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search hit based on semantic similarity, an 
automatically generated, link-based similarity 
definition was developed.  This link-based 
similarity definition uses case pairs that are 
deemed to be sufficiently similar as proxies for true 
hits, when calculating precision values for each 

query. Such case pairs are defined as a pair of case 
paragraphs that share at least two different out-
going citations to the same statute articles in the 
triple collection. With the employed citations filter 
used in the generation of those triples, a sufficient 
level of specificity in terms of the statute target is 
ensured, thereby selecting a limited number of 
legal concepts as the semantic scope. To qualify, 
these two citations need to point to two different 
laws, or to two different law articles in the same 
law. A single shared citations was found 
insufficient in our exploratory work, to guarantee 
that most case pairs would indeed share a similar 
meaning that enables an approximation of 
relevance in this task, for non-experts. With those 
at least two shared citations as outlined above, we 
observed that the desired level of semantic 
similarity between case paragraphs was well 
approximated. Note that this definition of semantic 
modeling includes semantics encoded by word 

order, which cannot be modeled by (the baseline) 
bag-of-words models.  
 
As a diversity of information needs is represented 
by a set of 69 queries (Fig. 2) with a large number 
of case pairs we selected for model evaluation, the 

average of the precision calculated for each query 
is then informative of a model’s performance 
across this set of diverse queries. For calculating 
precision, the number of case pairs for a query is 
then used as an approximation of the number of 
true hits. As case paragraphs that are semantically 
similar may not always fulfil the selection criteria 
we defined for generating case pairs, the obtained 
average precision values may constitute an under-
estimation of the number of true hits.  

 
When comparing different models, each of the 69 
queries selected from the 7562 case paragraphs was 
then encoded as a single vector by the tested model 
and compared with the vectors of the other 68 
queries using cosine similarity. In other words, for 
each query, the other 68 queries were used as the 
search collection, representing paragraph texts in a 
database of legal documents.  

 

4 Results and Discussion 

For ten independent runs of the random baseline, 
the mean average precision (AP) was 13.15%, with 
a standard deviation of 1.06.  The non-neural 
baselines performed considerably better, with a 
performance of 24.09% achieved by the simple 
sklearn baseline, and 41.30% by the basic non-
neural baseline (NNB v1). The performance of the 

 

Fig. 2: A projection of the 69 query vectors used for 
model evaluation, using t-SNE to reduce 100-
dimensional doc2vec-generated vectors to a 
position on this 2D map. Each vector is identified 
by an integer that represents its position in this list 
of query texts. Some case pairs are illustrated using 
red ellipses.  

 
Fig. 3: Schematic overview of our method for model 
evaluation. From 7562 case paragraphs and 14299 
triples, 15348 case pairs were identified (automated 
label generation). Those case pairs are then used to  
a) estimate ‘true hits’ for each query, as a basis for 
calculating an average precision over all 69 queries, 
b) as a filter for defining queries based on the triples.  
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basic NNB can be further enhanced by applying a 
token filter using idf values calculated at case 
document level, up to a maximal level of 42.75% 
at an idf threshold of 2.12 (NNB v2). The curve in 
Fig. 4 shows a fine-grained analysis of the optimal 
idf threshold values, while Table 2 offers an 
overview of results obtained for different neural 
and non-neural models tested. The optimal 
threshold value of 2.12 for the idf score fits a 
human inspection of the relative importance of 
different words in case pairs (Fig. 5). 

 

The ability of the neural models to outperform the 
best non-neural baseline (Boosted NNB) was then 
tested. The USE implementation huFace reached a 
performance of only 39.13%, so did not show a 
clear benefit over the Boosted NNB baseline. The 
spacy implementation, however, achieved 42.41 
%, a gain of more than 3 percentage points. This 
difference between the two USE implementations 
may be explained by the fact that the huFace 
variant is not the full USE model, but a smaller, 
distilled version.  
 
A clearly improved performance over the Boosted 
NNB was observed with GermanBERT, the model 
that was trained on 20% legal documents (cases 
and statutes in German language). This BERT-
based model achieved a performance of 44.38%. 
With the use of the Extended Attention Mask, a 
maximal performance of 48.19% was reached at an 
optimal idf threshold of 2.0. For all tested BERT-
based transformers, the use of the Extended 

Attention Mask resulted in clear improvements, at 
idf threshold values around 2 (compare Fig. 5), 
while distilled, smaller models (of USE and 
DistilBERT) did not perform well. In comparison, 
doc2vec achieved a performance of 45.47%, above 
NNB, but nowhere near the performance we saw 
 

with the Extended Attention Mask-boosted 
GermanBERT. While both DistilBERT and 
GermanBERT were trained solely using German 
data, only GermanBERT had legal documents in 
the training data. Note that this performance of 
GermanBERT was observed on a pre-trained 
model without any finetuning to the task.  
 

 5   Conclusions 

In the described semantic similarity modeling task, 
we found that the best neural model that was 
trained not only in the relevant language, but also 
in-domain data, offered a clear added value over 
the best non-neural model. This top performance 
was obtained by extending the use of the 
transformer attention mask to quench signals from 
less informative tokens (using idf scores), so they 
would not be considered in the model. The 
generated datasets of paragraphs extracted from 
Swiss cases and statutes, as well as citations in 
cases that point to statutes, when published can 
facilitate further research in this domain and task, 
which currently lacks such datasets.  With the link-
based automated labeling method we developed, 

 

Fig. 4: Determination of the optimal idf threshold for 
non-neural and neural models. The performance at 
the optimal idf value corresponds to the v2 variant of 
the model shown in Table 2. idf threshold values are 
shown on the X axis, while the achieved %AP is 
shown on the Y axis. In dark grey, the sklearn model 
(left panel only). Non-neural baseline in light grey, 
and its boosted version (the best-performing non-
neural model) in gold. DistilBERT in green, and 
GermanBERT (the best-performing neural model) in 
orange. The right panel shows a zoomed-in view, for 
the models that achieved a %AP of at least 38.  

Model  %AP (v1) %AP (v2) Opt. idf 
    sklearn 23.55 24.09 2.5 
NNB 41.30 42.75 2.12 
Boosted NNB 42.39 44.38 2.45 
    doc2vec 45.47 - - 
USE (huFace) 39.13 - - 
USE (spacy) 42.21 - - 
DistilBERT 42.75 44.02 2 
GermanBERT 44.38 48.19 2 

 
Table 2: Summary of model evaluation results. Some 
models are listed as two variants, one (v1) using a 
threshold of zero for idf scores (resulting in no 
filtering), and another (v2) that uses the optimal idf 
threshold. The performance of the best neural and 
non-neural models is shown in bold. A double line 
separates the non-neural (top) from the neural models 
(bottom). For BERT-like transformers that allowed 
the use of our Extended Attention Mask, the optimal 
idf value (see Fig. 4) is shown in the column ‘Opt. idf’ 
for the v2 variant of the model.  
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the challenge of obtaining costly human expert 
annotations in this domain becomes less of an 
obstacle, aiding research into improved models 
(and their finetuning) that could help to reveal 
semantically similar paragraphs that may have 
been missed with the models we tested. Therefore, 
with this new framework, a new generation of 

improved models can now be developed, for the 
task of searching Swiss court decisions using a 
wide range of natural language queries that 
represent information needs from expert and even 
non-expert users. The ability to model semantic 
similarity beyond exact lexical matching could 
then help a larger audience of non-expert users who 
may struggle with query formulation, to better 
access, understand and navigate the legal system.  
 
 
Supplementary Material 
The created datasets and Python code will be published 

on GitHub at https://github.com/lilytang2017 
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