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Outline

How to supervise topic models?

1. Topic Models for classification

a) Popular supervised topic models

b) Novel variations of supervised topic models

2. Experiment evaluation

3. Future Work
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Topic Models for classification 1– LDAC
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Topic Models for classification 2– SLDA
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Topic Models for classification 3– PSLDA
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Topic Models for classification
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Topic Models for classification 4– NUFSLDA
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Topic Models for classification 5– NCFSLDA
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Topic Models for classification – Summation
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Experimental Evaluation –Synthetic Data

Signal Topics

Noise Topics

Generate Signal for each class
Class 1 Class 2 Class 3 Class 4 Class 5

Generate Noise for each document

. . .

Class 1 Class 2 Class 3 Class 4 Class 5

. . . . . . . . . . . . . . .

1− τ

τ
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Experimental Evaluation –Synthetic Data
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Experimental Evaluation –Synthetic Data

LDA

SLDA

P-SLDA D=8

P-SLDA D: 256
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Experimental Evaluation –Synthetic Data
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Fig. 5. The learned topics (b̂ ) from different models with number of topics K = 16 and t = 0.8.

Figure 5 shows the topics learned with different models when K = 16, which corre-
spond to 3 (g). Topics that learned with SLDA and LDA appear the same as the previous
case. This confirms that supervision cannot have observable effect in the learning pro-
cess. However, both signal and noise are captured when the topics space is big. This
explain the good performance by both SLDA and LDAC in Figure 3 (g). By boost-
ing the supervision, the learned topics start to change. However, the changes are minor
compare to the previous case when K = 4 even when D = N. When we boost the super-
vision even more D = 10N, the learned topics seems to break to small fragments, which
shows over-fitting. This explains the performance drop when the supervision is boosted
too much.

To further read the tea leaves of supervision on topic modelling, we further observe
the likelihood behaviour during the learning process. Recall the ELBO of SLDA is

LSLDA/PSLDA =E
q
[log p(w|z,b )]+E

q
[log p(z|q)]+E

q
[log p(q |a)]+E

q
[log p(b |h)]

+E
q
[log p(y|z,µ)]�E

q
[logq(b )]�E

q
[logq(z)]�E

q
[logq(q)].

(16)

The same from hold for PSLDA. The different lies in the dimension of y. In SLDA,
y is 1-dimensional and in PSLDA y is D-Dimensional. The value of each item over
each iteration is plotted in Figure ?? for different cases. The first column is when D = 1
which is SLDA. It is clear that Eq[log p(z|q)] become higher and �Eq[logq(z)] become
lower while the supervision is boosted. Eq[log p(w|z,b )] drops slightly as well with
more supervision. Since z is the topic assignment which is used to explain both the
words and the label. By boosting the supervision, the label may get better explained
by the topic assignment, however, the cost is that the words get less well explained by
the topics, which is confirmed by the drop of Eq[log p(w|z,b )]. The drop of the entropy
term �Eq[logq(z)] shows that the topic assignment distribution get more sparse with
boosted supervision. This is caused by that different topic are tend to explain different
classes and topics are shared less among different classes. This shows the tradeoff of
the latent space to explain the words or the label, when the data is noisy. The model
need to be balanced to get the best performance.

Factorized Models The previous section showed that boosting supervision is able to
improve the performance in some cases. However, it may also harm the performance.
In this part, we will evaluate factorized topic models NUFSLDA, PNUFSLDA, NCF-
SLDA and PNCFSLDA. Due to space limitation, we only show the result with t = 0.8
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Experimental Evaluation –Synthetic Data

Learned topics by NUF-SLDA and NCF-SLDA
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(a) K = 4, D = 1
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(b) K = 4, D = 8
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(c) K = 4, D = 32
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(d) K = 4, D = 256
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(e) K = 8, D = 1
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(f) K = 8, D = 8
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(g) K = 8, D = 32
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(h) K = 8, D = 256
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(i) K = 20, D = 1
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(j) K = 20, D = 8
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(k) K = 20, D = 32
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(l) K = 20, D = 256

Fig. 6. Likelihood Analysis

in this part. Firstly, whether the factorized model is able to learn the correct factoriza-
tion is evaluated. Figure 7 shows the learned topics with K = 8 using NUFSLDA and
NCFLDA. Both models are able to successfully factorize the topics in to signal topics
and noise topics. TODO

NUFSLDA

Noise

0.145 0.264 0.341 0.678

Signal

0.999 0.999 0.999 0.999

NCFSLDA

Noise

0.002 0.004 0.005 0.011

Signal

0.999 0.999 0.999 0.999

Fig. 7. Learned Topics by NUFSLDA and NCFSLDA t = 0.8. E[B] is marked below each topic which indicate the confi-
dence for the topic to be signal.

The performances of these factorized models against PSLDA are shown in Figure
8. e = 0.2 is used though all these experiments since we know t = 0.8. We can see
that PNUFSLDA is more robust compare to PSLDA and PNCFSLDA when there are
sufficient amount of topics. While PSLDA could achieve better performance when the
number of topics available are small. Because factorized model factorize the topic space
to signal and noise, and they both need certain number of topics. When the number of
topics are not sufficient, factoring the model made the number of topics to describe the
signal even smaller. Hence, PSLDA is able to perform better than factorized models.
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Experimental Evaluation –Synthetic Data
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Experimental Evaluation –Action Data
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Experimental Evaluation –Action Data
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Experimental Evaluation – Natural Scene Data
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Experimental Evaluation – Natural Scene Data
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Summary and Future work

1. Summary

a) Using SLDA, the impact of supervision is limited on the
learning of the latent space compared to the LDA

b) Power SLDA (P-SLDA) can boost supervision

c) Factorized Models can further enhance the performance

2. Future work

a) Improve inference and explore more model framework for
factorized models

b) Analyze a wider range of supervised topic models
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Thanks & Questions

Code Available:

http://www.csc.kth.se/~chengz/TopicModelCode.html

This is a C++ implementation of topic models with variational
inference.

It has included LDA, supervised-LDA, HDP, supervised HDP, online
HDP and online SHDP.

All the models that are used in this work will be available in this
package.

Contact: chengz@kth.se
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