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Motivation

 Thermal analysis of resonating micro-electromechanical systems (MEMS)
« Characterise properties of drugs & materials in early-phase development

Problem

* Unknown global relation: resonance frequency vs. temperature over time
* Low signal-to-noise-ratio for specific areas of resonator = excluded data
* Filter + Annotate: tedious work and only fit high SNR spectra one-by-one

Solution P O 0

* Unsupervised tracking of peak height, position and shape
« Bayesian generative model with

 Warped Gaussian process priors to

* Regularise towards non-negative & smooth
* Impute peaks missing or disappearing in noise
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Methods
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Governing Function fw;,0;) = s .
Magnitude solution for driven-damped \/Q?(Q? — wj)? + Qfw;
vibration on a linear resonator [12] 0, = {F,,Q,0;)

Generative Model zii = flw;,0;) + € ;.

o0

Normal Likelihood
Joint by factorising over all {J, j}

(g2

Maximize Posterior © = argglaxp(z @)p(®). © = g(h(n))
Parameter estimates for all / . L T
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Solved in log and GP prior domain T ( *8p(Zlg () k:177k m)

Change of variables

To correlate and truncate
parameters in non-negative
domain [9, 10, 13]

© = g(h(n)) = {£; (hi(m)},_,
hy ~GP(0,X;) X = C/cC;;r, hi(n,) = Crny,

n = {’rlk}£:17
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n, ~ N(0, 1), m, € RY
Inverse Link Function b (he) = Prr (Poy (i) \
Map "« in CDF of marginal GP — p,(h,) = %(1 —|—erf(\/%’;i>),

then through inverse CDF of the

N

e;.; ~ N(0,0.)
Gaussian noise model over j'th frequency and /'th spectrum

N M

p(Z1©) = | [ || N (zi: f(w), 6:),02),
i=1j=1

© = {0;}iL, = {H:};= = {F,Q,Q}

truncated normal to non-negative T# (&) =#+ oV 2erf™ (5 erf(f) + (1 =¢) 6rf(a)>’

domain in range [a, b]. » f = "Handa = 2L
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Covariance functions c(s,¢') - exp< it W) RBF
Smoothing over differences A; = (i — ') , |

\Iength scales ) over covariates ¢ = {i,t,z,y} ¢(¢.¢)=35(4;) Diagonal
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/ Results

Smooth tracking of peaks in real and synthetic spectra

« Col. 1: Initial points [red square], diag. [white triangle], RBF [black circle]

» Col. 2-4: Spectra with estimated peaks in dashed black lines

 RBF: Regularised to coherent and imputed peaks even in low SNR noise
* Diagonal: Closer fit than expert annotations, but miss out low SNR peaks.
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Comparison of models: Reproducing ground truth?

* Diagonal kernel [upper]: Closer to expert annotations on resonator data
 RBF kernel [lower]: Closer to synthetic parameters and
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(b.) Synthetic data
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(a.) Resonator data

GPP w. RBF > GPP w. diag. X GPP w. RBF X GPP w. diag. >
RMSE MAE RMSE MAE | RMSE MAE RMSE MAE

F107°] 9701  6.080 2.339  1.736 | 1.002(331) 0.673(228) 1.123(394)  0.704(240)
Q[102] 0213  0.154 0.209 0.146 | 9.743(3.596) 5.085(2.076) 23.54(7.88) 15.95(6.39)
Q102 1297 0.847 1.281  0.722 | 2.066(483) 1.451(395) 1.011(210) 0.686(136)

Conclusion

We find that using warped GP priors can

* Regularise parameter estimates to be smooth and non-negative
* Impute peaks with low SNR allowing for higher inclusion rate

* Lead to underestimation of peak shape Q and height F

» Potentially support fast and efficient characterisation of drugs

Future work on

* Modelling shift in noise o. over frequencies and time with GP prior

e Correcting underestimation of Q by fitting phase shift slope
 Metropolis-Hastings with Gibbs sampling for uncertainty estimates
e Active learning to query expert for new annotations in training loop
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