Recap: Reasoning Over Time

= Stationary Markov models d

() ) () - - (n 0'7
0.7

P(X1) P(X|X_1)
0.3

= Hidden Markov models P(E|X)

() - -
rain umbrella 0.9

rain no umbrella 0.1
@ sun umbrella 0.2
sun no umbrella 0.8

This slide deck courtesy of Dan Klein at UC Berkeley



Sometimes |X| is too big to use
exact inference

= E.g. Xis continuous

Solution: approximate inference

This is how robot localization

Particle Filtering

|X| may be too big to even store B(X)

|X|2 may be too big to do updates

Track samples of X, not all values

Samples are called particles
Time per step is linear in the number

of samples
But: number needed may be large
In memory: list of particles, not

states
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works in practice




SLAM

= SLAM = Simultaneous Localization And Mapping
= We do not know the map or our location
= Qur belief state is over maps and positions!

= Main techniques: Kalman filtering (Gaussian HMMSs) and particle

methods ’
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DP-SLAM, Ron Parr



Dynamic Bayes Nets (DBNSs)

= We want to track multiple variables over time, using
multiple sources of evidence

* |dea: Repeat a fixed Bayes net structure at each time
= Variables from time t can condition on those from t-1

t =1 t =3
G,
: G ;b

o
o

= Discrete valued dynamic Bayes nets are also HMMs




Exact Inference in DBNSs

= Variable elimination applies to dynamic Bayes nets

= Procedure: “unroll” the network for T time steps, then
eliminate variables until P(X;|e, ;) is computed
e ()
G,® |

t =1

I:/éz

= Online belief updates: Eliminate all variables from the
previous time step: store factors for current time only

t=2 t =3




DBN Particle Filters

A particle is a complete sample for a time step
Initialize: Generate prior samples for the t=1 Bayes net
= Example particle: G,2= (3,3) G, = (5,3)

Elapse time: Sample a successor for each particle
= Example successor: G,2= (2,3) G,°= (6,3)

Observe: Weight each entire sample by the likelihood of
the evidence conditioned on the sample

= Likelihood: P(E,?|G,?) * P(E,*|G,")

Resample: Select prior samples (tuples of values) in
proportion to their likelihood






Decision Networks

MEU: choose the action which
maximizes the expected utility
given the evidence

Umbrella

Can directly operationalize this
with decision networks
= Bayes nets with nodes for
utility and actions

= |ets us calculate the expected
utility for each action

New node types:
= (Chance nodes (just like BNs)
= Actions (rectangles, cannot
have parents, act as observed
evidence)

= Utility node (diamond, depends
on action and chance nodes)

Weather




Decision Networks

= Action selection:

= Instantiate all
evidence

= Set action node(s)
each possible way

= Calculate posterior
for all parents of
utility node, given
the evidence

= Calculate expected

utility for each action
= Choose maximizing

action

Umbrella

Weather




Example: Decision Networks

Umbrella = leave

U(leave) Z P(w)U (leave, w)

:O.7-100—|—O.3°0:70

Umbrella = take

EU(take) = Z P(w)U (take, w)

w

Umbrella

/

<y

=0.7-20+0.3-70 = 35 A W UAW)
W P(W) leave sun 100

sun 0.7 leave rain 0

Optimal decision = leave rain 0.3 take sun 20
take rain 70

MEU(g) = max EU(a) = 70




Decisions as Outcome Trees

N
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O Q
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= Almost exactly like expectimax / MDPs
* What's changed?
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Evidence in Decision Networks

Umbrella
w P(W)
sun 0.7
rain 0.3
Weather

F P(F[sun)
good 0.8
bad 0.2
F P(F|rain)

good 0.1 @
bad 0.9

* Find P(W|F=bad)
= Select for evidence

W P(W) W P(F=bad|W)
sun 0.7 sun 0.2
rain 0.3 rain 0.9
P(W) P(bad|W)

* First we join P(W) and
P(bad|W)

= Then we normalize

W P(W,F=bad) W P(W | F=bad)
sun 0.14 D sun 0.34
rain 0.27 rain 0.66

P(W, bad) P(W|F = bad)



