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Evidence:

Kicker’s motio
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Parietal lobe neurons are thought to mediate evidence
accumulation at the decision making process

Lateral intraparietal neural activity

Motion
strength

 Roitman and Shadlen, 2002
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Sequential Probability Ratio Test (SPRT)
best explains the neural activity during the decision making process

Glossary

Maximum timestamp 1 &€ N
Sequential data X (1-1) - — {x(t)}tT—l
Class label y € {1,0}

Threshold A1

Decision value: Log-likelihood ratio

(1) (2) )|y =1
T\, N\, ., T |
At—log(p( J )) 0

p (M, 22 . 2®|y =0)

Threshold —Q(

Wald, 1947, Kira et al. 2017



Sequential Probability Ratio Test (SPRT)
best explains the neural activity during the decision making process

Glossary

Maximum timestamp 1 &€ N
Sequential data X (1-1) - — {x(t)}tT—l
Class label y € {1,0}

Threshold A1

Decision value: Log-likelihood ratio

. p (zM, 2@, . Wy = 1) O
FT P (2™, 2@, 2@y = 0)

Threshold — Q)

SPRT achieves accuracy equivalent to the Neyman-Pearson test, known as the most powerful statistical test
SPRT reaches the threshold faster than any existing sequential algorithms

Wald, 1947, Kira et al. 2017



Two strict assumptions
hamper SPRT from real-world applications

Assumtion 1: samples are I.1.d.

SPRT-compatible toy model Real-world scenarios

Independent and identically
distributed (i.i.d.)

¢

«Highly correlated




Two strict assumptions
hamper SPRT from real-world applications

Assumtion 2: Likelihood is known

SPRT-compatible toy model Real-world scenarios

&Likciinood is calculablelp &= Likeiinood is unknown




The TANDEM formula to compute
the log-likelihood ratio under Nth-order Markov process

Glossary

Maximum timestamp 1 € N
Sequential data X(I’T) L= {x(t) }thl

p(x(l)a x(z)a ¢« o 9x(t) ‘y — O)

Class label Y & {1,()}
1 f .
lgg (M) Order of Markov process NV € {0,1,....,.7 — 1}

t p(y=1]x0"M,. . x) t p(y = 1]x0M, . x6=D)
p— Z lOg _ 2 lOg
p(y = 0]x0=0, ..., x() p(y = 0] x6=M), . x(s=1)



The TANDEM formula to compute
the log-likelihood ratio under Nth-order Markov process

Glossary

Maximum timestamp 1 € N
Sequential data X(l’T) L= {x(t) } tT=1

Order of Markov process N € {0,1,....7 — 1}

pM x@ L xOy =1)
log| ——Mm8
p(_x(l), x(z), . (7 ‘y — O)

: p(y = 1|x8M_ . x®)
= Z log| —MM8MMMM8M8m8 ™ ——
p(y = 0] x6=N_ . x®)

1 (p(y= 1))
—E p(yi— 0)

Prior term Terms work in "TANDEM"

) Class label y € {1,0}

p(y = 1|x6=M_ . xt=D)
p(y =0|x6=N_ . x6=D)




The SPRT-TANDEM network
to explicitly calculate the TANDEM formula

(1)

Jwrs (37(1))
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Feature extractor
Temporal integrator
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Loss for log-likelihood ratio estimation (LLLR)

to correctly estimate the log-likelihood ratio

LLLR _

1

M T

ZZ y; — o | log

llt—l

p(x;
p(x;

M x
(M x

Glossary

Maximum timestamp 1 € N

Sequential data X (1.7) L=

{x(t)}thl

Class label y € {1,0}

Datasetsize M € N

Sigmoid function O

Order of Markov process N € {0,1,..., T—1}

)
)

9xi(t)|y — 1)
9xi(t)‘y — O)




Loss for log-likelihood ratio estimation (LLLR)
to correctly estimate the log-likelihood ratio

