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Introduction

• The core idea of pre-training is to generate similar contextual 

representations for words or sentences with similar contexts.

• Fail to distinguish the affective impact of a particular context

to a specific word since certain words may have special

semantics and sentiments in specific contexts (Agrawal et

al., 2018).

• For example:

• The battery life is long.

• It takes a long time to focus.

😃Positive

😡Negative
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Introduction

• To assist PLMs in obtaining affective information

- Sentiment-aware Pre-training (Abdalla et al., 2019; Fu et al., 2018)

- Sentiment Refinement (Utsumi, 2019; Yu et al., 2018a,b)
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Different Views

• Training a model to pull together an anchor and a positive

sample in the latent space and push apart the anchor from

many negative samples.
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Soft Momentum Contrastive Learning

Momentum Queue:

expand the contrastive samples.

Sentiment Similarity: 

The difference in Valence ratings

between samples thus measures the

sentiment similarity

Sentiment-aware Contrastive Learning:

Token-level (VA Lexicon: Extended-ANEW)

Sentiment-level (VA Corpora: EmoBank) 
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Bad times make a good man

Clumsy birds have to start flying early

always

Token-level Contrastive Pre-training

Sentence-level Contrastive Pre-training
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⚫Valence-Arousal Ratings

bad (Valence: 3.24, negative)

clumsy (Valence: 4.14, negative)

good (Valence: 7.89, positive)

have (Valence: 5.86, neutral)

to (do not appear in lexicon, [MASK])
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Sentiment-aware Contrastive Learning

⚫Hard Labels

⚫ Soft Labels
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Semantic Similarity: 

The similarity distribution of

hidden representations learned

by the encoder in the latent space.

Sentiment Similarity: 

The ratio of samples which

have the same sentiment with

the target token or sentence.

Sentiment Similarity: 

The difference in Valence ratings

between samples thus measures the

sentiment similarity
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Momentum Queue
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⚫ The number of contrastive samples

Previous method can contrast each one with 

other B(i) – 1 samples.

Momentum Queue stores Q(i) samples. Thus, 

we obtain B(i) + Q(i) samples for contrastive 

learning.
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Experimental Settings

• Datasets

– Phrase-level Intensity Prediction (Regression) (Kiritchenko et al., 2016)

– Sentence-level Classification

– Sentence-level Regression

– Aspect-level Sentiment Analysis (Pontikiet al., 2014)

➢ Stanford Sentiment Treebank (SST-2/5) (Socher et al., 2013)

➢ Movie Review (MR) (Pang and Lee, 2005)

➢ Customer Review (CR) (Conneau and Kiela, 2018)

➢ IMDB (Maas et al., 2011)

➢ Yelp-2/5 (Zhang et al., 2013)

➢ Emobank (Buechel and Hahn, 2017; Buechel and Hahn, 2016)

➢ Facebook (Preotiuc-Pietro et al., 2016)

➢ Lap14

➢ Rest14
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Experimental Settings

• Baselines

– General-purposed pre-trained models: 
BERT, XLNet, RoBERTa and DeBERTa

– Sentiment-aware pre-trained models: 

BERT-PT, SentiBERT, SentiLARE, SENTIX and SCAPT

• Evaluation Metrics

– Accuracy (Acc，Classification task)

– Mean absolute error (MAE, Regression task)

– Kendall’s correlation coefficient (k, Regression task)

– Pearson’s correlation coefficient (r, Regression task)
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Experimental Results (Phrase)

Model Word Phrase

k ρ k ρ

General pre-trained models

BERT 0.638 0.841 0.624 0.829

XLNet 0.644 0.852 0.637 0.833

RoBERTa 0.656 0.868 0.642 0.849

DeBERTa 0.667 0.866 0.644 0.852

Sentiment-aware pre-trained models

BERT-PT 0.704 0.880 0.688 0.877

SentiBERT 0.699 0.886 0.692 0.882

SentiLARE 0.712 0.894 0.702 0.891

Proposed model with ablation study

SoftMCL 0.778 0.928 0.775 0.922

w/o WP 0.698 0.878 0.692 0.874

w/o SP 0.702 0.889 0.685 0.865

w/o MoCL 0.724 0.895 0.713 0.904
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Experimental Results (Classification)

