Two’s a crowd: Recognizing multiply filled prefields in L2 German
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Abstract

Cases of incorrect word order where learners
place multiple constituents into the Vorfeld
(‘pre-field’) of German clauses have been of
keen interest to research on German as a second
language. Detecting these is difficult because
available parsers are not trained on ungrammat-
ical L2 and often fail to correctly analyze the
non-canonical structures in learner language.
To address this problem, we hypothesize that
we may need more and more varied training
data for the parser to learn L2 structures that
hardly exist in L1 German. We create synthetic
data, both in a rule-based way, with tight con-
trol of the correctness of the resulting parses,
and via LLM-based approaches, which can in-
crease lexical diversity but also run the risk of
introducing noise into the resulting trees. In the
paper, we present an evaluation of the different
approaches, using a verb placement task. While
our results are mixed, we present an error analy-
sis and discuss the main reasons why analyzing
L2 syntax remains a challenge.

1 Introduction

In this paper, we examine to what extent we can
use dependency parsing to identify syntactic struc-
tures that are marked in L1 (cf. ex. (1)) and usually
ungrammatical in L2 German (cf. ex.(2)), namely
cases where the prefield (Vorfeld) is occupied by
two constituents (or, subtrees if viewed in terms of
dependency grammar).

(1) [Alle Traume] [gleichzeitig] lassen sich nur
selten verwirklichen . (Miiller, 2013)
‘It’s rare that you can realize all (your) dreams
at the same time.’

(2) Jaklar, wir mussen Zussamen zu treffen, aber
[jetz] [ich] habe viel zu tun. (Merlin corpus)
“Yes sure, we have to meet up but at the moment
I have a lot of things to do.’

Our interest in these structures arises in the context
of studies on the acquisition of German as an L2.

Second language acquisition (SLA) is known to de-
pend on multiple factors, such as learners’ age, L1
or educational background, which cause significant
variation in learner language. While learners’ inter-
language (IL) is highly variable, it is known to be
systematic at the same time (Selinker, 1972). For
that reason, finding stable developmental features
that are mostly independent of such factors and of
characteristics of the target language has been a key
goal in researching L2 development. The concept of
developmental stages (Meisel et al., 1981) is crucial
in this regard. It refers to core grammar phenomena
that are hypothesized to be acquired by learners in
an ordered, step-like manner: some learners may
be faster or slower than others, but stages cannot
be skipped or re-ordered (so-called implicational-
ity (Rickford, 2002)), not even through instruction
(Pienemann, 1989; Arntzen et al., 2019).

In research on German, the phenomenon that has
been most studied as a potential index of develop-
mental stages is the acquisition of word order and, in
particular, verb placement (Diehl et al. (2000); Gun-
newiek (2000); Pienemann (2005); Jansen (2008);
Jordens (1990); Baten and Héakansson (2015); in-
ter alia) . For learners of German, knowing where
to place verbal forms is a crucial challenge. Ta-
ble 1 presents the word order patterns whose order
of acquisition is studied by Processability Theory
(PT) (Pienemann, 1998), an influential framework
in research on the L2 acquisition of German.

Research into the validity and variation-
independent stability of developmental stages is
important as a theoretical concern within SLA
since the notion of stages is not uncontroversial.
Competing approaches exist which conceptualize
variation as a driver of L2 development (e.g.
Complex Dynamic Systems Theory (Larsen-
Freeman, 2020)) and which tend to dispense
with the idea of developmental stages, casting
doubt on their universality once IL variation is
fully reckoned with. Research on developmental
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(VVF) VF LSK MF RSK NF
a Svo Ich suche eine neue Wohnung
b Svo Aber ich suche eine neue Wohnung
¢ Abv Darum ich  suche eine neue Wohnung
d Sep Ich muss eine neue Wohnung suchen
e SEp Und ich habe eine neue Wohnung gesucht in Bonn
f Inv Darum muss ich eine neue Wohnung suchen
g Inv Und darum muss  ich eine neue Wohnung suchen
h  V-EnD weil  ich eine neue Wohnung suche
i V-EnD weil  ich eine neue Wohnung  gesucht habe

Table 1: German word order types and topological fields
VF =Vorfeld (prefield); LSK=Linke Satzklammar (left sentence bracket);
MF = Mittelfeld (midfield); RSK = Rechte Satzklammer (right sentence bracket); NF = Nachfeld (postfield); VVF = Vorvorfeld (pre-prefield)
Example: Ich (/) suche (search) eine (a) neue (new) Wohnung (flat). Engl. translation: “I’m looking for a new flat.”

stages also interacts with research on proficiency
and language testing. In the case of German,
the stages play a considerable role in real-world
contexts: a number of learner assessments, such
as Profilanalyse (GrieBhaber, 2012; Heilmann,
2012; GrieBhaber, 2019) or LiSe-DaZ (Schulz and
Tracy, 2011; Schulz and Grimm, 2012) assume
stages. Decisions based on these test instruments
can have direct consequences on test-takers and
other stakeholders. Complementarily, the stages
are also used in grammar curriculum development
(Winkler, 2014; Schroeder and Gamper, 2016;
Baten, Kristof and KeBler, Jorg, 2019).

Given its theoretical and practical relevance,
large-scale automated investigations of German
verb placement as a potential indicator of acqui-
sitional stage are needed. So far, many studies were
conducted (semi-)manually on individual datasets.
But with the recent conclusion of the DAKODA
project (Schwendemann et al., 2025b), a large har-
monized collection of corpora has become avail-
able. However, the automatic processing capabil-
ities for learner language are still somewhat lag-
ging. Among the word orders shown in Table 1,
ADV with multiple elements in the prefield is the
one that is hardest to recognize in a parse-based ap-
proach because, unlike the other word order constel-
lations, it represents a structure that exists barely, if
at all, in the L1 German treebanks (cf. Appendix F).
In fact, in the acquisition literature ADV is often
described as ungrammatical for L1 German, even
though there are exceptions: Miiller (2003, 2005)
and Schalowski (2015) discuss exceptions in writ-
ten L1 German while Schalowski (2012) and Wiese
and Miiller (2018) focus on spoken German. Un-
surprisingly, parsers trained on L1 news data usu-
ally combine the multiple subtrees in VF into a
single sub-tree (constituent), thereby obscuring the

evidence for ADV. Not only is ADV rare to non-
existent in L1 training data, it is also relatively rare
in available learner corpora because it is used by
early learners who are not well represented in many
corpora and who are believed to unlearn or abandon
ADV once they master the INV order.! However,
for validating claims about acquisition sequences it
is crucial to be able to recognize instances of ADV
with good precision and recall.

To improve parsing for word order analysis, we
investigate to what extent we can use synthetic data
to improve performance on data from learners of
German as a second language. Note that we focus
on a parsing-based approach to word order anal-
ysis rather than, for instance, a sequence tagging
approach because we want to be able to display
the basis for our labels to SLA researchers and/or
teachers in a linguistically explicit way. Last but
not least, a parser trained on such modified data, if
its performance on L1 remains undegraded, may
also be useful for studying complex L1 word order
phenomena, especially L1 ADV.?

