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THE SILVER CHAIR

by CS Lewis

CHAPTER ONE —_—
BEHIND THE GYM
—
IT was o dull autumn day and Jill Pole was crying behind the gym =

She was crying because they had been bullying her. This is not poing 10 be 2 school story, so I
shall say s possitle about Jill's school, which s not a pleasant subject 1t was “Co-
cducational,” n school for both boys and girls, what used 1o be called a “mixed” school, some
adly 50 mixed as the minds of the people who ran it These people had the idea
15 should be allowed to do what they hked And unfortunately what ten or

¢ bigest boys and yirls liked best was bullying the others. Al sorts of things. homd
ent on which at an ordinary school would havee been found out and stopped in half a

at this schoal they weren't Or even if they were. the people who did them were not
expelled or punished. The Head sd they were interesting psychological cases and seat for
them and talked to them for houss. And if you knew the nght sort of things fo say to the Head.
the main result was that you became rather a favourite than otherwise
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o N1 XADEEMS,
p(y|w) o< p(wly) p(y)

pY)IFZENT — 5 OREERD RS IFIFHS DR DT,
le 7:_. Lj—b\laﬂﬁ%'

o Hili(FA—VRKRE : 7 TAYy=kDF T, ZHEZEwW
DAERCIFIHIZ T, p(w|k) ICHED

p(wly=Fk) = p(wi|k) - p(wa|k) - p(ws|k) - - - p(wr|k)
H (w;|k)

FA—TRA ZEDINT A =5 p(KE K U'p(w|k)
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<f p(k)
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p(w|k)

X 27]:[:1 H(yn — k)

| p(wlk) oc p(w, k) oc Yoy Sy Wyn = k) [(wn; =w)
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>

p(W,y) = p(y)p(Wly) = || p(vn) H (Wil yn)
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F A —TRA X% (3)

o Ko T, .
py="Fk|w) o« p(k Hp wz!k

<— logp(y=k|w) o logp(k) —I—Zlogp wz]k)
h ~ g H’_/ i=1 ~
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FA—TRA X% (4)

Subject: Powerful growth formula
From: jessica@susie.schubert.de
Keep your loved one contented at night http://...

o P(y=1KE X —)L|w)cp(EZX X —JL)x p(keep|1) x p(your|1)x
(loved|1) x p(one|1) x p(contented|1) x p(at|[1) x
p(night[1)
= 0.1 x0.01 x0.01 x 0.1 x0.01 x 0.1 x0.01 x 0.1
= 1x1012

o p(y=EHEX—)L|w)ep(EiE X —JL)x p(keep|0) x p(your|0)x p
(loved|0) x p(one|0) x p(contented|0) x p(at|0) x p(night|0)
=0.9x0.01 x0.01 x0.01 x0.01 x0.01 x 0.01 x 0.01
= 9x10-14

o £oT. ply=2KE X —JL)=10-12/(10-12+9x1014)=0.91743
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p(wy) = Zp(wn,yn) ( Zp(wnyn)p(yn)>

— FA—TRA EDHAEM/E UAR- - - - Unigram Mixtures
(Nigram+ 2000)




Unigram Mixtures (UM)
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Unigram Mixtures D =&

e UMDEE"Y —)JL: um-0.1.tar.gz
http://www.ism.ac.jp/~daichi/dist/um/um-0.1.tar.gz

mondrian:~/work/um/src% ./um

um, Unigram Mixtures.

Copyright (C) 2012 Daichi Mochihashi, all rights reserved.
$Id: um.c,v 1.4 2013/01/05 06:33:55 daichi Exp $

usage : um -M mixtures [-e eta] [-g gamma] [-d epsilon] [-] emmax] train model
eta = Dirichlet prior for beta (default 0.01)

gamma = Dirichlet prior for lambda (default 0)

epsilon = relative difference for convergence (default 0.0001)
mondrian:~/work/um/src% ./um -M 10 cran.dat model
iteration 1/100.. (1397/1397)PPL = 626

iteration 2/100.. (1397/1397)PPL = 511.64

iteration 3/100.. (1397/1397)PPL = 482.871

iteration 4/100.. (1397/1397)PPL = 480.815

iteration 5/100.. (1397/1397)PPL = 480.53

iteration 6/100.. (1397/1397)PPL = 480.277

iteration 7/100.. (1397/1397)PPL = 480.178

iteration 8/100.. (1397/1397)PPL = 480.123

iteration 9/100.. (1397/1397)PPL = 480.112

converged.

writing model..

done.

