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Abstract

Since the popularization of BiLSTMs and
Transformer-based bidirectional encoders,
state-of-the-art syntactic parsers have lacked
incrementality, requiring access to the whole
sentence and deviating from human language
processing. This paper explores whether fully
incremental dependency parsing with modern
architectures can be competitive. We build
parsers combining strictly left-to-right neural
encoders with fully incremental sequence-
labeling and transition-based decoders. The
results show that fully incremental parsing with
modern architectures considerably lags behind
bidirectional parsing, noting the challenges of
psycholinguistically plausible parsing.

1 Introduction

Human understanding of natural language is widely
agreed to be incremental: humans do not need to
read a complete sentence to start understanding
it. Instead, we update partial interpretations as we
receive more input (Marslen-Wilson, 1985).
While the exact way in which this incremental-
ity works is still unclear (Kitaev et al., 2022), its
presence implies that some form of incrementality
is an obvious necessary condition for a parser to
be psycholinguistically plausible as a model of hu-
man processing (Miller and Schuler, 2010). Since
human processing is the gold standard for auto-
matic parsing, we know that it should be possible
to achieve accurate parsing with incremental sys-
tems. Yet, in recent years, none of the competitive
syntactic parsers that have been proposed for ei-
ther of the main syntactic formalisms can be said
to be incremental, even under the loosest possible
definitions of the term. This poses challenges in
the intersection between syntax and computational
psycholinguistics, e.g., use cases both for model-
ing of human parsing and for real-time settings
where one wants partial results before waiting for
a sentence to end. Currently, most parsers use bidi-
rectional encoders, such as BiLSTMs (Kiperwasser
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and Goldberg, 2016; Dozat and Manning, 2017) or
Transformers (Zhou and Zhao, 2019; Mrini et al.,
2020; Yang and Deng, 2020), so the whole sentence
is being used before even processing the first word.
An exception is the constituent parser by Kitaev
et al. (2022), who use a fully incremental encoder,
but the rest of the model is bidirectional, as it uses
Transformer layers and a CYK-like, non-left-to-
right span-based decoder (Stern et al., 2017).

This paper explores the viability of fully incre-
mental dependency parsing, i.e., parsers where all
the components (from the encoder to the decoder)
work strictly from left to right. To our knowledge,
this is the first attempt to build fully incremental
dependency parsers with modern deep learning ar-
chitectures.

2 Incrementality in Parsing

In transition-based parsing Transition-based
parsing has traditionally been linked to incremen-
tality (Nivre, 2008), as it works from left to right
and builds partial outputs. Some authors consider
that transition-based parsers as a whole are incre-
mental, as they have internal states with partial out-
puts (Eisape et al., 2022). We will call this criterion
weak incrementality. Others exclude algorithms
like the arc-standard dependency parser, where de-
pendencies are not built in left-to-right order and
input arbitrarily far in the future might be needed to
build right-branching dependencies (Christiansen
and Chater, 2016). We will call this stricter view
strong incrementality, and formalize it as follows:
given a monotonic parser (i.e., one where each par-
tial parse is a superset of the previous), we say that
it is strongly incremental with delay k if every pos-
sible partial parse for a prefix w; ... w;_ can be
built upon reading the prefix wy . . . w;, without the
parser having accessed the rest of the input.! Analo-

'The definition of a partial parse for the prefix w1 . .. w;_j
depends on the grammatical formalism. For dependency pars-
ing, we mean the subgraph of a full parse induced by the nodes
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gous considerations about the limitations with right-
branching in weak incrementality, and parsers that
try to avoid it to various extents, have been studied
in the CCQG literature (Ambati et al., 2015; Stano-
jevi¢ and Steedman, 2019, 2020; Stanojevic et al.,
2021). Contrary to arc-standard, other transition-
based dependency parsers are strongly incremental:
the arc-eager (Nivre, 2003), Covington (Covington,
2001) or multiplanar (Gémez-Rodriguez and Nivre,
2013) parsers all fit our definition above.