2 Related work

2.1 Word order and stage-like acquisition

Ruppenhofer et al. (2024) provide extensive discus-
sion of how to operationalize Processability Theory
in a way that allows for automatic large-scale cross-
corpus investigation of verb placement in learner

'PT theorizes that learners use ADV because they have
understood that the sentence-initial position is a prominence
position but have not yet acquired the single-occupancy con-
straint on the prefield. Once they do, they move the subject
past the finite verb and use proper INV.

>We make our code available at URL-HERE. As our anno-
tated data includes documents from corpora with restrictive
licensing, we make it available to academic users with au-
thentication provided by EduGain at https://dakoda.org/
restricted_data/index.de.html.
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data. We adopt this operationalization here and
briefly review some main points. The authors note
that the set of verb placement types discussed by PT
represents a partial theory. Certain German clause
types are out of scope altogether, among them
Yes/No questions and imperatives (as typically verb-
initial sentences) as well as all non-finite clauses,
even though all are subject to clear verb placement
restrictions. For instance, all non-finite clauses in
German exhibit V-END (Wdllstein, 2010). Further,
Ruppenhofer et al. (2024) note that while PT-based
studies do not usually explicate it, the German verb
placement types it studies rely on the notion of
topological fields (Table 1). According to topolog-
ical field theory, sentences consist of a sequence
of slots (fields) which can contain certain elements
(though not others) and which need not always be
filled. For instance, in main clauses the finite verb
(whether lexical, a tense auxiliary or a modal) is said
to occupy the left sentence bracket (Linke Satzk-
lammer (LSK)), whereas any non-finite verb sits
in the right sentence bracket (Rechte Satzklammer
(RSK)). In subordinate clauses, the finite verb is in
the right bracket, potentially preceded by non-finite
verb forms. To differentiate among the non-VEND
placement constellations, one needs to consider the
grammatical relations that the elements occupying
the slots bear towards the verb. In SVO, for instance,
the subject is in the Vorfeld (’pre-field’, VF) and
the object in the Mittelfeld ("midfield’, MF). In the
case of INV, the subject is in MF and some other el-
ement occupies the VF slot. In ADV, learners place
more than one constituent (or sub-tree root) into
VF, which is not allowed in L1 German, whereas
multiple occupancy is acceptable for MF and NF.
SEP requires that both brackets be occupied and
that MF is non-empty. Finally, the types are not all
mutually exclusive. In Table 1, examples (f) and
(g) show that SEP and INV can co-occur, whereas
(d) and (e) show that SEP can co-occur with SVO.

2.2 Word order errors in learner language

While PT and the specifications by Ruppenhofer
et al. (2024) focus on the order of acquisition of
different verb placement types by learners, other
work looks at whether observed verb placement is
grammatical for L1 German.

Michael and Horbach (2025) introduce linguis-
tically informed verb placement error detection
datasets for learners of Germanic languages. They
train multilingual BERT (mBERT) models on syn-
thetic data and show that linguistically informed

error induction on Universal Dependencies (UD)
treebanks results in more effective models for verb
placement error detection than models trained on
naively introduced errors. We also construct syn-
thetic data in a linguistically informed fashion on
the basis of UD treebank data. However, we re-
strict ourselves to German and we perform order
corruption in a slightly different way (see section
§5). Finally, while Michael and Horbach (2025) la-
bel verb instances in a binary fashion as correctly or
incorrectly placed, we use the more fine-grained de-
scriptive multi-class labels provided by PT, which -
with the possible exception of ADV - capture only
grammatical uses. For instance, while hat (EN has)
in (3) represents a verb placement error, it receives
no verb placement type label from the PT inventory
as it represents none of the types as defined.’

(3) Er sagt, dass er hat keinen Hunger.
He says that he has no  hunger.

‘He says that he’s not hungry.

2.3 Dependency parsing of learner data

Other work very closely related to ours is Masci-
olini et al. (2024) who generated synthetic word
order errors for Swedish L2-data and used them to
fine-tune a number of dependency parsers.* These
authors evaluated parser performance on (1) orig-
inal L1 data, (2) L1 data modified with synthetic
error data, and (3) a small set of 69 authentic L2
sentences containing word errors of the relevant
kinds (for Swedish). The authors report that im-
provement on the L2 data was small, but significant.
They found no substantial decrease in performance
on normative data.

In our work, we use synthetic data to improve
verb placement analysis for German L2. We focus
on parsing-based approaches to obtain linguistically
informative analyses for feedback, but also com-
pare results to a shallow sequence tagging approach
based on a BERT (Devlin et al., 2019) classifier.

3 Classifiers and data

To improve parsing performance for non-canonical
learner language and, in particular, for dealing with
multiple occupants in the prefield, we train parsing
models on a variation of L1, L2 and synthetic data.

3While it looks like SVO, SVO word order in German does
not allow for subordinated clauses with dass (that).

“Word order constellation in Swedish is different from
German, see, e.g., Masciolini et al. (2024) for details.



3.1 Parsing models

Our dependency parser is based on spaCy°> (Hon-
nibal et al., 2020), trained on perturbed Universal
Dependency (UD) data (cf. §5.1 and §5.2). For the
purpose of training, we treat topological features
as morphological feats, i.e. they are placed in
column 6 of the CoNLLU format.

3.2 Verb placement classifiers

We experiment with (1) a system using hand-crafted
rules based on UD parse features to predict verb
placement, (2) a feature-based ensemble classifier
using UD parse tree-derived features and (3) a
BERT-based classifier that only uses the surface
strings of sentences/clauses. All systems can pre-
dict multiple labels for a finite verb instance.

3.3 Datasets

We use a collection of L1 and L2 datasets of varying
sizes for parser training and evaluation of (i) parsing
performance and (ii) verb placement identification
(see Appendix A, Table 9). We also use parts of the
data as seeds for deriving synthetic training data for
both tasks.

3.3.1 L1data

Parsingdata We use the UD version of the TiiBa-
D/Z treebank (Telljohann et al., 2006) to train a
base model for L1 German. We also use parts of
the treebank for deriving synthetic data. We choose
TiBA-D/Z for two reasons. First, it is large and
its textual range is broad as it incorporates data
from the faz newspaper, which is known to be more
colloquial and varied than other German newspa-
pers. Second, the data comes with topological an-
notations that can aid verb placement analysis. We
also use a test set of TiiBa-D/Z trees (TubaTest)
to evaluate to what extent L.2-adapted parsers lose
performance on L1 data.

Verb placement data  Our first dataset is the topo-
logical test battery, TopoBatt, released by Ruppen-
hofer et al. (2024), which was designed to illus-
trate PTs verb placement types in varied sentence
types. TopoBatt contains sentences drawn from
the examples in Wollstein (2010)’s book on topo-
logical fields, sentences from the L1 HDT treebank,
and HDT sentences that were manually modified
to exhibit ADV. We use this dataset to evaluate the

SWe use spaCy version 3.8.11. with bert-base-german-
cased to initialize the parser.

performance of a rule-based verb placement classi-
fier on data that represents L1 German - with the
exception of the artificial ADV sentences.

3.3.2 L2data

Parsing data 'We constructed a small dataset of
German learner data where we manually checked
and corrected automatic UD parses.® The data in
L2Trees represent 59 randomly sampled documents
with 637 sentences from 14 different corpora in the
DAKODA repository. The finite verb instances are
also annotated for verb placement type.