Example: Decision Networks

W | P(W|F=bad)

Umbrella = leave Umbrella sun 0.34

EU(leave|bad) = Z P(w|bad)U (leave, w) rain 0.66

= 0.34-100 + 0.66 - 0 = 34

Umbrella = take Weather \

A | w | uaw

EU(take|lbad) = ZP w|bad)U (take, w) eave | sun 100

leave | rain 0

= 0.34-20+ 0.66 - 70 = 53 P ke | sun 0

take | rain /70

Optimal decision = take

MEU(F = bad) = max EU(a|bad) = 53

13




Decisions as Outcome Trees

roXe leg Ve
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Value of Information

= |dea: compute value of acquiring evidence
= (Can be done directly from decision network

= Example: buying oil drilling rights
= Two blocks A and B, exactly one has oil, worth k
= You can drill in one location
= Prior probabilities 0.5 each, & mutually exclusive
= Drilling in either A or B has EU = k/2, MEU = k/2

= Question: what’s the value of information of O?
= Value of knowing which of A or B has ol
= Value is expected gain in MEU from new info
= Survey may say “oil in a” or “oil in b,” prob 0.5 each
= |f we know OilLoc, MEU is k (either way)
= Gain in MEU from knowing OilLoc?
= VPI(QOilLoc) = k/2
= Fair price of information: k/2

DrillLoc

Qios

W)

C| P
al| 1/2
b| 1/2

|0 (v (o

ol |lo|lo | O

~ | O |O | X
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Value of Information

Assume we have evidence E=e. Value if we act now: {e
MEU(e) = mc?xz P(sle) U(s,a) a

) P(s |
Assume we see that E’ = €’. Value if we act then: e) U

N _ /
MEU(e,e') = mﬂax; P(sle,e’) U(s,a)

BUT E’ is a random variable whose value is
unknown, so we don’t know what e’ will be

Expected value if E’ is revealed and then we act:
MEU (e, E') = > P(e'le)MEU(e, €’)
= P(e’

Value of information: how much MEU goes up ,
by revealing E’ first then acting, over acting now: €}
VPI(E'|e) = MEU(e, E') — MEU(e)



VPI Example: Weather

MEU with no evidence

MEU(g) = max EU(a) = 70

MEU if forecast is bad
MEU(F = bad) = max EU(a|bad) = 53

MEU if forecast is good

MEU(F = good) = max EU(a|good) = 95

Forecast distribution

F

P(F)

good

0.59

bad

0.41

VPI(E|e) = (

2

Umbrella

rain

0.59 - (95) 4 0.41 - (53) — 70
77.8 =70 = 7.8

Y P(e'le)MEU(e, €)

€

) — MEU(e)
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VPI Properties

* Nonnegative

VE' e : VPI(E'le) > 0

= Nonadditive — consider, e.g., obtaining E, twice

VPI(E;, Eyle) # VPIL(Ejle) + VPI(E}|e)

= QOrder-independent

VPI(E;, Exle) = VPIL(Ejle) + VPI(Eyle, E;)
= VPI(Ejle) + VPL(Ejle, E},)

18



Quick VPI Questions

* The soup of the day is either clam chowder or split pea,
but you wouldn’t order either one. What's the value of
knowing which it is?

= There are two kinds of plastic forks at a picnic. One kind
Is slightly sturdier. What's the value of knowing which?

= You’re playing the lottery. The prize will be $0 or $100.
You can play any number between 1 and 100 (chance of
winning is 1%). What is the value of knowing the
winning number?



POMDPs

MDPs have:

= States S

= Actions A

* Transition fn P(s’|s,a) (or T(s,a,s’))

= Rewards R(s,a,s’) o

POMDPs add:

= Observations O
= Observation function P(ols) (or O(s,0))

POMDPs are MDPs over belief

states b (distributions over S)

We'll be able to say more in a few lectures

20



evidence to date {e}

= Tree really over evidence
sets

* Probabilistic reasoning
needed to predict new
evidence given past
evidence

= Solving POMDPs

= One way: use truncated
expectimax to compute

approximate value of actions

= What if you only considered
busting or one sense
followed by a bust?

