


Legal Area standard long hierarchical
Legal Area # cases approval rate Micro-F11 Macro-F11 Micro-F11 Macro-F171 Micro-F11  Macro-F11
public law 2587 20.6% 66.6+6.2 53.1+1.8 64.6 £6.7 538+21 64.8£8.1 537+£30
penal law 2900 21.0% 83.6+18 748+15 87.6 1.6 81.1+23 884 +10 826+25
social law 661 193% 71.1+43 652426 748 £4.0 69.1 £2.38 754 +£39 694+25
civil law 1574 16.5% 73.6+48 555+1.0 79.0+£34 651+24 789 +3.8 659+28

Table 6: We used the German native BERT model pre-trained and evaluated on the German data. In the German
test set there are no insurance law cases and only 3 cases with other legal areas. The area where models perform
best is in bold and the area where they perform worst is underlined.
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Figure 2: This table compares the different BERT types
on cases from different years. We used the native Ger-
man BERT model.

Figure 3: This table compares the different long BERT
types on different input (text) lengths. We used the na-
tive German BERT model.

5.3.1 Diachronicity

In Figure 2, we present the results grouped by years
in the test set (2017-2020). We cannot identify a
notable fluctuation in performance across years
as there is a very small decrease in performance
(approx. -2% in Macro-F1); most probably be-
cause the testing time-frame is really short (4 years).
Comparing the performance between the validation
(2015-2016) and the test (2017-2020) set (approx.
70% vs. 68.5%), again we do not observe an ex-
ceptional fluctuation time-wise.

5.3.2 Input (Text) Length

In Figure 3, we observe that model performance
deteriorates as input (text) length increases, i.e.,
there is an absolute negative correlation between
performance and input (text) length. The two vari-
ants of BERT improve results, especially in cases
with 512 to 2048 tokens. Since the two variants of
BERT have a maximum length of 2048 they per-
form similar to the standard BERT type in cases
longer than 2048 tokens.

5.3.3 Legal Area

In Table 6, we observe that the models do not
equally perform across legal areas. All models
seem to be much more accurate in penal law cases,
while the performance is much worse (approx.
30%) in public law cases. According to the ex-
perts, the jurisprudence in penal law is more united
and aligned in Switzerland and outlier judgments
are rarer making the task more predictable. Addi-
tionally, in the case of not enough evidence the prin-
ciple of “in dubio pro reo” (reasonable doubt) is
applied. '® Another possible reason for the higher
performance in penal law could be the increased
work performed by the legal clerks in drafting the
facts of the case (see Section 3.2.1), thus including
more useful information relevant to the task.

5.3.4 Canton of Origin

In Figure 4, we observe a performance disparity
across cantons, although this is neither correlated
with the number of cases per canton, nor with the
dismissal/approval rate per canton. Thus, the dis-
parity is either purely coincidental and has to do
with the difficulty of particular cases in some can-
tons or there are other factors (e.g., societal, eco-
nomics) worth considering in future work.

16The principle of “in dubio pro reo”, i.e., “When in doubt,
in favor of the defendant.”, is only applicable in penal law
cases.
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Figure 4: This table compares the different long BERT types on different origin cantons. We used the native French
BERT model. The cantons are sorted by the number of cases in the training set descending.

6 Conclusions & Future Work

We introduced a new multilingual, diachronic
dataset of 85K Swiss Federal Supreme Court
(FSCS) cases, including cases in German, French,
and Italian. We presented results considering three
alternative BERT-based methods, including meth-
ods that can process up to 2048 tokens and thus
can read the entirety of the facts in most cases. We
found that these methods outperform the standard
BERT models and have the best results in Macro-
F1, while the naive majority classifier has the best
overall results in Micro-F1 due to the high class
imbalance of the dataset (more than % of the cases
are dismissed). Further on, we presented a bivariate
analysis between performance and multiple factors
(diachronicity, input (text) length, legal area, and
canton of origin). The analysis showed that perfor-
mance deteriorates as input (text) length increases,
while the results in cases from different legal ar-
eas or cantons vary raising questions on models’
robustness under different attributes.

In future work, we would like to investigate the
application of cross-lingual transfer learning tech-
niques, for example the use of Adapters (Houlsby
et al., 2019; Pfeiffer et al., 2020). In this case, we
could possibly improve the poor performance in the
Italian subset, where approx. 3K cases exists, by
training a multilingual model across all languages,
thus exploiting all available resources, ignoring the
traditional language barrier. In the same direction,
we could also exploit and transfer knowledge from
other annotated datasets that aim at the LJP task
(e.g., ECtHR and SCOTUS).

