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Abstract. Current abstractive summarization models consistently outperform ex-
tractive counterparts yet are unable to close the gap with theoretical extractive 
upper bound. Recent research suggests that the reason lies in the lack of planning 
and bad sentence-wise saliency intuition. Existing solutions to the problem either 
require new fine-tuning sessions to accommodate the architectural changes or 
disrupt the natural information flow limiting the utilization of accumulated global 
knowledge. Inspired by text-to-image result blending techniques we propose a 
plug-and-play alternative that preserves the integrity of the original model, biased 
encoder mixture. Our approach utilizes attention masking and Siamese networks 
to reinforce the signal of salient tokens in encoder embeddings and guide the 
decoder to more relevant results. The evaluation on four datasets and their re-
spective state-of-the-art abstractive summarization models demonstrate that bi-
ased encoder mixture outperforms the attention-based plug-and-play alternatives 
even with static masking derived from sentence saliency positional distribution.  

Keywords: Abstractive Summarization, Content Control, Attention Mecha-
nism. 

1 Introduction 

The quality of automatic summarization has improved substantially in the past decade 
thanks to advances in neural language modeling. The basis of the state-of-the-art ap-
proaches are pre-trained transformer language models that efficiently integrate global 
contextual knowledge through multi-head attention mechanism. The pre-trained mod-
els vary in both attention mechanism architecture and pre-training tasks, however the 
baseline generative language models such as BART [1] and Pegasus [2] have the best 
average performance. Recent works [3, 4, 5] showed that with proper fine-tuning pro-
cedure these generative models outperform methods with additional input [6] or com-
plex post-generation result refinement [7, 8]. At the same time, it was also shown that 
abstractive summarization approaches based solely on pre-trained language models 
lack understanding of extractive side of the task in terms of sentence-wise saliency [6, 
9].  

Improving extractive intuition can significantly boost the quality of generated sum-
maries as well as provide better control over the generation process. However, the main 
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issue with existing approaches is the need to alter either the architecture of the model 
[9] or the input format [6] which in turn requires a new fine-tuning session. This trait 
renders these approaches incompatible with existing state-of-the-art summarization 
models that were tailored to specific data representations and pre-trained language 
models [3, 4, 5]. 

Inspired by text-to-image result blending techniques [10], we propose Biased en-
coder mixture, an alternative solution to integrating the extractive summarization 
knowledge without interfering with the existing abstractive framework structure. Our 
method exploits the attention mechanism and Siamese networks to reinforce the signal 
of salient sentences in document embedding thus encouraging the decoder to better uti-
lize the selected content. Unlike previous attention-based approaches [11, 12, 13] en-
coder mixture retains the original information flow and doesn’t introduce additional 
model parameters. 

We test Biased encoder mixture on four diverse datasets of CNN / Daily Mail, Xsum, 
ArXiv and SAMSum. The evaluation demonstrates that the proposed approach consist-
ently outperforms previous approaches even with static positional masking derived 
from extractive oracle sentence distribution. Employing an auxiliary extractive summa-
rization model for dynamic masking further boosts the quality of generated summaries 
bringing up to a 7% ROUGE-2 relative increase to state-of-the-art abstractive summa-
rization models. 

2 Related work 

One of the first models to surpass extractive baselines was Pointer-generator network 
[14] that utilized explicit copy-mechanism to bridge the gap between abstractive and 
extractive models. This model was further improved with auxiliary content selection 
module [15] that limited the copy attention of Pointer generator to the most salient parts 
of source document. Further development of the idea led to introduction of EASE [11] 
joint extractive-abstractive training that optimizes content selector to maximize the 
quality of abstractive summarizer. The maximal effect of joint training was achieved 
with SEASON [9] model that integrated the content selector in Transformer encoder-
decoder abstractive summarization model by training encoder to provide sentence sali-
ency weighs for cross-attention. 