Classic implementations of strongly incremental
parsers typically have positive delay (Beuck et al.,
2011) between input and output due to lookahead.
Some approaches have considered zero delay, al-
beit with weaker performance (K6hn and Menzel,
2013). Solutions are also available for specula-
tivity in incremental parsing (Kitaev et al., 2022),
by introducing non-monotonicity (Honnibal et al.,
2013; Ferndndez-Gonzdlez and Gémez-Rodriguez,
2017).

Thus, the paradigm supports incrementality and
many implementations of these parsers from the
pre-deep-learning era, which did not use contextu-
alized encoders, were strongly incremental, lead-
ing to the observation by Gémez-Rodriguez (2016)
that at that point, some state-of-the-art parsing mod-
els were converging with psycholiguistically plau-
sible models. However, in recent years bidirec-
tional encoders have become ubiquitous, ruling
out even weak incrementality from recent imple-
mentations of transition-based parsers, be them
for dependency or other grammatical formalisms
(Kiperwasser and Goldberg, 2016; Stanojevi¢ and
Steedman, 2019; Fernandez Astudillo et al., 2020;
Fernandez-Gonzélez and Gémez-Rodriguez, 2023).
In this respect, it is worth mentioning that the ap-
proach by Yang and Deng (2020) is described as
“strongly incremental constituency parsing” but this
refers to the decoder, as they use a bidirectional
encoder. The only recent proposal we are aware
of that aims for incrementality in the whole sys-
tem is the CCG parser by Stanojevi¢ and Steedman
(2020), also a constituency parser, but its labelled F-
score is over 7 points lower than a non-incremental
baseline in an English-only evaluation.

In label-based parsing Other parsing paradigms
that yield themselves to incrementality, as they

in w1 ...w;—g. Some authors require connectedness (Beuck
etal., 2011). However, since the path between two words in
w1 ... w;—p in the final parse may involve words outside the
prefix, we do not believe this requirement is necessary.
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could work from left to right, are seq2seq pars-
ing (Vinyals et al., 2015) and sequence-labeling
parsing (GOomez-Rodriguez and Vilares, 2018;
Strzyz et al., 2019). However, for the former, we
are not aware of any implementation without bidi-
rectional encoders. For the latter, while there are
strongly incremental sequence-labeling decoders
for both constituency (Gémez-Rodriguez and Vi-
lares, 2018) and dependency (Strzyz et al., 2020),
most implementations use bidirectional encoders
as well. The exception are some experiments with
feed-forward encoders in Gémez-Rodriguez and
Vilares (2018), using a sliding window to model
near future context (and thus, with delay). Yet, their
F-score is 14 points below their non-incremental
counterparts in the same paper, and almost 20 be-
low the overall state of the art.

3 Incremental models

The research question arises whether it is possi-
ble to have competitive incremental dependency
parsers in the neural era. We take the first step
and test how mainstream approaches would work
in a setting of strong incrementality. In our work,
we will focus on models with strictly zero delay,
but we also evaluate less strict setups, in particular
with delays 1 and 2. To do so, we will rely on mod-
ern encoder-decoder models. All source code is
available on GitHub (https://github.com/
anaezquerro/incpar).

3.1 Incremental encoders

Let w = [wi,wa,...w),|] (With w; € V) be an
input sentence. An encoder can be seen as a param-
eterized function Qg7lw| Yl — 4wl where V is
the input vocabulary space, and 1 € RY is the hid-
den representational space in where each w; is pro-
jected. In this work we are particularly interested
in incremental encoders, i.e., those where given
a token w;, the computation of its projected rep-
resentation h; only needs the sub-sequence wyy ;.
We consider different encoders for this purpose: (i)
4 stacked left-to-right LSTMs (Hochreiter and
Schmidhuber, 1997), where input is a concatena-
tion of a word and PoS tag vector (random init) and
a char-level unidirectional LSTM; (ii)) BLOOM
(Scao et al., 2022) (due to resource constraints, we
run the smallest version with 560M parameters);
and (iii) mGPT (Shliazhko et al., 2022).

