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Quantum speedup:
Bayesian inference 0 (+/N), Quantum Boltzmann machine O (logN)



Quantum circuit learning

K. Mitarai et al., Phys. Rev. A 98, 032309 ("' 18)
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N-qubit A~Dimplement

L= Z”f(ﬂ?z') —?}z‘||2

1) ANWT—&{x}> 2= —FEHUKx)IZLD
[Yin(x:)) = U(x;)|0)
2) NTRA—=Z—0ITR L THESINDUB)IZLY
[Vour (%3, 0)) = U(O) [P (x;))
3) ATH—=NRTN{B;} c{lXY,Z}NTHIM. HAiZ
yi = y(x;,0) = F({(B;(x;, 0))})
4) %L TaR MEHBL(f(x), y(x;,0)) Zie/IMET B




QCL simulation example
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Explainable Al
(DARPA)

https://ieeexplore.ieee.org/document/8466590

Today
x * Why did you do that?
. isi * Why not something else?
o Machine Decnsvonor_ Yy ing
Trammg X Learned Recommendal-onA * Whendo you succeed?
Dat Learning Functi > - When do you fail?
ata unction
Process « Whencan | trust you?
* How do | correct an error?
XAl Task
- » | understand why
New « | understand why not
Training Machine Explainable | Explanation « 1 know when you succeed
Data Learning Model Interface * | know when you fail
Process * | know when to trust you
* | know why you erred
User
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Explainable Al ?
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vga_att gt_ans_att 0 gt_exp_att

'[ N 8" w& " ' ;{ ¥ | Whatis the bird doing?
A 00 200 200 Flying_
Because it is up in the sky.
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vga_stt g exp_att - gt ans_att o ot _exp_att

» & y = N | ® Jw . What game is this?
200 A\ 200 ?‘ 200 200 Tennis
e\ i g = Because the man is holding a tennis racket.
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Knowledge graph
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No need for explanation : f&R LR~ 2
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More iIs different. But more 1s more.

https://japan.cnet.com/blog/maruyama/2019/05/01/entry 30022958/
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