More in depth analysis on robustness is also an
interesting future avenue. In this direction, we
would like to explore distributional robust optimiza-
tion (DRO) techniques (Koh et al., 2021; Wang
et al., 2021) that aim to mitigate disparities across
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groups of interest, i.e., labels, cantons and/or legal
areas could be both considered in this framework.

Another interesting direction is a deeper analysis
with models handling long textual input (Beltagy
et al., 2020; Zaheer et al., 2020) using alternative at-
tention schemes (window-based, dilated, etc.). Fur-
thermore, none of the examined pre-trained models
is legal-oriented, thus pre-training and evaluating
such specialized models is also needed, similarly to
the English Legal-BERT of Chalkidis et al. (2020).

Ethics Statement

The scope of this work is not to produce a robot
lawyer, but rather to study LJP in order to broaden
the discussion and help practitioners to build assist-
ing technology for legal professionals. We believe
that this is an important application field, where
research should be conducted (Tsarapatsanis and
Aletras, 2021) to improve legal services and de-
mocratize law, while also highlight (inform the au-
dience on) the various multi-aspect shortcomings
seeking a responsible and ethical (fair) deployment
of technology. In this direction, we provide a well-
documented public resource for three languages
(German, French, and Italian) that are underrep-
resented in legal NLP literature. We also provide
annotations for several attributes (year of publi-
cation, legal area, canton/region) and provide a
bivariate analysis discussing the shortcomings to
further promote new studies in terms of fairness
and robustness (Wang et al., 2021), a critical part
of NLP application in law. All decisions (original
material) are publicly available on the entscheid-
suche.ch platform and the names of the parties have
been redacted (See Figures 5 and 6) by the court

according to its official guidelines'”.

"https://tinyurl.com/mtu23szy (In German)
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A Training Effort

Type BERT RoBERTa
standard 3.377TE+11 3.398E+11
long 1.365E+12 1.374E+12
hierarchical 1.476E+12 1.477E+12

Table 7: This table shows the total floating point op-
erations per epoch per training example used for train-
ing each type. Each model has been trained for 2 to
4 epochs (variable because of early stopping). This ta-
ble can be used to choose a suitable model with limited
resources. Additionally, it can be used to measure the
environmental impact.

Table 7 shows the training effort required for
finetuning each type. Training one of the types
capable of handling long input results in 4 to 5
times more training operations compared to the
standard model. This seems justifiable since the
gain from the longer models in terms of F1 score
is considerable. Also, the entire cost of finetuning
is relatively small.

B Examples

In this appendix we show some examples of court
decisions with their respective labels. Figure 5
shows an example of a dismissed decision and Fig-
ure 6 an example of an approved decision. Both
decisions are relatively short, but still contain all
sections (rubrum, facts, considerations and judg-
ments). They are both very recent, dating from
2019 and 2017 respectively.

C Input Length Distribution

In this appendix we show the input length distribu-
tions for the German (Figure 7) and Italian (Figure
8) datasets. We observe that the average Italian
decision is longer than the average German deci-
sion. Additionally, there is also a higher density in
moderately long decisions (over 1000 tokens) and
there are many more decisions over 4000 tokens.
Apart from the availability of more training data in
the German dataset, the shorter decisions may also
be an important factor in the better performance we
see in most models trained on the German dataset
in comparison to the Italian case and to some extent
the French case (see Table 5).
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D Tables to Plots

In this appendix, we show tables belonging to plots
in the main paper to show the exact numbers. Table
8 shows the results regarding the different input
lengths. Table 9 shows the results regarding differ-
ent years in the test set. Table 10 shows the model
performance across different cantons.

E Training with Class Weights

In this appendix we show the results of training the
models with class weights instead of oversampling.
Table 11 shows the training results. We notice, that
for many configurations (especially with XLM-R),
the model only learns the majority classifier. This
leads to a very low Macro-F1 score. We also ex-
perimented with undersampling as an alternative to
oversampling, but saw similar results to the training
with class weights.

F Classifier Confidence

In this appendix, we discuss the reliability of the
confidence scores of the classifier output along-
side the predictions. The confidence scores are
computed by taking the softmax on the classifier
outputs, so that we get a probability (confidence)
score of a given class between 0 and 100. The hier-
archical and long BERT types show an increase in
both the confidence in the correct predictions and
the incorrect predictions compared to the standard
BERT type (with the increase in the correct predic-
tions being more pronounced). This finding holds
across all three languages.