As control encoders (upper bound baselines), we
use non-incremental encoders: (i) bidirectional
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LSTMs (same setup as for left-to-right LSTMs),
and (ii) XLM-RoBERTa (Conneau et al., 2020).

3.2 Incremental decoders

We consider incremental (i) sequence labeling pars-
ing, and (ii) transition-based parsing decoders.

3.2.1 Sequence labeling decoders

A sequence labeling decoder is a parametrized func-
tion @y |,|: HIwl — 1wl which maps each hidden
vector (h; € H) outputted by a generic encoder
into an output label [; € £ that represents a part
of the output parse. As the decoder, we use a 1-
layered feed-forward network and a softmax. As
for label encodings, we select representatives from
two encoding families (Strzyz et al., 2019, 2020):

Head-based We study three variants, all of them
supporting non-projective trees. First, the absolute-
indexing encoding (abs-idx), where the token labels
are the index of their head. Second, the relative-
indexing encoding (rel-idx), where the label is
the difference between the head and dependent in-
dexes. Third, the PoS-tag-based encoding (PoS-
idx), where each label is encoded as an offset that
indicates that the nth word to its left/right with a
given PoS tag is the head.”

Strings of brackets First, we consider the 1-planar
bracketing encoding (1p), where the label for each
token is represented using a string of brackets, with
each arc represented by a bracket pair. This en-
coding can only model crossing arcs in opposite
directions. To tackle this, there is a 2-planar vari-
ant (2p), analogous, but defining a second plane of
brackets.

In the context of full incrementality, we will say
that an encoding is forward-looking if a label for
a token w; can refer to some token to the right of
w;. The abs-idx, rel-idx and PoS-idx encodings are
forward-looking (e.g., with abs-idx, the word ws
could have 4 as its label, meaning that its head is
wy, which has not been read yet); while the brack-
eting encodings are not forward-looking. Forward-
lookingness does not break incrementality: all the
considered encodings are still strongly incremental
with delay 0 (all dependencies involving wy . . . w;
can be retrieved from the labels [; . . .[;). However,

’The PoS-tag based encoding needs PoS tags for decoding
the sequence of labels to a tree. Instead of introducing PoS-
tag information in those models, our PoS-tag-based decoders
predict in multitask learning both the syntactic label and PoS

tag associated to each word, in order to remove bias with
respect to other encodings.
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one could expect forward-looking encodings to suf-
fer more from using incremental encoders, due to
needing to make decisions involving future words
that the system cannot yet access.

In our implementation, for models with delay
zero, the ith label is predicted directly from h;. For
models with delay k& > 0, labels are predicted from
a concatenated representation h; - ... - Rt k—1 - Ryt

It is also worth noting that the obtention of the
tree encoded by a sequence labeling encoding can
require simple postprocessing heuristics (e.g. to
remove cycles in head-selection encodings). This
does not break incrementality, as these heuristics
are applicable to partial outputs as well.

3.2.2 Transition-based decoders

A transition-based decoder is defined as a tuple (C,
T, cs, Cy), where C'is a set of configurations (or
parsing states) with associated partial parses, 7" a
set of transitions between states, and ¢ and C} are
the initial state and set of valid final states, respec-
tively. In the case of the arc-eager parser (Nivre,
2008), states are triplets of the form (o,5,A4) where
o is a stack of partially processed words, 5 a buffer
of remaining words® which always takes the form
Bi = wj .. - Wiy for some 4, and A is the partial
parse at that state. This parser is strongly incremen-
tal, as the way in which the algorithm constructs
dependencies (in a strictly left-to-right manner)
means that a configuration with buffer ; can hold
every possible partial parse for the prefix wy . . . w;.
The parser’s delay depends on the number of buffer
words used as lookahead features in the implemen-
tation. In our case, this is only one (we only use the
first stack word and the first buffer word) so we can
obtain partial parses for w; ... w; accessing only
wy . .. w;, hence the delay is 0. Equivalently to
sequence-labeling decoders, for models with delay
k > 0, we access a concatenated vector of the form
Wi - ... Wi k1 - Wit k. For prediction of transitions,
we again use a 1-layered feed-forward network.