N N N N N N N N



Unigram Mixtures (1)

o BHFE2001FEEDT TR MN— jli)b\5=+’“’“ L7z
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Topic 2 Topic 3 Topic 4

D,M,E9 5, %z, R, =,c,&,H, D, % K, 7 A, KE,
HEIC, R EFE, 70,0, DR, F,H, @“% INFRY YV AR,
J&,5,80.48URLE%E, NEERKBERR AYRF77H= 2% v,
T8, v 6 FHELERGE, 1,16, B00, B, YUV, U, ZE,N,
W3, 8 k17,BN, L%, mRAJlEEd, SRBUS,77HY,

135,83, 7IL—7H5, BER,HS BE, 5,5, ML, EE,
%, A, Usd,mlt, =, DSATH 7L yri/ﬁ: R, PR, 2 R,
(A4, P38, R, 3K, 5%, WE MR L,

ZiNE R =) E5E
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& &, L —t—, &, M/\ Z WEANR, 5, & 1B,

JOvo,L,Z &, i, EE LA, é Z,m,Nn, 5,35 54,

He,mh 5,0, 73,8, %z A2, ERE 75\ W3,U ﬁiﬁ F1&,

RO RS, 1%, 2, ZF, B HE, 5,88 7

J' 50K, FH, I, e, B, 408, RIE, %'I‘éE,ZIKE‘K,%ﬁA,Lﬁ,
P AETAXAE, BERVERA, ANCSYS TR =N

Y8, &R, 755,7, £ 5,% >, HBHE [E, A 8,58, 5\,
=R.ESJ7I—7.2 TR 4t L
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O<Hpk ([Teee") = TTppet
k k
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. N EWVS
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—~-HEElCar ZRE UTERILT 5 &

T4 U U LERDH Dir(a)ZZEZATWAZ EICHEIT S
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EprXla)zmgXK{bd s o

— FREE A XE(Empirical Bayes) & &K idn 3 A%
p(X|a) = / p(X|p) p(pla)dp

SR |

(> o) 1l F(nk + ag)

(D ne+ o) .

F(Ozk)

o Z1IEPolyar#s / DCMZ3 & L IENL 5

Dirichlet Compound Multinomial }
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o T M—TORAXDIFGHE
— BB INIVNICEBTBDXERE X, - , XN DPDDEZE,

::]2

p(X1,--, Xnla) = | | p(Xala)

~ I'(> . or) I'(n + o)
=557, 11
'

i—1 kln’@k_l_ak) o F(&k)

o ZNIFalcBEEAUTINARD T, NewtonE CHRBEILTE S
(Minka 2000)

o 22 Yk + k) — Vo)
y ; > (X mak + k) — U(T, ax)

(9 (2) = log ()
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o IE: COBAEPESHTELTVWEWVWD T, p(X|k) (&
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ELE A Z> =7

o REEDHFD NRRE, =M
e chasenldHMMZ ZEMd D FE ITFEH (TTHN&IAZA<1997)
o MMEAMDHAN/Z UFEEILX? > Merialdo (1994)
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e MCMC: &7 — % OFFDIRERINEERRICTHT > TU VT
e Forward Filtering-Backward Sampling (Scott 2002)

= I
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~ REEXZSFE L TEWT, RO SHEXRRNICER
(FEZRAY Viterbi)



HMM®D X4 X2E (2)

e Goldwater&Griffiths (2007): RLHETE ICHENTKRE LR
=z

Corpus size
Accuracy | 12k 24k 48k 96k
random 64.8 646 64.6 646
MLHMM | 713 745 767 783
CRF/CE [86.2 88.6 884 894
BHMMI1 |[858 852 836 850
BHMM2 [ 858 844 857 858

o HESNITCMEEBITIINRLHE L IEIEERD

INPUNC ¢
ADJ =

\
DET
PREP

VBG

VBN
ADV

True Tags

CONJ -

ENDPUNC -

(a) BHMM2

TOot - -

WH -

PRTt - -

POS |
LPUNC -
RPUNC |

Found Taas

12345678 91011121314151617

(b) MLHMM

MY EEEYEEEEEEEEEEE
INPUNCf: = =
ADJ= =
Vi= n
DETf: -
PREP = -
ENDPUNC- - -
VBG* -
CONJ- -
VBN- -
ADV= =
TOF- - "
WH}: -

True Tags

PRT}- -

POS|-

LPUNC - -
RPUNC . -

1234567 891011121314151617

Found Taas



Infinite HMM

o /UINTXAKNU W IRAEEHRIOHSEIIEE)
ZES E. HMMODIRREHE ARFICHEE TS
— Beal 2001, Teh 2006, van Gael 2008

o _Ftat AEROED7Z VR 2FFTFANC
EFRICEID U T HIcHER

T — Y OXEILEDEAL

-120000
-122000 |

-124000 |
-126000 |
-128000 |
-130000 |
-132000
Gibbs iteration -134000
136000 0 160 260 360 460 60 660 60 860 9601000