Model standard long hierarchical
Micro-F11 Macro-F11 Micro-F11T Macro-F11 Micro-F11T  Macro-F11
1-512 (5479 decisions) 81.1£2.7 721+1.6 80.8£25 722413 3934+£372 251174
513-1024 (3364 decisions) 653 £6.2 65.3+6.2 71.8+54 634+£28 43.3+30.8 30.5+132
1025-2048 (788 decisions) 63.8 +4.9 50.7 £ 1.0 69.1£54 602+28 549 £26.7 3724153
2049-4096 (82 decisions) 649 £6.7 473 +22 65.1£9.2 509+36 602+ 133 480+£54
4097-8192 (12 decisions)  56.7+7.0 36.1 £2.8 50.0£10.2 33.1+438 50.0£11.8 347+54

Table 8: Results on the German data grouped by text length. Performance deteriorates as text length is increased.

Model standard long hierarchical
Micro-F11 Macro-F11 Micro-F11T Macro-FI11 Micro-F11 Macro-F11
2017 739+42 642+2.1 771 £39 69.1+24 774+£39 695+2.6
2018 742 +38 633412 76.6 £3.7 67.1 1.8 76,740 67.6+1.9
2019  745+40 648=£19 760 3.7 675+£1.7 769 £3.8 683+£1.6
2020 735+42 624+£16 76.6 3.4 67.8+£1.38 774 +3.1 685+1.5

Table 9: We used the German native BERT model pretrained and evaluated on the German data.

Canton standard long hierarchical
Canton #cases approval rate Micro-F11 Macro-F11 Micro-F11  Macro-F11 Micro-F11  Macro-F171
Berne (BE) 332 9.5% 794+46 482477 787+£47 599+26 785+27 592434
Fribourg (FR) 1121 147% 76.7+3.1 61.1+1.2 758+£52 647+3.6 79.5+34 68.1+2.6
Vaud (VD) 5684 17.0% 760+1.8 588+14 789+£3.0 68.7+1.6 825+17 71.1+14
Valais (VS) 1399 20.6% 75.1+1.0 524426 750+£26 637+12 76.1 £33 64.0+2.6
Neuchétel (NE) 1226 149% 762+3.6 574+29 790+£39 68.0+22 823+27 708429
Geneve (GE) 6017 21.8% 720+3.1 594409 76.0+£33 69.4+2.0 794+23 718+ 1.7
Jura (JU) 425 157% 80.1 £3.2 663 +2.8 789+58 69.0+£5.1 838+43 742445
Swiss Confederation (CH) 227 26.7% 70.0+£2.7 50.0+4.9 720+ 87 66.6+79 733+44 655+58

Table 10: We used the French native BERT model pretrained and evaluated on the French data. The number of
cases is counted on the training set per canton. The approval rate is calculated on the test set.

Model de fr it

Micro-F11 Macro-F11 Micro-F11 Macro-F11 Micro-F11 Macro-F11
baselines
Most Frequent 80.3 44.5 81.5 449 81.3 44.8
Stratified 66.7 + 0.3 50+04 66.3 +0.2 50+ 04 699+ 18 48.8+24
Uniform 50+03 4484+04 50+06 445405 49.7+2.4 44 +£2.3
standard
Native BERT 71.1+33 626+1.6 72.8+55 582+12 67+ 13.1 494+5.1
XLM-RoBERTa 77.8+6.3 473+6.3 76.1 £74 484+49 804+19 447+04
long
Native BERT 819+12 69.5+0.9 81.8+15 694+17 802+14 46.1+22
XLM-RoBERTa 81.5+0.7 594+9.6 81.5+0.5 51.3+88 81.3 44.8
hierarchical
Native BERT 78.6+2.1 692+0.6 79.3 £0.8 70 £+ 0.7 80.6 = 1.1 50.5+£6.5
XLM-RoBERTa 80.3 44.5 803+ 1.8 49.6+9.8 81.3 44.8

Table 11: All the models have been trained and evaluated in the same language. With Native BERT we mean
the BERT model pretrained in the respective language. The Most Frequent baseline just selects the majority class
always. The Stratified baseline predicts randomly, respecting the training distribution. The best scores for each
language are in bold. To combat label imbalance, we weighted the minority class samples more in the loss function.
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Model de fr it

