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Opinion Summarization

Input = large set of reviews (typically ≈ 300 sentences) for a place-of-interest or a product:

I bought this for my son as a Christmas gift . After less than 3 weeks of ordinary use , the strap is ripping away from the case . I guess it 's okay for storage or infrequent use , but it 's too flimsy for daily use .

... I have a Dell 1150 14 '' screen and I had to return the case because it was n't big enough . Also , the hole in the back pocket (for sliding on the luggage carrier) seems a little big -do n't know if I would trust papers not to fall out of there .

Output = summary of the reviews

The quality of the bag is outstanding. The design is perfect to fit the laptop, batteries, pens, paperwork, etc.. The padding inside really keeps the laptop secure. Nice looking, and well built. There is NO way this thin! thin! thin! case would protect a pencil let alone a heavy laptop. but will brake due to poor quality.

[Extract from Oposum dataset, [START_REF] Angelidis | Summarizing opinions: Aspect extraction meets sentiment prediction and they are both weakly supervised[END_REF] Opinion summarization is a type of multidocument summarization task. Some challenges for opinion summarization:

• Contradictory opinions • Non-relevant information
• Multiple aspects (ex: about a restaurant, quality of food, of drinks, price, location, atmosphere)

Prior Work

• Most prior work on unsupervised (or weakly supervised) opinion summarization is extractive, i.e. select a subset of sentences supposed to be representative of the reviews [START_REF] Dragomir | Centroid-based summarization of multiple documents[END_REF][START_REF] Mihalcea | TextRank: Bringing order into text[END_REF][START_REF] Angelidis | Summarizing opinions: Aspect extraction meets sentiment prediction and they are both weakly supervised[END_REF].

• Abstractive unsupervised methods are either based on word graphs [START_REF] Ganesan | Opinosis: A graph based approach to abstractive summarization of highly redundant opinions[END_REF] or more recently on the seq2seq paradigm [START_REF] Chu | MeanSum: a neural model for unsupervised multi-document abstractive summarization[END_REF].

• Our proposal is based on the approach by Chu and Liu [2019, MeanSum], who leverages a neural seq2seq sentence auto-encoder to perform summarization. In MeanSumn, the model computes the average representation of all available reviews and uses it to seed the decoder of the auto-encoder.

In our work, we explore other ways to aggregate representations and construct a summary and argue that the mean of reviews' representations is not a good summary of the representations.

Model

Overview of the approach Our approach consists in the following general pipeline:

Aspect-aware Clusters LSTM (dec) LSTM (enc) Summary sentence i sentence j Aggregation Input reviews 1. Encoding step: sentence -→ vector (LSTM) 2. Clustering step: cluster sentence representations into meaningful groups (i.e. cluster together sentences that are about the same aspect). We experiment with:

• Aspect classification • Kmeans 3. Aggregation step: compute a single vector representation for each cluster, from the representations of sentences in the cluster. We first prune the cluster to the 16 most salient elements (see next section) and compute their average. This is a form of hard attention over sentence representations.

4. Generation step: generate a sentence for each cluster, using the same LSTM as in the encoding step.

Injecting Knowledge with Multitask Learning

• We use K-means as the baseline clustering method.

• As a more involved strategy, we use an aspect classifier, trained jointly with the LSTM language model. → requires a small amount of annotated data.

-The input to the aspect classifier is the sentence representation, as computed by the LSTM.

-At test time, we generate 1 sentence per aspect.

• Pruning based on polarity predictions: we also use a polarity classifier (3 classes: positive, neutral, negative) to perform pruning in each cluster. For each cluster we keep the 16 sentences for which the polarity classifier decision is the most confident

Training Objective

We use a multitask objective:

• Language modelling (L lm )

• Aspect classification (L aspect )

• Polarity classification (L polarity )

L lm = n i=1 -log P (w i |w i-1 0 ; θ LSTM ), L polarity = -log P (y p |w n 0 ; θ LSTM , θ polarity ), L aspect = -log P (y a |w n 0 ; θ LSTM , θ aspect ), L MTL = L lm + L polarity + L aspect ,

Experiments and results

• Dataset: Oposum [START_REF] Angelidis | Summarizing opinions: Aspect extraction meets sentiment prediction and they are both weakly supervised[END_REF], reviews for 6 product types (each model is for a single product type) • Decoding: for each cluster, we perform top-k sampling [START_REF] Fan | Hierarchical neural story generation[END_REF] 10 times and rerank sentences based on their similarity to the cluster centroid. 

Model Variations

Discussion

• Clustering is crucial to obtain good results.

• MTL training has no effect when using K-means clustering.

• Aspect classification leads to sightly better results than K-means, despite very small amount of aspect-annotated data for training the classifier (700 sentences). • Our model still falls short of the extractive system of [START_REF] Angelidis | Summarizing opinions: Aspect extraction meets sentiment prediction and they are both weakly supervised[END_REF].
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	Setting	Clustering		Training objective	
	Mean	No clustering (like MeanSum) L lm		
	Kmeans	K-means		L lm		
	Kmeans + MTL K-means		L MTL		
	Aspect + MTL supervised aspect classification L MTL		
	ROUGE-L evaluation per product type				
	Model	Bags and cases Bluetooth	Boots	Keyboards	TV	Vacuums
	TextRank	0.35	0.28	0.31	0.30	0.30	0.30
	Mean	0.18 ± 0.03 0.15 ± 0.02 0.16 ± 0.02 0.17 ± 0.02 0.16 ± 0.03 0.15 ± 0.02
	Kmeans	0.38 ± 0.02 0.37 ± 0.01 0.37 ± 0.01 0.37 ± 0.01 0.35 ± 0.01 0.38 ± 0.02
	Kmeans + MTL 0.38 ± 0.01 0.36 ± 0.01 0.38 ± 0.02 0.35 ± 0.01 0.35 ± 0.02 0.36 ± 0.02
	Aspect + MTL	0.4 ± 0.02	0.38 ± 0.01 0.38 ± 0.01 0.38 ± 0.01 0.37 ± 0.01 0.39 ± 0.01
	ROUGE-{1, 2, L} metrics on the full dataset			
	Model		ROUGE-1 ROUGE-2 ROUGE-L
	TextRank	0.27 ± 0.02 0.03 ± 0.0 0.31 ± 0.02
	Mean		0.12 ± 0.02 0.01 ± 0.01 0.16 ± 0.03
	Kmeans	0.32 ± 0.02 0.05 ± 0.01 0.37 ± 0.02
	Kmeans + MTL 0.31 Angelidis and Lapata [2018] 0.44	0.21	0.43