4 Experiments

We choose 12 diverse treebanks from UD 2.11
(Nivre et al., 2020), supported by the tested LLMs.
We test all possible combinations of encoders and
decoders. As a well-known baseline, we use the
biaffine (DM; Dozat and Manning, 2017) parser

3Buffer words are often described as “unread” words when
describing the algorithm, but for incrementality purposes we
need to count them as “accessed” if they are used as features,
as the parser implementation is using them for prediction.



in supar. We use unlabelled attachment score
(UAS) for evaluation. Labelled (LAS) results and
individual treebank results are in Appendix A.

Table 1 shows an aggregated summary of the
results with strict delay zero. It shows that fully
incremental models considerably lag behind their
counterparts with bidirectional (control) encoders:
the best fully incremental model for each language
is 11.2 UAS points behind on average (sd: 5.0) with
respect to the corresponding best control model.
There is large inter-linguistic variability, Telugu
(temtg) being especially amenable to incremental
processing, 5.3 UAS points behind, and the oppo-
site for Chinese (zhgsp), 23.1 points behind. Our
incremental-decoder-only models with LLMs as en-
coders are competitive against the BILSTM-based
version of the baseline (BiLSTM encoder, biaffine
decoder), surpassing it on 7 out of 12 languages.
However, they are a few points behind with respect
to a version of the biaffine parser using ROBERTa
encodings (which can be taken as a state-of-the-art
system), consistent with existing comparisons of
sequence-labeling parsers and biaffine parsers (An-
derson and Gémez-Rodriguez, 2021). Put together,
this seems to suggest that the challenge of incre-
mentality falls mostly on the encoding side. If
we focus on comparing different strongly incre-
mental models we see that, as expected, forward-
looking encodings suffer greatly from incremental
encoders.

Table 2 compares the results from Table 1 against
the corresponding models using delays 1 and 2. Im-
provements are consistent across the board. Inter-
estingly, moving from delay O to 1 already shows
a clear and large increase in robustness, especially
for forward-looking encodings: the average gap
between these and non-forward-looking encodings
goes from over 10 points with delay O to nonex-
istent with delay 1, although considerable gaps
remain in some languages like Chinese (zhgsp) or
English (engwr).

Finally, Figure 1 complements Table 2 with an
analysis of the F-score with respect to dependency
displacement (signed distance) for English and Chi-
nese, chosen because they yielded the largest im-
provements when using positive delay. In partic-
ular, the figure shows that the lower performance
of delay zero models is mainly due to poor perfor-
mance of forward-looking encodings on leftward
dependencies (right half of figure), and that a small
positive delay already translates into clear improve-
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Fully incremental Incremental decoder DM

fl non-fl th fl non-fl th > [eN)
arpapr | 75.7k° 76.87p  79.67| 84.6%° 88.05%5 86.9°7 86.9 91.0
eugpr | 62.05° 73.0(p 71.0%| 87.08" 87.655 86.6~ 882 88.6
zhgsp | 51.1x7 6445 6419 834%° 87.5%5 8539 86.7 90.7
engwr | 61.5p7 7475  729% 90.18> 91.675  89.5%° 902 927
frgsp | 70.9x° 84.47p 8477 923%° 9475  91.6°% 935 95.0
higprs| 67.1p° 83.5(p 8327 943%° 9535 93.8%° 955 957
idgsp | 73.0r° 77955 78.6 | 8455 8635 85.1°7 885 89.6
MIyFAL 64.1]:’ 69.72}) 65.8 75.7]‘{’ 75.2]})‘ 76.0° 79.2 81.7
esanc | 67.9x 83.25p 82.9% 92.0%° 93455 91.2°° 93.1 943
tarpg | 59.1p° 67.315 69.7 | 71.4x”  75.85 78.6% 772 80.0
temrg | 73.80° 85.055 804 | 89.9%" 9033 89.07 89.2 94.5
vivig | 57387 645 6457 7275 7415 76.0°° 77.0 80.2
1 653 754  74.8 | 8438 846 858 [87.1 895

