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Abstract- Text style transfer aims to change the style of the input
text in graphs to the target style while preserving the content to
some extent. In previous work, researchers defined style of a
sentence as one or some of its attributes, including but not limited
to sentiment, formality, factuality, etc. Hence, the goal has been to
change the specified attribute or attributes in the input sentence to
the target attribute or attributes. For example, changing a positive
sentence to a negative sentence while keeping its key information.
However, due to the lack of parallel data and evaluation metric,
there has been a slow growth in this field compared to others. To
explore this, the paper includes several current experiments and
pipelines that have been modified for the purpose. Datasets such
as the Yelp Reviews have been used, along with other sentiment
analysis dataset, and modified setup and code to get original
results and get an understanding on the existing solutions.

Index Terms- deep learning, natural language processing,
knowledge graphs, text generation, style transfer

. INTRODUCTION

Text generation has been a computationally complex task as it
involved generating texts with complex semantical
understandings of content and context of language. A recent paper
[1] proposes to solve the problem of generating coherent multi-
sentence texts from the output of knowledge graphs, an
information extraction system. As we know, language generation
consists of 2 broad components — realization and planning.
Realization is generating text regardless of its meaning, relation to
other texts, or overall semantics. However, planning is the process
of ensuring long-term dependencies between entities in the text are
resolved and are related to each semantically. The Graph Writer
generates an abstract from words in the title and the constructed
Knowledge graph. This paper has proposed a new graph
transforming encoder which improves the relation structure of
knowledge graphs by applying sequence transformers to graphs
structured inputs, without imposing linearization constraints.

Similar to text generation, text-style generation is changing the
style of text in a knowledge graph whilst preserving its contents.
Recent papers propose [2][5][6] to improve content preservation
during style transfer to minimize the content changing after text
style transfer. This is done by using an Attentional auto encoder
and a binary style classifier to generate sentences within the target
style. Then it uses the distance between POS information of the
input and output sentence. Most of the content of sentences is
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captured by nouns, hence the model forces the decoder to output
sentences with similar nouns (this is different for other models,
where some might use verbs as better information).

A POS Tagger is used to extract nouns from both input and
generated sentences, while a content conditional language model
to enforce the output sentence to contain desired nouns, as well as
make the output sentence more fluent.

Il. RELATED WORKS

A. Text Generation

For Text Generation, Koncel-Kedziorski et al. [1] created the
AGENDA dataset, with 40k paper titles and abstracts from
semantic scholar corpus taken from proceedings of 12 Al
conferences. The dataset was fed to the model after the graph
creation and pre-processing.

Figure 1 [1]: Converting disconnected labelled graph to
connected unlabeled graph for use in attention-based encoder.

As shown in the above picture, after the ScilE system of Luan et
al. [3], a state-of-the-art science main information extraction
system is applied, it extracts entities and labels them, and also
creates coreference annotations, which are then converted to
single labelled edges. Each graph is then converted to a
connected graph because of an added Global Node that all other
nodes are connected to represented by G in Figure 1.
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Figure 2 [1]: GraphWriter Model Overview

In Figure 2, the title is encoded with a BiLSTM [8], using 512-
dimensional embeddings and no pre-trained word embeddings
were used for this.

For the graph encoder, each vertex representation v; is
contextualized by attending over the other vertices to which v; is
connected in G. The graph encoder then concatenates the
products of attention weights resulting from N attention heads to
create a set of vertex embeddings. These embeddings are then
augmented with block networks consisting multi-headed
attention layers, with block of two layers each. Multiple blocks
help information to propagate through the graph. The resulting
vertex encodings represent entities, relations, and the global node
contextualized by their relationships in the graph structure.

The decoder was attention based, with a copy mechanism for
copying input from the knowledge graph and title. Moreover, a
hidden state his used at each time step t. From the encodings
created with the encoder, context vectors Cq and Cs are computed
using multi-headed attention. These context vectors are then
concatenated together to make C; the total context vector. From
this, the probability of copying a token from a word is calculated,
and then the final next token probability distribution.

A. Text Style Transfer

For Text Style transfer, Tian et al. [2] experimented on sentiment
manipulation that is investigating if the model can maintain the
sentiment-independent content and prevent it from changing. A
filtered form of the Yelp reviews dataset is used and tokens are
added for certain situations to sentences. Accuracy and BLEU
score is then calculated and also the POS information to test
model’s content preserving ability. A human annotated sentence
dataset is also used that includes human generated sentences with
desired style and preserved content. Hence, BLEU scores against
both original, and human sentences are used to evaluate the
models.

