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Topic Models and Classification

Objective
Learn a similarity metric from the data
Embed data points in a lower dimensional space
Combine kernels for classification

Motivation

Technique to compare generative models for classification
Use topic models as feature extractors
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Latent Dirichlet Allocation (Blei et al., JMLR 2003)

Represent documents as a set of topics
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Fisher Kernel

Take an information geometric perspective
Effect of each data point on the model's parameters

Invariant to reparameterization
K(wa, wp) x Uvz Uw, (3)

Uw, = Vg logP(w,|0) (4)

where w,, w;, are data points
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Fisher Kernel for LDA

L is the lower bound on the marginal likelihood

L(y,d;c,8) = Eqllog p(8]a)] + Eqllog p(2|0)] + Eqllog p(w|z, B)]
— Eyflog 4(0)] - Eqllog q(2)] (5)
o = V() — W(as) + W) — W(ELr) (6)

where a; and ~y; are the i component of the topic mixing proportion

Overlap between the topics of the documents
aﬁ _ N ¢ni VV'{) (7)
By = By

where §;; is the prob. of j* word under the i*" component, ¢, is the variational
posterior prob. that the nf' word is generated by the i*" topic

Effect of common words generated from the same topic

LDA is equivalent to pLSI for classification
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Experiments

Dataset: 8000 documents from Reuters-21578

Task: Binary Classification
EARN vs. NOT EARN
GRAIN vs. NOT GRAIN
US.A. vs. NOT US.A.

Comparison

posterior Dirichlet parameters (topics of a document)
Fisher scores of a document obtained from derivatives w.r.t. the
variational parameters
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Results

Training Size EARN vs. NOT EARN GRAIN vs. NOT GRAIN USA vs. NOT USA
~ [DA | Fisher LDA LDA | Fisher LDA [DA | FisherLDA
S 400 16825310 | 743L148 || 12018 | 17.9£38 || 695L125 | 734+248
> 800 1458 £21.6 | 700206 || 538=53 | 183£39 || 130.0£265 | 198.7 £482
E 1200 462£574 | 4255107 || 592+7.6 | 17.9£05 || 151.3£222 | 306.0 £449
E 1600 60.6 L 115 | 11755507 || 573576 | 225+06 | 257.6 £40.6 | 3844 £ 112.5
3 2000 STTE142 | 50657 | 486=3.1 | 268+08 || 215.9+462 | 2654 £81.0
. 400 2335+ 1087 | 127.3£980 || 0704 | 04£01 | 420=£137 | 647+532
B 800 1978 £1302 | 262125 || 95+£35 | 03+0.1 | 479.6+2696 | 29.1+73
2 1200 172525 | 289£17.1 || 38£09 | 03£006 || 1353+53.7 | 41.6=102
£ 1600 130£13 | 1034£451 | 99£25 | I15E11 | 388.0=3102 | 135.9+£37.7
5 2000 258+29 | 10.1+£57 || 167558 | 24L16 || 467.7 £252.7 | 407.9 £2617
400 2195693 | 37.0£80 | 456185 28+10 | 5554 +944 | 2321 £390.1
g 800 645E439 | 152+9.1 || 57+28 | L.0£0002 || 5260=£68.7 | 1865 %325
3 1200 21+ 11 65£55 12201 | 100009 || 3952 £80.1 | 95.1+282
S 1600 19£09 S4+44 | 10001 | LO£0009 || 1906 =377 | 36.1=%127
2000 10£001 | 1.0£0007 || LI1£002 | LO£0.001 || 935194 | 3L0%19.0
400 765+£02 | 7752006 || 96.6=0.1 | 969 =001 || 60.3+0.2 60.6 + 0.3
g 800 TI4£007 | 775+0.04 || 968 =002 | 968 £0.02 || 60.6+0.2 61.0£02
3 1200 T15£008 | 7752000 || 968 £0.02 | 968 £0.02 | 6L1£0.1 61.5+0.1
: 1600 T1.5+£008 | 77.5+0.09 || 968 £0.03 | 968 £0.03 | 61.4+0.1 | 61.8=008
& 2000 TIA£01 | 7T74£0.1 || 968 =001 | 968 £0.01 || 617 =009 | 61.9=+0.06
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Results . ..

Fisher LDA is never less accurate than LDA
Fisher LDA results in

Lesser kernel evaluations than LDA
Lesser training time than LDA

Fisher LDA results in classifiers that have lower VC dimensions (upper
bound) than those built from LDA

Large margin hyperplanes
Tighter bounds of generalization error
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hLDA (Blei et al., NIPS 2003)

Uses a nested CRP prior to learn topic hierarchies
Flsher kernel for hLDA

Compute the topic overlap at each level of the hierarchy
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Conclusions and Ongoing Work

Fisher kernel results in classifiers with large margins thus ensuring
good generalization

Embeds features in a low dimensional space

Preserves accuracy at a lower computational cost

Obtain data dependent bounds

Combine similarity functions of different models, for example, LDA
and n-gram models
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Lower Bound

L(v, ¢ o, B) = Eqllog p(0|)] + Egllog p(z]0)] + Eqllog p(wlz, B)]
— Eqllog q(0)] — Eqllog q(2)]

= log T'(%j= 10@)—2/%' r(a:)+2 i = D(V() — V(SL)

+ Z Z Gni (W (i) — V(Z/21)

n=1 =1

N k v
YD puwlog By (9)

n=1 i=1 j=1
k k
— log T(Elymy) + > log M) = S (3 — D(W(r) — W(Thr)
i=1 i
N k

= ¢nilog pni

n=1 =1
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