VT (1) 2 " Glossary

3 . 1 Z Z v, — o | log p(x Ap Taee X 1Y = 1) Maximum timestamp 1 € N

LLR ™ ]
. l p(x(l) (2 ), e ,xl-(t) y = 0) Sequential data x40 L= {x(t)}thl
Class label y € {1,0}
] & p(x(l) X; ),...,xl-(t) y=1) Dataset size M € N
PV, x®, . xP ]y = 0) Dataset size of class 0 My € N
5000 g

Dataset size of class 1 M 1 € N

1 % T o log (p(x(l) l )’”.,xi(t)ly — 1)) Order of Markov process [N & {O,l,...,T— 1}
T

l

l

Sigmoid function O

p(x(l) ()9°°°9xi(t)‘y:O)

l

1 %ilo D, x@, . xD ]y = 1)
M, T "\ P x®,  xO[y=0)

P — p(x X7, X

%i — log p(x(l) i )’“'axi(t) y=1)
T D X2 xD]y=0)

i=1 r=1 PG, 57,




LLLR etftectively estimates the true probability density ratio
compared with cross-entropy loss

— Cross-Entropy

— LLLR

NMSE

0 5000 10000 15000 20000 25000 30000
lteration



LLLR is combined with the multiplet cross-entropy loss

Glossary

Maximum timestamp 7 &€ N

Sequential data X(l’T) L= {X(t)}thl
Class label y € {1,0}

Datasetsize M € N
Order of Markov process N € {0,1,..., T—1}

Sigmoid function O

1 &« pixV x@, L xDy =1)
LLLR — Yi— O lOg —l
ZZ; ; p(x(l) ) : ,xi(t) |y =0)
N+1 1 M T—(N+1-k)
Lonuttiplet = Zmz ( log p(y; [ x~*, . ,xi(t)))

=1 1=k



SPRT-TANDEM outpertforms other baselines

on the Nosaic-NMIST database




Log-likelihood ratio trajectory shows
the two hypotheses are separated as the evidence is accumulated

LLR trajectory, data: NMNIST, order: 10
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Log-likelihood ratio trajectory shows
the two hypotheses are separated as the evidence is accumulated

LLR trajectory, data: NMNIST, order: 10

20"

g

A e — ——————
Ma,‘ﬂg;f_"v"bh»—_ﬁ?- o‘-:'."z_‘!‘;o_a.%rdif e

e — e -
—— — — E—t——
o — R R —— e :
-

{Mean hitting timeZV————

WPl . ~
W 7 S At

g AR .
L rarSIN
~ .‘-"' Y ." . ,”\

WV
~ > 1‘/-@\\\\

SRR\ X
.
dan VAR

\
e 1 [ /
et g“ A
| R '\‘\:-‘“‘.‘.‘-\‘\ ‘
N SRy - e T b
RS LS 4‘3\‘\‘\&¥‘\—\ o
" Al N :..;.\? = 'r‘_\\\“"‘fV'.y' -'\
RO = A N L N\
N N N g AN e ——— L
. T—— ;_\-—_;s\‘.\v."‘s\\xa‘_'?;— — ‘: _-:"._ _’K\\'\N —%’
N, RS S e e e
— —— e e e e ——~—
“\-.‘5\--‘—;  —~—— e e — T =
e T — e =

-_ — ‘ \“‘ ‘— o —

-

Odd s
Even R

-

Thresholds

Lo@-likelihoc

I
=
N

/

_200 5 10 15 20
Frame



SPRT-TANDEM outpertforms other baselines
on the Nosaic-NMIST database

Achieves statistically significantly better accuracy at given mean hitting time
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Performance on UCF and S1W databases confirmed
applicability of SPRT-TANDEM under real-world scenarios

Achieves statistically significantly better accuracy at given mean hitting time
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Conclusions

* Invented the SPRT-TANDEM framework that optimizes

speed and accuracy simultaneously by using the
TANDEM formula, SPRT-TANDEM network, and the
LLLR. Also introduced the Nosaic-MNIST database.
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