Discriminative Topic Modeling with Logistic LDA
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Overview Alternative View of LDA

Logistic LDA is a novel discriminative variant of latent Dirichlet allocation (LDA)
which is easy to apply to arbitrary inputs, such as images or text embeddings.

Logistic LDA preserves LDA's extensibility and interpretability. In particular, it
explicitly models item topics and group-level topic distributions, while integrating
deep neural networks in a principled manner.

Among other desirable properties, logistic LDA:

v’ can be supervised, semi-supervised or unsupervised

v is scalable to large datasets
v’ can benefit from the vast literature on LDA
v_ applicable to a wide range of problems with group structure present in the data
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Generative or Discriminative? [5]

Generative

p(c,x,0) = p(x,c | 0)p(6)
= p(c|m)p(x | c,A)p(8), with 6 = {7, A}

e.g. LDA, naive Bayes classifier, linear discriminant analysis, GMM

Discriminative > VI loss wrt. 0.

p(c,x,0) = p(c | x,0)p(6)p(x)
e.g. logistic regression, SVM, CRF

Logisitc LDA
p(c,x,0) = p(c,0 | x)p(x)

g(cq) = CdTﬁd
q(my) = Dir(mg; aug) Oy =+ ), Pdn+ APd

q(kdn) = k. Pan

((6)

» We specify a set of full conditional probabilities:

p(mq | kg) = Dir (Wd; o+ Zn kdn) - Q

p(Kdn | Xdn, T4, 0) = k;softmax(g(xdn, 0) + Inmy)

p(0 | x, k) o< exp (r(H) — Zdn k., g(Xdn, H)) 0 O
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» That result in a valid joint distribution:

Latent Dirichlet Allocation » Where LDA is a special case:
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» Coordinate descent updates for variational parameters when 8 is fixed:

ps = softmax (A (ay))

P4n = softmax (f(xdna é) T lb(éﬂd))
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» Alternative empirical loss when ¢, is observed:

((8) = —chc—frh’lf?d

» Dataset of ~4M tweets from ~100K authors Model Author Tweet
where some tweets and authors were annotated MLP (individual) 26.6% 32.4%

with one of 300 topics. MLP (majority) 35.0% n/a

» In production: timeline filtering according to ~ LDA 33.1% 25.4%
topics. Logistic LDA 38.7% 35.6%
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Experiments: Twitter

Experiments: Pinterest

Predictions for Pinterest boards and pins
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LDA: architecture 0.65 architecture 0.61 architecture 0.54 garden 0.80 garden 0.75 home 0.75 DIY 0.28 garden 0.33 architecture 0.46

MLP: architecture 0.57 architecture 0.35 architecture 0.41 garden 0.82 garden 0.76 home 0.74 food 0.68 wedding 0.65 home 0.19
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LDA: home 0.48 home 0.47 home 0.41 DIY 0.47 DIY 0.40 wedding 0.32 home 0.49

MLP: home 0.42 home 0.49 home 0.46 DIY 0.59 DIY 0.57 wedding 0.66 DIY 0.38

MLP: food

Label: food
LDA: food

ILDA: food 0.60 food 0.54 food 0.51 cars 0.21 food 0.30 food 0.30 food 0.25 food 0.75 food 0.75
MLP: food 0.57 food 0.61 food 0.48 fashion 0.38 DIY 0.51 DIY 0.36 DIY 0.23 food 0.94 food 0.75
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LDA: hair0.70 hair 0.65 hair 0.48 travel 0.28 hair 0.45 hair 0.69 hair 0.37 hair 1.00 hair 1.00
MLP: hair 0.27 hair 0.51 hair 0.15 fitness 0.25 DIY 0.24 wedding 0.61 fitness 0.45 hair 0.99 hair 0.97

Experiments: 20-Newsgroups

Document classification accuracy

Logistic LDA SVM [4] LSTM [2] SA-LSTM [2] oh-2LSTMp [3]

84.4% 82.9% 82.0% 84.4% 86.5%

OB W =

Unsupervised topics

1 bmw, motor, car, honda, motorcycle, auto, mg, engine, ford, bike

2 christianity, prophet, atheist, religion, holy, scripture, biblical, catholic, religious

3 spacecraft, orbit, probe, ship, satellite, rocket, surface, shipping, moon, launch

4 user, computer, microsoft, monitor,programmer, electronic, processing, data, app, systems

b congress, administration, economic, accord, trade, criminal, seriously, fight, responsible, future
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