Simulation-Based Detection for Composite Hypothesis Testing
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| 1. Motivation | J 8. Experimental Setup |
» Many detection problems involve composite hypotheses Target We evaluate the proposed SBD on the time-delay signal detec-
with unknown deterministic nuisance parameters. - tion problem and compare its performance with GLRT, Bayes
» In finite-sample, low-SNR regimes, estimating the B LRT, and Oracle LRT. The SNR is defined with respect to the
narameters is unstable and computationally demanding. Force —> clean waveform energy.
> In Ihuma.n—in—lthe]—clfoop rlobotiT systems.,l.human re:ponse y S Each test block contains:
de ays.dlrect y affect closed-loop stability and safety [1] _ L i G » Each block contains N = 6 repeated noisy observations.
X
> Selectllng the mod.el that best caPtures human behawor IS > L = 10* simulated labeled blocks per hypothesis used for
essential for adaptive control design = a composite . _
_ _ _ 3 offline training.
hypothesis testing problem with unknown delays. o
_ | _ ) » True delay parameter: 7 = 0.7 ms.
» Classical tests may be computationally challenging and less
reliable in finite-sample, low-SNR regimes. § Evaluation objective
e FORCE\ Assess whether the proposed SBD can outperform classical
Replace test-time likelihood optimization with offline ) likelihood-based detectors and approach Oracle performance
simulation-trained detection while avoiding online likelihood maximization and Bayesian
‘ marginalization.

J 2. Composite Hypothesis Testing | J 5. Proposed Method: SBD } | | 9. Results |

We formulate the problem as a binary composite hypothesis | | Under each hypothesis H;, j = 1,2, we sample nuisance param- ROC Performance in Low-SNR Regimes
testing problem: eters from a design distribution and generate labeled training
) data: ROC at SNR = —14 dB ROC at SNR = —10 dB
Hy : x ~ fi(x; 61) 1 1
e () ¢ (0) - —
Mo+ x ~ flx;02). 0 ~m(6). YO~ hid)).  Je{n2) -2 .
) This yields a labeled training set: 081 # 0.8
The parameters 6 and 6, are deterministic nuisance parame- 06l 06 '
ters: they are fixed but unknown at test time. T _ {yg@) C(g)}jL1’ 0 1.2}, o - ; R .
= 04F 0.4
- - - - =y =y
Given observation block x, decide whether the data is gener- E_aCh .S|mu||;;1cte(: observ;tflond l?cloik IIS n.1apped into  low- 0.2 O S;?‘;':LLETT - 0.2 . (B);?/ZISLLFTTT '
ated under Hy or Ho. imensional features used for detector learning. _?_,SBD | _?_,SBD
Key ldea 0 0.5 1 0.5 1
SBD learns the decision rule g(-) from simulated labeled Pra Pra
i 3. Likelihood-Based Tests 1 blocks, avoiding online likelihood maximization.
» Oracle Likelihood Ratio Test (Oracle LRT) \ J Detection Probabllity Across SNR at PFA = 0.05
h(x; 02) % SONT -
ALrr(x) = log AT 2 7. J 6. Feature Pipeline & Decision Rule L I
Hy 8'
= Uses the true (unknown) parameters, i.e. unattainable. Using the labeled training set T, each block is converted into| | 0.8 @" /
Serves as a performance benchmark. stable low-dimensional features used to learn the decision rule. 0 60“" 4
» Generalized Likelihood Ratio Test (GLRT) 0'4?' e _
/\GLRT(X) — IOg maX92 fQ(X 92) K Y. Feature Extraction . -o- Oracle LLRT
maxg, fl(X, (91) <1 Offline Block averageHStandardlze PCA Learn linear 0.2 Bayes LRT H
= Replaces unknown parameters by maximum likelihood training + unit norm (1, 0) features Scoreg(s N . '.0' SBDI
estimators = computationally expensive orintractable. 14 19 10 g 6 4 P 0
- Online Same feature Compute Decide
» Bayesian LRT (Bayes LRT) detection extraction ]-’ g (Stest) A—> Hy/Hs SNR [dB]

f fg X, (92 7T2(92)d92 H2

> .
[ i(x; 01)m1(01)d6r . Main findings

/\Bayes(x) — |Og

= Marginalizes over chosen design distributions, Feature atlone _ _ . . .

mixture-based Bayesian benchmark, but the setting is Normalization stabilizes the features, while PCA reduces di- » SBD achieves higher detection performance than

non-Bayesian! mensionality and classifier complexity. GLRT and Bayes LRT in challenging low-SNR

| | | regimes.
Challenge Decision Rule - _ » As SNR increases, SBD approaches the oracle-LRT
GLRT requires maximization over unknown parameters, vyhich Fo.r the test. Plock x, compute the test statistic g(siest), i.€., benchmark.
can be computationally expensive and unstable in finite- a linear decision score, and apply the threshold rule:
sample, low-SNR regimes [2]. Bayesian LRT depends on (50) . .
chosen design priors and may require numerical integration. S\t a0 Ve ,[ 10. Main Takeaways & Future Work L
These limitations motivate an offline simulation-based alter- Main Takeaways
native. . . . T .
\ » Offline simulations replace online likelihood optimization.
J l. Tlme-DeIay S'gnal Appllcatlon L » SBD provides a likelihood-free alternative.
i 4. Simulation-Based Inference ] We consider binary detection of delayed waveform structures: » Offline storage is traded for lower real-time complexity.
. — . . AU 2 1

» Simulation-Based Inference (SBI) enables hypothesis Hi: x=s() +w, w ~ N(0,n°/), J€{1,2], Future Work

testing.when likelihood-based methods are computationally > 7; is an unknown deterministic delay. » Theoretical analysis of SBD.

SXPERSIVE. » H is a single-pulse minimum-jerk profile » Robustness to model misspecification.
» Likelihood-Free Inference (LFI) learns inference procedures » H, is a two-pulse profile > Adantive robotic control

directly from simulated data without explicit likelihood s P |

evaluation. | o S References
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