Verb placement data Our L2 data is taken from
several learner corpora of the DAKODA reposi-
tory (cf. Table 10 in Appendix A). They represent
samples of learner data where, for finite verb in-
stances, the verb placement type was manually an-
notated. The L2 data comes in two subsets (CEFR,
Diversification). The CEFR sample is a super-
set of the data released as part of Ruppenhofer et al.
(2025),” which was constructed to represent most of
the levels defined in the Common European Frame-
work of Reference for Languages (CEFR).®° The
lower three levels (A1, A2, B1) are sampled from
the Merlin corpus (Boyd et al., 2014), levels B2 and
C1 from Disko (Wisniewski et al., 2022). Level C2
was omitted since Merlin has only 4 documents at
this level. Note that the CEFR ratings apply to the
texts, not the learners. Ruppenhofer et al. (2025) re-
port a Fleiss’ x agreement of .83 for verb placement
annotation on CEFR.

The Diversification sample draws on six corpora
that are not part of the CEFR sample, with the goal
of capturing a greater variety of task settings and
also including some spoken L2 data (BMAT L2
(Sauer and Liideling, 2016), MULT_S (Schroeder
et al., 2015)). Unlike the CEFR data, the texts in
the Diversification sample have no CEFR ratings.
Schwendemann et al. (2025a) reported x between
two coders above .93 for verb placement on this set.

Our primary evaluation here concerns the word
order types: after learning parsing models on syn-
thetic data, can we recognize all word order types on

®The parses represent something like a silver standard. This
is so because some learner productions are hard to understand
and because the data was checked by only one person, who did,
however, have prior experience with UD-based annotation.

"While the original annotation covers some documents
incompletely, we fully annotated all documents sampled for
each corpus.

¥See the CEFR website for details.

°The German rendering is Gemeinsamer Europdischer
Referenzrahmen fiir Sprachen (GER).
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Category Precision Recall F1-Score Support Category Precision Recall F1-Score Support
ADV 80.3 85.5 82.8 62 ADV 26.9 82.4 40.6 17
INV 97.6 924 94.9 262 INV 90.7 81.0 85.6 205
SEP 91.8 97.0 94.4 267 SEP 93.7 97.5 95.5 242
SVO 97.1 90.7 93.8 335 SVO 97.7 90.2 93.8 461
VEND 100.0 86.0 92.5 214 VEND 97.0 91.1 94.0 214

Table 2: Manual rules on TopoBatt (L.1/synthetic)

the L2 data in a parse-based approach? Note that,
beyond ADV, L2 data contains additional ortho-
graphic and morpho-syntactic errors and unusual
structures that might impinge on parse quality.

4 Rule based verb placement on L1

The first question we need to answer is: How
well does rule based verb placement work on well-
parsed L1 data? Towards that end, we apply our
rule-based verb classifier (1) to the L1 sentences in
TopoBatt and (2) the L2 sentences in L2Trees.
Table 2 shows results on the TopoBatt data, indi-
cating that on well-parsed L1 data the assignment of
verb placement types is a solvable problem. ADV
still proves harder than the other types but is at quite
high a level already. Table 3 shows that results on
learner data are also quite high except for ADV
where performance is significantly lower. While
the true number of ADV instances in this L2 data is
very small, it is notable that precision is very low as
the rules predict quite a few false positives. While
the data in L2Trees may well be somewhat different
from the other L2 datasets we use, it seems reason-
able to expect a low ceiling on performance. '’

5 Generating synthetic data

Synthetic data is commonly used in the field of
grammatical error correction where authentic L2
data is sparse. Many kinds of corruptions are pos-
sible. We focus on ADV, as our main motivation is
the lack of available training data for this structure.

5.1 Rule-based generation of L2 data

Our approach is conceptually similar to Masciolini
et al. (2024) who mostly follow an earlier approach
that swaps subtrees around roots (Sahin and Steed-
man, 2018). However, they also randomly swap
adjacent tokens to some extent. In our own ap-
proach, we forgo such swaps as they seem to hardly
ever occur in the L2 data we have. (On this point,
also see Michael and Horbach (2025)). We only
move whole constituents/subtrees.

1%We also tested a classical ML approach, with results simi-
lar to those of our rule-based approach (see Appendix D).

Table 3: Manual rules on L2Trees

We create ADV instances as follows. Given INV
instances, we move the post-verbal subject from the
midfield to the left into VF. Given SVO instances,
we move an item from the post-verbal midfield in
front of the subject, which also results in ADV. Note
that this modification of SVO would not be allowed
in the approach of Michael and Horbach (2025),
where the relative order of NPs is always preserved.
In addition to creating ADV instances, we also ex-
periment with modifying the post-verbal midfield
and, if present, the post-field to the right of the
right bracket. This is of interest as learners also
produce non-canonical orders in those fields which
may be hard for L1-trained parsers to deal with.
As pure MF manipulation, we swap random con-
secutive constituents. We manipulate NF in two
ways. When it is empty and MF is filled, we move
a random item from MF into NF. When NF con-
tains a clause, we move it to MF.!" Complementing
the movement of items, we also modify parses by
removing non-final punctuation, in particular com-
mas. L2 data often omits commas and we would
like parsers to be less sensitive to their absence.

We applied the above modifications in two set-
tings. In the basic setting (RULEB), applicable
modifications were allowed to fire once. In the
exhaustive setting (RULEE), we generated all possi-
ble variants. For instance, in cases of SV followed
by multiple arguments and/or modifiers, we pro-
duced separate ADV instances by moving each of
the post-verbal elements to the front.

5.2 LLM-based generation of L2 data

Given the success of generative Al models for data
generation (Liu et al., 2024; Nadds et al., 2025),
we explore two LLM-based approaches to generate
synthetic L2 data for parser training.

One-Shot We use seed sentences from our L1
treebank and prompt the model to modify the data
so that it matches the target ADV word order. The
seed data is filtered for length and POS similarity in
order to match the linguistic properties of our target

"Rarely, there can be multiple clauses in NF. In that situa-
tion, we randomly pick one.



Set synth. # trees
[1]  BASE parser X 104,787
[2] RuULEB v 1100
[31 RuULEE v 10314
[4] LLM_ONE-SHOT | vV 4419
[5] rLm_MoDIFY v 2255

Table 4: Parser training data subsets and their
properties.

data.'” We test a one-shot setting where we present
the LLM with an example tree with canonical word
order and a modified tree in ADV word order and
prompt it to modify a new tree accordingly. The
modified example tree is randomly selected from a
set of five modifications, all following ADV order.
The prompt is included in Appendix B, Fig.1.

Modify In our second approach, we present the
LLM with a non-canonical tree with ADV word or-
der that was generated by the rule-based approach
(§5.1). We then prompt the model in a zero-shot
setting to modify the semantics of the tree while
preserving its syntactic structure. We hypothesize
that this might help to increase diversity in the syn-
thetic data. The approach also addresses one of the
limitations of the basic rule-based setting which can
only provide us with a small number of new trees
for ADV. For the prompt template, please refer to
Fig.3 in Appendix B.

As both the One-Shot and the Modify approach
create some invalid output, we drop all trees that
exhibit one of the following problems: (i) incorrect
number of columns, (ii) invalid UD or STTS POS
label, (iii) invalid dependency relation, (iv) depen-
dency cycle, or (v) multiple roots. For the MoDIFY
approach, these checks eliminated about 2/3 of the
generated trees, for ONE-SHOT around 1/3.

