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Abstract

Learning distributed sentence representa-
tions is one of the key challenges in
natural language processing. Previous
work demonstrated that a recurrent neu-
ral network (RNNs) based sentence en-
coder trained on a large collection of an-
notated natural language inference data,
is efficient in the transfer learning to fa-
cilitate other related tasks. In this paper,
we show that joint learning of multiple
tasks results in better generalizable sen-
tence representations by conducting exten-
sive experiments and analysis comparing
the multi-task and single-task learned sen-
tence encoders. The quantitative analy-
sis of the syntactic and semantic informa-
tion captured by the sentence embeddings
show that multi-task learning captures bet-
ter syntactic information while the single
task learning summarizes the semantic in-
formation coherently.

1 Introduction

Learning distributional representations of words,
phrases and sentences have long been interested
in the natural language processing (NLP) com-
munity. In recent years, many successful stories
showed that the learned representations are trans-
ferable to other tasks. For example, many NLP
(Zou et al., 2013; Seo et al., 2017; Lee et al., 2017,
Chen et al., 2017) and computer vision applica-
tions (Venugopalan et al., 2017; Teney et al., 2017)
have successfully utilized the word embeddings
(Bengio et al., 2003; Mikolov et al., 2013; Pen-
nington et al., 2014). They are particularly benefi-
cial when there is an insufficient amount of train-
ing examples to learn the word embeddings from
scratch. While the techniques of training word

embedding are relatively matured and pre-trained
word embeddings have been publicly available,
learning high quality comprehensive sentence rep-
resentations is still a challenging problem.

Conneau et al. (2017) showed that a long
short-term memory network (LSTM) (Hochreiter
and Schmidhuber, 1997) based sentence encoder
trained on annotated corpus for natural language
inference (NLI) task can capture useful features
and is transferable to other tasks. By leveraging
the annotations of the NLI task, where the seman-
tic relationships between sentences have to be cap-
tured, the encoder significantly outperformed ex-
isting unsupervised approaches (Kiros et al., 2015;
Hill et al., 2016). However, the NLI dataset is
domain specific and relatively small in terms of
vocabulary size!, limiting the performance of the
universal sentence encoder. This leads to our re-
search question: can we learn a better sentence en-
coder by leveraging more information from multi-
ple different types of supervised tasks?

In this paper, we study multi-task learning for
training universal sentence representations. We
consider three large-scale text classification cor-
pora, (1) Stanford Natural Language Inference
(SNLI) (Bowman et al., 2015), (2) Multi-Genre
NLI (Multi-NLI) (Williams et al., 2017), and (3)
Quora duplicate question pairs (Quora)?, which
covers a variety of domains and two different
tasks — textual entailment and question para-
phrasing. We investigate two multi-task learn-
ing (MTL) frameworks, fully shared models and
shared-private models to train a sentence encoder
jointly on three tasks and examine their efficiency
on 10 transfer tasks. Our experiments show that
sentence embeddings learned through multi-task
learning outperform the state-of-the-art universal

IThe largest NLI dataset, SNLI, only covers 42.7k unique
tokens and extracted from image captions.
“https://www.kaggle.com/quora/question-pairs-dataset



sentence encoder (Conneau et al., 2017).

We conduct additional quantitative analysis to
identify what types of syntactic and semantic in-
formation are better captured by the multi-task
learned sentence embeddings. For syntactic infor-
mation, we design six binary classification tasks
regarding whether certain POS tags or a non-
terminal node appear in the sentence. We also
investigate the sentence reordering task as well
as designing a regression task for sentence length
prediction. The contributions of the paper are
summarized as follows.

1. We propose to employ multi-task learning for
learning better generalizable sentence repre-
sentations.

2. Our multi-task learned sentence representa-
tions significantly outperform those learned
from a single task on 7/10 transfer tasks and
achieves comparable results on the rest.

3. We design experiments to quantitatively ana-
lyze what syntactic and semantic information
is captured by the sentence representations.

4. Our sentence encoders will be publicly avail-
able to facilitate research in related areas.

2 Related Work

Our work is closely related to sentence represen-
tation learning, transfer learning, and multi-task
learning, because we propose to utilize multi-task
learning to learn sentence representations that are
helpful for transfer learning. We briefly review
each of the areas in this section.

e Sentence Representations Learning. Train-
ing complex networks to generate useful sentence
representations has become a core component in
many NLP applications. Recent works on learning
distributional sentence representations such that
they capture the syntactic and semantic regulari-
ties within sentences range from models that com-
pose of word embeddings (Le and Mikolov, 2014;
Arora et al., 2017; Wieting et al., 2016) to more
complex neural network architectures (Zhao et al.,
2015; Wang and Jiang, 2016; Liu et al., 2016c; Lin
et al., 2017). General purpose distributional sen-
tence representations can be learned from a large
collection of unlabeled text corpora.

Kiros et al. (2015) proposed an unsupervised
approach called SkipThought, by revising the
skip-gram model (Mikolov et al., 2013). Skip-
thought vectors help to achieve good results on 8

transfer tasks which are further improved by using
layer normalization (Ba et al., 2016). Hill et al.
(2016) proposed two unsupervised objectives but
they resulted in lower performance compared to
SkipThought. Unlike word embeddings, learning
sentence representations in an unsupervised fash-
ion lack the reasoning about semantic relation-
ships between sentences. To learn universal sen-
tence representations from supervised natural lan-
guage inference data, Conneau et al. (2017) pro-
pose a BiLSTM network with max pooling that
yields the state-of-the-art in sentence encoding
methods, outperforming unsupervised approaches
like skip-thought vectors. We also investigate su-
pervised learning of sentence embeddings, but fo-
cus on exploring the benefits of multi-task learning
for yielding better sentence encoders.

e Transfer Learning. Transfer learning stores
the knowledge gained from solving source tasks
(usually with abundant annotated data), and ap-
ply it to other tasks (usually suffer from insuffi-
cient annotated data to train complex models) to
combat the inadequate supervision problem. It
has become prevalent in many computer vision
applications (Sharif Razavian et al., 2014; Antol
et al., 2015) where image features were trained on
ImageNet (Deng et al., 2009), and NLP applica-
tions where word vectors (Pennington et al., 2014;
Mikolov et al., 2013) were trained on large unla-
beled corpora. Despite the benefits of using pre-
trained word embeddings, many NLP applications
still suffer from lacking high quality generic sen-
tence representations that are transferable to help
other tasks. In this work, we investigate whether
multi-task learning can help to obtain more robust
sentence representations that transfer better.