Table 1: UAS scores paired with best forward looking
(fl) and non-forward looking (non-fl) encodings, and
transition-based (tb) decoder. Superscripts denote the
encoder-decoder pair: LSTM (—), BLOOM-560m (),
mGPT (&9), BILSTM (<), XLM-RoBERTa (cY). Sub-
scripts denote the best performing encoding: absolute
(A), relative (R), PoS-tag-based (P), 1-planar (1P) and
2-planar (2P). Macro-average (1) and baseline perfor-
mance (DM, for Dozat and Manning) with different
encoders (<, ©b) are included. Language abbreviations
come from ISO 639-1 (Table 19 in the Appendix).

Fully incremental delay 1 Fully incremental delay 2

fl non-fl th fl non-fl th
arpapr | 84255 802%3%F  79.95%0:| 83.9:5 8297 80.0504
euppr 78458, 76953 75757, | 80.0578, 80.157F  76.95%
zhgsp 643570, 7350 72850, | 684710 7485735 75.657 5
engwr | 81.9550, 88.1571% 833704 85.655%, 88.75110  85.2%7.4
frgsp 844705 86207 87505 | 87.6518, 89201 86.75,
higprs | 82.551%4 86251 88735 | 85.851F, 90152 88.9.%,
idgsp 80.857% 80435 79256 | 81.9%% 82157 79.657,
mrypar | 73.500%  65.854F 7275 | 723085 6499 71135
esanc | 84.957%) 85457 85205 884505 87.65YF  85.605
tars 685,07 6247  67.05, | 6995705 6495 7197,
tewrs | 850577, 85.000" 87437, | 867550 89.651  90.0.6
vivrs 66.650% 63852 64.00s | 6835700 65.15F 65257
14 77.9“3(, 77.8-3,‘ 7846”3 79.9+1u, 80.0-;_(, 7947”&)
Table 2: UAS scores with delay 1 and 2. Notation as

in Table 1. Subscripts denote performance boost over
zero-delay fully incremental results from Table 1.

ments, even for long-distance dependencies.

5 Conclusion

We evaluated modern neural NLP architectures for
incremental dependency parsing across multiple
languages, using various encoders and decoders.
We have found that said architectures are not ad-
equate to model incrementality, at least in the ab-
sence of specific adaptations. Strongly incremental
models with no delay yield accuracies about 10
points below competitive non-incremental base-
lines. While this gap narrows when adding a 2-
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Figure 1: Displacement performance (English above,
Chinese below) for the (fully incremental) models spec-
ified in Table 1 with delay zero (solid lines) and two
(dashed lines). Different symbols and colors denote
forward-looking (@), non-forward looking (O) and
transition-based (v¥) decoders. DM“” performance is
included with gray dotted lines.

word lookahead, it is still about 5 points, contrast-
ing with the situation in pre-deep-learning times,
when incremental parsers were competitive (cf.
(Zhang and Nivre, 2011)). The results suggest
that much of the accuracy improvements in parsing
obtained in recent years hinge on bidirectionality,
deviating from human processing.