5 44 01 S5ty Ty iS4 3 5 7
|§ ;h'l:”:l EE-I Q@% = Gibbs iteration

N WP OLOON OO OO \lln

O 100 200 300 400 500 600 700 800 9001000

Log Likelihood




Infinite HMM (2)

1 2 3

she 432 the 1026 was 277 way 45

to 387 a 473 had 126 mouse 41

i 324 her 116 said 113 thing 39
it 265 very 84 $ 87 queen 37
you 218 its 50 be 77 head 36
alice 166 my 46 IS 73 cat 35
and 147 no 44 went 58 hatter 34
they 76 his 44 were 96 duchess 34
there 61 this 39 see 52 well 31
he 55 $ 39 could 52 time 31

that 39 an 37 Know 50 tone 28
who 37 your 36 thought 44 rabbit 28
what 27 as 31 herself 42 door 28
'l 26 that 27 began 40 march 26

o HEMZ LT, mMEAICHHEISZIHDONFEHE TETLWB!



Online HMM
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Online HMM (2)

e Online EM (Cappe&Moulines 09;Liang&Klein 09)D &
o SGD CHRDMETEZ EH: HMMDIZ A,
— JRREEBR j>k DO c(j,k)

— kb\bE

Fort=1..
For n = randperm(1..
Forward-Backward T p(yn|Xx,
XnNANTD cfj,k),

w=(1—ng)p~+ Nesn Mk -

—nl:lW%/-

ER L e

T,

k=k+1

}
}

O

.N) {

# n(k,w)

A DL K LY

0) Z &
n(k,w) DERFHE s, Z3K B
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> PERAE LN,
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Online HMM (3)

o PFIOMEFERKIC &5 ohmm-0.02 RT3

Ohmm: Online Training for Hidden Markov Model
- | = @ | ¢ =+ _9 http://web.archive.org/web/20090529142908/http: / fwww-tsujii.is.s.u-1 BErasl] & | (Q~ Coogle
&3 [I] i ISM Google Newsv Miscv Realtime

L

ohmm: Online training for Hidden Markov Model
English

B

ohmmizfdL= a7 € FNIcBE VT, OnlineEM7Z NI XAMNEHWTEHTTE2:0054 77 )TT., KEELZ
F—FEAALZETICHICLTE Y BT+ IERROEFF— 2L /I EVBTEET, FHREHER
PMUARCHRATES L)L THAT A LN TEE T,

yyra—F

ohmmiz 7V —YV7bF227TY. BSD 74 VAL TAY 7 by 2728, HREGATA2ZeMNTEET.

e ohmm-0.02.targz: HTTP

HFii
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N Ew 2 E5)L: LDA (Blei+ 01,03)

o FRR(DI1D): XNEWZERE(MNEYV)DEETEKRIERT S

Wi ‘ | 6, =(0.1 0.2 0.4 0.3)

wy 8, =(0.8 0 0.2 0)

=39
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SERE) & (758

51 rﬁiﬁJ

By TR~ |‘ | ' ‘

85E DAEFCHER D Oy = { p(w|k) }
(w=1---V)
Lol |
FE S FEDS =y

INRT Y~ & JA—L B
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— VB-E step:
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Online LDA (Sato+ 2010)

e IXEZRBZCEIC. a,BZFHM
While (RS % &£ T) {
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B = p(w|k) o< p(k|w)p ocYsz klwn:) % B
}
}
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Online LDA (Sato+ 2010): 3

Testset Perplexity

Testset Perplexity
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o HEERYAEFR: “Matching words and Pictures”
(K.Barnard, ICCV 2001/JMLR 2003)
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e Topic Random Field (Fei-Fei Li+, ECCV 2010)
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Fig. 5. (Best viewed in color). Segmentation results of the MSRC database. From left
to right: original image, segmentation result of spatial LDA and TRF.

p(z46%,0) = zrgagy exp [C, Yp 2k logbf + 30, oIzt = 28)] (1)




Geographic topic model (Eisenstein+ 2010)
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— Titov&Mcdonald (2008): “A Joint Model of Text and
Aspect Ratings for Sentiment Summarization”




Titov&Mcdonald (2008)
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MAS (Multi-Aspect Sentiment model)
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Logistic

This hotel has a good location and Regression

great service. Lunch is also great,
especially with a café style dessers—— f
We can reach any spots from this hotel 7

by walk or a light ralils.

The most prominent feature of this ho

we could enjoy fabulous restaurants
located in this hotel. ...