* You get a VPI-based agent!

.
L7
f 3

Uy 1€1)

abust

sense

A7
sense

R {e}, a

U(ays € © 21



More Generally

= General solutions map belief
functions to actions

= Can divide regions of belief space
(set of belief functions) into policy
regions (gets complex quickly)

= (Can build approximate policies using
discretization methods

= (Can factor belief functions in various
ways

= Qverall, POMDPs are very
(actually PSACE-) hard

= Most real problems are POMDPs,
but we can rarely solve then in
general!

22



VPI Example: Ghostbusters

: : : Joint Distribution
= Reminder: ghost is hidden,

Sensors are noisy T B G P(T,B,

, +t| +b| +g| 0.16

= T: Top square is red
B: Bottom square is red +t| +b| -g| 0.16
G: Ghost is in the top +t| -b| +g| 0.24

+t| -=b| -g| 0.04
-t| +b| +g| 0.04

= Sensor model:

Eg +{ I +9))=(())-§31 ~t| +b| -g| 0.24
+t|-g)=0.

P(+b|+g) = 0.4 ot] b +g| 0.06
P(+b[-g)=0.8 -t| =b| -g| 0.06

[Demo]



VPI Example: Ghostbusters

Utility of bust is 2, no bust is 0 Joint Distribution

* Q1: What's the value of knowing [LEEE-INA L]
T1f | know nothing? +t +b +g| 0.16

+t| +b| -g| 0.16
+t| -b| +g| 0.24

= Q2: What's the value of knowing +t| b -g| 0.04

= Q1" Eppy[MEU(t) — MEU()]

B if | already know that T is true ~t| +b| +g| 0.04
(red)?

-t| +b| -g| 0.24

= Q2" Epy[MEU(t,b) — MEU(1)] -t| =b| +g| 0.06

~t| -b| -g| 0.06

" How low can the value of
information ever be? [Demo]



Conditioning on Action Nodes

= An action node can be a
parent of a chance node

= (Chance node conditions on
the outcome of the action

= Action nodes are like :

observed variables in a T(s,a,s’) R(s,a,s’)
Bayes’ net, except we max
over their values

25



Speech and Language

" Speech technologies
" Automatic speech recognition (ASR)
" Text-to-speech synthesis (TTS)
(] Dla|Og SyStemS the friends family classmates/Said

their final good buys yesterday at

her funeral in east falls that these
adams was buried today in'on™

[ | Language prOCeSSIHQ teChnologleS this day a major break in'the case

= Machine translation

"Il est impossible aux journalistes de "It is impossible for journalists to enter
rentrer dans les régions tibétaines" Tibetan areas"

Bruno Philip, correspondant du Philip Bruno, correspondent for
"Monde" en Chine, estime que les "World" in China, said that journalists
journalistes de I'AFP qui ant été of the AFP who have been deported
expulsés de la province tibétaine du from the Tibetan province of Qinghai
Qinghai "n'étaient pas dans "were not illegal."

l'illégalité”.

Facts The Dalai Lama denounces the . (81,2
"hell" imposed since he fled Tibet in ‘ .4
1959

Les faits Le dalai-lama dénonce
1""enfer" imposé au Tibet depuis sa

fuite, en 1959 Video Anniversary of the Tibetan
vidéo Anniversaire de la rébellion rebellion: China on guard
Shitaina s 1o Mbiea cae oon oandoc [T 3 T Lo e

" Information extraction
" Web search, question answering
" Text classification, spam filtering, etc...



Digitizing Speech

®
5(2) i
® sr+1) b ¢
s(n)
) —~&—] il
Continuous Microphone l l ll
Sound Discrete (-1
pressure Digital
wave Samples : °

Thanks to Bryan Pellom for this slide!
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Speech in an Hour

" Speech input is an acoustic wave form

10000

~10000

0lgo 1.00 1.20 1.40 1.60 1.80 2.00 2.20

to “a
transition: WMWWWWM

Graphs from Simon Arnfield’s web tutorial on speech,

|2 £ .

