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Figure 3: UD Genres in Embedding Space of (a) un-
tuned mBERT and (b) genre-tuned BOOT. Sentences
from single-genre treebanks (up to 1k each) colored by
genre, plotted using tSNE (Maaten and Hinton, 2008).
Tuning using genre as weak supervision clearly ampli-
fies genre information.

tion methods correctly identify and cluster the Ital-
ian Twitter data from IT-PoSTWITA (Sanguinetti
et al., 2018) and IT-TWITTIRO (Cignarella et al.,
2019), there is a lack of such in-genre data from
other languages,4 leading these parsers to overfit
on Italian specifically. This once again highlights
the difficulty of selecting proxy training data which
covers all desired characteristics — even from a
dataset as diverse as UD.

In general, the genre-driven methods make fairly
similar selections given their shared baseline pool
of treebanks containing the target genre in-mixture
(see Appendix D). Since using all of these data
however results in the worst overall performance
(META) while BOOT, GMM and LDA perform
best, the targeted selection of relevant subsets
within the larger META pool appears to be key.
Frequently, large treebanks such as Polish-LFG
(Patejuk and Przepiórkowski, 2018) with 14k in-
stances from fiction, news, nonfiction, social and
spoken are subsampled to a much smaller fraction
(around 3k instances in this example). The fact that
these proportions as well as the selected instances
themselves are relatively consistent across same-
genre targets corroborates that all our methods are
picking up on similar, data-driven notions of genre.

Figure 3 further visualizes the presence of la-
tent genre using t-SNE plots of up to 1k randomly
sampled sentence embeddings from each of UD’s
single-genre treebanks. In their untuned state (Fig-
ure 3a), some local genre clusters do manifest.

4More non-official Twitter-based treebanks in UD style
exist (Sanguinetti et al., 2020) which were left out of this study
as they are not part of UD and contain annotation divergences.

However, these mainly correspond to specialized
treebanks such as the aforementioned Italian Twit-
ter treebanks (social). Most other genres occur in
language-level mixtures or in a large overall “blob”
on the left. By amplifying genre explicitly using
the BOOT procedure, each individual genre is much
more clearly segmented (Figure 3b).

In conclusion, the presence of similar perfor-
mance patterns across all our proposed genre-
driven methods — while having separate ap-
proaches to treebank segmentation (weakly super-
vised tuning for BOOT, treebank-internal embed-
ding distances for GMM, n-grams for LDA) —
confirms our hypothesis that instance-level genre
can be identified cross-lingually from contextual-
ized representations and aids zero-shot parsing.

7 Conclusions

In absence of in-language training data, we have ex-
plored UD-specified genre as an alternative signal
for data selection. While prior work had indicated
the presence of genre information in monolingual
contextualized embeddings (Aharoni and Goldberg,
2020), an analogous strategy using mBERT embed-
dings proved insufficient in the cross-lingual pars-
ing setting (SEN), performing close to the random
baseline (RAND). Relying on manual, treebank-
level genre labels (META) proved even less perfor-
mant, producing the lowest scores despite corre-
sponding to a practitioner’s typical first choice of
selecting the largest number of training instances.

In order to enable finer-grained, instance-level
data selection, we proposed three methods for com-
bining latent genre information in the unsuper-
vised contextualized representations with the tree-
bank metadata: weakly supervised BOOT, sentence
embedding-based GMM and n-gram-based LDA.
Despite their different approaches to treebank seg-
mentation, each method significantly outperformed
the purely embedding-based SENT as well as the
metadata (META) and random baselines (RAND).
Their similar performance patterns and selected
data distributions further indicate that each method
is identifying a shared, data-driven notion of genre.

For future work, it will be important to extend
our proposed approaches beyond single-genre tar-
gets towards genre-mixtures and more treebanks
overall. As the data selected by these methods is
further limited by the number of treebanks in each
respective genre, combining a larger set of selec-
tion signals will be equally crucial.
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Ethan Chi, Yongseok Cho, Jinho Choi, Jayeol
Chun, Alessandra T. Cignarella, Silvie Cinková, Au-
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Siyao Peng, Cenel-Augusto Perez, Natalia Perkova,
Guy Perrier, Slav Petrov, Daria Petrova, Jason Phe-
lan, Jussi Piitulainen, Tommi A Pirinen, Emily Pitler,
Barbara Plank, Thierry Poibeau, Larisa Ponomareva,
Martin Popel, Lauma Pretkalnin, a, Sophie Prévost,
Prokopis Prokopidis, Adam Przepiórkowski, Tiina
Puolakainen, Sampo Pyysalo, Peng Qi, Andriela
Rääbis, Alexandre Rademaker, Taraka Rama, Lo-
ganathan Ramasamy, Carlos Ramisch, Fam Rashel,
Mohammad Sadegh Rasooli, Vinit Ravishankar,
Livy Real, Petru Rebeja, Siva Reddy, Georg Rehm,
Ivan Riabov, Michael Rießler, Erika Rimkutė,
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Appendix

A Universal Dependencies Setup

All experiments make use of Universal Dependen-
cies v2.7 (Zeman et al., 2020; UD). From the to-
tal set of 183 treebanks, we use all except for the
following six (due to licensing restrictions): AR-
NYUAD, EN-ESL, EN-GUMReddit, FR-FTB, JA-
BCCWJ, GUN-Dooley. In total 1.38 million sen-
tences are used in our experiments.

