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Datasets #c Train Dev Test AvgL
TREC 6 5k 452 500 7.5
SST2 2 76.9k 872 1821 19.2

AG-news 4 110k 10k 7.6k 42.3

Conv BiLSTM

CNN DoLFIn-conv BiLSTM DoLFIn-bilstm

TREC 92.44 ±0.55 92.10 ±0.70 92.44 ±0.59 91.72 ±0.76
SST2 85.03 ±0.43 85.90 ±0.57 86.44 ±0.73 87.23 ±0.66
AG-news 92.17 ±0.19 92.59 ±0.17 93.26 ±0.11 93.36 ±0.19

Table 1: Left - The statistics of TREC, SST2, and AG-news datasets. #c is the number of categories, AvgL
is the average length (in words) of test texts. Right - Accuracy (%) of the four models on TREC, SST2,
and AG-news. We show the mean and standard deviation across five runs.
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Figure 2: Top - A TREC question. Each word is highlighted according to q(c|w, s). For example, “How”
is highlighted more than “bails” in the second question because q(DESC|How, s) > q(DESC|bails, s).
The left-most token on each line is the label of category c (e.g. the second question is assigned to category
DESC). Bottom - A text in AG-news.

Dataset We used three following text classification datasets, whose statistics are given in Table 1-left.

• TREC Question (Li and Roth, 2002) (TREC for short) is for classifying questions into six categories:
ABBR (Abbreviation), DECS (Description), ENTY (Entity), HUM (Human), LOC (Location), and
NUM (Number). The questions are generally short (7.5 words, on average), such as “Who are
cartoondom ’s Super Six ?”

• SST2 (Socher et al., 2013) is for predicting the binary sentiment (positive/negative) of movie reviews.
Different from the dev and test sets, the train set contains labelled phrases and sentences, rather than
sentences alone.

• AG-news (Zhang et al., 2015) is a news topic classification dataset with four topics: WORLD,
SPORTS, BUSINESS, and SCI-TECH. Among the three datasets, AG-news is the largest in terms of
the number of texts and the average length.

Models We evaluated four models CNN, BiLSTM, and DoLFIn-conv/bilstm. Most of their hyper-
parameters are identical to those used in (Kim, 2014) (see Appendix A). The number of latent features d
is 20, 10, and 100 for DoLFIn when tested on TREC, SST2, and AG-news respectively. We used Glove
word-embeddings (Pennington et al., 2014) and Adam optimizer (Kingma and Ba, 2014) with the default
learning rate 0.001.

Results Table 1-right shows the results. Although DoLFIn performs worse than CNN and BiLSTM on
TREC, it slightly outperforms them on SST2 and AG-news. These results suggest that using DoLFIn does
not sacrifice the classification accuracy.

Interpretation To illustrate how to interpret DoLFIn, in Figure 2-top we visualise a TREC question in
the dev set, where the weight for a word is q(c|w, s), given by Eq. (1). If a word (in a context) supports
the category in question, it will be highlighted. For instance, when considering category DESC, we can
see that word “How” supports it strongly, “bails” slightly, and the other words do not. For NUM, “many”
and “are there in” have high q(NUM|w, s). DoLFIn correctly chose NUM. Figure 2-bottom shows a text
in AG-news. DoLFIn reasonably focused on “PeopleSoft” and “Oracle” for SCI-TECH, and “Takeover”
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What, Which are mostly likely characterised by feature f9

Figure 3: Left - Heatmap of q(c|f) with 20 latent features for TREC. The (j+1)-th row indicates q(c|fj)
(%). For example, feature f9 supports categories ENTY, DESC, and HUM. Right-top - Heatmap of
q(f |w, s) for A TREC question. “What” in this sentence is mostly likely characterised by feature f9,
whereas “a” can be f7, f8, f10, or f15. Right-bottom - TREC questions predicted as ENTY. Each word w
has a subscript j = argmaxk p(fk|w, s), and is highlighted according to p(fj |w, s). The left-most token
on each line is the gold label-the predicted label.

and “merger” for BUSINESS. It then chose BUSINESS, whereas the correct topic is SCI-TECH. (This is
a difficult case even to humans.)

Another way to interpret the behaviour of DoLFIn is to examine q(c|f) and p(f |w, s), especially the
meanings of latent features. Figure 3-left shows a heatmap visualising q(c|f) for TREC. We can see
that features f2 and f16 are not helpful because they support all categories almost uniformly. Feature
f4 strongly supports ENTY whereas f0, f11, f19 support HUM. Feature f9 prefers ENTY but it can also
be used for DESC and HUM. Interestingly, there are no features strongly supporting ABBR. DoLFIn
seems to rely on the absence of all features when predicting ABBR. Figure 3-right-top shows a heatmap
of p(f |w, s).

Figure 3-right-bottom shows TREC questions whose words with their most probable latent features are
highlighted.1 For instance, the first “What” is mapped to feature f9 and q(f9|What, s) is high (see the
first row in Figure 3-right-top). In general, DoLFIn uses f9 for words “What”, “Which” that are often
for ENTY, but sometimes for HUM (e.g., “What is the most popular last name ?”), and DESC (“What is
Java ?”) (see Figure 3-left). If DoLFIn can utilise the next words to choose ENTY, it will assign f4 to
them (e.g., DoLFIn knows that the term “What sports4” of the first question in Figure 3-right-bottom is
for asking about an entity). Otherwise, it will again use f9 (e.g., DoLFIn still can not decide if “What is9”
of the third question is for asking about an entity or a description).

5 Conclusion

We have proposed a new architecture DoLFIN based on probability for building explainable models.
DoLFIn represents input by a bag of latent features using linear-softmax layers to map input components
to distributions over latent features, and a truncated sum to aggregate these resulting distributions. We
showed that, different from attention and saliency maps, it is straight-forward to compute how much an
input component supports a category. Demonstrating our idea, we applied DoLFIn to text classification.
Compared with the classical CNN and BiLSTM text classifiers, DoLFIn achieved comparable accuracies,
but much better interpretability.
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A Experiment Setting

A.1 Dataset
The links to the used three dataset are given below.
• TREC Question, https://cogcomp.seas.upenn.edu/Data/QA/QC/
• SST2, https://nlp.stanford.edu/sentiment/
• AG-news, https://github.com/mhjabreel/CharCnn_Keras/tree/master/data/
The only pre-processing step we applied is tokenization.

A.2 Hyper-parameters
The hyper-parameters of the four models are shown in Table 2. For DoLFIn, we set the number of latent
features d to 20, 10, and 100 when testing it on TREC, SST2, and AG-news respectively. We used Glove
word-embeddings downloaded from http://nlp.stanford.edu/data/glove.840B.300d.
zip (Pennington et al., 2014).

Following (Kim, 2014), we applied a dropout layer to text representation s, with dropout rate 0.5.

word embedding dimensions dw 300 (GloVE)
convolutional filter sizes (3,4,5)
convolutional filter number 100
bilstm hidden dimensions 100
text vector dimenions ds 100 (CNN)

100 (DoLFIn)
200 (BiLSTM)

minibatch size 50
patience (for early stopping) 10
optimiser Adam
learning rate 0.001

Table 2: Hyper-parameters