Syn-All  We also test whether the rule-based and
LLM-based methods can complement each other
by combining the controlled generation of the rule-
based approach with the LLM-generated trees.

Models We experiment with two open-weight
models for tree generation. Qwen3-30b-A3B-
Instruct-2507 is a mixture-of-experts model by
Alibaba with 30 billion parameters, tuned for
instruction-following, conversation, and general
tasks. Gpt-o0ss-120B is a general purpose model by
OpenAl and, with 120 billion parameters, signifi-
cantly larger. We use Gpt-o0ss-120B for ONE-SHOT
and Qwen3-30b-A3B-Instruct-2507 for the Mob-
IFY approach.

2We use automatically predicted PoS$ in the target data to
compute similarity.

Eval data Model UAS LAS Topo
trained on TiiBa-D/Z, evaluated on TiiBa-D/Z
TiiBba-D/Z  de Kok 2016 92.4 90.0 n/a
" TiiBba-D/Z TiiBa-base @ 90.5 893 ~ 959
L2Trees TiiBa-base 88.7 85.0 n/a
base TiiBa fine-tuned on synthetic, evaluated on TiiBa-D/Z
TiiBba-D/Z  RULEB 88.8 87.3 94.9
TiiBba-D/Z  RULEE 89.7 88.3 95.4
TiiBba-D/Z ONE-SHOT 88.9 87.1 95.3
TiiBba-D/Z  MoDIFY 89.3 87.7 95.7
TiiBba-D/Z  SYN-ALL 89.1 87.5 93.8
base TiiBa fine-tuned on synthetic, evaluated on L2 data
L2Trees RULEB 87.7 83.5 n/a
L2Trees RULEE 88.5 84.6 n/a
L2Trees ONE-SHOT 87.3 82.7 n/a
L2Trees MobIFY 87.8 83.9 n/a
L2Trees SYN-ALL 87.9 84.2 n/a

Table 5: Parsing results on TiiBa-D/Z (L1) and L2Trees.

The above two models were selected and matched
to the tasks after we tested a set of four open-
weight LLMs on a small development set of 25
trees and asked the models to generate new trees
in each of our two settings, that is the ONE-SHOT
approach and the MobIFy approach.!? The other
open-weight models we considered were from the
Mistral and Llama model families. Mistral-Small-
24B-Instruct-2501 is a fast and efficient general-
purpose model from Mistral Al with 24 billion pa-
rameters. However, we found that on our task the
model outputs many additional comments on the
task and on what it intended to do (mostly in En-
glish) but failed to generate valid trees in both
settings. Llama-3.3-70B, developed by Meta, is
slightly older but relatively large with 70 billion pa-
rameters. Despite its size, the model showed poor
performance on our task. It produced many extra-
neous comments (despite being told to output only
the trees) and often deviated from the CoNLL-U
format.

6 Experiments & Evaluation

We now train parsing models on different combina-
tions of L1 and synthetic data to investigate whether
we can improve results especially for identifying
ADV word order with multiple prefield elements.

6.1 Experimental settings

We first train a base parser on the TiiBa-D/Z L1
data (BASE). We then continue training that model
further with four sets of synthetic data (cf. [2]-[5]

13For better performance it may be desirable to explore many
more models. However, for this study we wanted to use open
source models and we were also constrained to use models
that were or could be hosted on the hardware available to us at
our institutions.



Model Cat Prec Rec F1  Support

BASE ADV 415 370 39.1 46
RULEB ADV 43.1 544 48.1 46
RULEE ADV 489 50.0 495 46
ONE-SHOT ADV 45.1 500 474 46
MOoDIFY ADV 41.8 500 455 46
SYN-ALL ADV 429 652 51.7 46
BASE INV 934 915 924 294
RULEB INV 93.0 905 91.7 294
RULEE INV 94.1 915 928 294
ONE-SHOT INV 934 915 924 294
MoDIFY INV 940 912 926 294
SYN-ALL INV 94.0 89.8 91.8 294
BASE SEP 91.0 947 928 299
RULEB SEP 89.8 943 920 299
RULEE SEP 89.9 950 924 299
ONE-SHOT  SEP 91.8 940 929 299

MoDIFY SEP
SYN-ALL SEP

919 943 93.1 299
91.0 947 928 299

BASE SVO 96.7 66.0 78.5 444
RULEB SVO 96.7 664 78.8 444
RULEE SVO 964 66.0 78.3 444
ONE-SHOT SVO 96.1 669 78.9 444
MoDIFY SVO 95.8 664 78.5 444
SYN-ALL SVO 95.8 66.0 78.1 444
BASE VEND 977 914 945 233
RULEB VEND 972 88.8 928 233
RULEE VEND 955 91.0 932 233
ONeE-SHOT VEND 972 89.7 933 233
MoDIFY VEND 98.1 89.7 93.7 233
SYN-ALL VEND 96.8 90.6 93.6 233

Table 6: Results for models trained on synthetic data
and applied to the Diversification sample.

in Table 4). Alongside each of the four synthetic
datasets, we use 500 sentences produced by RULEB
(see §5.1) as our development set. To evaluate verb
placement, we use the manual rules.

Parsing accuracy was evaluated using standard
measures, Labelled and Unlabelled Attachment
Scores (LAS , UAS). Punctuation tokens are ex-
cluded from the parsing scores. We assess the qual-
ity of topological field prediction in terms of F1.'4
We report the performance of verb placement clas-
sification per label.

6.2 Parsing results

Our BASE parser yields results similar to the ones
reported by de Kok and Hinrichs (2016) on the
in-domain data (see Table 5).!5 After continued
fine-tuning on different sets of our synthetic data,
we observe best results for both evaluation datasets
for parsing models fine-tuned on the RULEE dataset,
with accuracies only slightly lower than when train-
ing on the original UD version of TiiBa-D/Z.

“Topological fields are scored only on the TiiBa data be-
cause they were not manually labeled on L2trees.

SNote that de Kok and Hinrichs (2016) used a different
parser architecture, made use of an earlier version of the tree-
bank and had different, unpublished data splits.

6.3 Verb placement results

Tables 6 and 7 show results for rule-based verb
placement analysis on the Diversification sam-
ple. Note that in Table 6 each row represents a
version of the dataset parsed by a specific parser
model (Table 4, [1]-[5]).

We can see some benefit for each of the models
trained with synthetic data, with the largest increase
for ADV shown by the rule-exhaustive (RULEE)
data. Notably, both models trained on the rule-
based synthetic data outperform the models trained
on the llm-generated synthetic data (ONE-SHOT,
Mopbiry). For the other verb placement categories,
the picture is slightly different. Here the results for
the models trained on the LLM-generated data are
in the same range or slightly higher than for the
models trained on the rule-based data.

6.4 Shallow verb placement prediction

We now ask whether a shallow tagging approach
can outperform our parsing-based approach to pre-
dict verb placement in German L2. For this, we
train a BERT sequence tagger in a multi-label set-
ting to predict labels for each finite verb in the data.
We use the gold POS information to mark finite
verbs in the input. The model then learns to predict
one or multiple verb placement labels for each finite
verb in the input sequence (see Appendix C).