A similar line of work augmented the content control signal through additional net-
work components. Lebanoff et al. [16] proposed complementing word embeddings with 
highlight embeddings extracted from content selector to perform cascade summariza-
tion. Ji et al. [17] improved the approach by extending to inter-layer encoder embed-
dings and constructing highlight embeddings within the main model. To preserve initial 
embeddings Dou et al. [6] proposed GSum approach, encoding arbitrary guidance 
query in Siamese network fashion and passing it to additional cross-attention block in 
decoder layer. Cao et al. [12] adapted Bottom-up [15] attention modulation approach 
to Transformer architecture and proposed guiding individual cross-attention heads. 
Xiao et al. [13] combined attention modulation and GSum by introducing relevance 
attention that corrects cross-attention weights. 
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3 Motivation and methodology 

Extractive summarization can be thought of as a variant of abstractive summarization 
whose phrasal vocabulary is constrained to fragments of the source document. How-
ever, in practice the neural abstractive summarization models are trained in the same 
fashion as neural machine translation models, which is estimation of conditional lan-
guage distribution that models the probability of the next generated token. This means 
that to copy an exact text fragment the model must generate each token separately re-
lying on likelihood estimation of each subsequence. Moreover, the decision of copying 
the fragment is based on the inference-time history of generated tokens which contra-
dicts the natural human behavior of initially extracting the salient content and only then 
fusing and paraphrasing the fragments into sentences [18]. 

With the current abstractive summarization paradigm, the preliminary salient con-
tent selection can be done in two ways. Amid the rise of cloud LLMs (e.g. ChatGPT) 
the most popular is a two-step approach of reducing the document to the most salient 
fragments using the extractive summarization model and then summarizing these frag-
ments with abstractive model [19, 20]. While the approach is easy to implement it is let 
down by the suboptimality of extractive summarization systems. 

The performance of current state-of-the-art systems is substantially lower than the-
orized upper bound, known as extractive oracle which is commonly [21] obtained by 
solving the following problem: 

Oracle(𝑋𝑋, 𝑦𝑦) = arg max
𝑥𝑥𝑖𝑖⊂𝑋𝑋

ROUGE-2(𝑥𝑥𝑖𝑖 ,𝑦𝑦) 

where 𝑥𝑥𝑖𝑖 is subset of sentences from document 𝑋𝑋, 𝑦𝑦 is the reference summary. This 
ideal solution is limited to the most relevant sentences and hence is not guaranteed to 
contain all necessary information for deduction of factually correct abstractive sum-
mary. On the other hand, the existing extractive summarization systems fail to include 
this information either. It was shown [22] that the extracted subsets usually distort in-
formation and create discourse and coreference resolution errors leading to unintended 
results in second-stage abstractive summarization systems.  

A more reliable way to filter out the salient content is through input suppression. The 
idea is to assign weights to tokens with respect to their relevance of content and use the 
weights as an extractive guidance in the generation process. This approach allows to 
retain the full information flow and at the same time ensure that the abstractive sum-
marization model would follow the predefined content selection plan. Token weighting 
is commonly performed through either attention mechanism [15, 12, 11, 13] or addi-
tional architectural components/input [6, 9, 16, 17]. In the era of pre-trained language 
models, the former plug-and-play approach has a higher preference as it doesn’t inter-
fere with knowledge accumulated during pre-training stage. 
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3.1 Attention distribution discrepancy 

 
Fig. 1. Comparison of sentence-wise attention and Extractive Oracle positions 

Integrating the extractive knowledge has been repeatedly shown to singnificantly boost 
the quality of generated summaries [6, 23, 12]. However, none of the works 
investigated the reasons behind the such positive changes. 

We measured the cumulative sentence-wise attention of state-of-the-art abstractive 
summarization models using the ALTI [24] method and compared the positional distri-
bution to Extractive Oracle on CNN \ Daily Mail and ArXiv datasets (Fig. 1). Both 
datasets are known to exhibit strong leading sentence bias and the models are expected 
to reflect it in their attention patterns. CNN / Daily Mail focuses on news summarization 
and the news articles are written in accordance with inverted pyramid scheme. This 
scheme dictates that the information in the text must be delivered in order to its im-
portance, so the reader skimming through the introductory sentences would get the 
same idea of the described event as the one who reads the full text. Similarly, scientific 
articles from ArXiv usually base their abstracts on the introduction section of the article 
and thus the respective sentences have the highest saliency. However, contrary to ex-
tractive distribution, BART is weakly biased and Pegasus possess almost uniform at-
tention distribution. Therefore, the benefits of extractive knowledge integration come 
from weak sentence-wise saliency intuition of pure abstractive summarization models. 
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3.2 Biasing attention with encoder mixture 

 
Fig. 2. Illustration of Biased encoder mixture 

Correcting the attention distribution is the key to boosting the performance of fine-tune 
models. A straightforward approach is to utilize the existing binary attention masking 
mechanism to condition the model on the salient sentences. The disadvantage of hard 
masking is the total loss of secondary information as if the input text was filtered before 
passing to the abstractive summarization model. This method was tested in plug-and-
play [17] and joint-training [11] scenarios and resulted in performance degradation 
even with additional pre-training.  