Correct? Incorrect], Correct? Incorrect], Correct? Incorrect|,
standard 758 +£13.6 64.7+10.6 719+ 122 644 +9.38 776 +122 683+ 113
long 789 + 122 65.8+109 783+ 11.6 67.8+11.0 81.2+11.2 68.4+10.5

hierarchical 86.6 =159 693 £13.6 859+ 152 70.8+13.9 887+ 147 714 +134

Table 12: This table shows the average confidence scores (0-100) of the different types of multilingual BERT
models on the test set for correct and incorrect predictions respectively. Both the mean and standard deviation are
averaged over 5 random seeds. The model has been finetuned on the entire dataset (all languages) and evaluated
on the respective language.
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Bundesgericht Rubrum

Tribunal fédéral
Tribunale federale
Tribunal federal

5F_5/2019

Urteil vom 28. Mai 2019

Il. zivilrechtliche Abteilung
Besetzung

Bundesrichter Herrmann, Prasident,
Bundesrichter von Werdt, Bovey,
Gerichtsschreiber Mockli.
Verfahrensbeteiligte

A

Gesuchsteller.

Gegenstand
Gesuch um Revision des bundesgerichtlichen Urteils 5A 89/2018 vom 5. Februar 2018.

Sachverhalt: facts
Gegen die KESB Pféffikon, diverse Sozialdienste, die Postfinance,
Sozialversicherungen, eine Einwohnergemeinde, verschiedene
Versicherungsgesellschaften, Banken und weitere Gesellschaften sowie mehrere
Scientology Kirchen und andere religiése Vereinigungen erhebt A. eine als

subsididre Verfassungsbeschwerde betitelte Eingabe, mit welcher er die Revision des
bundesgerichtlichen Urteils 5A_89/2018 vom 5. Februar 2018 verlangt. Femer verlangt
er die Verurteilung der Gegenpanewen wegen Personlichkeitsverletzung, die Aufhebung
eines Erbenscheines, die Uberweisung von [V-Renten, die Erstellung von
Abschlussrechnungen und vieles mehr.

Erwigungen: considerations
1.

Der Gesuchsteller zahlt zwar verschiedene Revisionsgriinde auf. Indes begriindet er mit
keinem Wort, inwiefern ein Revisionsgrund vorliegen soll. Ebenso wenig dussert er sich
zur Einhaltung der Fristen (Art. 124 Abs. 1 BGG). Somit ist auf das Revisionsgesuch
nicht einzutreten (Art. 42 Abs. 2 BGG).

2.

Soweit die Eingabe auch einen Beschwerdecharakter haben sollte, ware darauf
ebenfalls nicht einzutreten. Es ist zwar die Rede von "Urteilen des Obergerichts des
Kantons Ziirich" und solche kénnten grundsatzlich Anfechtungsobjekt sein (Art. 75 Abs.
1 BGG). Jedoch werden diese nicht naher bezeichnet und es liegt auch keine
Beschwerdebegriindung im Sinn von Art. 42 Abs. 2 BGG vor, wenn festgehalten wird,
die Beschwerde schiitze die korperliche und geistige U hen
Vereinen und Folgedelikten der ausserordentlichen Gerichte, um entsprechend den
Beweisen, welche sich jeden Tag mit Volkermord beweisen, die Rechtsgleichheit und
Unversehrtheit entsprechend der Mehrheit zu beweisen.

3.

Die Urteile des Bundesgerichtes erfolgen grundsatzlich im schriftlichen Verfahren (zu
den Ausnahmen vgl. Art. 57 und 58 BGG), weshalb der Antrag auf eine &ffentliche
Verhandlung abzuweisen ist.

4.

Die Geri 1 sind dem Gesuchsteller aufzuerlegen (Art. 66 Abs. 1 BGG).
De h erk das Bund ieh

1.

Der Antrag auf dffentliche Verhandlung wird abgewiesen.

Auf das Revisionsgesuch wird nicht eingetreten.