We train the model on CEFR, augmented with
1,000 instances generated by the rule-based ap-
proach. We selected trees generated with rules that
target the ADV class and add labels for the other
classes in a self-training setup (see App. C).

We can see that this approach also yields results
for ADV above 50% F1 and additionally increases
results for the other verb placement classes (Table
7), in particular for SVO and VEND. However, the
results have to be taken with a grain of salt as we
observe considerable variation in results, depend-
ing on the number of sentences that we add (see
results for different settings in the Appendix, Ta-
ble 15). To test whether results would generalize
to new data, we would need another evaluation set
for L2 data. As pointed out by an anonymous re-
viewer, the instability of the BERT classifier with
increasing synthetic training data may not only re-
flect generalizability issues, but also the effect of
noise from synthetic examples, and it may be nec-
essary to search for optimal training examples.



Model Cat Prec Rec F1  Support
BERT ADV 38.0 76.1 50.7 46
BERT INV 945 949 947 292
BERT SEP 93.1 953 942 299
BERT SVO 95.1 973 96.2 443

BERT VEND 99.1 974 982 232

Table 7: BERT results (F1) on the Diversification
sample for a model trained on CEFR+1,000 synthetic

instances.
Model ADV INV SEP SVO VEND
BASE 487 936 924 822 95.5
RULEB 37.4 90.9 91.7 81.3 96.2
RULEE 37.8 92.6 93.1 82.8 95.3

ONEe-SHOT 383 925 921 812 95.5
MoDIFY 41.0 928 923 814 95.1
SYN-ALL 412 917 926 82.0 95.4
Support 35 431 347 533 401

Table 8: Results for models trained on the
Diversification sample + synthetic data and applied to
CEFR.

6.5 Robustness of results

To test how robust our results are, we also apply
and evaluate our rule-based classifier on the CEFR
dataset (Table 8). Surprisingly, for predicting the
ADV class, using any version of the data parsed by a
model trained on synthetic data is worse than using
the BASE parser. We also observe that the parsers
trained on the llm-generated data show a smaller
performance drop than the rule-based models. We
show further mixed results for the rule-based clas-
sifier applied to L2Trees in Appendix E.

7 Error analysis

To find out more about the reasons for the mixed
results, we perform error analysis on the rule-based
predictions applied to versions of the CEFR data
parsed by the spaCy BASE model and the model
finetuned on RULEE. In terms of error types, we ob-
serve the same kinds of errors for both versions. For
ease of exposition, we discuss the major error types
grouped by whether they affect recall or precision.

Recall errors Several error types reduce recall.
One issue is that some tokens in the parser output
lack a TopoField value or have the value null rather
than any of the standard topological field labels.
Given that the rules only inspect the elements in
the regular fields but do not look at tokens without
a value or with the null value, this leads to misses
if a token at the left periphery without a TopoField

value is one that should have been assigned to VF.!6

Another source of errors are incorrect parses of
learner sentences with multiple L1-atypical struc-
tures. For instance, in (4), the subordinate als-
clause — which lacks the expected verb-last word
order — is treated as the main clause to which the
actual main clause is conjoined. As a result, ADV
in the main clause is not discoverable.

(4) [Als du hat im Brief geschrieben, dass ich bald Geburts-
tag habe], [vielleicht] wiinsche ich mir eine neue Tier
haben in diesem Jahr.

’Since you mentioned in your letter that my birthday is

coming up soon, maybe I’ll ask for a new pet this year.’

In a few cases the gold verb placement annotation
seems wrong, in others it seems to be at least de-
batable because the context is ambiguous. In (5),
the mit-PP was considered to depend on the right
clause (distanzieren) for the verb placement anno-
tation, whereas the parser associates it with the first
clause (spielen). We prefer the first interpretation
but cannot rule out the second.

(5) Technologie spielt auch eine groBe Rolle , [mit den neuen
Smartphones , Internet iiberall] , [die interpersonelle
Beziehungen] distanzieren sich noch mehr.
"Technology also plays a major role; with new smart-
phones and ubiquitous internet access, interpersonal re-

lationships are becoming even more distant.’

Precision errors (6) represents a repair or syn-
tactic amalgam as it contains two instances of the
copula sind around the subject. Both copulas are
attached to the root 7eil with the relation cop and
there is no use of the UD relation reparandum to
subordinate the first instance of sind to the second
one.!” As a result there are two distinct subtrees
with VF labels: natiirlich and alle diese Vorteile.

(6) Aber natiirlich sind alle diese Vorteile sind nur ein kleines
Teil des Lebens.
"But of course, all these benefits are just a small part of
life.”

Another significant subset of errors results from the
fact that clauses and related pronominal adverbs
may co-occur together as unrelated items in TiiBa-

'We noticed only after the experiments were concluded
that null or missing TopoField values already occur in the
Tiiba D/Z gold standard. Potentially, one could try to filter out
trees where this issue occurs, though this would of course also
reduce the amount of training data.

This is unsurprising since Tiiba D/Z, as an L1 written
treebank, lacks even a single instance of this relation.



D/Z (UD). In (7), the wenn-clause and dann are
treated as two separate items in VF.

(7) [Wenn man die Grafik betrachtet] , [dann] kann man
erkennen , dass ...

’If you look at the graph, you can see that...”

The rules recognize these structures as cases of mul-
tiply filled pre-fields but the gold annotation did not
treat them as ADV because the annotation of ADV
on the learner data focused on L1-inappropriate
cases, which examples like (7) are not.

Summary There are a few ways in which to ad-
dress the above errors. First, we could track ambigu-
ous cases and score them more leniently. Second,
we could fix errors in the gold standard. We can also
either let L1-appropriate instances like (7) bear the
gold label ADV or modify the rules so they get ig-
nored. We might also modify the rules without too
much to handle tokens with missing or null topolog-
ical values on the left periphery. However, for cases
like (4) and (6), trying to detect and compensate
for incorrect parses with something like mal-rules
(Schneider and McCoy, 1998) seems quite difficult.
It might be preferable to collect / create new nat-
uralistic or synthetic data that exemplify more of
the structures that are atypical in written L1 and
whose presence negatively impacts parse quality in
L2 (and probably also in spoken L1) data.

8 Conclusion

We studied the use of synthetic data in training pars-
ing models that can support linguistically grounded
approaches to recognizing verb placement in Ger-
man learner data. While performance seems ad-
equate for four of the placement types, the ADV
constellation with its multiply filled prefield cannot
be reliably recognized. Both the lack of instances in
L1 training data and the rarity of the phenomenon in
available L2 corpora conspire to make recognizing
instances of ADV a very hard task. While we could
increase ADV recall significantly on some datasets,
precision was mostly quite poor. To gain better per-
formance for ADV on our parsing-based approach,
we need more robust assignment of topological
fields and greater robustness against a broader range
of L2 errors that impinge on the analysis of pre-field
elements via knock-on effects. Synthetic data that
only models ADV in otherwise L1-like sentences
does not get us close enough. Finally, the parsing-
based approach to verb placement classification as
well as the BERT-based approach may both benefit

from trying to identify high-quality trainig exam-
ples.