MAS (2)
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BETT) l/(I\/Iixture model) D1EE
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8T 7L (Product Model)

o HIHNEMERTHL THLIWDFETEI (Hinton 2002)
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Product Model D& (2)
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Product Model D=%F& (3)
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Contrastive Divergence*&
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7 X ~ DProduct Model

e RaP (Rate Adapting Poisson) €7 /L

— Gehler+, ICML 2006
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RaPDHEZEETIL (2)
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Replicated Softmax Model

o RaPZ EERUNDXEICHLKR (Salakhutdinov+ 09)
— EFILPEEAEIFIFIFRE U, State of the art

e 3EZL: http://www.ism.ac.jp/~daichi/dist/rsm/

N.YaXe rsm, the Replicated Softmax Model. ]

[+ I“* http: //chasen.org/~daiti-m/dist/rsm/ C] 'rQ" Google \

&3 [ ## ISM  Google Newsv Miscv Calendar Realtime

rsm, the Replicated Softmax Model. i

Daichi Mochihashi
The Institute of Statistical Mathematics |
$Id: index.html,v 1.1 2013/06/28 13:02:38 daichi Exp $ ' 1

rsm is a modified Python implementation of Replicated Softmax Model of Salakhutdinov and Hinton (2009) [PDF],
a simple single-layer "Deep Net" for documents.

This code is a modification to a Python implementation by Joerg Landthaler, http://www fyvlance.de/rsm/,

in several aspects:

Includes an easy-to-use command line interface (rsm.py) where many hyperparameters can be specified, |
Includes an n-step Contrastive Divergence (option -n) as opposed to the original code, N
Visiting data randomly through minibatches during optimization,

Outputs perplexities rather than L2-norm of multinomial reconstruction,

And some fixes.

Download

* o 8 00

e rsm-0.1.tar.gz

rsm requires Numpy and Scipy as well as Python (developed with Python 2.6.6).
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e Neural probabilistic language model (NPLM)
(Bengio 2003)( 3T L
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3E (Mnih+ 2007)
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LBL (Log-Bilinear Language model)

(Mnih&Hinton, 2007)
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Word embedding D!l (Mirowski+10)

Table 8. Examples of 10 closest neighbors in the latent word em-
bedding space on the Reuters dataset, using an LBLN architecture

with 500 hidden nodes,

Zw | = 100 dimensions for the word rep-

resentation and |Zx| = 5 dimensions for the POS features repre-
sentation. The notion of distance between any two latent word vec-
tors was defined as the cosine similarity. Although word represen-
tations were initialized randomly and WordNet::Similarity was not
enforced, functionally and semantically (e.g. both synonymic and

antonymic) close words tended to cluster.

debt aa decrease met slow
financing aaa drop introduced  moderate
funding bbb decline rejected lower
debts aa-minus rise sought steady
loans b-minus increase supported slowing
borrowing a-1 fall called double
short-term bb-minus jump charged higher
indebtedness a-3 surge joined break
long-term bbb-minus  reduction adopted weaker
principal a-plus limit made stable
capital a-minus slump sent narrow




LBL >n-gram

Table 2. Perplexity scores for the models trained on the
14M word training set. The mixture test score is the per-
plexity obtained by averaging the model’s predictions with
those of the Kneser-Ney 5-gram model. The log-bilinear
models use 100-dimensional feature vectors.

Model Context Model Mixture
type size test score | test score
Log-bilinear 5 117.0 97.3
Log-bilinear 10 107.8 92.1
Back-off KN3 2 129.8
Back-offt KN5 4 123.2
Back-off KN6 5 123.5
Back-off KN9Y 8 124.6

e LBL(ZKneser-Ney n-gramd& D hig b =i%gE



L BL/NPLM®D &3E D5

e Hierarchical LBL (HLBL)
— (Mnih&Hinton, NIPS 2008)
- RBEZzBEYV XY ')V UTETEEHIR
o LBLOZEEE &1t (Mnih&Teh, ICML2012)
— Contrastive estimation CA %= 51 &
o HENHADEME (Mirowski+ 2010)

Table 7. Speech recognition results on TV broadcast transcripts,
using the same training set and test set as in Table 6, but with the
true sentence to be predicted included among the n-best candidates.

Method Accuracy
Back-off KN 4-gram  86.9 %
LBLN+POS+init 94 %

“Oracle” 100 %
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e Deep Netld., HEMRULFED < —HR

o HITDA: XF5D Phylogenetic Inference
(Andrews+ EMNLP2012)
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Andrews+ (2012) “Name Phylogeny”

The latent variables in the model are*
e [he spanning tree over tokens p
e [he token permutation i

e The topics of all named-entity and context tokens z

Inference requires marginalizing over the latent variables:

Prqbg Zprqf,g)(ZIp)
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EMTIHE U IR, §(—7—75|J0) Transducer (& Z#2 % 27)
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e Any Questions?
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