e Multi-task Learning. Multi-task learning has
been successfully used in a wide-range of natural
language processing (NLP) applications, includ-
ing text classification (Liu et al., 2017), machine
translation (Luong et al., 2016), sequence labeling
(Rei, 2017), sequence tagging (Peng and Dredze,
2017), dependency parsing (Peng et al., 2017) etc.
Recently, Mou et al. (2016) evaluated the utility
of joint learning on sentence classification tasks to
examine how much transferable neural networks
are for NLP applications. However, they did not
learn universal sentence encoders that can trans-
fer information to unseen tasks as we do in this
paper. Liu et al. (2016b); Zhang et al. (2017b)
proposed multi-task learning architecture with dif-



ferent methods of sharing information among the
participating tasks. To further enhance, such mod-
els are augmented with external memory which
is shared across the participant tasks (Liu et al.,
2016a). To facilitate scaling and transferring when
a large number of tasks are involved, Zhang et al.
(2017a) propose to embed labels by considering
semantic correlations among tasks.

In this work, we study how to adapt the existing
multi-task learning architectures to learn generic
sentence representations that are transferable.

3 Multi-task Learning for Universal
Sentence Encoder

While multi-task learning was shown efficient in
many NLP tasks, its effectiveness in learning ro-
bust sentence representations that can generalize
to unseen tasks is largely untested. In this pa-
per, we explore several existing multi-task learn-
ing frameworks for our goal of learning sentence
representations. We hypothesize that with differ-
ent training signals from various data and tasks,
the learned sentence representations will be more
robust and transferable. Our sentence encoders
are trained on several sentence similarity or en-
tailment datasets, and are employed to produce
generic sentence representations for transfer tasks.
We study two hard parameter sharing frameworks>
and explore two settings: the fully shared (FS) set-
ting and the shared-private (SP) setting (Liu et al.,
2017) (see figure 1 in the appendix) to learn gen-
eralizable sentence representations.

We start by introducing the sentence encoder,
which is our basic building block, then explaining
the multi-task learning frameworks we employ.

3.1 Sentence Encoder

A wide variety of neural network architectures
can be used to convert sentences into fixed-size
representations. We choose one layer bidirec-
tional LSTM (Hochreiter and Schmidhuber, 1997)
with max pooling (BiLSTM-Max) sentence en-
coder as our basic building block for all multi-task
learning architectures because it was found very
effective in sentence encoding (Conneau et al.,

3Two most common ways to perform multi-task learn-
ing are hard and soft parameter sharing. The former shares
some parameters across all tasks while maintaining some
task-specific parameters; the latter contains only task-specific
parameters, but regularize the parameters of different tasks to
be similar to encourage generalizable parameters. We con-
fine our study to use hard parameter sharing models as they
are widely used in the NLP community.

2017). Formally, for a sentence with 7" words
w = w1, wa, ..., wr], we have:
- -
ht:LSTM(ht_l,’wt), (1)
— —
hi=LSTM(h i1, we), (2)
-
and ht = [ht, ht], (3)

where h; € R2?? is the ¢-th hidden vectors in BiL-
STM, d is the dimensionality of the LSTM hidden
units. To form a fixed-size vector representation of
variable length sentences, the maximum value is
selected over each dimension of the hidden units:

Sj = maXtE[l,...,T] hj,t7 ] = la "'7da (4)

where s; is the j-th element of the sentence em-
bedding s. Since we are coping with sentence
entailment and similarity problems, there are al-
ways two sentences in one instance, denoted as
(81, 8i2), where i indexes the instances. To get
the representation of an instance, we follow Liu
et al. (2016¢) and define:

s =[8i1, Si2, 8i1 — Si2, Si1 © S2),
where © denotes element-wise multiplication.

3.2 Fully Shared (FS) models

In fully-shared multi-task learning models, a sin-
gle sentence encoder is shared across all tasks to
learn generalizable representations. The sentence
representations obtained by following Eq. (4),
are passed through task-specific two-layer feed-
forward neural networks to predict the task-
specific target labels.

§F = softmax(Wao (W1 sF 4 by) + bo)

where ¢ and k indexes instances and tasks. o
denotes element-wise sigmoid function. We use
cross-entropy loss. Thus the loss of each task is:

N,
k E ko k ~k
Ltask; = - i=1 Y; log(yz )7

where yf is the gold label of the ¢-th instance in
task k. The final multi-task loss L, is defined
as a simple summation over the loss of each task.

3.3 Shared-Private (SP) models

Shared-private models contain shared encoders
and private ones, which encourage the task-
specific features being learned by the private en-
coders and generic features by the shared layers.



In addition, each task has its own task-specific
models to make the final prediction. We hy-
pothesize that after proper multi-task training, the
generic encoders are more useful than the private
ones for transfer learning. In this study, we design
one private BiLSTM-Max sentence encoder for
each task, and one shared BiLSTM-Max encoder
for all the tasks to capture generic features. Sen-
tence embeddings produced by private and shared
encoders are concatenated to form the final sen-
tence representations. Formally, for any sentence
in a given task F, its shared representation s* and
private representation s’; can be computed using
Eq. (1) — (4), and the private and shared represen-
tations are concatenated to construct the sentence
representations: s* = s¥ @ s’;.

Adversarial Training. Ideally, we want the pri-
vate encoders to learn only task-specific features,
and the shared encoder to learn general and com-
mon features. To achieve this goal, we adopt the
adversarial training strategy proposed by Liu et al.
(2017) to introduce a discriminator on top of the
shared BILSTM-Max sentence encoder. The goal
of the discriminator, D is to identify which task
an encoded sentence s* comes from, and the ad-
versarial training requires the shared sentence en-
coder to generate representations that can “fool”
the discriminator. In this way, the shared encoder
is forced not to carry task-related information. De-
tailed information about the adversarial training
procedure is provided in the appendix.

3.4 Hyper-parameter Tuning

We trained the aforementioned multi-task learn-
ing frameworks on SNLI, Multi-NLI, and Quora
datasets. We carefully tune the parameters on
the development set and report the testing perfor-
mance with best parameters. We use SGD with an
initial learning rate of 0.1 and a weight decay of
0.99. Ateach epoch, we divide the learning rate by
5 if the development accuracy decreases. We use
mini-batches of size 128 and training is stopped
when the learning rate goes below the threshold
of 107°. For the task-specific classifier, we use a
multi-layer perceptron with 1 hidden-layer of 512
hidden units. For the hidden size of BiLSTM,
we consider the range [256, 512, 1024, 2048] and
found 2048 results in best performance. We use
300 dimensional GloVe word vectors (Pennington
et al., 2014) trained on 840 billion of tokens as
fixed word embeddings.