Target Treebanks As listed in the main paper,
our target treebanks are Swedish Sign Language-
SSLC (Östling et al., 2017), Sanskrit-UFAL
(Dwivedi and Easha, 2017), Komi Zyrian-Lattice
(Partanen et al., 2018), Tamil-TTB (Ramasamy
and Žabokrtský, 2012), Galician-TreeGal (Gar-
cia, 2016), Cantonese-HK (Wong et al., 2017),
Chukchi-HSE (Tyers and Mishchenkova, 2020),
Faroese-OFT (Tyers et al., 2018), Telugu-MTG
(Rama and Vajjala, 2017), Erzya-JR (Rueter and
Tyers, 2018), Hindi-English-HIENCS (Bhat et al.,
2018) and Turkish-German-SAGT (Çetinoğlu and
Çöltekin, 2019).

Development Data For the initial tuning of LDA
input features as well as the bootstrapping thresh-
old, we used the only five treebanks with develop-
ment data: SWL-SSLC, TA-TTB, TE-MTG, QHE-
HIENCS, QTD-SAGT.

For the early stopping of parser training, no such
in-language validation data is used (to ensure a
pure zero-shot setup). Instead, the data selected
by each selection method is split in an 80%/20%
fashion and is used as a proxy, out-of-language
development split.

Similarly, the training of the bootstrapping clas-
sifier (BOOT) uses only the non-target-language
portion of UD (i.e. excluding all treebanks of the
12 target languages plus constituent languages for
code-switched). For efficiency reasons, this data
is further subsampled to 40k total instances. Both
the training and validation (used for early stopping)
of BOOT are therefore similarly conducted without
any target-language data.

Subsets Since data selection is at the core of this
research, the exact instance IDs of each subset are
available in the supplementary code.

B Model and Training Details

The following describes architecture and training
details for all methods. When not further defined,

default hyperparameters are used. Implementations
are available in the supplementary code.

Infrastructure Neural models are trained on an
NVIDIA A100 GPU with 40 GB of VRAM. Since
most of our experiments do not require MLM sen-
tence embeddings to be updated, we compute them
once and store them on disk to save GPU cycles.

Multilingual Language Model The MLM used
in this work is mBERT (Devlin et al., 2019) as im-
plemented in the Transformers library (Wolf et al.,
2020)5. Embeddings are of size demb = 768 and
the model itself has 178 million total parameters.
To create sentence embeddings in the SENT and
GMM methods, we use the mean-pooled Word-
Piece embeddings (Wu et al., 2016) of the final
layer.

Clustering Methods Both Gaussian Mixture
Models (GMM) and Latent Dirichlet Allocation
(Blei et al., 2001; LDA) use implementations from
scikit-learn v0.23 (Pedregosa et al., 2011). LDA
uses bags of character 3–6-grams which occur in at
least two and in at most 30% of sentences. The n-
gram sizes were initially tuned on target treebanks
with available development sets (see Appendix A).
We found character 1–5-grams to perform approxi-
mately 2.5 LAS worse and word unigrams to per-
form approximately 2 LAS worse than the final
method. GMMs use the mBERT sentence embed-
dings directly as input. Both methods are CPU-
bound and complete the clustering of all treebanks
in UD in under 45 minutes.

Bootstrapping (BOOT) builds on the standard
mBERT architecture as follows: mBERT→ CLS
→ linear layer (demb×18)→ softmax. The training
has an epoch limit of 100 with early stopping after
3 iterations without improvements on the develop-
ment set. No target-language data is used during
this process. An alternate bootstrapping thresh-
old of 0.9 was evaluated and found to perform
approximately 1 LAS worse on the development
subset (see Appendix A) than the final value of
0.99. Backpropagation is performed using AdamW
(Loshchilov and Hutter, 2017) with a learning rate
of 10−7 on batches of size 16. The fine-tuning
procedure requires GPU hardware which can host
mBERT, corresponding to 10 GB of VRAM. Train-
ing on the subsampled 40k instance, non-target-
language data takes approximately seven hours.

5bert-base-multilingual-cased
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Dependency Parsers Every parsing experiment
in the main paper uses a biaffine attention parser
(Dozat and Manning, 2017) implemented in the
MaChAmp v0.2 framework (van der Goot et al.,
2021) using default hyperparameters. The sen-
tence encoder is initialized with standard mBERT
weights. The training duration is foremost depen-
dent on input data quantity. For the largest corpus
(META for TA-TTB with 524k instances) this cor-
responds to 55 hours. Our proposed methods create
smaller, targeted training corpora (around 80k in-
stances on average) such that a better performing
parser can be trained in approximately 90 minutes
on the same hardware.