Fu et al. [4] also proposes style transfer through non-parallel data
due to the lack of availability of parallel data when attempting to
transfer styles. The paper aims to two evaluation metrics to
measure to style transfer aspects: transfer strength and content
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preservation. For this, two transfer tasks are used: Paper-news
title transfer and positive-negative review transfer. The paper
proves that the evaluation metrics proposed highly correlate with
the human judgement.

Here, the first task is the transferring of source style to target
style, where transfer strength evaluates whether the style is
transferred. There were more than 100,000 training data for this
task, and an LSTM-sigmoid classifier was used which performs

. . . N
well in big data. Here transfer strength was defined as —2
total

wherein N is the number of test data right, upon the total test
data. Here, the target style was positive when the output < 0.5,
and negative when output > 0.5.

The second task, content preservation, evaluated the similarity
between source text and target text. Content preservation rate is
defined as cosine distance between source sentence embedding vs
and target sentence embedding v:. For this, pretrained 100-
dimensional word embeddings were used to compute sentence
similarities. For the positive and negative review transfer task,
sentiment words were filtered out the to make sure the content
preservation metric indeed measured the content similarity. A
positive and negative word dictionary is used to conduct the
filtering.

I1l. RESULTS

The code implementation used an imported modified dataset with
reduced size. The required libraries were installed according to
stated dependencies. Then the train.py file ran, which generate a
log file of the trained weights after 20 epochs with learning rate of
0.1. This was the lost epoch trained:
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Figure 3: Last Epoch training details
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like 4@k -- current avg loss

Then used the file of the last loss (vloss19) to run generator.py to
generate 1000 sentences, with the corrected sentence structure.
Below are the first 4 outputs | was able to generate:
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Figure 4: First four generator.py outputs of abstracts

Below is an example from the output:

Original Abstract:

this paper proposes an approach for AUTOMATIC ROAD
EXTRACTION in AERIAL IMAGERY which exploits the
SCALE-SPACE BEHAVIOR OF ROADS in combination
with  GEOMETRIC CONSTRAINED SNAKE-BASED
EDGE EXTRACTION . the approach not only has few
parameters to be adjusted , but for the first time allows for a
BRIDGING OF SHADOWS and partially occluded areas
using the heavily disturbed evidence in the image . the road
network is constructed after extracting <unk> of various shape
and topology . reasonable results are obtained which are
evaluated based on ground truth.

The Graph Writer Generated Abstract:

in this paper , we present a method for AUTOMATIC ROAD
EXTRACTION in AERIAL IMAGERY . the approach is
based on GEOMETRIC CONSTRAINED SNAKE-BASED
EDGE EXTRACTION from AERIAL IMAGERY . the
algorithm is based on GEOMETRIC CONSTRAINED
SNAKE-BASED EDGE EXTRACTION in AERIAL
IMAGERY . the algorithm is based on GEOMETRIC
CONSTRAINED SNAKE-BASED EDGE EXTRACTION
and is shown to be robust against AERIAL IMAGERY . the
algorithm has been tested on a variety of AERIAL IMAGERY
, and it is shown that the proposed method has better
performance than existing methods .

When first trained on all columns of the test.tsv dataset and ran the
eval.py file, the following BLUE scores were received:

Table 1: Scores for running entire script

Bleu_1 21.056712675994802
Bleu_2 12.158468404347657
Bleu_3 7.304507502503695
Bleu_4 4.484571389432444
ROUGE_L 16.145650769074155
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However, these results weren’t matching with the expected results,
and hence only the Golden Targets in test.tsv were used. Hence,
when trained on that, results has a higher accuracy to the original.

Table 2: Scores for running selected column

Bleu_1 31.306484663928753
Bleu_2 13.864942960995666
Bleu_3 6.704610880358337

Bleu_4 3.7343222819736184
ROUGE_L 20.172933649668305

Blue_2 matched was the closest to the result on the paper, which
was 14.3 + 1.01.

IV. CONCLUSION

The paper proposes to generate texts with complex accurate

semantic fields accurately. It also expands on changing style of the
text while preserving its contents. Possible extensions could be to
use different languages for text generation, and perform style
transfer without parallel data. This can also be helpful in
generating large quantities of text that are randomized and
semantically not accurate in nature.
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