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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

1 .
Let’s try visualization! 3 It seems linear.
It also seems periodic. Let’s model the data
Human [EESEEMEECES () Human seriod = fft( ) 5 with linearity, periodicity
Expert ( 7 )
Expert ( )
2 It seems to have upward trend. period; 0.35 Human — +
Let’s try linear model. 4 Expert
Human H I think it’s linear', data Iinearity periodic
uman with the periodicity.. .

Expert Expert g Y model discovery

Model Data

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
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Preliminary: Gaussian Process (GP)

e Gaussian Process Models

« GP is specified by mean function u(x), covariance function k(x, x")

« Assuming the mean function u(x) to be zero, we construct the covariance function (model)

f~GP(u(zx),k(x,z")

Mean Function Covariance
Function

(Model)

[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: GP Model Discovery

 Basis Models of k(x, x")

Locality (SE) Periodicity Linearity Constant White Noise

« Constructing model composition

« Adding (+) two basis models

« Multiplying (x) two basis models

. . : adic New Model
« ChangePoint (CP) two basis models Locality (SE) - Perlodicity Composition

Example model composition

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



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

1. Model Proposal 2. Model Optimization
Previ Model S ted Optimized
revious : » ouggeste > e s — Optimize
Best Models Cand]da.te Models St Model
A Resampling

3. Model Evaluation
Score

4. Model Selection 4
Model1 70 C——

Modeln 30 <—

Model Selection Criterion

[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

« Automated Model Discovery Pipeline [1, 2, 3]

3) Model evaluation: scoring each proposed models

4) Model selection: selecting best model among proposed models

1. Model Proposal 2. Model Optimization
Previ Model S ted Optimized
revious : » ouggeste > e s — Optimize
Best Models Cand]da.te Models St Model
A Resampling

3. Model Evaluation
Score

4. Model Selection 4
Model1 70 C——

Modeln 30 <—

Model Selection Criterion

[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

1. Model Proposal 2. Model Optimization
Previ Model S ted Optimized
revious : » ouggeste > e s — Optimize
Best Models Cand]da.te Models St Model
A Resampling

3. Model Evaluation
Score

Model 1 70 C——

Modeln 30 <—

\4

Model Selection Criterion

[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



Proposed Pipeline

1. Model Proposal
.'!I. Let’s try visualization!

Analyzer model, data = ()
VLM ( )
Code &
Output
Model Data
It seems periodic.
'E' Let’s check period!
eriod =
Code & [FRNIE

Output Heriod: 0.35

I recommend
1P 1N x per {period: .35}

« Model discovery through multi-step multi-modal agents

2. Model Fitting

Find best parameters for
LIN X PER {period: 0.35}

LIN variance: 0.3
LIN offset :0.22
PER period :0.15

LIN variance: 0.01
LIN offset :0.4
PER period :0.35

4. Model Selection

Select higher-score model

Model 1 (score: 90)

Model 2 (score: 70)

3. Model Evaluation

Compute score based on
visual evaluation and BIC

Model Data

B3 Good fit. 8/10
Evaluator Bad structure sim.
VLM 2/10

EvaluatorVLM
= (0.2 + 0.8) / 2 = 0.5

Visual Information Criterion
= a EvaluatorVLM - BIC



1. Model Proposal

« AnalyzerVLM conducts multi-modal & multi-step analysis

(" 1. Model Proposal )
.'!I. Let’s try visualization!

Analyzer model, data = ()
VLM (model, data)
Code &
Output
Model Data
It seems periodic.
'E' Let’s check period!
eriod =
Code & [FRNIE

Output  heriod: 0.35

I recommend
1P LIn x Per {period: .35}
\_ J




1. Model Proposal

« AnalyzerVLM conducts multi-modal & multi-step analysis

* In each step, model chooses action: Analyze / Execute / Propose

step 1 step 2 step 3 step 4 step 5

Given the access code, Mostly follows the
visualize the data and data, but some gap
model. at the end. Check residual.

Big at first lags, shows Enough analysis.
feature. Propose model with
Visualize periodicity. periodicity.

Residual at latter years.
Check autocorrelation.

model, data =

model, data = ()

( : )

model, data = ()

model, data =

(

(

)

) )

Model Proposal

Autocorrelation of Residuals

Residuals of the Fitted Kernel

‘hml”l”hn.‘ 11, A
i [r ll“ 5., A\A !

o A
AR (°°p LIN X PER

1



2. Model Fitting

« Model Parameter Fitting

2. Model Fitting A

Find best parameters for
LIN X PER {period: 0.35}

LIN variance: 0.3
LIN offset :0.22
PER period :0.15

LIN variance: 0.01
LIN offset :0.4
PER period :0.35

12



2. Model Fitting

« Model Parameter Fitting

« Parameter fitting is done by maximizing log likelihood

1 _ 1 n
logp(y|X,0) = —= TKy 'y — Zlog |K,| — = log 27
2 2 2
* Model parameter initialization
Model & Parameter Proposal _ _
. AnalyzerVLM Init. (PER + LIN) Random Init. (PER + LIN)
It seems periodic. 10 10
'g' Let’s check period! g g
Code & perio(d = ()) 0.6 0.6
Output 0.4 0.4

period: 0.35

0

| ' I recommend . o Well-fitted ..
PER + LIN {period: 0.35}

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0




3. Model Evaluation

e EvaluatorVLM: Visiual Model Evaluation

r

.

