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② Computational Speed of the Imitators

• One of the characteristics of deep neural network
• We aim to accomplish this through semi-

supervised learning (SSL) using unlabeled data
• Main challenge is to design SSL to equip following two 

properties:

Method Elec IMDB Rotten RCV1
LSTM 10.09 10.98 26.47 14.14
LSTM+Imitator 8.83 10.04 24.93 12.31
LM-LSTM 5.72 7.25 16.80 8.37
LM-LSTM+Imitator 5.48 6.51 15.91 7.53
ADV-LM-LSTM 5.38 6.58 15.73 7.89
ADV-LM-LSTM+Imitator 5.14 6.07 13.98 7.51
VAT-LM-LSTM (rerun) 5.47 6.20 18.50 8.44
VAT-LM-LSTM (Miyato) 5.54 5.91 19.1 7.05
iVAT-LSTM (Sato) 5.18 5.66 14.12 11.68

Error rate (%) on each benchmark dataset

• Incorporating the imitators improves the 
performance of three distinct baselines

• Imitators can be combined with even 
stronger baseline developed in the future

• Our ADV-LM-LSTM+Imitator achieves the new 
state-of-the-art performance Increasing the amount of unlabeled data improves the 

performance of the expert (ADV-LM-LSTM)
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Figure 3: Error rate (%) at different amounts of unlabeled
data. The x-axis is in log-scale. A lower error rate in-
dicates better performance. The dashed horizontal line
represents the performance of the base EXN (ADV-LM-
LSTM).

performance while changing the amount of unlabeled data
used to train the IMN.

We selected the Elec and RCV1 datasets as the focus
of this analysis. We created the following subsamples of
the unlabeled data for each dataset: {5K, 20K, 50K, 100K,
Full Data} for Elec and {5K, 50K, 250K, 500K, Full Data}
for RCV1. In addition, for the Elec dataset, we sampled
extra unlabeled data from the electronics section of the
Amazon Reviews dataset (McAuley and Leskovec 2013)
and constructed {2M, 4M, 6M} unlabeled data5. For each
(sub)sample, we trained ADV-LM-LSTM+IMN as ex-
plained in Section 6.

Figures 3a and 3b demonstrate that increasing the amount
of unlabeled data improved the performance of the EXN.
It is noteworthy that in Figure 3a, ADV-LM-LSTM+IMN
trained with 6M data achieved an error rate of 5.06%, out-
performing the best result in Table 3 (5.14%). These results
explicitly demonstrate the more data, better performance

property of the MEIN framework. We also report that the
training process on the largest amount of unlabeled data
(6M) only took approximately a day.

7.2 Scalability with Amount of Unlabeled Data
The primary focus of the MEIN framework is its scalability
with the amount of unlabeled data. Thus, in this section, we
compare the computational speed of the IMNs with that of
the base EXN. We also compare the IMNs with the state-
of-the-art SSL method, VAT-LM-LSTM, and discuss their
scalability. Here, we focus on the computation in the train-
ing phase of the network, where the network processes both
forward and backward computations.

We measured the number of tokens that each network pro-
cesses per second. We used identical hardware for each mea-
surement, namely, a single NVIDIA Tesla V100 GPU. We
used the cuDNN implementation for the LSTM cell since it

5We discarded instances from the unlabeled data when the non
stop-words overlap with instances in the Elec test set. Thus, the
unlabeled data and the Elec test set had no instances in common.

Method Tokens/sec Relative Speed

LM-LSTM 41,914 -

ADV-LM-LSTM 13,791 0.33x
VAT-LM-LSTM 9,602 0.23x
IMN (ci = 1) 555,613 13.26x
IMN (ci = 1, 2) 236,065 5.63x
IMN (ci = 1, 2, 3) 122,076 2.91x
IMN (ci = 1, 2, 3, 4) 75,393 1.80x

Table 4: Number of tokens processed per second during the
training

Figure 4: Effect of the IMN with different window sizes ci
on the final error rate (%) of ADV-LM-LSTM. A lower er-
ror rate indicates better performance. Base: EXN (ADV-
LM-LSTM) without the IMN, A: ci = 1, B: ci = 1, 2, C:
ci = 1, 2, 3, D: ci = 1, 2, 3, 4.

is highly optimized and substantially faster than the naive
implementation (Bradbury et al. 2017).

Table 4 summarizes the results. The table shows that even
the slowest IMN (ci = 1, 2, 3, 4) was 1.8 times faster than
the optimized cuDNN LSTM network and eight times faster
than VAT-LM-LSTM. This indicates that it is possible to
use an even larger amount of unlabeled data in a practical
time to further improve the performance of the EXN. In ad-
dition, note that each IMN can be trained in parallel. Thus,
if multiple GPUs are available, the training can be carried
out much faster than reported in Table 4.

7.3 Effect of Window Size of the IMN
In this section, we investigate the effectiveness of combin-
ing IMNs with different window sizes ci on the final perfor-
mance of the EXN. Figure 4 summarizes the results across
all datasets. The figure shows that integrating an IMN with a
greater window size consistently reduced the error rate, and
the IMN with the greatest window size (D: ci = 1, 2, 3, 4)
achieved the best performance. This observation implies that
the context, which is captured by a greater window size, con-
tributes to the performance.

③ Effectiveness of Increasing Unlabeled Data
Imitator is 8 times faster than state-of-the-art VAT method

• The imitators ”imitate” the label distributions that 
are estimated by the expert

• Input for the imitators is limited to n-gram
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• The MEIN is a 

mixture of expert 
and imitators

• The imitators are 
trained with 
unlabeled data

• The imitators are 
designed to be 
computationally fast

Intro: More Data, Better Performance

Training Procedure

Experiments

Overview of Proposed Method: MEIN

Intuition behind Imitator Network
Labeled Data (Limited)

Unlabeled Data (Large)

Frequent useless 
features may be 
biased to specific 
label, leading to 
overfitting because 
labeled data is limited

Using unlabeled data 
improves the 
coverage of 
infrequent features

Unlabeled data is 
greater than labeled 
data, thus bias is less 
likely to happen 

Frequent useful 
features can be 
learned even if 
labeled data is limited

Each imitator makes a prediction from n-gram; 
learns to classify useful/useless features

Method Tokens/sec Relative Speed
LM-LSTM 41,914 -
VAT-LM-LSTM 9,602 0.23x
Imitator (x1) 555,613 13.26x
Imitator (x2) 236,065 5.63x
Imitator (x3) 122,076 2.91x
Imitator (x4) 75,393 1.80x

① Train the expert with labeled data
② Train the imitators with unlabeled data

③ Fine-tune the expert with the imitators
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① “More data, better performance” with unlabeled data
②Computationally scalable to the amount of unlabeled data
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