4 Experimental Setup

We hypothesize that sentence representation
learned by multi-task learning can capture generic
information and perform better on transfer tasks
than single task trained ones. To test this hypoth-
esis, we train the multi-task learning models on
three large-scale textual entailment and paraphras-
ing datasets to learn generic sentence representa-
tions and test the generalizability of the sentence
encoder on 10 additional transfer tasks. A detailed
description of the source and transfer tasks are pre-
sented in table 1 in the appendix. In addition, we
perform a quantitative analysis using 8 auxiliary
tasks to show what syntactic and semantic infor-
mation is captured by the sentence representations.

Source tasks. The first source task is natural lan-
guage inference (NLI) which determines whether
a natural language hypothesis can be inferred from
a natural language premise. We consider the SNLI
(Bowman et al., 2015) and the Multi-Genre NLI
(Multi-NLI) (Williams et al., 2017) corpus which
consist of English sentence pairs, manually la-
beled with one of the three categories: entailment,
contradiction and neutral. The SNLI dataset is
constructed from image captions while the Multi-
NLI dataset includes a more diverse range of text,
as well as a test set for cross-genre transfer eval-
uation. Following Conneau et al. (2017), we
also conduct experiments that combine SNLI and
Multi-NLI datasets, which is denoted as AIINLI.

The second source task is the Quora duplicate
question detection (DupQuD) task. Quora re-
leased a dataset of 404k question pairs to automate
the process of identifying semantically equivalent
question pairs. We split the Quora dataset as that
in Wang et al. (2017).

Transfer tasks. We use the tool* developed and
released by Conneau et al. (2017) to evaluate the
sentence encoders on 10 additional tasks using
transfer learning. Among them, six are text clas-
sification tasks for sentiment analysis (MR, SST),
question-type (TREC), product reviews (CR), sub-
jectivity/objectivity (SUBJ) and opinion polarity
(MPQA). For these tasks, we report accuracy.
The other four tasks are related to textual entail-
ment and paraphrasing which are SICK-E, SICK-
R, MRPC, and STS-14. SICK-E task is very simi-
lar to SNLI, while MRPC is a paraphrase identifi-
cation task which is very similar to the DupQuD

*https://github.com/facebookresearch/SentEval/



DupQuD SNLI Multi-NLI
Model Type dev test dev test dev test
Conneau et al. (2017) - - 85.0 84.5 - -
In domain single task sentence representation learning
BiLSTM-Max 87.1 86.7 84.7 84.4 70.2/70.8  70.8/69.8
Two-datasets and two tasks (DupQuD and SNLI)
Fully Shared 86.8 86.6 84.9 84.8 - -
Shared Private 87.0 86.8 84.8 84.7 - -
Adversarial Shared Private  87.5 87.0 85.2 84.9 - -
Three-datasets and two tasks (DupQuD and AIlINLI)
Fully Shared 87.3 86.8 85.2 84.8 69.9/70.3  70.0/68.9
Shared Private 86.9 86.0 85.2 84.7 70.7/70.5  70.8/69.3
Adversarial Shared Private 87.0 86.6 84.7 84.3 70.3/69.4  69.6/68.3
Three-datasets and three tasks (DupQuD, SNLI and Multi-NLI)
Fully Shared 86.6 85.9 84.3 84.3 70.3/69.7  70.1/69.6
Shared Private 87.6 87.0 85.2 85.2 71.2/71.0 71.0/70.1
Adversarial Shared Private  86.6 86.3 84.6 84.7 70.7/70.7  71.0/70.1

Table 1: Development and test accuracy of source tasks (DupQuD, SNLI and Multi-NLI) obtained
through various multi-task learning architectures. Underlined values indicate best performance among
models trained on the same set of tasks and bold-faced values indicate best performance across the board.

task. The tool provides accuracy and fl score
for MRPC but only accuracy for SICK-E. Unlike
SICK-E, SICK-R and STS-14 tasks predict a score
between 0 and 5 given sentence pairs which indi-
cate the level of textual similarity. For the SICK-R
task, Pearson correlation is used as a measure and
for the STS-14 task, the tool reports both Pearson
and Spearman correlation.

Auxiliary tasks. We design seven syntactic and
one semantic auxiliary tasks to study what in-
formation is embedded in the sentence vectors.
The seven syntactic analysis tasks are: sentence
length prediction (regression task), whether a sen-
tence contains adjectives, adverbs, proper nouns,
possessive pronouns, or cardinal numbers (binary
classification tasks), and whether a sentence’s con-
stituency parse contains prepositional phrase (bi-
nary classification task). We conduct all the syn-
tactic auxiliary experiments based on the Penn
Treebank (PTB) (Marcus et al., 1993) dataset. We
use a two-layer feed-forward neural network on
top of the pretrained sentence encoders for the
syntactic auxiliary tasks. We report mean squared
error for the regression task and F1 score for the
binary classification tasks.

The semantic analysis task is sentence order-
ing (Li and Jurafsky, 2017), which arranges a set
of sentences into a coherent text. This requires
a deep understanding of the semantics of sen-

tences. We implement the end-to-end pointer net-
work on top of the pretrained sentence encoders
proposed in (Gong et al., 2016) to evaluate the
learned sentence representations. We conduct the
semantic analysis experiment based on the ROC-
Stories (Mostafazadeh et al., 2016) and the Visual
Storytelling (VIST) (Huang et al., 2016) datasets.
Both the datasets contain stories consist of five
sentences. We shuffled the sentences and use the
pointer network to arrange them in the correct or-
der. The pointer network relies on the pre-trained
encoders to generate sentence embeddings. We re-
port pairwise metrics (PM), longest sequence ra-
tio (LSR) and perfect match ratio (PMR) for the
sentence ordering evaluation. We refer the reader
to Gong et al. (2016) for details of the evaluation
metrics. Detailed information of the auxiliary task
datasets is provided in table 3 in the appendix.

5 Experimental Results

We split our experiments into three parts. The first
part examines the efficiency of multi-task learn-
ing for the large-scale textual entailment and para-
phrasing tasks; the second part evaluates the qual-
ity of the learned sentence encoders by using them
to generate features for 10 different transfer tasks;
and the third part quantitatively analyzes what
syntactic and semantic information is captured by
the trained sentence encoders.