3.
Soweit eine Beschwerde erhoben werden sollte, wird auf diese nicht eingetreten.

4.
Die Gerichtskosten von Fr. 1'000.— werden dem Gesuchsteller auferlegt.

5.
Dieses Urteil wird dem Gesuchsteller schriftlich mitgeteilt.

Lausanne, 28. Mai 2019

Im Namen der Il. zivilrechtlichen Abteilung
des Schweizerischen Bundesgerichts

Der Prasident. Herrmann

Der Gerichtsschreiber: Mockli

Figure 5: This is an example of a dismissed decision:

https://tinyurl.com/n44hathc
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Bundesgericht Rubrum

Tribunal fédéral
Tribunale federale
Tribunal federal

9C_502/2017

Urteil vom 21. September 2017
Il. sozialrechtliche Abteilung

Besetzung

in Pfiffner, Prasidentin,
il Bl

3 Parrino,
Gerichtsschreiberin Oswald.

Verfahrensbeteiligte
A

vertreten durch Rechtsanwalt Jan Herrmann,
Beschwerdefiihrerin,

gegen

IV-Stelle Basel-Stadt,
Lange Gasse 7, 4052 Basel,
Beschwerdegegnerin.

Gegenstand
Invalidenversicherung
\ \ h

en den id des des Kantons Basel-Stadt vom 10.

geg
Juni 2017 (IV.2016.186).

Nach Einsicht facts
in die Beschwerde vom 18. Juli 2017 (i 1) gegen den Entscheid des
Sozialversicherungsgerichts des Kantons Basel-Stadt vom 10. Juni 2017, mit welchem auf das
Gesuch vom 21. November 2016 um Revision des Entscheids vom 11. Oktober 2016 nicht

eingetreten wurde,

in Erwégung, considerations
dass das kantonale Gericht erkannte, das einschldgige Prozessrecht (§ 18 Abs. 1 Iit. a des Gesetzes
uber das Sozialversicherungsgericht des Kantons Basel Stadt und Uber das Schiedsgericht in
Sozialversicherungssachen vom 9. Mai 2001 \ S SGS
154.200]) sehe die Ravmmn unter anderem bei oder
Beweismittel vor (Art. 6 ),

dass es erwog, beim Revisionsgesuch handle es sich um ein ausserordentliches Rechtsmittel, das
sich gegen einen richte, ein solcher jedoch vorliegend nicht

neuer i T:

gegeben sei, da die jegen den Basel-

Stadt vom 11. Oktober 2016 Easchwsrda beim Bundasgermht erhoben habe,

dass diese Beschwerde vom 21. 2016 beim Bt icht noch hangig ist
(9C_782/2016),
dass eine Vorinstanz des Bur ichts auf ein F nicht elnzwg mit der Bsgrundung

nicht eintreten darf, gegen den zu Entscheid sei B: beim B

erhoben worden (BGE 138 Il 386 E. 6 S. 389 ff.; Urteil 8C_921/2014 vom 12. Mai 2015 E. 2.3),
dass die Beschwerde damit offensichtlich begriindet und deshalb im Verfahren nach Art. 109 Abs. 2
lit. b BGG mit summarischer Begriindung (Art. 109 Abs. 3 Satz 1 BGG) gutzuheissen ist,

dass umsté@ndehalber auf die Erhebung von Gerichtskosten zu verzichten ist (Art. 66 Abs. 1 Satz 2
BGG),

Demnach erkennt das Bundesgericht:

1.

Die wird g i Der id des des Kantons
Basel-Stadt vom 10. Juni 2017 wird aufgehoben. Die Sache wird an die Vorinstanz zuriickgewiesen,
damit sie tiber die {ibrigen Eil liglich des Gesuchs vom 21. November

und dieses geg materiell
2.
Es werden keine Gerichtskosten erhoben.
3.
Die in hat die in fir das ichtliche Verfahren mit Fr.

2'000.- zu entschédigen.

4,
Dieses Urteil wird den Parteien, dem Sozialversicherungsgericht des Kantons Basel-Stadt und dem
fir i iftli i il

Luzern, 21. September 2017

Im Namen der |I. sozialrechtlichen Abteilung
des Schweizerischen Bundesgerichts

Die Prasidentin: Pfiffner

Die Gerichtsschreiberin: Oswald

Figure 6: This is an example of an approved decision:
https://tinyurl.com/mjxfjn65
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Figure 7: This histogram shows the distribution of the input length for German decisions. The blue histogram is
generated from tokens generated by the spacy tokenizer (regular words). The orange histogram is generated from
tokens generated by the SentencePiece tokenizer used in BERT (subword units). Decisions with length over 4000
tokens are grouped in the last bin (before 4000).
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Figure 8: This histogram shows the distribution of the input length for Italian decisions. The blue histogram is
generated from tokens generated by the spacy tokenizer (regular words). The orange histogram is generated from
tokens generated by the SentencePiece tokenizer used in BERT (subword units). Decisions with length over 4000
tokens are grouped in the last bin (before 4000).
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