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Problem and Idea

Learner and Meta-Learner

• Training neural networks when we have a large set of
data with weak labels and a small amount of data with
true labels.
• We train two neural networks: a target network and a
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confidence network. The target network is optimized to
perform a given task, trained on a large set of unlabeled
data that are weakly annotated. We propose to control the
magnitude of the gradient updates to the target network
using the scores provided by the second confidence
network trained on a small amount of supervised data.

Model Architecture and Training
• Both networks are trained in a multi-task fashion alternating between the full supervision and the weak supervision mode. In the full supervision mode, the parameters of the
confidence network get updated using batches of instances from training set with true labels, while in the weak supervision mode the parameters of the target network are updated
using training set with weak labels and confidence score from the confidence network. The representation learning layer is shared between two networks.

Full Supervision Mode: Training on batches of data with true labels.

Weak Supervision Mode: Training on batches of data with weak labels.

Faded parts of the network are disabled during the training in the corresponding mode. Red-dotted arrows show gradient propagation. Parameters of the parts of the network in red
frames get updated in the backward pass, while parameters of the network in blue frames are fixed during the training.

Experimental Setups

Results

Table 1: Performance of the baseline models as

well as our proposed method on different datasets
in terms of Macro-F1. ú orô indicates that the improvements
with respect
to weak
Performanceorofdegradations
the baseline models
as well as
supervision
only (WSO) are statistically signifiour proposed method on different datasets in
cant, at the 0.05 level using the paired two-tailed
terms of Macro-F1.
t-test.

• We apply our method to sentiment classification task.
–

The weak annotator is a simple unsupervised lexicon-based method which averages over
predefined sentiment score of words in the sentence.

–

–

Dataset: For train/test our model, we use SemEval-13 SemEval-14, SemEval-15, twitter

Method

SemEval-14
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sentiment classification task. We use a large corpus containing 50M tweets collected during two
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months as unblabled set.

WSO

The target network is a convolutional model in which the inputs are first passed through an

FSO

0.6719
0.6307

0.5606
0.5811

embedding layer mapping the sentence to a matrix, followed by a series of 1d convolutional

WS+FT

0.7080ú

0.6441ú

layers with max-pooling, followed by feed-forward layers and a softmax output layer which

NLI

0.7113ú
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SemEval1th
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returns the probability distribution over all the classes.
–

The target network for
sentiment classification.

Baselines:
–

(WA) Weak Annotator, i.e. the unsupervised method that we used for annotating the unlabeled data.

–

(WSO) Weak Supervision Only, i.e. the target network trained only on weakly labeled data.

–

(FSO) Full Supervision Only, i.e. the target network trained only on true labeled data.

–

(WS+FT) Weak Supervision + Fine Tuning, i.e. the target network trained on the weakly labeled data and fine tuned on true labeled data.

–

(NLI) New Label Inference is similar to our proposed neural architecture inspired by the teacher-student paradigm, but instead of having the confidence network to predict the
“confidence score” of the training instance, there is a label generator network which is trained on set V to map the weak labels of the instances in U to the new labels. The new
labels are then used as the target for training the target network.

–

(L2LWSST) Our model with different training setup: Separate Training, i.e. we consider the confidence network as a separate network, without sharing the representation
learning layer, and train it on set V. We then train the target network on the controlled weak supervision signals.

–

(L2LWS) Controlled Weak Supervision with Joint Training is our proposed neural architecture in which we jointly train the target network and the confidence network.
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Figure 2: Loss of the target network (L t ) and the confidence network
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with Joint Training is our proposed neural architecture in which we jointly train the target network and
the confidence network by alternating batches drawn from sets V and U (as explained in Section 2.1).
Data. For train/test our model, we use SemEval-13 SemEval-14, SemEval-15, twitter sentiment classification task. We use a large corpus containing 50M tweets collected during two months as unblabled set.
Results and Discussion. We report the official SemEval metric, Macro-F1, in Table 1. Based on
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