Limitations

The annotated datasets we have available for verb
placement analysis in learner language are still rel-
atively small, especially when it comes to our focal
ADV category, the case of multiply filled pre-fields.
However, there is realistically not much that can
be done in the near term to increase the number of
naturalistic L2 samples.

It would be quite sensible to carry out similar
studies for other Germanic languages that have mul-
tiple word orders and where learner (and spoken)
language may contain finite clauses with multiple
pre-verbal constituents (e.g. Swedish V3).

Equally, it would make sense to investigate the
use of multiply filled pre-fields in spoken and writ-
ten L1 German as a point of comparison. We sus-
pect that the distribution of ADV types might be
quite different, at least relative to the written L1
cases discussed by (Miiller, 2003). Comparisons
with naturalistic spoken L1 face the difficulty that
little such material is publically available and, more
importantly, that it is usually structured into con-
tributions or turns rather than sentences, which are
needed for a parse-based analysis.
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A Datasets

Table 9 lists the main datasets and shows key infor-
mation.

Composition of CEFR and Diversification
samples with verb placement annotation

Table 10 shows the source corpora for the docu-
ments included in the two samples. Tables 11 and
12 show the distribution of verb placement types in
the two samples. Note the rarity of ADV.



Name L1/1L.2 Size Source

TubaTest L1 10478  Telljohann et al. (2006)

TopoBatt L1/synth. 636 Ruppenhofer et al. (2024)

L2Trees L2 637 this paper

CEFR L2 962 Ruppenhofer et al. (2025)
Diversification L2 1078 Schwendemann et al. (2025a) (p.c.)

Table 9: Overview of the different datasets used in our experiments.

Diversification sample CEFR sample
Corpus Reference Corpus Reference
Bematac L2 Sauer and Liideling | Merlin Boyd et al. (2014)
(2016)
CDPSt Wu and Li (2022) Diskof Wisniewski et al.
(2022)

Kolipsi 1 (KLP1): Glaznieks et al. (2023)
Multilit spoken  Schellhardt and

(MULT_S)t Schroeder (2015)

Multilit written  Schellhardt and

(MULT_W)i Schroeder (2015)

SWIKO/WTLDZ Karges et al. (2022)

# sentences 1078 # sentences 962

Table 10: Corpora represented in the manually annotated verb placement data
(Corpora marked with  are available only for academic research)

CEFR #docs ADV INV SVO SEP VEND Total

Al 27 4 31 67 28 1 131
A2 17 1 36 62 20 7 126
B1 10 6 41 71 49 22 189
B2 11 18 124 143 110 150 545
Cl 12 6 198 190 140 221 755
Total 71 35 430 533 347 401 | 1746

Table 11: Counts of verb placement types per level in CEFR sample

Corpus #docs ADV INV SVO SEP VEND Total
bematac 1 2 71 65 32 30 200
CDPS 8 10 67 46 50 42 215
KLP1 12 20 67 113 84 66 350
WTLD 23 11 13 89 12 16 141
Mult spoken 11 3 56 90 95 43 287
Mult written 12 0 20 41 26 36 123
Total 67 46 294 444 299 233 | 1316

Table 12: Counts of verb placement types across corpora in the diversification sample



Composition of L2Trees

The source corpora for the sampled documents are
listed in Table 13. They are accessible through the
DAKODA repository.

Corpus Source

Beldeko (Wedig et al., 2025)
Comigs (K&hn and Kéhn, 2018)
Digs (Diehl, 1998)

Dulko essays (Hirschmann and Nolda, 2020)
Kandel (Vyatkina, 2016)

Koko (Abel et al., 2014, 2016)
Leonide (Glaznieks et al., 2022)
Merlin (Wisniewski et al., 2013)
Osna L2 (Tobias Thelen, 2010)
Pete L1 (Petersen, 2014)

Pete L2 (Petersen, 2014)

Rueg bilingual (Liideling et al., 2024)
Rueg mono (Liideling et al., 2024)

Whig (Falko-Whig)  (Zeldes et al., 2008)

Table 13: Corpora sampled in L2Trees

Table 14 shows the counts for the different verb
placement types.

CEFR  Count
ADV 17
INV 205
SEP 242
SVO 461

VEND 214

Table 14: Verb placement types in L2Trees

B Prompt templates

Below we show the prompt templates used. The
German version was actually used in the experi-
ments; the English version is offered as a conve-
nience for readers.



Prompt: one-shot

Rolle und Ziel:
Du bist ein Experte fiir Universal Dependency-Syntax und fiir das Topologische-Felder-Modell.
Deine Aufgabe ist es, UD-Bidume zu modifizieren.

Kontext der Aufgabe:

Du erhiltst zwei Beispielbdume mit Universal Dependencies. Der erste Baum hat eine kanonische
Vorfeldbesetzung, bei zweite Baum zeigt eine modifizierte Wortfolge, bei der mehr als eine Phrase
im Vorfeld steht, d.h. er hat eine mehrfache Vorfeldbesetzung.

Zusitzlich erhaltst Du einen neuen UD-Baum. Modifiziere den Baum so, dass er ebenfalls mehr als
eine Phrase im Vorfeld hat. Du kannst Tokens verschieben oder neue Tokens einfiigen. Achte darauf,
dass der modifizierte Baum die korrekten Kopfe und Dependenzen hat, d.h. wenn Du Tokens im
Baum verschiebst, musst Du die entsprechenden Token-Ids und Kopf-Ids anpassen.

Anweisungen:

1. Analysiere zuerst die topologische Wortstellung im Beispielbaum Beispiel.

2. Analysiere dann die topologischen Wortstellung im modifizierten Beispielbaum Beispiel (modi-
fiziert).

3. Analysiere die topolotische Wortstellung im UD-Baum Originalbaum.
4. Modifiziere den Originalbaum so, dass er eine mehrfache Vorfeldbesetzung aufweist.

5. Priife, ob die Token-Ids und Kopf-Ids im modifizierten Baum nach der Modifikation korrekt
sind und korrigiere sie, wenn notig.

Wichtig: Der Output soll nur den modifizierten UD-Baum enthalten.
Beispiel [CONLLU TREE]
Beispiel (modifiziert) [CONLLU TREE]

Originalbaum [CONLLU TREE]

A\ J

Figure 1: Prompt template for the ONE-SHOT setting ([CONLLU TREE] is replaced by the conllu trees for the example
tree, the modified example and the input tree).



Prompt: one-shot

Role and Objective:
You are an expert in Universal Dependency syntax and the Topological Fields Model. Your task is to
modify UD trees.

Task Context:

You are provided with two example trees containing Universal Dependencies. The first tree has a
canonical VF structure, while the second tree shows a modified word order in which more than one
phrase appears in the first field, i.e., it has a multiple VF structure.

In addition, you will be given a new UD tree. Modify the tree so that it also has more than one phrase
in the VFE. You can move tokens or insert new tokens. Make sure that the modified tree has the correct
heads and dependencies; that is, if you move tokens in the tree, you must adjust the corresponding
token IDs and head IDs.

Instructions:

1. First, analyze the topological word order in the example tree Example.

2. Then, analyze the topological word order in the modified example tree Example (modified).
3. Analyze the topological word order in the UD tree Original Tree.

4. Modify the original tree so that it exhibits multiple head positions.
5

. Check whether the token IDs and head IDs in the modified tree are correct after the modification
and correct them if necessary.

