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Background

Experiments and Results

Definition: Modifying a sentence’s style without changing its content.

Dataset Overview

Applications of “Intelligent NLG system with linguistic attribute control”:

•
•
•

Style Correctness: must conform to the target attribute
Content preservation: must maintain the original content
Grammaticality: must generate fluent language
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Novel iterative matching and translation framework
State-of-the-art performance on two text rewriting tasks
Additional set of 800 sentences rewritten by humans

Task: Formality conversion
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Wonderful place and service.
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Contribution:

Formality Dataset

Task: Sentiment modification

Dialogue generation (Oraby et al., 2018)
Author obfuscation (Kacmarcik and Gamon, 2006; Juola and Vescovi, 2011)
Written communication assistance (Pavlick and Tetreault, 2016)

Challenges regarding three criteria:

•
•
•

Yelp Dataset
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The facilities are horrible.
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Method Overview
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You could purchase it at Amazon.
U can buy it at amazon.

Evaluation Metrics

[1] Cross-Alignment [3] Delete And Retrieve Ours (IMaT)
(2019)
(Li et al., 2018)
(Shen et al., 2017)
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• “Good” = scoring ≥ 4 out of 5
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• Success rate = % of outputs
scoring ≥ 4 in all three metrics

[2] Multi-Decoder
(Fu et al., 2017)
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Method
Existing approaches try to explicitly disentangle content and
attribute information, but this is difficult and often results
in poor content-preservation and ungrammaticality. In
contrast, we propose a simpler approach, Iterative
Matching and Translation (IMaT), which:
(1) constructs a pseudo-parallel corpus by aligning a subset
of semantically similar sentences from the source and the
target corpora;

Success Rate Comparison
29%

(2) applies a standard sequence-to-sequence model to
learn the attribute transfer;
(3) iteratively improves the learned transfer function by
refining imperfections in the alignment.
The proposed methodology is simpler and more robust
than previous GAN/autoencoder techniques, and is free of
manual heuristics such as those used by Li et al. (2018).
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Illustration
Positive sentiment
Negative sentiment
Input (Positive):
Thank you ladies for being awesome!

Informal style
Formal style
Input (Informal):
i tried to like him, bu i just can’t.

Output (Negative) from four systems:

Output (Negative) from four systems:
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Thank you charge up for this food business.
Thank you for it $ poor company.
Thank you ladies for being didn’t.
Thank you for wasting my time you idiots.

I was to him, bu i just can’t.
i tried to him like, but I just should too.
I do not know if you like him but I do not know.
I tried to like him, but I cannot.

Analysis
Analysis 1. Initialization of Pseudo-Parallel Corpus
Our iterative refinement is robust against low-quality pairs
in the initial pseudo-parallel corpus.

Critical Analysis of Previous Datasets
In order to identify the best datasets for evaluation, we asked human judges to assess five popular text
attribute rewriting datasets, namely YELP sentiment modification dataset, FORMALITY dataset,
POLITICAL slant transfer dataset (Prabhumoye et al., 2018; Tian et al., 2018), GENDER transfer dataset
(Prabhumoye et al., 2018), and HUMOROUS-to-ROMANTIC transfer dataset (Li et al., 2018).
For each dataset, we randomly extracted 100 sentences (i.e. 50 per style). For each sentence, we asked
two native English speakers to annotate them with one of three options, i.e. either of the two attributes
or “Cannot Decide”. Based on the collected annotations, we calculate three metrics summarized in the
table:

Analysis 3. Iterative Refinement

FORMALITY

YELP
38.2% Bad
Rewrites

48.2% Bad
Rewrites

Human judgements on the percentage of bad rewrites after the
first pseudo pair matching.

Analysis 2. Effective Denoising Translation
The translation step can effectively denoise the low-quality
pairs in Analysis 1. We show this by the increase of BLEU
score immediately after the translation step.
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