Accurate incremental parsing should in theory
be possible (as the human example shows). In-
cremental processing is useful both for practical
applications (Kohn, 2019), specially those involv-
ing real-time speech (Coman et al., 2019; Ekstedt
and Skantze, 2021); as well as for cognitive model-
ing (Demberg and Keller, 2019; Stanojevi¢ et al.,
2021). Thus, we believe that designing architec-
tures that work well in a strongly incremental set-
ting is an important open challenge in NLP. In this
respect, techniques like using tentative predictions
of future words made by autoregressive language
models as a substitute for delay (Madureira and
Schlangen, 2020) might be helpful. It is also con-
ceivable that accuracy losses might not be solvable
by better unidirectional scoring systems, and thus
alternatives such as better search or methods that
revise earlier decisions are also worth exploring.
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Limitations

Limited physical resources We have no access
to large computing infrastructures or a budget to
scale services in the cloud. We had access to a few
internal servers, for a total of 6 NVIDIA GeForce
RTX 3090 (24GB each), and temporally we also
obtained access to a NVIDIA A100 GPU (80GB),
as well as a workstation for quick debugging. This
restricts the number and size of models that we
can try. In particular, we could train in reasonable
amounts of time the smallest BLOOM language
model (560M parameters). It was possible for us
to fit up to the 3B version on the A100 GPU with
a minimal batch size, but the amount of time that
it took to train a model made it unfeasible to carry
out a multilingual study like the one proposed in
this work. Still, preliminary results showed that
these larger BLOOM models were not contribut-
ing to significantly improve the performance. In
this respect, we know that scaling a /ot can play
an important role, and that the standard BLOOM
model is the 176B version. However, a model of
that size is completely out of our economic and
computing resources. Yet, we feel our study with
smaller models is equally, or even more relevant,
since it represents effectively the resources at hand
for most companies and academic institutions.

Delay parameter Incremental parsers have a de-
lay parameter that models how far beyond word ¢
the parser can access to generate a partial parse for
wy . . . w;. For our main experiment we set the de-
lay to 0, although we also provide results with delay
1 and 2. If we aim for psycholinguistic plausibility,
there cannot be a single one-size-fits-all value for
the delay, as the time taken by humans to parse
linguistic input can be influenced by various fac-
tors like language, word length, reading/speaking
speed, language proficiency, etc.; so any choice of
delay is necessarily a simplification. However, evi-
dence seems to point to human parsing generally
being very fast, with latencies in the range of 100-
250 ms (see for example Pulvermiiller et al. (2009);
Bemis and Pylkkédnen (2011)). Hence our choice
of delay 0 as the safest option, and we also present
experiments with 1 and 2 to show what happens
when a small lag between the input and the parse
is accounted for.

Scope of definition Our definition of strong in-
crementality only applies to monotonic parsers.
This is a deliberate choice: if we allowed non-



monotonicity (i.e., removing or modifying depen-
dencies from previous partial parses), then the defi-
nition would allow for a hypothetical parser that re-
moves all partial output upon reading the last word
and replaces it with a brand new parse generated
with access to the whole sentence, which would
be incremental in name only and render any com-
parison between incremental and non-incremental
parsers moot.

While there might be alternative ways to restrict
the definition to avoid this problem (e.g. restrict
each step to be O(1)), these would come with their
own limitations (e.g., excluding neural architec-
tures where obtaining each word’s vector repre-
sentation is O(n), or transition-based parsers with
quadratic complexities). Thus, we believe that our
definition is a good compromise for our purposes,
as it is simple, unambiguous and implementation-
independent within the realm of monotonic parsing.

Comparing non-monotonic parsers is a different
undertaking as it not only would require a differ-
ent definition of incrementality, but also evaluation
metrics focused on partial parse accuracy rather
than final LAS/UAS. But that is orthogonal to com-
paring incremental to non-incremental parsers (as
partial parse accuracy is not even well-defined for
some non-incremental parsers that do not have in-
termediate states) and lies outside the scope of this

paper.

Differences in incremental processing between
humans and machines Currently, despite re-
search efforts, a comprehensive understanding of
why humans excel at incremental processing com-
pared to machines remains elusive. This issue
also constrains our options for analysis. In this
regard, the proficiency of humans at incremental
language processing likely stems from adaptation
in the context of cognitive constraints, having to un-
derstand real-time input with limited working mem-
ory which forces eager processing (see e.g. Chris-
tiansen and Chater 2016). From a different perspec-
tive, Wilcox et al. (2021) showed that both humans
and models exhibit increased processing difficulty
in ungrammatical sentences. However, language
models consistently underestimate the magnitude
of this difficulty compared to humans, particularly
in predicting longer reaction times for syntactic
violations.