Important: The output should contain only the modified UD tree.
Example [CONLLU TREE]
Example (modified) [CONLLU TREE]

Original tree [CONLLU TREE]

A\ J

Figure 2: English translation for the ONE-SHOT prompt in Fig.1 ([CONLLU TREE] is replaced by the conllu trees for
the example tree, the modified example and the input tree).



Prompt: zero-shot

Rolle und Ziel:
Du bist ein Experte fiir Universal Dependency-Syntax und fiir das Topologische-Felder-Modell.
Deine Aufgabe ist es, Syntaxbdume zu modifizieren.

Aufgabe:

Du erhéltst einen Beispielbaum mit Universal Dependencies. Der Baum hat eine nicht-kanonische
Wortfolge. Kopiere den Baum und behalte die syntaktischen Dependenzen und POS-Tags, verindere
aber die Semantik, indem Du die Wortformen und Lemmas durch neue Wortformen und Lemmas
ersetzt, so dass der Satz eine neue Bedeutung bekommit.

Anweisungen:

1. Lies zuerst den Text des Originalbaums und analysiere seine Struktur.

2. Generiere dann einen neuen Text der gleichen Linge und neuer Bedeutung. Der neue Satz soll
exakt die gleiche POS-Sequenz und syntaktische Struktur haben wie der Originalsatz.

3. Ersetze die Wortformen und Lemmas im Original-Syntaxbaum mit den Wortformen und Lemmas
des neuen Satzes.

4. Priife, ob die Syntax des neuen Satzes korrekt ist und der Baum keine strukturellen Fehler enthiilt.

Wichtig: Der Output soll nur den neuen, modifizierten Syntax-Baum enthalten.

Originalbaum [CONLLU TREE]

Figure 3: Prompt template for the ZERO-SHOT setting ([CONLLU TREE] is replaced by the input tree).




Prompt: zero-shot

Role and Objective:
You are an expert in Universal Dependency syntax and the Topological Fields model. Your task is to
modify syntax trees.

Task:

You are given a sample tree with Universal Dependencies. The tree has a non-canonical word order.
Copy the tree and retain the syntactic dependencies and POS tags, but change the semantics by
replacing the word forms and lemmas with new ones so that the sentence takes on a new meaning.

Instructions:

1. First, read the text of the original tree and analyze its structure.

2. Then generate a new text of the same length and with a new meaning. The new sentence should
have exactly the same POS sequence and syntactic structure as the original sentence.

3. Replace the word forms and lemmas in the original syntax tree with the word forms and lemmas
of the new sentence.

4. Check whether the syntax of the new sentence is correct and the tree contains no structural
errors.

Important: The output should contain only the new, modified syntax tree.

Original tree [CONLLU TREE]

A\

Figure 4: English translation for the ZERO-SHOT prompt in Fig. 3 ([CONLLU TREE] is replaced by the input tree).



C BERT verb placement classifier

We train a BERT sequence tagger in a multi-label
setup on the CEFR data. To benefit from the addi-
tional, synthetic data, we add different-sized sam-
ples randomly extracted from the data created by
the rule-based approach (RULEB) to our training
data.

Model and parameters We initialise our model
with the deepset/gbert-large model'® (Chan
et al., 2020) and train it for 10 epochs (with early
stopping), using a batch size of § and a learning rate
of 3.843349850997621e-05. The parameters have
been determined through hyperparameter tuning,
based on Optuna.'®

Self-training setup for the BERT tagger We
augment our training data with N instances sam-
pled from our synthetic training data (RULEB). To
improve results for the multiply occupied prefields,
we select trees generated with rules that target the
ADV class and add labels for the other classes in a
self-training setup where we use the BERT classi-
fier trained solely on CEFR to predict the labels for
INV, SEP, SVO, VEND. We then add the tagged
data to the training set and retrain the BERT model.

Table 15 shows results for the different models
trained on varying subsets from our synthetic data.
We see substantial variance for the different mod-
els, showing best results for the CEFR+1000 setting.
However, it is unclear whether the results will gen-
eralise to new data.

D Additional results for verb placement

To check if the rule-based approach on
L2Trees could be outperformed by a classi-
cal ML approach, we used autogluon® to train
a classifier ensemble using linguistic tree-based
features extracted from the L1 data in TopoBatt.
The performance of this classifier on an in-domain
test set is shown in Table 16: it seems to be as good
as the manual rules, though performance on ADV
may be slightly lower.

Training and testing on L2Trees produces a bit
lower but still good results for ADV at 0.667 (cf.
Table 17. It’s not clear if the lower performance
relative to TopoBatt is owed to ADV being more
difficult to recognize on L2 data or to the fact that
we have only half as many instances as in TopoBatt.

Bhttps://huggingface.co/deepset/gbert-large
Phttps://github. com/optuna/optuna.
Phttps://auto.gluon.ai/stable/index.html

Model ADV INV SEP SVO VEND
CEFR 29.1 950 950 954 98.7
CEFR+500 484 960 941 96.7 98.4
CEFR+1000 50.7 947 942 96.2 98.2
CEFR+1500 364 957 922 948 98.0
CEFR+ALL 289 956 925 952 98.2

Table 15: BERT classifier results (F1) for different
models. CEFR: trained on CEFR only; CEFR+N:
trained on CEFR + different portions of synthetic
rule-based data with automatic predictions for the
INV/SEP/SVO/VEND classes (N=500, N=1000,

N=1500, All: N=3022).

Category | Precision | Recall | F1-Score
ADV 0.857 0.667 0.750
INV 1.000 1.000 1.000
SEP 1.000 0.900 0.947
SVO 0.963 1.000 0.981
VEND 1.000 1.000 1.000

Table 16: Ensemble performance: train and test on
TopoBatt

(Note that we cannot compare this ADV score di-
rectly to the one for the manual rules reported in §4
because the latter results use all of L2Trees as a test
set, while here we only use a part of it for testing.)
What is more important to us is that, as shown by
the results in Table 18, when the TopoBatt ensemble
model is applied to L2Trees, the non-ADV classes
seem to generalize but ADV performance drops to
a level lower than seen with the manual rules due to
a large drop in recall. This again suggests that ADV
can look quite different depending on the dataset.

E Results for rule-based verb placement
prediction on L2trees

To make use of all of our available data, we also
applied the rule-based verb placement classifier to
the different versions of L2Trees (cf. Table 19).
Results for ADV here are inbetween those for the
Diversification and CEFR datasets. While no in-
dividual model trained on synthetic data can beat
the model trained on the BASE parser, the model
trained on the combination of all synthetic data can.
The gain again is due to increased recall, which
looks particularly drastic in percentage terms but is

Category Precision Recall F1-Score
ADV 0.600 0.750 0.667
INV 0919 1.000 0.958
SEP 0.925 1.000 0.961
SVO 0.960 1.000 0.980
VEND 1.000 1.000 1.000

Table 17: Ensemble performance: train and test on
L2Trees


https://github.com/optuna/optuna
https://auto.gluon.ai/stable/index.html

Category | Precision | Recall | F1-Score | Support
ADV 0.273 0.176 0.214 17.0
INV 0.867 0.961 0.912 204.0
SEP 0.942 0.942 0.942 241.0
SVO 0.894 0.965 0.928 461.0
VEND 0.942 0.991 0.966 214.0

Table 18: TopoBatt-trained ensemble model on L2Trees

probably unrealistically high because of the small
number of ADV instances in this dataset.