Model Type MR CR SUBJ MPQA SST TREC SICK-R SICK-E MRPC STS14
1. Results reported in Conneau et al. (2017)

1.1. BiILSTM-Max (SNLI) 799 84.6 921 89.8 833 887 0.885 86.3 75.1/82.3  .68/.65

1.2. BiLSTM-Max (AIINLI) 81.1 863 924 902 84.6 882 0.884 86.3 76.2/83.1 .70/.67
2. Sentence representation learning from single-task

2.1. BiLSTM-Max (SNLI) 80.1 853 926 89.1 83.6 89.2 0.885 86.0 75.2/82.4  .66/.64

2.2. BILSTM-Max (DupQuD) 79.2 84.6 92.6 88.8 835 88.0 0.861 824 74.8/82.8 .62/.60

2.3. BILSTM-Max (Multi-NLI) 81.2 85.8 93.1 89.5 834 88.8 0.863 84.7 75.9/83.1 .66/.63

2.4. BILSTM-Max (AIINLI) 809 863 932 892 833 88.8 0887 86.7 76.4/83.4 .69/.66
3. Sentence representation learning from three-tasks (DupQuD, SNLI and Multi-NLI)

3.1. Shared Private 81.6 869 939 892 844 904 0.883 859 76.5/83.3 .66/.63

3.2. Adversarial Shared Private 82.0 86.3 93.8 894 84.1 922 0.884 87.0 77.2/83.6 .68/.65
4. Comparisons between different settings

4.1. Compare 3.2 to 2.1 +19 +1.0 +12 403 +05 43.0 —-.001 +1.0 +2.0/+1.2 4-.02/+.01

4.2. Compare 3.2 to 2.4 +1.1 00 +4+0.6 +02 +08 +34 —-.003 +0.3 +0.8/+0.2 —.01/-.01

Table 2: Transfer learning results for various single-task and multi-task learning settings trained on
different combinations of DupQuD, SNLI and Multi-NLI datasets. Underlined values indicate the best
performances among the same set of tasks, and bold-faced values denote the best results across the board.
In the last block (4), we conduct pair-wise comparisons between settings to highlight the differences.

5.1 Evaluation on Source Tasks

In this section, we discuss the performance of both
fully shared and shared-private multi-task learning
(MTL) frameworks on different combinations of
DupQuD, SNLI and Multi-NLI datasets as source
tasks. For shared-private models, we concatenate
the representations generated by shared and pri-
vate (task-specific) encoders to form sentence em-
beddings. The results can be found in table 10.
We compare the performance of MTL with single
task learning (STL) technique proposed in Con-
neau et al. (2017). We see from table 10 that learn-
ing from multiple tasks performs better than learn-
ing from a single task. For example, MTL model
trained on DupQuD, SNLI, and Multi-NLI outper-
form STL encoder trained on SNLI by 0.8%.

We summarize our findings by addressing the
following research questions.

o Which MTL framework performs better?

From table 10, it is evident that shared-private
MTL performs better than fully shared MTL, es-
pecially when more tasks are involved in training.
This is intuitive because when more tasks are in-
volved, it becomes harder to get good performance
by only modeling the commonalities. It is sensible
to have both task-specific and common features so
that the final classifier can combine them.

e Does adversarial training help MTL ?

To our surprise, the adversarial training does not
always help shared-private MTL. When there are
fewer data and tasks like {DupQuD, SNLI}, ad-

versarial training helps. However, when more
tasks are involved, the adversarial learning does
not outperform the simple shared-private model,
possibly because the SNLI and Multi-NLI datasets
share too many commonalities so that it is impos-
sible to completely distinguish them.

o Which set of tasks/data works the best for MTL?
We explore pairing DupQuD with the two datasets
used in Conneau et al. (2017): SNLI and AIINLI.
We also split AIINLI into SNLI and Multi-NLI to
conduct 3-task MTL. Table 10 shows that MTL
on {DupQuD, SNLI} brings improvements on
both datasets, while MTL on {DupQuD, AIINLI}
does not simultaneously improve results on all
datasets. We hypothesize that it is because the
AIINLI dataset dominates DupQuD on the train-
ing data size (993k vs. 404k). The experiments on
DupQuD, SNLI, and Multi-NLI as separate tasks
partially confirm our hypothesis: we see the best
results across the board on all three datasets.

5.2 Evaluation on Transfer Tasks

In this part, we discuss the performances of sen-
tence encoders learned by multi-task learning on
10 transfer tasks. Table 11 summarizes the results.
For the shared-private MTL models, we report the
results of the concatenation of the sentence rep-
resentations from both the shared and private en-
coders®. We analyze our findings by addressing
the following research questions.

>We also compared the performance of private and shared
encoders. The results can be found in appendix.



Sent. PP in L Proper Possessive Cardinal
Model Type Length Syn. Parse Adjectives Adverbs N0111)ns Pronouns Numbers
Majority vote classifier - 84.23 75.33 57.04 67.59 63.70 81.46
Sentence representation learning from single-task
BiLSTM-Max (SNLI) 11.86 95.06 85.23 79.72  93.78 94.42 95.51
BiLSTM-Max (Multi-NLI)  8.56 94.95 86.88 83.32 94.06 96.30 96.89
Sentence representation learning from three-tasks (DupQuD, SNLI and Multi-NLI)
Shared Private 7.24 95.03 88.10 8191 95.24 95.48 96.75
Adversarial Shared Private  7.16 96.13 87.05 81.59 95.66 94.52 96.49

Table 3: Auxiliary task results for the best two single-task and multi-task learning settings. We use mean
square error as evaluation metric for sentence length prediction and F1 score for other tasks. Bold-faced

values denote the best results across the board.

Model Type ROCStories VIST

PM LSR PMR PM LSR PMR
Sentence representation learning from single-task
BiLSTM-Max (SNLI) 75.45 75.60 18.87 68.74 69.88 9.01
BiLSTM-Max (AlINLI) 75.92 75.60 18.17 69.58 70.43 9.67
Sentence representation learning from three-tasks (DupQuD, SNLI and Multi-NLI)
Shared Private 71.98 73.98 15.66 67.36 69.52 8.92
Adversarial Shared Private 70.30 72.85 14.11 65.94 68.40 7.46

Table 4: Sentence reordering results for the best two single-task and multi-task learning settings. Bold-

faced values denote the best results across the board.

e Do sentence encoders learned through MTL help
transfer learning?