3. Model Evaluation

Compute score based on
visual evaluation and BIC

Model Data

B3 Good fit. 8/10
Evaluator Bad structure sim.

VLM 2/10

EvaluatorVLM
= (0.2 + 0.8) / 2 = 0.5

Visual Information Criterion
= a EvaluatorVLM - BIC

~\

J
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3. Model Evaluation

e EvaluatorVLM: Visiual Model Evaluation

1.0

0.8

0.6

0.4 1

0.2

0.0

—— Data

Confidence

T
1950

T
1960

T
1970

T
1980

T
1990

T
2000

Visual Fitness

B3 Model’s prediction is
Evaluator Well-aligned with the data.
VLM Good fitness.

Visual Generalizability

High uncertainty at both side,
Evaluator flattened predictions.

VLM Bad generalizability.




3. Model Evaluation

» Bayesian Information Criterion (BIC)

BIC = —2logp(D|M) + |M|log |D|

data model # of model data size
parameters

* Visual Information Criterion (VIC)

« We combine BIC with EvaluatorVLM's evaluation score

VIC = «a - EvaluatorVLM(D,M,0") — BIC

visual fithess + visual generalizability




4. Model Selection

« Sort the model pool, and select best model

4. Model Selection

Select higher-score model

Model 1 (score: 90)

Model 2 (score: 70)

17



Experiment Results Autostats{

BoxLM[3]

Ours

« Our method’'s model prediction outperforms competing methods

 Discovered model fits well to the data and has high generalizability
0.6370 0.2975 0.8197

0.2845 0.1505

0.2004 0.4523 0.2366
0.2861
0.0534 0.0562 0.0508

Airline Solar Radio Call

Data Autostats[1] BoxLM[3] Ours
1.0 1.0 1.0 1.0
0.8 0.8 0.8 0.8
0.6 0.6 0.5 0.6
0.3 0.3 0.3 0.4
1957 1959 1957 1959 1957 1959 1957 1959

[1] Duvenaud et al., Structure Discovery in Nonparametric Regression through Compositional Kernel Search, ICML 2013
[3] Li et al., Automated Statistical Model Discovery with Language Models, ICML 2024 18



Ablation Study

« Without visual reasoning, it shows downgraded performance

* AnalyzerLLM is step-heavy due to inefficient textual reasoning

0.6

0.4-

MSE

0.2-

0.0

Single-modal (Text only)
B Multi-modal (Text+Vis.)
—0.3603
—0.1959
—0.0952 —0.0944
i L —
Airline Solar Mauna Wheat

Dataset

19



Ablation Study

« Without visual reasoning, it shows downgraded performance

« AnalyzerLLM is step-heavy due to inefficient textual reasoning

8
. AnalyzerLLM B AnalyzerVLM
3
5 6
n
# 2]
4-
3

Airline Solar Mauna Wheat
Dataset



Correlation with VIC

 Correlation of Visual Information Criterion (VIC)

« Visual fitness and generalizability both correlate highly with human scoring

Human vs VLM - Fithess Human vs VLM - General. Visual Fithess Visual Generalizability
- ) . 100.0 . 3 100.0
50 | Spearman’s “© | Spearman’s L Spearman’s _, | Spearman’s
‘ p:0.580 @ | p:0.841 S | p:0.7995 |
> 2 0 5 5
S S = &
10 ] 10 o o oo > S
0.0 0.0

1 5
Human 1 Human > 0.2 Normalized LL 1.2 -0.8  Generalization Gap 0-2
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Correlation with VIC

 Correlation of Visual Information Criterion (VIC)

* Visual fithess: shows high correlation with normalized log-likelihood

* Visual generalizability: shows high correlation with generalization gap

Human vs VLM - Fithess Human vs VLM - General. Visual Fithess Visual Generalizability
- ) . 100.0 . 3 100.0
50 | Spearman’s “© | Spearman’s L Spearman’s _, | Spearman’s
‘ p:0.580 @ | p:0.841 S | p:0.7995 |
2 > % S c
S S = &
10 ] 10 o o oo > S
0.0 0.0

1 5
Human 1 Human > 0.2 Normalized LL 1.2 -0.8  Generalization Gap 0-2



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 fithess, visual generalizability

« Through visual reasoning, AnalyzerVLM and EvaluatorVLM understands time-

series patterns effectively

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

Project page: https://mok0102.github.io/model-discovery
-7 Email: jungmok@postech.ac.kr
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Any questions?
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