Model Cat Prec | Rec | F1 | Support
base ADV 345 | 58.8 | 43.5 17
ruleB ADV 21.6 | 64.7 | 324 17
ruleE ADV 324 | 64.7 | 43.1 17
qwen ADV 26.3 | 58.8 | 364 17
0SS ADV 22.0 | 64.7 | 32.8 17
synthall | ADV 326 | 88.2 | 47.6 17
base INV 88.8 | 77.6 | 82.8 205
ruleB INV 89.5 | 75.1 | 81.7 205
ruleE INV 90.6 | 75.6 | 82.5 205
qwen INV 90.5 | 74.6 | 81.8 205
0ss INV 89.9 | 78.0 | 83.5 205
synthall | INV 91.3 | 76.6 | 83.3 205

base SEP 89.6 | 96.3 | 92.8 242
ruleB SEP 88.3 | 963 | 92.1 242
ruleE SEP 90.7 | 96.7 | 93.6 242
qwen SEP 89.5 | 94.6 | 92.0 242

0ss SEP 912 | 94.6 | 92.9 242
synthall | SEP 884 | 942 | 91.2 242
base SVO 959 | 71.6 | 82.0 461
ruleB SVO 95.1 | 72.0 | 82.0 461
ruleE SVO 96.3 | 73.5 | 834 461
qwen SVO 954 | 72.0 | 82.1 461

0ss SVO 954 | 722 | 822 461

synthall | SVO 96.0 | 73.1 | 83.0 461
base VEND | 95.7 | 83.6 | 89.3 214
ruleB VEND | 96.8 | 84.1 | 90.0 214
ruleE VEND | 96.8 | 84.1 | 90.0 214
qwen VEND | 96.8 | 83.6 | 89.7 214

0ss VEND | 96.2 | 82.7 | 88.9 214
synthall | VEND | 96.3 | 84.1 | 89.8 214

Table 19: Comparison of four different models trained
on various datasets and applied to the L2Trees sample.

F Multiply filled pre-fields in TiiBa-D/Z

To have a better sense of what the parser training
data look like, we inspect the parses in the L1 TiiBa-
D/Z tree bank for cases of ADV.

We proceed as follows. To identify prefields, we
inspect each sentence for the maximal contiguous
token sequences where each component token has
the TopoField value VF (= Vorfeld ‘pre-field’). We
then analyze the dependency relations of the tokens
in each sequence of prefield tokens. If exactly one
token has a head outside the prefield, then the pre-
field holds only one sub-tree (~ constituent). If
there is more than one token whose head is not
itself part of the prefield, then the prefield holds
multiple subtrees and represents a case of ADV (on
the assumption that all parses are indeed correct).

Of the 104,787 sentences in the tree bank, 83,028
have at least one prefield. In these sentences, a total
of 100,615 VF sequences were found. Within these,
we counted 341 VF sequences with >1 sub-tree, i.e.
candidates for ADV. We inspected all of these cases
manually to verify if they were real instances. We
found that all/most of these matches were false pos-
itives. In quite a few cases, the treebank annotation
seems wrong. For instance, coordinations like und
‘and’, aber ‘but’, denn ‘for’ are erroneously placed
in VF (rather than the PARORD field), as und is in
(8).

(8) “Unsere Strategie ist ohne Alternative, und sie
beginnt zu greifen”, resiimiert der Kanzler.
”Our strategy is without alternative, and it
starts to take-effect”, concludes the chancel-
lor.

"There is no alternative to our strategy, and
it is beginning to take effect,” the chancellor
concludes.’

In the other large subset of cases, our algorithm
proves too simplistic because we use flat topological
annotations. For instance, if we have a noun phrase
in the prefield which includes a finite clause as an
apposition to the head noun, then the VF of the
finite clause is adjacent to the VF tags on the article
and the head noun, even though they involve VFs
at hierarchically different levels. In (9), wir is in
the VF of the appositive clause but the whole NP
headed by Slogans is in the prefield of the clause
headed by versucht at a higher level.

(9) Mit Slogans ”Wir sind das Volk , das die Ernte
einbringen will” , versucht die Bewegung An-
hinger zu mobilisieren
With slogans “we are the people, which the
harvest bring-in wants” , seeks the government
supporters to mobilise
‘With slogans like "We are the people who
want to bring in the harvest,” the movement is
trying to mobilize supporters.’

The results of our query suggest that we have no real
ADV instances that are identifiable by our approach.
If there were any correctly labeled clear-cut cases,
we should have found them.

Of course, it is possible that there are such cases
in the treebank but that they were mislabeled. In
terms of training a parser to recognize ADYV, this
would be worse because it would lead to inconsis-
tency. To investigate the possibility that some ADV



instances might be mislabeled, we search the TiiBa-
D/Z treebank for prefields containing an adverb
following by a determiner (defined as the UPOS se-
quence ADV+DET). This is a clear, central pattern
of ADV cases that Miiller (2013) discusses.

However, among the 1170 matches we obtain
the vast majority of cases involve adverbs that are
correctly attached because they are focus markers
(e.g. allein/einzig ‘only’, gerade ‘even’) or quan-
tifiers (e.g. fast ‘almost’, etwa ‘about, circa’). In
other cases, the attachment to the NP seems un-
usual but is plausible against the wider discourse.
For instance, in (10), [e]rneut is highly unusual as
a modifier of the subject.

(10) Erneut der SD-Bericht zitiert einen emporten
Arbeiter
Again the SD-report cites an upset worker
‘Once again, the SD report quotes an outraged
worker / It is once again the SD-report which
cites an outraged worker. ’

However, reading the whole article the sentence is
taken from, it is clear that semantically the repeti-
tion does not pertain to ‘cite an outraged worker’.
Instead, what is conveyed is that once more it is the
SD report that is the source of some juicy informa-
tion, given its preceding mention in (11).

(11) In Sorge wegen gewisser "Auflockerungen in
der Bevolkerung” verbreitet sein Bericht vom
8. Juli 1943 sogar lautstarke Fliisterwitze.
‘Concerned about a certain “relaxation of
discipline among the population,” his report
of July 8, 1943, even includes some risqué
jokes’.

In some few other cases, it seems to us that dis-
course markers were erroneously treated as adverbs
inside an NP in VF. In (12), the initial token [a]lso
seems to be used less in the sense ‘therefore’ and
more as a discourse marker ‘well then/ok’. As a
discourse marker, the token should occupy a sepa-
rate field preceding VF, that is, correct annotation
would not result in ADV either.

(12) Also den Tunnel mochte ich gegenwirtig in
dieser Breite nur deshalb haben, damit die
Bundesbahn, wenn sie baut, nicht auch noch
den dort flieBenden Verkehr einengt.

So the tunnel would I currently in this breadth
only therefore have, so that the federal-
railroad, when they build, not also still the

there flowing traffic restricts.
‘So the only reason I want the tunnel to be this
wide right now is so that when the Federal
Railroad builds it, they don’t also restrict the
traffic flowing through there.’

Overall then, it seems that there are very few, if any,
clear cases of ADV that were mislabeled.
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