Model
SST-2 SST-5 MR CR IMDB Yelp-2 Yelp-5

Acc Acc Acc Acc Acc Acc Acc 

General pretrained models

BERT 90.82 53.37 87.52 88.22 93.87 97.74 70.16

XLNet 92.04 56.33 89.45 88.33 96.21 97.41 70.23

RoBERTa 92.28 54.89 89.41 88.47 94.68 97.98 70.12

DeBERTa 94.82 56.89 89.52 88.49 94.92 97.88 70.22

Sentiment-aware pretrained models

BERT-PT 91.42 53.24 87.30 86.52 93.99 97.77 69.90

SentiBERT 92.18 56.87 88.59 88.24 94.04 97.66 69.94

SentiLARE 94.28 58.59 90.82 89.52 95.71 98.22 71.57

SENTIX 93.30 55.57 - 88.72 94.78 97.83 -

Proposed model with ablation study

SoftMCL 96.54 59.82 92.56 90.02 96.85 98.29 71.76

w/o WP 94.01 58.25 90.14 87.67 94.31 95.73 69.88

w/o SP 93.65 58.04 89.79 87.32 93.96 95.35 69.62

w/o MoCL 91.33 56.61 87.55 85.15 91.62 92.99 67.89
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Experimental Results (Regression)

Model
Emobank Facebook

MAE r MAE r

General pretrained models

BERT 0.581 0.521 0.719 0.635

XLNet 0.523 0.589 0.706 0.654

RoBERTa 0.518 0.592 0.694 0.642

DeBERTa 0.514 0.591 0.711 0.631

Sentiment-aware pretrained models

BERT-PT 0.506 0.610 0.708 0.631

SentiBERT 0.505 0.612 0.688 0.677

SentiLARE 0.498 0.615 0.669 0.671

Proposed model with ablation study

SoftMCL 0.462 0.639 0.642 0.685

w/o WP 0.475 0.629 0.663 0.661

w/o SP 0.495 0.620 0.734 0.634

w/o MoCL 0.492 0.622 0.710 0.662
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Experimental Results (Aspect Classification)

Model

Aspect-level sentiment classification

Lap14 Res14

Acc F1 Acc F1 

General pretrained models

BERT 78.53 73.11 83.77 76.06

XLNet 80.00 75.88 84.93 76.70

RoBERTa 81.03 77.16 86.07 79.21

DeBERTa 81.14 77.22 86.12 79.43

Sentiment-aware pretrained models

BERT-PT 78.46 73.82 85.58 77.99

SentiBERT 76.87 71.74 83.71 75.42

SentiLARE 82.16 78.70 88.32 81.63

SENTIX 80.56 - 87.32 -

SCAPT 82.76 79.15 89.11 83.91

Proposed model with ablation study

SoftMCL 83.82 81.08 89.23 83.95

w/o WP 81.63 78.96 86.91 81.75

w/o SP 81.31 78.66 86.57 81.43

w/o MoCL 79.29 76.7 84.42 79.41
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More Detailed Analysis

(a) The effect of different balance 

coefficient.
(b) The effect of different temperature.

(c) The effect of different momentum 

coefficient.
(d) The effect of different queue size.
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More Detailed Analysis

⚫ The training loss curve of the proposed SoftMCL on word- and sentence-level pre-

training. The SoftMCL model gradually converges within 40,000 steps for word-

level and 10,000 steps for sentence-level.
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Conclusions and Future Work

• This study proposed a soft momentum contrastive

learning for sentiment-aware pre-training on both the

word- and sentence-level to enhance the PLM's ability

to learn affective information.

• Future Work

– Incorporate the sentiment information into decoder-only architecture.

– Conduct more detailed analysis to continue enhancing the proposed 

method.



LREC-COLING 2024

Thank You for listening 
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