Conneau et al. (2017) showed that sentence en-
coders trained on SNLI outperformed the unsuper-
vised sentence embeddings on 10 transfer tasks,
and the model trained on AIINLI further boosted
the performances. In table 11, row 4.1 — 4.2
demonstrates that MTL based sentence represen-
tations outperform SNLI on 9 transfer tasks and
7 out of 10 for AIINLI (and comparable perfor-
mances on the other 3 tasks). Row 4.1 shows that
the improvements can be as much as 3.0% and
2.0% higher for TREC and MRPC tasks. The re-
sults verify our hypothesis that learning from mul-
tiple tasks helps to capture more generalizable fea-
tures that are suitable for transfer learning.

e Does adversarial training help learning better
encoders for transfer tasks?

We see the adversarial shared-private model re-
sults in the best performances on 4 out of 10 trans-
fer tasks, demonstrates its efficiency. Moreover,
the improvement on TREC task is as much as
1.8% higher (92.2% vs. 90.4%). We put detailed
results in the supplementary materials.

o How well do the shared and private encoders
perform in transfer learning ?

We observe shared encoders perform better on
transfer tasks than private encoders, which con-
firms that shared encoders provide general and
common features that are more suitable for trans-
fer learning. However, the concatenation of repre-
sentations from both shared and private features
gets the best results, which indicates that trans-
fer tasks also get benefited from task-specific fea-
tures because of the commonality with the source
tasks. More details about the effect of the number
of tasks on the shared encoders can be found in
table 7 in the appendix.

o Which set of tasks/data help MTL to perform bet-
ter in transfer tasks?

We investigate the relations between the perfor-
mance of transfer tasks and the number of tasks
or amount of data involved in MTL. As is shown
in Table 9, adding more data helps to improve the
performance of transfer tasks.

e Do improvements in transfer learning only come
from having more annotated data?

Comparing the performance of AIINLI in a single
task setting and {SNLI, Multi-NLI} in the multi-
task settings, we observe significant improvement
in 7 out of 10 tasks. In both settings, the amount of
training data is the same. To verify the hypothesis



MTL — STL MTL — STL
Task Same Data Size | Larger Data Size
More Tasks More Tasks
MR +0.1 +1.0
CR +0.6 +0.8
SUBJ +1.6 +1.3
MPQA -0.7 -0.6
SST +0.0 +0.3
TREC +1.7 +2.1
SICK-R —0.008 +0.001
SICK-E —1.5 +0.6
STS14 +0.7 +14
MRPC —0.003 +0.0

Table 5: The effect of more data/tasks on the sen-
tence encoders for transfer learning. The left col-
umn shows the differences between MTL and STL
given equal amount of annotated data (from differ-
ent task v.s. from the same task). The right column
demonstrates the differences between MTL on two
datasets and STL on one dataset (less data).

that the improvements in transfer learning do not
solely come from having more annotated data, we
design an experiment that samples equal amount
of data from SNLI and DupQuD to match the size
of SNLI dataset. Table 9 left column shows that
MTL is beneficial in this setting. The right column
of Table 9 shows that with additional data, MTL

achieves larger gains®.

5.3 Analysis using Auxiliary Tasks

We hypothesize that the universal sentence en-
coders embed syntactic and semantic information
of sentences so that they would be helpful for
various transfer tasks. To test this hypothesis
and compare the quality of STL and MTL based
sentence encoders, we employ 8 auxiliary tasks
to analyze what syntactic and semantic informa-
tion is captured by the sentence embeddings. We
pick the best two STL settings and compare with
the best shared-private and adversarial shared-
private MTL settings. The results are reported on
the concatenated sentence representations of both
the shared and private encoders from the shared-
private MTL settings’. We present our findings by
addressing the following research questions.

® Does MTL perform better than STL in capturing

®more details are provided in section 4 of the supplemen-

tary materials.
"detailed results of individual private and shared encoders
are provided in table 7 and 8 in the appendix.

syntactic properties of sentences?

Table 3 shows that sentence embeddings learned
by MTL better capture the majority of syntactic
properties. However, the performance of STL on
Multi-NLI task is significantly better in identify-
ing the existence of adverbs and possessive pro-
nouns in sentences. Adversarial training demon-
strates efficiency capturing syntactic information.

e Does MTL perform better than STL in capturing
semantic properties of sentences?

Our experiments clearly indicate that MTL fails
to outperform STL in capturing semantic informa-
tion. Although MTL outperformed STL in trans-
fer tasks, the semantic auxiliary task experiment
unveils the fact that we need more robust MTL ar-
chitectures to better capture semantic information.

e Which data/task contains rich syntactic and se-
mantic information that can be captured by the
trained encoders?

In our experiments, the sentence encoder trained
on Multi-NLI consistently out-performs other
task-specific or shared encoders on both syntactic
and semantic auxiliary tasks. Although we con-
sider Multi-NLI as a single task, it consists of sen-
tence pairs from five different genres of spoken
and written text. And as a result, sentence en-
coders trained on Multi-NLI capture more diversi-
fied and rich syntactic and semantic features. We
hypothesize having annotated data covering a vari-
ety of domains can better help multi-task learning
which has been overlooked by prior work.

6 Conclusion

In this paper, we investigate the effectiveness of
multi-task learning (MTL) for training general-
izable sentence representations by evaluating on
both source tasks and 10 different transfer tasks.
Experiments on two categories of MTL frame-
works demonstrate that multi-task learning outper-
forms single-task learning both on the source tasks
and most of the transfer tasks. In addition, we an-
alyze what syntactic and semantic information is
captured by the sentence representations.

In the future, we will explore more advanced
techniques to model domains: in Multi-NLI, there
are five different domains, which we do not explic-
itly model. We will study whether MTL can bene-
fit from proper modeling of domains. In addition,
we will explore better models with different learn-
ing techniques to improve the semantic informa-
tion captured by the universal sentence encoder.
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A Multi-task Learning Frameworks

The following graphical illustration summarizes
the fully shared and shared private multi-task
learning frameworks that we explore in this work.

Fully Shared (FS) model

Used for transfer tasks

Task A Task A
Data N~ 2 m labels
M Bil STM - g_§
/ =
Task B/ = a9 Task B
Data | Shared Layers m labels
Task-specific Layers

Shared Private (SP) model

Used for transfer tasks

Task B
labels

Task-specific Layers
Shared and Private Layers

Figure 1: Two different multi-task learning frame-
works. @ represents concatenation of sentence
vectors. Yellow and gray boxes represent private
and shared sentence encoders respectively. These
encoders, after trained by multi-task learning, will
be used for transfer learning.

