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Semantic Parsing

Mapping natural language utterances to logical forms that machines can 
act upon.

Example: 

Database query
Intents and arguments for a 
personal assistant 



In-domain VS Cross-domain Semantic Parsing

● In-domain: training/test set from the same domain 
● Cross-domain: train on source domain and test on target domain
● Why cross-domain: 

○ Sometimes we have more training data from one domain than 
another; collecting training data from the target domain is 
expensive 

○ The source domain shares some similarities with the target 
domain, making it possible to train a cross-domain model



Challenges

1. Different domains have different logical forms (different predicate 
names etc.) ⇒ translate to a common middle ground: canonical 
utterance 

2.  Vocabulary gap between domains ⇒ pretrained word embeddings

45%-70% of the words are covered by any of the other domains  

Canonical utterance: has a one-to-one mapping to the logical form



Previous Work

Paraphrase based semantic parsing 

Map utterances into a canonical natural language form before transforming into 
logical form. (Berant and Liang 2014, Wang et al. 2015)



Paraphrasing Framework
The logical form is not 
shared across domains



Paraphrasing Framework
The logical form is not shared 
across domains

The paraphrase 
module is shared 



Problem Setting

● Assume that the mapping from canonical utterance to logical form is 
given for both domains

● Propose a seq2seq model for paraphrasing
● Use pre-trained word embeddings to help domain adaptation 

○ Introduce standardization techniques to improve word 
embeddings 

● Domain adaptation is done by: training a paraphrase model in the 
source domain and fine-tuning it the target domain



Paraphrase Model

Encoder-decoder structure.

The input of the decoder RNN at is 
the hidden state of the previous time 
step and the previous output.



Encoder-decoder with Attention

The input of the decoder RNN at is 
the hidden state of the previous time 
step, the previous output and the 
attention vector.

Attention vector: 
weighted sum of the 
output from the encoder.



Analysis of Word Embeddings

300 dimension word2vec embeddings trained on the 100B word Google news 
corpus.

Compared to random initialization with unit variance:

● Small micro variance: the variance between dimensions of the same word is 
small



Analysis of Word Embeddings

300 dimension word2vec embeddings trained on the 100B word Google news 
corpus.

Compared to random initialization with unit variance:

● Small micro variance: the variance between dimensions of the same word is 
small

● Large macro variance: the L2 norm of different words varies largely



Embedding Standardization
● Per-example standardization: make variance of each row 1

○ Reduces variance of L2 norm among words 
○ Cosine similarity between words is perserved 

● Per-feature standardization: make the variance of each column 1
● Per-example normalization: make the L2 norm of each word 1 

Words

Features



Experiments: Dataset

Dataset contains 8 different domains. 

The mapping from canonical utterances to logical forms are given.

The input utterances are collected via crowdsourcing.



Baselines 

1. (Wang et al) Log-linear model.
2. (Xiao et al) Multi-layer perceptron to encode the unigrams and the bigrams of 

the input, and then use a RNN to predict the logical form.
3. (Jia and Liang) Seq2Seq model (bi-RNN with attentive decoder) to predict the 

linearized logical form.
4. (Herzig and Berant) Use all domains to train a single parser with a special 

encoding to differentiate between domains.



Experiments: Single Domain

Random +I is the most basic 
model using random initialization 
of word embeddings.

This model is comparable to 
previous single domain models.

Method Avg. Accuracy

Wang et al. 58.8

Xiao et al. 72.7

Jia and Liang 75.8

Random + I 75.7



Experiments: Cross-Domain

Model Avg Accuracy

Herzig and Berant 79.6

Random 76.9

Word2Vec 74.9

Word2Vec +EN 71.2

Word2Vec +FS 78.9

Word2Vec +ES 80.6

1. Directly using Word2Vec pretrained 
vectors hurts! 

2. Per-example normalization (EN) 
decreases performance even more.

3. Both per-feature standardization(FS) 
and per-example standardization(ES) 
improves performance. Per-example 
standardization works better. 

The perfomance gain is mainly due to word embedding standardization.



Other results 

The improvement of cross-domain training is more significant when the target 
domain data is scarce. 

The in-domain training data is downsampled.



Discussion on Standardization/Normalization

> Normalization improves performance in similarity tasks. (Levy et al. 2015)  

> A word that is consistently used in a similar context will be represented by a 
longer vector than a word of the same frequency that is used in different contexts. 
The L2 norm is a measure of word significance. (Wilson and Schakel 2015)

It is worth trying different normalization schemes for your task!



Conclusion

1. The semantic parsing problem can be decomposed into two steps: first 
paraphrase the utterance into a canonical form, then translate this canonical 
form into logical form (idea from Berant and Liang, 2014)

2. Paraphrasing can be learned by a seq2seq model. (We can formulate 
paraphrasing as translation)

3. Initialization of word embeddings is critical for performance. 
4. Out-of-domain data may be useful to improve in-domain performance. (transfer 

learning philosophy) 
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