Shetfield:
http://www.psyc.leeds.ac.uk/research/cogn/speech/tutorial/




Spectral Analysis

" Frequency gives pitch; amplitude gives volume
" sampling at ~8 kHz phone, ~16 kHz mic (kHz=1000 cycles/sec)

B

ee

10000

amplitude
T

~10000

ch

b

I IEI..

" Fourier transform of wave displayed as a spectrogram

T

.20

1.

.80

" darkness indicates energy at each frequency

frequency
I

200

220

_|_

i llﬂii.u

"
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2

HI

i
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-+
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Part of [ae] from “lab”

" Complex wave repeating nine times
" Plus smaller wave that repeats 4x for every large cycle
" Large wave: freq of 250 Hz (9 times in .036 seconds)
* Small wave roughly 4 times this, or roughly 1000 Hz

[ demo |

30



Resonances of the vocal tract

The human vocal tract as an open
tube

Closed end Open end

-

[
>

Length 17.5 cm.

wo g/ | yibuay @™

Air in a tube of a given length will
tend to vibrate at resonance : .0 e
frequency of tube.

folds
= (Constraint: Pressure differential
should be maximal at (closed) (a)

glottal end and minimal at (open) lip

end. 31

Figure from W. Barry Speech Science slides



Cross section of vocal tract

[ demo |

Masal cavity

Tongue

7 Lips

Teeth

Model of vocal tract

Back of
ot

—ﬂ_’—l

From |
Mark
Liberman’s
website

T

“hiroat

Back of
mouth Lips

i

Throat '—l

Mouth

Back of

mouth 1 iP'"

Thraat Mouth

Filter ratio (decibels) Filter ravio (decibels)

Filver racio (decibels)

Acoustic spectrum

41

1]

=21

ETY)

2 (MM 4 HHD

Frequency (hertz)

Acoustic spectrum
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M
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B

2AHHI SR
Frequency (herz)

Acoustic spectrum

]
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Vowel [i] sung at successively higher pitches

F#2

A2
LLMM Muﬂ% EHMMMHMMWM

C4 (middle C)

F#3

g 8 A3 | | &
Wl il OO (T

Figures from Ratree Wayland



Acoustic Feature Sequence

" Time slices are translated into acoustic feature
vectors (~39 real numbers per slice)

n
[}
=
=

frequency

" These are the observations, now we need the
hidden states X

34



State Space

P(E|X) encodes which acoustic vectors are appropriate
for each phoneme (each kind of sound)

P(X|X’) encodes how sounds can be strung together
We will have one state for each sound in each word

From some state x, can only:
* Stay in the same state (e.g. speaking slowly)
" Move to the next position in the word
" At the end of the word, move to the start of the next word

We build a little state graph for each word and chain
them together to form our state space X

35



HMMSs for Speech

€y a2 d33

). O
Word Model

b,(o,) ;r ‘Hbjiﬂz]' h:-,{']_ﬁ; | 1:} 209 ! b(0)

j i ‘_I'
Observation ’ |
Sequence
(spectral feature
vectors)

0, 0, 0; 0; 0O 0

36



Transitions with Bigrams

P{(W, | W,)
POW. W) 198015222 the first
L \ 194623024 the same
168504105 the following
158562063 the world

P(W, [ W)

P(W, | W)

P(W, | Wy} 14112454 the door

23135851162 the *

Training Counts

P(W, | W,) .

) 14112454
P(door|the) = &orame 169

P(W, | W)
P(W, [ W)

= 0.0006

Figure from Huang et al page 618




Decoding

" While there are some practical issues, finding the words
given the acoustics is an HMM inference problem

= We want to know which state sequence x, . is most likely
given the evidence e, -:

r1.p = argmax P(zy.7l|e1:-T)
1.7

= argmax P(z1.7,e1:7)
L1:17

" From the sequence x, we can simply read off the words38



End of Part |l

" Now we're done with our unit on
probabilistic reasoning

" Last part of class: machine learning

39
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