B Adversarial training

The goal of adversarial training is to encourage
shared space to be purer and ensure the shared rep-
resentation not be contaminated by task-specific
features. The discriminator is defined as,

D(s*) = softmax(W s* +b),

where W € R and b € R are model parame-
ters. Optimizing the adversarial loss,

K Ng
Laay = min (max 2> log[D(E(w))])>

0
B Pop=14=1

has two competing goals: the discriminator tries
to maximize the classification accuracy (inside the
parentheses), and the sentence encoder tries to

Name | N [ V [Task C
Binary and multi-class classification tasks

MR 11k | 20.3k | sentiment 2
CR 4k 5.7k | product review 2
SUBJ 10k | 22.6k | subj/obj 2
MPQA 11k 6.2k | opinion 2
SST 70k | 17.5k | sentiment 2
TREC 6k 9.7k | question-type 6
Recognizing textual entailment tasks

SNLIT 560k | 42.7k | entailment 3
Multi-NLIT | 433k | 102.7k | entailment 3
SICK-E 10k 2.4k | entailment 3
Paraphrase identification tasks

DupQuDT | 404k | 127.5k | paraphrasing 2
MRPC 5.8k | 19.5k | paraphrasing 2
Semantic textual similarity tasks

SICK-R 10k 2.4k | similarity 0-5
STS-14 4.5k 11k | similarity 0-5

Table 6: Statistics of the datasets for multi-task
learning and the transfer tasks. N is the number
of samples, V is the vocabulary size, and C is the
number of classes or score range. | denotes the
datasets that are used in multi-task learning.

Tasks I5; ~y
DupQuD and SNLI 0.01 | 0.05
SNLI and Multi-NLI 0.005 | 0.001
DupQuD and AIINLI 0.01 | 0.05
DupQuD, SNLI and Multi-NLI | 0.005 | 0.001

Table 7: Best 5 and -y values for adversarial shared
private model on different set of tasks.

confuse it (and thus minimize the classification ac-
curacy). E and D represents the shared sentence
encoder and the discriminator respectively and 6
and fp are the model parameters of £ and D. df
denotes the ground-truth label indicating the type
of the current task. To encourage the shared and
private encoders to capture different aspects of the
sentences, the following term is added.

K kT k||
Ld’iffzzkleHs HPHF

where ||-||% is the squared Frobenius norm. Here,
HF and H],f are matrices where rows are the hid-
den vectors (see Eq. (1)) generated by the shared
and private encoders given an input sentence of
task k.

The final loss function is a weighted combina-
tion of three parts:

L= Lmulti—task + BLadv + 7Ldiff7



where 5 and ~y are hyper-parameters, Ly,qizi—task
refers to a simple summation over the cross en-
tropy loss for each task. We tune 5 and < in
the range [0.001,0.005,0.01,0.05,0.1,0.5] and
found different combinations perform best for dif-
ferent models. Table 7 indicates the best 5 and
values for different multi-task learning settings.

C Dataset Details

Details of the experimental datasets are provided
in table 6 and 8.

PTB ROCStories VIST
N SAvg N SAvg N SAvg
Train | 39,832 25.5 | 45,496 10.2 | 40,155 11.3
Dev 1,700 25.1 1,871 10.1 4990 11.3
Test 2416 25.1 1,871 10.1 | 5,055 11.5

Table 8: Statistics of the auxiliary task datasets.
For ROCStories and VIST, N indicates the num-
ber of stories and for PTB, N indicates the number
of sentences. S 4,4 is the average sentence length.
For ROCStroies, spring 2016 version is used in the
experiments.

D Additional Experiments

MTL — STL MTL — STL
Task Same Data Size | Larger Data Size
More Tasks More Tasks
MR +0.1 +1.0
CR +0.6 +0.8
SUBJ +1.6 +1.3
MPQA —-0.7 -0.6
SST +0.0 +0.3
TREC +1.7 +2.1
SICK-R —0.008 +0.001
SICK-E —1.5 +0.6
STS14 +0.7 +1.4
MRPC —0.003 +0.0

Table 9: The effect of more data/tasks on the sen-
tence encoders for transfer learning. The left col-
umn shows the differences between MTL and STL
given equal amount of annotated data (from differ-
ent task v.s. from the same task). The right column
demonstrates the differences between MTL on two
datasets and STL on one dataset (less data).

We conduct an additional experiment by sam-
pling 225k training examples for SNLI and
DupQuD datasets, which equals to the total size

of the SNLI dataset and we found 0.26% aver-
age improvement in transfer tasks compared to
single task learning on the SNLI dataset. Per-
formance differences between the two settings for
each transfer tasks are listed in table 9 (in the sec-
ond column).

Our experiments show that both the learning
signal from different tasks and the data size play
important roles in achieving the better perfor-
mances. If we consider the complete SNLI and
DupQuD dataset, we observe 0.69% average im-
provement in transfer tasks compared to single
task learning on SNLI dataset. Performance dif-
ferences between the two settings for each transfer
tasks are listed in table 9 (in the third column).

So, we can conclude that the improvements
in transfer tasks do not solely come from hav-
ing more annotated data, modeling multiple tasks
through MTL learning framework helps.



Model Type Quora SNLI Multi-NLI

dev test dev test dev test
In domain single task sentence representation learning
BiLSTM-Max 87.14 86.73 84.65 84.35 70.21/70.83 70.76/69.84
Sentence representation learning from two-datasets and two tasks (SNLI and Multi-NLI)
Fully Shared - - 85.14 85.10 71.39/71.23 70.77/70.10
Shared-Private - - 85.02 85.25 71.72/71.42 71.83/70.56
Adversarial Shared-Private - - 84.92 8493 70.89/71.37 71.02/69.97
Sentence representation learning from two-datasets and two tasks (Quora and SNLI)
Fully Shared 86.82 86.62 84.92 84.81 - -
Shared-Private 87.01 86.76 84.80 84.73 - -

Adversarial Shared-Private 87.50 87.01 85.21 84.93 - -
Sentence representation learning from three-datasets and two tasks (Quora and AIINLI)

Fully Shared 87.31 86.84 85.22 84.80 69.93/70.26 70.00/68.88
Shared-Private 86.85 86.03 85.16 84.73 70.66/70.54 70.81/69.25
Adversarial Shared-Private 86.99 86.58 84.66 84.27 70.23/69.41 69.64/68.33
Sentence representation learning from three-datasets and three tasks (Quora, SNLI and Multi-NLI)
Fully Shared 86.62 8592 84.33 84.28 70.28/69.74 70.05/69.58
Shared-Private 87.63 86.98 85.15 85.18 71.17/71.03 71.03/70.12
Adversarial Shared-Private 86.57 86.29 84.63 84.69 70.72/70.70 71.01/70.11

Table 10: Development and test accuracy of source tasks (Quora, SNLI and Multi-NLI) obtained through
various multi-task learning architectures. Underlined values indicate best performance among models
trained on same set of tasks and bold-faced values indicate best performance among all models.