Soft masking use the weight scheme to apply a relatively small penalty on selected 
positions to promote the remaining content. This approach has been tested separately 
on encoder self-attention [23] and decoder cross attention [17, 23, 12] with varying 
degree of success. The most successful variant [12] in terms of efficiency and con-
sistency is to apply soft attention masking to decoder cross-attention of selected layers 
and attention heads. However, unlike other soft masking alternatives partial masking 
can’t be used in zero-shot fashion as the optimal set of layers and attention heads differ 
from model to model and thus must be tuned on validation set. 

We hypothesize that a similar result may be achieved by altering embeddings di-
rectly. The existing works applied embedding modulation [17, 16] to encoder part of 
encoder-decoder models and achieved a significant improvement in supervised setting. 
However, these methods can’t be used without fine-tuning as they modify input format 
and alter the intermediate embeddings of encoder layers.  

To adapt embedding modulation to plug-and-play scenario the points of modifica-
tion must be limited to model agnostic checkpoint, the final output of the encoder. This 
approach has been used in text-to-image DALLE-2 [10] model to merge the results of 
different prompts by interpolating the textual embeddings obtained by CLIP [25] en-
coder. Following this idea, we propose Biased encoder mixture (Fig. 2), which exploits 
binary attention masking and Siamese architecture to merge the generation results of 
the original and saliency-filtered variants of the input document. Merging allows to fill 
the information gaps created by binary masking and reinforces the signal of the salient 
tokens in the original model. 

Biased encoder mixture (BEM) augments the encoder-decoder abstractive summa-
rization model with auxiliary biased input encoder. We consider two auxiliary models,  
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the original encoder and identity encoder. The latter is obtained by additionally training 
the original encoder to output embeddings that would force the decoder to generate an 
identical copy of the input text. This supplements the saliency information with extrac-
tion signal that would boost the probability of copying the fragments from the source 
document. For interpolation we employ linear (lerp) and spherical (slerp) as they have 
different transformation trajectories [10]. The bias mask is obtained in two ways, stati-
cally from oracle sentence distribution (Fig. 1) and dynamically from sentence ranking 
predicted by extractive summarization model. In both cases the masking positions are 
obtained by sampling the top-p percentile of distribution.  

4 Experiments 

In this section we show the results of different attention modulation methods condi-
tioned on extractive prior knowledge. To explain the effect on summary generation 
process we provide analysis of the methods in terms of content changes. 

4.1 Experimental Setting 

Table 1. Statistics of experimental datasets 

Dataset # examples in 
Train/Val/Test 

# words Extractiveness 

Source Target Comp. Coverage Density 
CNN / Daily 
Mail 287K / 13K / 11K 698.6 49.53 0.09 88% 3.77 

Xsum 203K / 11K / 11K 383.17 21.74 0.1 64% 1.06 

ArXiv 203K / 6K / 6K 5179.22 257.44 0.04 87% 3.94 

SAMSum 14K / 818 / 819 97.23 21 0.25 68% 1.46 

Datasets. For the experiments we chose four abstractive summarization datasets that 
were used in recent works [3, 5, 4]. CNN / Daily Mail [14] contains news articles and 
associated editor highlights acting as summaries from CNN and Daily Mail. Xsum [26] 
is a more abstractive counterpart with one-sentence summaries web scraped from BBC 
online news portal. ArXiv [27] is a collection of article-abstract pairs from ArXiv sci-
ence article archive. SAMSum [28] is a human-annotated dialogue summarization da-
taset, which is created by asking linguists to create messenger-like conversations and 
then asking another group of linguists to write summaries. Dataset length statistics and 
extractive characteristics [29] are reported in Table 1. 

Baselines. Besides current state-of-the-art abstractive summarization models we com-
pare the performance of our methods with common extractive baselines and popular 
attention-based content control methods. As for abstractive (Original) we use BRIO 
(BART) [3] for CNN / Daily Mail, BRIO (Pegasus) [3] for Xsum, Pegasus [2] for 
ArXiv, BART [1] for SAMSum. For extractive we use Extractive Oracle [21] and 
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BERTSumExt [21] model (denoted as BERTExt). For attention manipulation we con-
sider three methods. Standard binary attention masking of chosen subset of source sen-
tences, Layer attention [12] which applies the binary mask to cross attention of selected 
decoder layer and Relevant Attention [13] which modulates the cross attention with 
query-source similarity matrix (in our case query is concatenated sentence subset). 

