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1 Additional results from experiments

1.1 User intent dataset
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Figure 1: Validation accuracy vs. Test accuracy on the user intent dataset. Each model architecture

was trained using a range of hyperparameters, and DLN shows better performance over other
architectures.
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1.2 Adult dataset
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Figure 2: Validation accuracy vs. Test accuracy on the Adult dataset. Each model architecture was
trained using a range of hyperparameters, and DLN shows better performance over other architectures.
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1.3 Rater score dataset
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Figure 3: Validation mean squared error vs. Test mean squared error on the rater score dataset. Each

model architecture was trained using a range of hyperparameters, and DLN shows better performance
over other architectures.
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1.4 Usefulness dataset
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Figure 4: Validation accuracy vs. Test accuracy on the usefulness dataset. Each model architecture
was trained using a range of hyperparameters, and DLN shows better performance over other
architectures.

2 Timing results

This section contains the total training wall time for the best deep lattice network model and Crystals
for each dataset. For deep lattice network training, we used a virtual machine with 40 CPU cores and
used TensorFlow to train a model, but did not compile the code with vector instructions. For Crystals,
we used 3.5GHz Intel Ivy Bridge processor and used highly optimized C++ implementations to train a
model. Because of this difference, the timing results here are not comparable to each other, and there
are many rooms for improvements in the implementation, for example utilizing GPGPU instructions.
So this result should not be interpreted as a proper timing benchmark study. However we report this
number for the readers who might be curious about the training wall time in each experiment. See
Table 5.
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