Model Type ‘ MR CR SUBJ MPQA SST TREC SICK-R SICK-E MRPC STS14
Sentence representation learning from single-task
BiLSTM-Max (on SNLI) 80.1 853 926 89.1 836 892 0.885 86.0 752/82.4 .66/.64

BiLSTM-Max (on Quora) 79.2 84.6 926 88.8 835 88.0 0.861 82.4 74.8/82.8 .62/.60
BiLSTM-Max (on Multi-NLI) | 81.2 85.8 93.1 89.5 834 88.8 0.863 84.7 75.9/83.1 .66/.63
BiLSTM-Max (on AlINLI) 809 863 932 8.2 833 888 0.887 86.7 76.4/83.4 .69/.66

Sentence representation learning from two-tasks (Quora and SNLI)
Fully Shared 795 846 92.6 89.1 82.0 88.6 0.882 854 74.1/82.3 .69/.66
Shared-Private 80.5 84.8 934 89.1 84.0 90.2 0.881 86.1 75.1/83.2 .65/.62
Adversarial Shared-Private 809 854 934 89.2 836 90.8 0.886 86.9 76.5/82.9 .68/.65

Sentence representation learning from two-tasks (SNLI and Multi-NLI)
Fully Shared 81.5 87.2 927 893 84.0 894 0.883 86.7 75.9/82.8 .69/.66
Shared-Private 81.7 864 93.7 89.6 84.8 89.2 0.885 86.7 76.3/82.7 .67/.64
Adversarial Shared-Private 81.2 86.0 93.0 893 837 904 0.886 87.1 76.9/83.5 .70/.67

Sentence representation learning from two-tasks (Quora and AIINLI)
Fully Shared 814 869 930 89.7 852 89.2 0.879 86.1 75.7/82.9 .71/.67
Shared-Private 82.0 86.1 939 894 846 89.6 0.884 86.3 76.4/83.4 .68/.64
Adversarial Shared-Private 814 863 932 894 851 884 0.888 86.6 75.5/82.5 .67/.63

Sentence representation learning from three-tasks (Quora, SNLI and Multi-NLI)
Fully Shared 809 854 925 894 834 89.8 0.882 85.8 75.3/82.5 .70/.67
Shared-Private 81.6 869 939 892 844 904 0.883 85.9 76.5/83.3 .66/.63
Adversarial Shared-Private 82.0 863 938 894 84.1 92.2 0.884 87.0 77.2/83.6 .68/.65

Table 11: Transfer test results for various single-task and multi-task learning architectures trained on a
combination of Quora, SNLI and Multi-NLI datasets. Underlined values indicates the best performance
among models trained on same set of tasks. Bold-faced values indicate the best performance among all
models in this table.



Model Type ‘ MR CR SUBJ MPQA SST TREC SICK-R SICK-E MRPC STSI14
Shared-Private (trained on DupQuD and SNLI)
Private Encoder (on DupQuD) | 79.8 84.1 924 88.6 81.3 884 0.845 82.5 73.9/81.6 .60/.58
Private Encoder (on SNLI) 796 84.8 92,6 89.0 825 87.2 0.880 85.6 75.2/83.2 .66/.63
Shared Encoder 79.7 85.0 93.0 89.2 823 90.2 0.874 84.3 75.0/83.1 .65/.62
Combined Encoder 80.5 848 934 89.1 84.0 90.2 0.881 86.1 75.1/83.2 .65/.62
Adversarial Shared-Private (trained on DupQuD and SNLI)
Private Encoder (on DupQuD) | 79.5 83.1 92.1 886 82.1 89.0 0.860 83.4 73.9/82.5 .65/.62
Private Encoder (on SNLI) 794 849 92,6 889 824 87.8 0.883 85.7 74.6/82.4 .67/.65
Shared Encoder 80.0 843 926 89.2 819 86.6 0.883 85.4 73.9/81.5 .69/.65
Combined Encoder 80.9 854 934 89.2 836 90.8 0.886 86.9 76.5/82.9 .68/.65
Shared-Private (trained on SNLI and Multi-NLI)
Private Encoder (on SNLI) 79.5 840 927 89.1 820 87.8 0.881 84.8 75.0/82.7 .65/.63
Private Encoder (on Multi-NLI) | 80.6 84.6 927 89.2 829 88.0 0.853 83.8 75.1/82.9 .60/.58
Shared Encoder 809 864 929 895 84.0 88.0 0.879 84.8 75.8/83.1 .69/.65
Combined Encoder 81.7 864 937 89.6 84.8 89.2 0.885 86.7 76.3/82.7 .67/.64
Adversarial Shared-Private (trained on SNLI and Multi-NLI)
Private Encoder (on SNLI) 794 846 92.1 89.0 828 86.6 0.886 85.5 74.0/81.4 .68/.66
Private Encoder (on Multi-NLI) | 80.4 84.6 92.6 89.1 83.3 86.8 0.863 83.4 76.0/83.3 .65/.63
Shared Encoder 81.2 86.7 924 893 845 870 0.875 85.1 74.8/82.6 .56/.57
Combined Encoder 81.7 865 934 89.5 849 900 0.888 87.1 76.4/83.4 .64/.63
Shared-Private (trained on DupQuD and AlINLI)
Private Encoder (on DupQuD) | 79.4 82.6 925 88.5 822 892 0.856 82.9 74.3/82.4 .63/.59
Private Encoder (on AIINLI) 81.1 86.1 929 89.5 839 902 0.876 85.0 76.0/83.3 .67/.64
Shared Encoder 812 856 93.1 892 834 882 0.880 85.3 75.7/82.8 .69/.66
Combined Encoder 82.0 86.1 939 894 846 89.6 0.884 86.2 76.4/83.4 .68/.64
Adversarial Shared-Private (trained on DupQuD and AIINLI)
Private Encoder (on DupQuD) | 79.2 81.7 92.1 887 80.8 86.6 0.865 83.8 74.1/82.2 .67/.64
Private Encoder (on AIINLI) 81.5 865 928 894 829 884 0.885 85.5 75.7/83.2 .70/.67
Shared Encoder 80.5 848 926 89.2 832 826 0.876 84.8 75.5/83.1 .57/.56
Combined Encoder 819 859 93.0 89.6 824 90.6 0.887 86.7 76.8/83.3 .61/.60
Shared-Private (trained on DupQuD, SNLI and Multi-NLI)
Private Encoder (on DupQuD) | 789 83.5 91.7 883 814 88.6 0.850 82.1 72.6/81.1 .62/.59
Private Encoder (on SNLI) 79.1 839 927 89.0 813 884 0.880 85.2 74.0/82.0 .66/.63
Private Encoder (on Multi-NLI) | 81.0 85.7 93.1 893 829 89.2 0.850 84.0 74.5/82.9 .60/.58
Shared Encoder 80.9 858 929 89.2 827 852 0.878 85.8 76.0/83.1 .68/.65
Combined Encoder 81.6 869 939 89.2 844 904 0.883 85.9 76.5/83.2 .66/.63
Adversarial Shared-Private (trained on DupQuD, SNLI and Multi-NLI)
Private Encoder (on DupQuD) | 789 82.3 922 88.8 823 872 0.855 83.0 74.3/82.2 .64/.62
Private Encoder (on SNLI) 796 844 920 89.0 827 882 0.881 85.4 74.6/82.4 .67/.65
Private Encoder (on Multi-NLI) | 80.6 84.7 93.0 89.1 83.6 89.2 0.863 84.8 75.8/82.8 .65/.62
Shared Encoder 81.0 859 927 89.6 829 87.0 0.876 85.7 74.8/82.8 .66/.64
Combined Encoder 82.0 863 93.8 894 84.1 92.2 0.884 87.0 77.2/83.6 .66/.64

