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Abstract
As the volumes of medical data being generated continues to increase with wide
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adoption of electronic health records (EHR), cheaper sequencing technology, etc.
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and their subsequent use in medical publications increases, we are face with the
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challenge of producing high-quality labeled datasets for research. Many of the
current NLP techniques rely on small hand-labeled datasets to annotate bigger
corpora. While these NLP tools can alleviate some of these issues new
methodologies, such as data programming, have been proposed to rely instead on
‘lower quality’ auto generated noisy data to train weakly supervised models and
the use of generative models to denoise the noisy training data. In this proposal
we propose to extend one of the leading tools, Snorkle, to support
PubAnnotation format for both output of annotation and input of pre-existing
labeled sets for validation of Snorkle labeling functions.
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Introduction
Data programming [1, 2] is defined as a paradigm to create training datasets in
a programmatically manner. Extending the idea of distant supervision [3], where
external knowledge (mappings) is used with an input dataset to create training
examples. Data programming allows users to create heuristic labeling functions
that provide a certain label to a subset of the data, while collectively generating a
large but noisy training-set. The constructed labeling functions can be more general
than in distant supervision mappings as they can additionally model an individual
annotator’s labels or leverage a combination of domain-specific rules and standard
dictionaries. As a drawback, this can generate varying error rates, could potentially
overlap, and even create conflicting rules. In order to address this, the labeling
functions are modeled as a generative process, allowing for automatic denoising of
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Figure 1 Snorkle labeling procedure. Used from [1].

the resulting labeled sets by learning the correlation structure and accuracies of the
labeling functions. Then, the resulting model of the labeled set is used to optimize
a stochastic version of the loss function of the discriminative model that is being
trained. Figure 1 gives an overview of this process. More details can be found on
[1, 2], and a simplified version can be found on [4].
Snorkle (previously DDlite) is a Python framework for developing structured information extraction applications using this data programming paradigm. Snorkle
learns a generative model of the noisy training set generated by the labeling functions. In other words, it learns which labeling functions are more accurate than
others and trains a discriminative classifier with this knowledge. The framework
is fully open source and freely available [5]. Using Juptyer/IPython notebooks, it
allows researchers to focus on writing labeling functions instead of any feature extraction or complex NLP tasks. The framework contains a good amount of tutorials
and features and active community.

Proposal goals
Major goals
1

Build extensions for Snorkle to produce all annotations in PubAnnotation
format. This will allow us to take advantages of all of PubAnnotation’s capabilities and cross functionality with other tools like Brat and Tagtog.

2

Build extensions for Snorkle to extract annotations from PubAnnotation for
validation/testing of the labeling functions.
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Minor goals
3

Find a collaborator that is providing an annotated corpus to BLAH3 and
wants to build labeling functions to validate the power and usability of
Snorkle.

Reach goals
4

Build a bare-bones web-interface to interact with a running instance of
Snorkle. Essentially build a REST-like tool that allows rules to be constructed
and tested via a browser with minimal interaction with Python.
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