Random Initializations Each experiment is run
thrice using the seeds 41, 42 and 43. This relates
to the random subsampling of data as well as to
model initialization (both parsers and selection).

C Additional Results

In addition to the labeled attachment scores (LAS)
reported in the main paper, we list LAS standard
deviation across random initializations in Table 5,
unlabeled attachment scores (UAS) in Table 4 as
well as the number of selected training instances
per method in Table 3.

Predictions We additionally provide the
instance-level predictions of each method and each
random initialization as CoNLL-U files in the
supplementary material in order ensure that future
work can evaluate the statistical significance of
performance differences.

D Data Selection Analysis

Figure 4 displays the distribution of selected in-
stances across all treebanks of UD per target tree-
bank and method. Proportions are normalized to
[0, 1] for each method (i.e. across each column).
Due to the large number of cells, we recommend
viewing this figure digitally.
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SETUP SWL SA KPV TA GL YUE CKT FO TE MYV QHE QTD AVG

TARGET 87 3k 132 400 600 — — 1k 1k — 1k 285 839

RAND 31k 81k 84k 249k 244k 30k 30k 50k 21k 86k 12k 30k 79k
SENT 33k 95k 101k 271k 236k 31k 30k 58k 23k 113k 14k 31k 86k

META 62k 274k 274k 524k 523k 62k 62k 125k 35k 274k 57k 61k 194k

BOOT 29k 59k 59k 256k 254k 28k 28k 35k 21k 58k 7k 29k 72k

GMM 33k 95k 101k 271k 236k 31k 30k 58k 23k 113k 14k 31k 86k
LDA 32k 89k 95k 238k 233k 33k 33k 56k 21k 96k 14k 30k 81k

Table 3: Training Corpus Sizes (number of selected instances) for zero-shot parsing experiments from tar-
get/proxy in-language treebanks (TARGET; where available), random sentence selection (RAND) and closest sen-
tence selection (SENT), treebanks containing target genre (META), instances classified as target genre (BOOT),
closest cluster selection (GMM and LDA).

SETUP SWL SA KPV TA GL YUE CKT FO TE MYV QHE QTD AVG

TARGET 40.66 38.74 26.70 75.83 85.51 — — 58.78 91.26 — 73.62 66.75 61.98

RAND 22.81 47.06 25.97 72.14 84.68 49.70 29.39 71.66 83.73 36.88 40.63 58.97 51.97
SENT 24.47 44.98 31.69 71.28 84.63 51.11 31.95 71.92 83.03 41.73 40.19 58.85 52.99

META 24.94 44.62 25.77 72.26 84.26 47.91 22.66 70.54 82.06 36.67 19.83 57.93 49.12

BOOT 24.83 42.00 39.40 73.38 84.19 60.72 35.42 75.21 84.05 39.03 27.59 57.15 53.58

GMM 25.18 44.19 37.77 74.33 84.55 60.61 37.53 77.00 82.89 38.09 26.65 59.52 54.02
LDA 27.42 44.84 40.33 72.93 84.27 60.06 35.68 77.23 84.70 38.78 27.61 58.46 54.36

Table 4: Unlabeled Attachment Scores for zero-shot parsing experiments on test splits of target treebanks using
training data from from target/proxy in-language treebanks (TARGET; where available), random sentence selection
(RAND) and closest sentence selection (SENT), treebanks containing target genre (META), instances classified as
target genre (BOOT), closest cluster selection (GMM and LDA).

SETUP SWL SA KPV TA GL YUE CKT FO TE MYV QHE QTD AVG

TARGET 0.71 0.54 0.77 1.16 0.24 — — 1.32 0.97 — 0.26 1.10 0.79

RAND 1.60 0.46 0.16 0.72 0.09 1.33 0.89 1.02 0.64 1.09 0.55 0.55 0.76
SENT 2.13 2.00 0.58 1.76 0.18 0.67 0.27 0.63 0.92 0.37 0.37 0.91 0.90

META 0.90 0.75 0.73 1.24 0.27 0.41 1.19 0.82 0.42 0.44 0.44 0.73 0.73

BOOT 0.54 0.85 0.55 1.07 0.27 0.14 0.51 0.92 0.42 0.28 1.08 0.43 0.59

GMM 1.14 1.02 0.75 1.00 0.18 0.28 0.80 1.30 1.35 1.28 0.63 0.47 0.85
LDA 0.74 2.29 0.23 1.96 0.14 0.65 1.32 0.41 0.44 0.81 1.23 0.25 0.87

Table 5: Standard Deviations of LAS for zero-shot parsing experiments on test splits of target treebanks using
training data from from target/proxy in-language treebanks (TARGET; where available), random sentence selection
(RAND) and closest sentence selection (SENT), treebanks containing target genre (META), instances classified as
target genre (BOOT), closest cluster selection (GMM and LDA).
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Figure 4: Selection Proportions per target treebank and data selection method across all of UD. Zero instances
were selected from shaded regions.