Table 12: Detailed analysis of the transfer test results for shared-private models trained on different
combinations of DupQuD, SNLI and Multi-NLI datasets. Combined encoder means the concatenation
of shared encoder and all private encoders. Underlined values indicate the best performance among
different encoders of the shared-private models trained on the same set of tasks. Bold-faced values
indicate the best performance among all models in this table.



Sent. PP in Adjectives Adverbs Proper Possessive Cardinal
Length Syn. Parse Nouns pronoun Number
Sentence representation learning from single-task
BiLSTM-Max (on SNLI) 11.86  95.06 85.23 79.72 93.78  94.42 95.51
BiLSTM-Max (on DupQuD) 12.56  93.92 86.85 77.69 95.14  93.25 95.59
BiLSTM-Max (on Multi-NLI)  8.56 94.95 86.88 83.32 94.06 96.30 96.89
BiLSTM-Max (on AIINLI) 1032  95.37 86.91 82.98 93.94 96.27 95.14
Shared-Private (trained on DupQuD, SNLI, and Multi-NLI)

Private Encoder (on DupQuD) 13.44 9391 83.61 76.05 9435 90.73 94.36
Private Encoder (on SNLI) 12.34  93.83 84.66 7647 94.16 93.46 94.69
Private Encoder (on Multi-NLI) 9.80 95.37 87.36 81.97 94.07 96.98 97.10
Shared Encoder 11.17 9441 86.83 81.30 9490 93.05 95.36
Combined Encoder 7.24 95.03 88.10 81.91 9524 9548 96.75
Adversarial Shared-Private (trained on DupQuD, SNLI, and Multi-NLI)

Private Encoder (on DupQuD) 13.44  94.50 85.52 7272 9420 91.98 94.55

Model Type

Private Encoder (on SNLI) 12.34  95.02 86.18 77.70 93.59 93.61 94.17
Private Encoder (on Multi-NLI) 9.80 94.17 86.80 80.94 93.87 96.03 96.53
Shared Encoder 9.73 93.20 85.94 79.60 94.56 87.51 94.69
Combined Encoder 7.16 96.13 87.05 81.59 95.66 94.52 96.49

Table 13: Auxiliary task results for the best two single-task and multi-task learning settings trained
on different combinations of DupQuD, SNLI and Multi-NLI datasets. We use mean square error as
evaluation metric for sentence length prediction and F/ score for other tasks. Underlined values indicate
the best performance among different encoders of the shared-private models trained on the same set of
tasks. Bold-faced values denote the best results across the board.

Model Type ROCStories VIST

PM LSR PMR PM LSR PMR
Sentence representation learning from single-task
BiLSTM-Max (on SNLI) 75.45 75.60 18.87 68.74 69.88 9.01
BiLSTM-Max (on DupQuD) 74.54 74.36 16.52 68.11 69.50 8.25
BiLSTM-Max (on Multi-NLI) 74.04 74.74 17.53 68.13 69.88 9.77
BiLSTM-Max (on AIINLI) 75.92 75.60 18.17 69.58 70.43 9.67

Shared-Private (trained on DupQuD, SNLI, and Multi-NLI)
Private Encoder (on DupQuD) 71.29 72.97 14.11 66.66 68.93 8.09

Private Encoder (on SNLI) 73.91 74.42 16.09 67.73 69.40 8.72
Private Encoder (on Multi-NLI) 73.59 74.25 15.39 68.40 69.60 8.92
Shared Encoder 71.98 73.98 15.66 67.36 69.52 8.92

Adversarial Shared-Private (trained on DupQuD, SNLI, and Multi-NLI)
Private Encoder (on DupQuD) 70.80 72.56 13.31 66.22 68.78 8.11

Private Encoder (on SNLI) 71.32 73.36 15.07 67.15 69.40 8.43
Private Encoder (on Multi-NLI) 73.68 74.85 17.37 68.06 69.88 8.80
Shared Encoder 70.30 72.85 14.11 65.94 68.40 7.46

Table 14: Sentence ordering results for the best two single-task and multi-task learning settings. Under-
lined values indicate the best performance among different encoders of the shared-private models trained
on the same set of tasks. Bold-faced values denote the best results across the board. Due to the structure
of the sentence ordering model, it is not feasible to conduct experiment on the combined encoder, so we
skipped it.



