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Outline

● Introduction to neural enquirers
● Coupled approach of neural and symbolic 

execution
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● Conclusion and discussion



Semantic Parsing

select Duration where 
                area = max(area)



Approaches

● Traditional semantic parsing
● seq2seq models
● Neural execution

– Fully distributed model
– Symbolic execution



Why “Execution” is Necessary?

Q: How long is the game with the largest host 
country size?

Year City Area Duration
2000 Sydney 200 30

2004 Athens 250 20

2008 Beijing 350 25

2012 London 300 35

2016 Rio de Janeiro 200 40
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Why “Execution” is Necessary?

● Think of a more complicated example:
– “How long is the last game which has smaller 

country size than the game whose host country 
GDP is 250?”

● Such compositionality of queries necessitates 
multiple steps of execution.



Neural Enquirer (Yin et al., 2016) 

● Everything is an embedding and everything is 
done by neural information processing

● Differentiable => High learning efficiency
● Low execution efficiency because of neural 

information processing 
● Low interpretability



Neural Symbolic Machine
(Liang et al., 2016)

● Discrete operators
● Differentiable controller
● REINFORCE algorithm (“trial­and­error”)



Comparison

Neuralized Symbolic Wanted (Our 
approach)

Learning 
efficiency

High Very low (Comparatively) 
High

Execution 
efficiency

Low High High

Interpretability Low High High
Performance Low Low High
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Overview



Distributed Enquirer (Yin et al., 2016)

●  Query encoder
– Bidirectional RNN

● Table encoder
– Concatenation of cell and field embeddings
– Further processed by a multi­layer perceptron

● Executor
– Column attention (soft selection)
– Row annotation (distributed selection)





Executor

● The result of one­step execution softmax 
attention over columns and a distributed 
– Column attention
– Row annotation



Details

●

● Last step’s execution information

● Current step
– Column attention
– Row annotation



Symbolic Execution

● Intuition: A more natural way for semantic 
parsing is symbolic execution
– E.g., max(.), less_than(.)

● Methodology
– Primitive operators
– Controller (operator/argument predictor)



Primitive Operators



Example

Q: How long is the game with the largest host 
country size?

Year City Area Duration
2000 Sydney 200 30

2004 Athens 250 20

2008 Beijing 350 25

2012 London 300 35

2016 Rio de Janeiro 200 40

operator = argmax   field = Area
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Example

Q: How long is the game with the largest host 
country size?

Year City Area Duration
2000 Sydney 200 30

2004 Athens 250 20

2008 Beijing 350 25

2012 London 300 35

2016 Rio de Janeiro 200 40

operator = select_value   field = Duration



Example

Q: How long is the game with the largest host 
country size?

Year City Area Duration
2000 Sydney 200 30

2004 Athens 250 20

2008 Beijing 350 25

2012 London 300 35

2016 Rio de Janeiro 200 40

operator = EOE



A More Complicated Example

● Q: How long is the last game which has smaller 
country size than the game whose host country 
GDP is 250?



Controller: Operator/Argument 
Predictor

● Jordan­type RNNs
– Operator predictor

– Field predictor



The Problems

● Non­differentiable
● No step­by­step supervision



A Unified View

● Two worlds of execution
– Fully neuralized enquirer

● End­to­end learnable

– Symbolic enquirer
● High execution efficiency
● High interpretability

● We propose to take advantage of the both 
worlds
– Plus high performance 



Intuition

● The fully neuralized enquirer also exhibits some 
(imperfect) interpretability

● The field attention generally aligns with column 
selection



Solution

● Use neural networks' (imperfect) intermediate 
results to pretrain the symbolic executor's policy 
in a step­by­step fashion

● Improve the policy by reinforcement learning



Overview



Pretraining

● Let m be the number of actions to pretrain

Step­by­step 
supervision

Imperfect 
supervision 
signal



REINFORCE Policy Improvement

●

● Gradient

● Reward R: 1=correct result, 0 = incorrect result 
● Tricks

– Exploring with a small probability (0.1)
– Subtracting the mean (reinforcement comparison)
– Truncate negative reward (reward­inaction)
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Experimental Settings

● Dataset: Yin et al. (2016)
– Synthesized data
– 25k samples (different queries and tables)

● Hyperparamters
– Mostly derived from previous work
– 40 epochs of pretraining before REINFORCE



Experiments

● Performance



Experiments

● Interpretability



Experiments

● Learning efficiency



Experiments

● Execution efficiency



Feeding back/Co­training
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Conclusion

● Propose to couple distributed and symbolic execution for 
natural language queries

● The distributed enquirer exhibits some (imperfect) 
interpretability

● We use the distributed model's step­by­step signal to 
pretrain the symbolic one to acquire a fairly meaningful 
initial policy.

● Improve the policy by REINFORCE.
● The coupled model achieves high learning efficiency, high 

execution efficiency, high interpretability, as well as high 
performance.



Future Work

● Couple more actions
● Better use the information

– Using the full distribution information?
– Sampling from the distribution predicted by 

the neural enquirer?
– Inducing operators and pretraining the 

operation predictors



Discussion

● Previous work on incorporating neural networks with 
external (somewhat) symbolic systems
– Hu et al. (2016) harness knowledge of a rule­based system 

by inducing a probability distribution from it as the training 
objective.

– Lei et al. (2016) propose a sparse, hard gating approach to 
force a neural network to focus on relevant information.

– Mi et al. (2016) use alignment heuristics to train the attention 
signal of neural machine translation in a supervised manner.



The Uniqueness of Our Work

● First train a neural network in an end­to­end 
fashion

● Then guide a symbolic system to achieve a 
meaningful initial policy



Attention as Alignment
(Bahdanau et al., ICLR 2015)



Q & A?

Thank you for listening! 
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