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1. Motivations and purpose of the work
Model based Monte Carlo
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2. Test statistics

ML-based generative models Definition
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Test-statistic
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o« Computationally demanding o Faster simulations

Scaled mean KS

e Reliable synthetic data e Lower reliability

Necessity to validate data from generators! This can be done using a two- Scaled sliced K

sample test, which checks if two independent samples come from the
same probability density function (PDF).
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e THEORETICALLY: likelihood-ratio is the most powerful test for sim-
ple hypothesis. Need to know the PDFs generating the samples.

I

FGD., [3] tegp = limy, oo Sogy (1l ) —

L,

Log-likelihood ratio  ¢rur = —2log 7
1

e PRACTICALLY: Underlying PDFs are usually unknown when dealing
with real data. Need to use metrics that involve only the data.

4. Methodology and test features

Purpose of the work: Establish a rigorous statistical procedure based
on robust, simple, and interpretable two-sample tests that can serve both
for evaluation and for benchmarking more advanced tests.

Goal: Make inference on €, finding the smallest value we are sensitive to.

Test Hy: build test statistic distribution under H. Perform 10%(10?) re-
peated tests on samples drawn from the reference toy distribution(dataset).

3. Reference and Deformed Models

PDF for MoG null with g =5, d =20, n=m = 50K, nj,r = 10K CDF for MoG null with g =5, d =20, n=m = 50K, njter = 10K
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Deformed models are defined by a single parameter e:
u-deformation: Yil = Tif + 0,7, 01 ~ U_e e
Test H,: perform 100 test on samples extracted from the reference and

> rr-deformation: Yil = U1 T+ Cx I(Cffu — ,ul) , Cxog1 Z/{[l,l—l—e]

2.1+ s-deformation: = . P, Pg) = Pi(-I)(e)
Yir = sl 1)|war |, e >0
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the deformed distributions. Calculate the mean and standard deviation.

pow_ -deformation:
pow _-deformation:
N -deformation:
UU-deformation:

e test close to the decision boundary: € such that the mean is at the
CL threshold. Use the standard deviation to set an error on e.

e test different precision: evaluate each metric varying sample sizes.

5. Example: Results for MoG

MoG model withd =20, q=5,and n=m = 5-10%

> ;;-deformation

p-deformation > i+j-deformation pow_ -deformation

Statistic | €gs%cL €99%CL t(s) | egsucL €99%CL t(s) | egsmoL €99%CL t(s) | egsmoL €99%CL t (s)

tsw 0.049577055° 0.0669415-017 3023 | 0.0167979-0%5, 0.0231515-002° 3197 | 0.006390-09%5  0.00871F0-001% 5148 | 0.00581195027  0.00798+9-5012 3157

b 0.0048270-001%  0.0066713591% 2966 | 0.0017579-00022  0.002481209952 3185 | 1.001467 000057 1.002381 50005 5495 | 0.000473:99915  0.0005979:99013 3343

tSKS 0.0364719-011 0.0482170-011 2899 | 0.0132979:903, 0.01759F0-0025 3022 | 0.0053175003°  0.0069910-001% 7233 | 0.0043100999  0.0056510 00074 3193

trGD 0.057781 505 0.078710 053 4047 | 0.0194579-0063 0.0265179-9053 4507 | 0.002879:99079 9 0038819-00062 575 | 0.00702F0:992L  0.0096510-9916 4870

tNMD 0.04425%@%%13 0.0621%80:(%%3 10204 0.00923$§;§§§§5 0.0130%8;85%512 11217 | 0.0060575 0555 0.008387 00055 13822 0.003321@;%%%21 0.00467$§:§§é§1 11801
pow_ -deformation N -deformation U-deformation Timing

Statistic | €gs9cr, €99%CL t (s) | €oscL €99%CL t(s) | €osmcL €99%CL t(s) |t (s)

tsw 0.0060419-9017 0.0082515-5018 3051 | 0.1931879-02 0.2270419-919 2403 | 0.3339479944  (.3924810-933 2354 | 338

b 0.00042179-00015 4 0p0E1 1209913 3379 | 0.0075179:992  0.00993729018 9934 | 0.0121179993  0.0157579:9027 9835 | 155

t 0.0044170:059%%  0.0057470 00004 3324 | 0.1587470-023 0.1847310033 2726 | 0.27395700%5 0.318810033 2601 | 509

S 10:0021 10:0008" 101033 T0'0te 10:04” Y0027

tAIMD 0.00353 50012 0.0049415-5012 11418 | 0.4353119:066 0.5160975 05 8642 | 0.7535370-12 0.893361 5578 7700 | 13860

tLLR 0.0000275:50501  0.00002F0-0500] 6991 | - - - | - - - | -

6. Conclusions

e The likelihood ratio, when calculable, shows about an order of magnitude greater sensitivity compared to the other metrics.

e The metrics based on 1D tests (tsw, txg, tsks) are easy to implement regardless of sample sizes and scale linearly with dimensions, suiting a wide

range of scenarios. In contrast, FGD, requires large sample sizes to perform well, while MMDIZJl suffers the curse of dimensionality.

e Despite their simplicity these metrics show high sensitivity to all the deformations. The small relative errors on the e values ensure that the
procedure we adopted is robust.

« We think the proposed test statistics could serve as a valuable first step in evaluating a generator, before considering more resource-intensive tools.
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