Table 2. Optimal parameters for attention correction methods 

Data Masking top-p Layer  
attention 

Relevance 
attention 

BEM-id BEM-original 

CNN /  
Daily Mail 

static 0.25 5 0.05 0.1 / slerp 0.1 / lerp 
dynamic 3 0.05 0.1 / slerp 0.2 / slerp 

Xsum static 0.2  2 0.01 0.1 / lerp 0.2 /lerp 
dynamic 1 0.01 0.1 / slerp 0.1 /slerp 

ArXiv static 0.26 4 0.01 0.1 / lerp 0.1 / lerp 
dynamic 3 0.03 0.1 /slerp 0.2 /slerp 

SAMSum static 0.32 5 0.03 0.1 / slerp 0.1 / slerp 
dynamic 3 0.03 0.1 /lerp 0.1 /slerp 

Implementation details. Due to input length limitations of backbone abstractive sum-
marization models, we truncate the input documents to the first 1024 tokens. To train 
identity encoders we freeze the decoders abstractive summarization models and train 
encoders on corresponding dataset on auto-encoding task (generate the original input). 
Dynamic mask is obtained from sentence saliency ranking predicted by BERTExt 
model. The top-p sampling percentile for both static and dynamic masking is deter-
mined by 90th percentile of reference-source sentence count ratio to ensure reference-
source sentence alignment and accommodate for saliency ranking error. The interpola-
tion method and 𝜆𝜆 coefficient for biased encoder mixtures is determined for each dataset 
independently with grid search (grid size for coefficient search is 0.1). Similarly, for 
Layer attention and Relevant attention we use grid search to find optimal masking layer 
and relevance modulation coefficient. The exact values can be found in Table 2. 

4.2 Results 

The results of attention correction experiments are reported in Table 3. Each data sub-
section is split into static masking and dynamic masking blocks, each showing the per-
formance of Extractive Oracle, the original abstractive summarization model and the 
results of attention biasing methods. 

As can be seen with static oracle distribution-based attention masking the improve-
ments in the majority of cases is marginal. Binary masking being the strictest form of 
attention control only degrades the performance of the original model as it completely 
restricts the input information. A more precise approach such as layer attention is more 
stable yet improves only certain ROUGE aspects. Relevance attention has comparable 
performance however is less efficient on more abstractive datasets such as XSum. Bi-
ased encoder mixture is more consistent with performance improvements. An identity 
auxiliary encoder  with attention masked input (BEM-id) is the most stable approach as 
it is the only one to show the improvements on SAMSum dataset. A simpler Siamese 
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BEM variant (BEM-original) better utilizes the attention guidance on BRIO contrastive 
-tuned models suggesting a correlation with encoder discrimination power. 

Table 3. Results of attention correction experiments 

Data Model Bias method Static Dynamic 
R1 R2 RL R1 R2 RL 

CNN / 
Daily 
Mail 
 

BERTExt - 42.21 20.25 38.87    
Oracle - 53.88 32.73 49.97    
BRIO 
(BART) 

- 47.14 23.75 44.33    
Binary 46,38 22,55 43,28 33.36 12.60 32.02 
Layer attention  47.68 23.70 44.98 48.69 24.56 45.46 
Relevance attention  47.22 23.81 44.31 47.50 24.06 45.02 
BEM-id  47.44 24.36 44.46 47.40 24.45 44.89 
BEM-original 47.63 24.21 44.77 49.08 25.57 46.18 

Xsum 
 

BERTExt - 21.55 4.90 14.41    
Oracle - 27.52 7.59 21.46    
BRIO 
(Pegasus) 

- 47.30 24.46 39.29    
Binary 45,90 22,82 37,45 34.77 14.12 27.48 
Layer attention 47.55 24.47 39.49 47.48 24.60 39.58 
Relevance attention 47.48 24.60 39.39 47.55 24.65 39.47 
BEM-id 47.40 24.43 39.24 47.70 24.95 39.41 
BEM-original 48.16 24.84 39.81 47.88 24.81 39.54 

