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Figure 2: Visualization of the proposed inference framework. Q08 Rl )
<

0.6

Figure 1: Sample of images with and without signal. L.eh 0.
Experiments and Results o4ttt et L
R T A

4

o

Problem Setup

) _ .

-3 -2 —1 0 S == BPSD

. Tested SNR|784 x 1073|784 x 1072|784 x 10~ | 784 x 10 8 = o
odel.: . 1502 e ©. :__\ .
— - . E\ ..“__-‘-\ ~
Nofation: Noise level | Very low Very low Low Moderate . gy S . R S
d 10-3 102 101 100 10-3 102 101 10° 10-3 102 101 10°
- Observed data sample: I € R SNR (x784) SNR (x784) SNR (x784)
- Signal: § € R 10 Figure 5: Classification performance when noise is correlated, N;., ~ MVN(O0, 32 N)-
- Noise: N € R? s e —————
- Latent indicator variable: f € {0,1} 0.8
§ =@=BPSD -
Objective: C06] nan e e _ X . Conclusion
P(ﬂ — 1 |I) —— 3 E 100°

Contribution: inference framework for signal detection in noisy environments.

- How?
Assumptlons o Norm. Flow (MAF) + Bayes’ Theorem
o No labels.

Assumption 1: P(S,N) = Py(S) Py(N)

o No assumptions on signal distribution.

o Leveraging the known noise distribution.

Result:

o On par with traditional supervised approaches.

o Matched or surpassed traditional unsupervised methods.
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