyd et al., Automatic Construction and Natural-Language Description of Nonparametric Regression Models, AAAI 2013 

[3] Li et al., Automated Statistical Model Discovery with Language Models, ICML 2024

Task Definition
• Data Analysis by Model Discovery

• Find the interpretable model that best express data for understanding data

• Interpretable models: models composited with interpretable basis functions

• Application: data scientists manually finds model through trial and error
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Let’s automate this process!



[1] Duvenaud et al., Structure Discovery in Nonparametric Regression through Compositional Kernel Search, ICML 2013

[2] Lloyd et al., Automatic Construction and Natural-Language Description of Nonparametric Regression Models, AAAI 2013 

Preliminary: Gaussian Process (GP)
• Gaussian Process Models

• GP is specified by mean function 𝜇 𝑥 , covariance function k 𝑥, 𝑥′

• Assuming the mean function 𝜇(𝑥) to be zero, we construct the covariance function (model)
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[1] Duvenaud et al., Structure Discovery in Nonparametric Regression through Compositional Kernel Search, ICML 2013

Preliminary: GP Model Discovery
• Basis Models of 𝑘(𝑥, 𝑥′)

• Constructing model composition

• Adding (+) two basis models

• Multiplying (x) two basis models

• ChangePoint (CP) two basis models
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Model Discovery Pipeline
• Automated Model Discovery Pipeline [1, 2, 3]

1) Model proposal: proposing new model compositions

2) Model optimization: parameter fitting of proposed model composition
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Model Discovery Pipeline
• Automated Model Discovery Pipeline [1, 2, 3]

3) Model evaluation: scoring each proposed models

4) Model selection: selecting best model among proposed models
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[1] Duvenaud et al., Structure Discovery in Nonparametric Regression through Compositional Kernel Search, ICML 2013

[2] Lloyd et al., Automatic Construction and Natural-Language Description of Nonparametric Regression Models, AAAI 2013 

[3] Li et al., Automated Statistical Model Discovery with Language Models, ICML 2024

Model Discovery Pipeline
• Previous Model Discovery Pipeline [1, 2, 3]

• [1, 2] adopts greedy search with all model candidate resampling

• [3] adopts LLM for model proposal and evaluation
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Proposed Pipeline
• Model discovery through multi-step multi-modal agents
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1. Model Proposal
• AnalyzerVLM conducts multi-modal & multi-step analysis

10



1. Model Proposal
• AnalyzerVLM conducts multi-modal & multi-step analysis

• In each step, model chooses action: Analyze / Execute / Propose
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2. Model Fitting
• Model Parameter Fitting
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2. Model Fitting
• Model Parameter Fitting

• Parameter fitting is done by maximizing log likelihood 

• Model parameter initialization
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3. Model Evaluation
• EvaluatorVLM: Visiual Model Evaluation
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3. Model Evaluation
• EvaluatorVLM: Visiual Model Evaluation
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3. Model Evaluation
• Bayesian Information Criterion (BIC)

• Visual Information Criterion (VIC)

• We combine BIC with EvaluatorVLM’s evaluation score
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𝐵𝐼𝐶 = −2 log𝑝 𝐷 𝑀 + 𝑀 log |𝐷|

𝑉𝐼𝐶 = 𝛼 ∙ 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑜𝑟𝑉𝐿𝑀(𝐷,𝑀, 𝜃∗) − 𝐵𝐼𝐶
visual fitness + visual generalizability

data model # of model
parameters

data size



4. Model Selection
• Sort the model pool, and select best model
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Experiment Results
• Our method’s model prediction outperforms competing methods

• Discovered model fits well to the data and has high generalizability
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Ablation Study
• Without visual reasoning, it shows downgraded performance

• AnalyzerLLM is step-heavy due to inefficient textual reasoning
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Correlation with VIC
• Correlation of Visual Information Criterion (VIC)

• Visual fitness and generalizability both correlate highly with human scoring
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Correlation with VIC
• Correlation of Visual Information Criterion (VIC)

• Visual fitness: shows high correlation with normalized log-likelihood

• Visual generalizability: shows high correlation with generalization gap
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Conclusion

• We propose multi-modal, multi-step pipeline for automated model discovery

• AnalyzerVLM iteratively analyzes data to propose the most suitable model

• EvaluatorVLM conducts visual evaluation: visual fitness, visual generalizability

• Through visual reasoning, AnalyzerVLM and EvaluatorVLM understands time-

series patterns effectively

• Which can lead to the stronger generalization compared to textual reasoning
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