ArXiv 
 

BERTExt - 41.25 15.63 29.88    
Oracle - 53.24 23.31 32.42    
Pegasus - 43.44 16.22 25.66    

Binary 42,54 14,85 24,90 42.64 14.95 24.64 
Layer attention 43.44 16.34 25.67 43.70 16.41 25.66 
Relevance attention 43.46 16.37 25.67 43.62 16.19 25.63 
BEM-id  44.18 16.54 25.61 44.64 16.86 25.81 
BEM-original  43.62 16.30 25.64 44.52 17.13 26.03 

SAM-
Sum 

BERTExt - 34.07 12.48 30.69    
Oracle - 45.21 17.58 39.55    
BART - 53.39 28.32 44.12    

Binary 49.51 24.14 40.60 34.20 15.84 28.47 
Layer attention 53.37 28.26 44.00 54.57 29.33 45.30 
Relevance attention 53.11 27.99 43.65 53.65 28.21 44.03 
BEM-id  53.20 28.76 44.45 52.69 27.95 43.70 
BEM-original  53.29 28.15 44.18 53.93 28.61 44.52 

 
With extractive summarization dynamic attention masking the quality improvements 

are much more noticeable. Layer attention stabilizes and show quality gains on all 
ROUGE aspects. Relevance attention on the other hand struggles to utilizes the im-
proved guidance signal and shows similar scores. In contrast, BEM ranking reverses as 
BEM-original demonstrates the best overall performance. The Siamese variant 
achieves almost 8% and 6% relative ROUGE-2 improvement over the original model 
on CNN / Daily Mail and ArXiv respectively. At the same time the efficiency is much 
lower on datasets with higher abstractiveness of reference summaries as extractive 
strategies aren’t optimal and thus the extractive summarizer can’t properly estimate the 
alignment of source sentences with the reference summary. 
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Fig. 3. Relative positions of the original generated summary altered by attention methods. 

To better understand the effect of attention modulation we investigated the alteration 
patterns of the original summary on CNN / Daily Mail (Fig. 3). In practice, the original 
generation can disagree with the reference on any token, i.e., the attention modulation 
method should have a uniform token alteration pattern. However, Relevance attention 
tends to introduce the changes at the latter stages of generation, thus preserving the 
possible errors in the beginning of generated summary. While Layer attention shares 
this pattern it is more radical with corrections, overwriting the tokens as early as at 40% 
of generated length and guaranteeing an alternative ending. As can be seen the distin-
guishing trait of Biased encoder mixture is a more uniform alteration pattern with much 
slighter bias towards concluding tokens, meaning that the generation process may start 
diverging from the original even at the first token. 

 
Fig. 4. Semantic distribution of summaries by attention correction methods 

We additionally inspected the semantic characteristics of attention biased summaries 
with Sentence Transformers1 (Fig. 4). Beside later summary generation changes Rele-
vant attention is also conservative about their semantic nature keeping the majority of 
new summaries within 0.9 of cosine similarity with the original. Following the previous 
trend, Layer attention has a wider range of semantic changes and better utilizes the 
extractive signal to align with estimated Oracle yet still remains discreet. In contrast 
Biased encoder mixture seems to much less frequently preserve the semantic meaning 
of the summary diverging by 0.6 at extreme cases. The additional interpolation trajec-
tory plot shows that Biased encoder mixture initially increases similarity with Oracle 
sentences as interpolation coefficient increases but past 0.2 value starts moving away 
from both Oracle and the original summaries suggesting a significant corruption of in-
formation flow. 

 
1  We used 'all-mpnet-base-v2' model available at https://www.sbert.net 
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5 Conclusion 

In this paper we proposed Biased encoder mixture (BEM) a plug-and-play approach for 
content control in encoder-decoder abstractive summarization models based on Sia-
mese networks and attention masking. We tested the approach on integration of extrac-
tive summarization knowledge in state-of-the-art pure abstractive summarization mod-
els. The evaluation on four popular datasets demonstrates that BEM is efficient even 
with static content selection strategies, outperforming the existing attention manipula-
tion-based counterparts. Application of dynamic masking derived from extractive sum-
marization further boost the quality of summaries bringing up to 7% ROUGE-2 relative 
improvements over the original model. Analysis of alteration patterns reveals that un-
like other methods BEM produces much more diverse summaries having almost uni-
form positional editing distribution which aligns with positional error rate between the 
original generated summary and the reference. Semantic analysis shows that BEM is 
more likely to diverge from the original content, however the average magnitude of 
changes correlates with interpolation coefficient.  
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6 Appendix 

Table 3. Results with static oracle distribution masking 

Data Model Bias method Coef R1 R2 RL 
CNN / 
Daily 
Mail 
 

Oracle - - 53.88 32.73 49.97 
BRIO 
(BART) 

- - 47.14 23.75 44.33 
Binary - 46,38 22,55 43,28 
Layer attention (layer 5) - 47.68 23.70 44.98 
Relevance attention  0.05 47.22 23.81 44.31 
BEM-id-pure (slerp) 0.9 46.95 24.51 44.12 
BEM-id (slerp) 0.9 47.44 24.36 44.46 
BEM-original (lerp) 0.9 47.63 24.21 44.77 

Xsum 
 

Oracle - - 27.52 7.59 21.46 
BRIO 
(Pegasus) 

- - 47.30 24.46 39.29 
Binary - 45,90 22,82 37,45 
Layer attention (layer 2) - 47.55 24.47 39.49 
Relevance attention  0.01 47.48 24.60 39.39 
BEM-id-pure (lerp) 0.9 47.41 24.34 39.39 
BEM-id (lerp) 0.9 47.40 24.43 39.24 
BEM-original (lerp) 0.8 48.16 24.84 39.81 

ArXiv 
 

Oracle - - 53.24 23.31 32.42 
Pegasus - - 43.44 16.22 25.66 

Binary - 42,54 14,85 24,90 
Layer attention (layer 4) - 43.44 16.34 25.67 
Relevance attention  0.01 43.46 16.37 25.67 
BEM-id-pure (lerp) 0.9 44.07 16.51 25.75 
BEM-id (lerp) 0.9 44.18 16.54 25.61 
BEM-original (lerp) 0.9 43.62 16.30 25.64 

SAM-
Sum 

Oracle - - 45.21 17.58 39.55 
BART - - 53.39 28.32 44.12 

Binary - 49.51 24.14 40.60 
Layer attention (layer 5) - 53.37 28.26 44.00 
Relevance attention  0.03 53.11 27.99 43.65 
BEM-id-pure (lerp) 0.9 52.84 27.94 44.12 
BEM-id (slerp) 0.9 53.20 28.76 44.45 
BEM-original (slerp) 0.9 53.29 28.15 44.18 

 
 

Table 4. Results with dynamic extractive summarization masking 

Data Model Bias method Coef R1 R2 RL 
CNN / 
Daily 
Mail 

BERTExt - - 42.21 20.25 38.87 
BRIO 
(BART) 

- - 47.14 23.75 44.33 
Binary - 33.36 12.60 32.02 
Layer attention (layer 3) - 48.69 24.56 45.46 
Relevance attention 0.05 47.50 24.06 45.02 
BEM-id (slerp) 0.9 47.40 24.45 44.89 
BEM-original (slerp) 0.8 49.08 25.57 46.18 

Xsum BERTExt - - 21.55 4.90 14.41 
BRIO 
(Pegasus) 

- - 47.30 24.46 39.29 
Binary - 34.77 14.12 27.48 
Layer attention (layer 1) - 47.48 24.60 39.58 
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Relevance attention 0.01 47.55 24.65 39.47 
BEM-id (slerp) 0.9 47.70 24.95 39.41 
BEM-original (slerp) 0.9 47.88 24.81 39.54 

ArXiv BERTExt - - 41.25 15.63 29.88 
Pegasus - - 43.44 16.22 25.66 

Binary - 42.64 14.95 24.64 
Layer attention (layer 3) - 43.70 16.41 25.66 
Relevance attention 0.03 43.62 16.19 25.63 
BEM-id (slerp) 0.9 44.64 16.86 25.81 
BEM-original (slerp) 0.8 44.52 17.13 26.03 

SAM-
Sum 

BERTExt - - 34.07 12.48 30.69 
BART - - 53.39 28.32 44.12 

Binary - 34.20 15.84 28.47 
Layer attention (layer 3) - 54.57 29.33 45.30 
Relevance attention 0.03 53.65 28.21 44.03 
BEM-id (lerp) 0.9 52.69 27.95 43.70 
BEM-original (slerp) 0.9 53.93 28.61 44.52 
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