57

Acknowledgments

We acknowledge the European Research Coun-
cil (ERC), which has funded this research un-
der the Horizon Europe research and innova-
tion programme (SALSA, grant agreement No
101100615), ERDF/MICINN-AEI (SCANNER-
UDC, PID2020-113230RB-C21), Xunta de Galicia
(ED431C 2020/11), Catedra CICAS (Sngular, Uni-
versity of A Coruifia), and Centro de Investigacion
de Galicia “CITIC”, funded by the Xunta de Gali-
cia through the collaboration agreement between
the Consellerfa de Cultura, Educacién, Formacién
Profesional e Universidades and the Galician uni-
versities for the reinforcement of the research cen-
tres of the Galician University System (CIGUS).

References

Bharat Ram Ambati, Tejaswini Deoskar, Mark Johnson,
and Mark Steedman. 2015. An incremental algorithm
for transition-based CCG parsing. In Proceedings of
the 2015 Conference of the North American Chapter
of the Association for Computational Linguistics: Hu-
man Language Technologies, pages 53—-63, Denver,
Colorado. Association for Computational Linguis-
tics.

Mark Anderson and Carlos Gémez-Rodriguez. 2021. A
modest Pareto optimisation analysis of dependency
parsers in 2021. In Proceedings of the 17th Interna-
tional Conference on Parsing Technologies and the
IWPT 2021 Shared Task on Parsing into Enhanced
Universal Dependencies (IWPT 2021), pages 119—
130, Online. Association for Computational Linguis-
tics.

Douglas K. Bemis and Liina Pylkkénen. 2011. Simple
composition: A magnetoencephalography investiga-
tion into the comprehension of minimal linguistic
phrases. Journal of Neuroscience, 31(8):2801 —2814.
Cited by: 169; All Open Access, Green Open Access,
Hybrid Gold Open Access.

Niels Beuck, Arne Kohn, and Wolfgang Menzel. 2011.
Incremental parsing and the evaluation of partial de-
pendency analyses. In Proceedings of the Ist In-
ternational Conference on Dependency Linguistics.
Depling 2011.

Morten H. Christiansen and Nick Chater. 2016. The
now-or-never bottleneck: A fundamental constraint
on language. Behavioral and Brain Sciences, 39:¢62.

Andrei C. Coman, Koichiro Yoshino, Satoshi Nakamura
Yukitoshi Murase, and Giuseppe Riccardi. 2019. An
incremental turn-taking model for task-oriented di-
alog systems. In Proceedings of INTERSPEECH
2019.


https://doi.org/10.3115/v1/N15-1006
https://doi.org/10.3115/v1/N15-1006
https://doi.org/10.18653/v1/2021.iwpt-1.12
https://doi.org/10.18653/v1/2021.iwpt-1.12
https://doi.org/10.18653/v1/2021.iwpt-1.12
https://doi.org/10.1523/JNEUROSCI.5003-10.2011
https://doi.org/10.1523/JNEUROSCI.5003-10.2011
https://doi.org/10.1523/JNEUROSCI.5003-10.2011
https://doi.org/10.1523/JNEUROSCI.5003-10.2011
https://doi.org/10.1017/S0140525X1500031X
https://doi.org/10.1017/S0140525X1500031X
https://doi.org/10.1017/S0140525X1500031X

Alexis Conneau, Kartikay Khandelwal, Naman Goyal,
Vishrav Chaudhary, Guillaume Wenzek, Francisco
Guzman, Edouard Grave, Myle Ott, Luke Zettle-
moyer, and Veselin Stoyanov. 2020. Unsupervised
cross-lingual representation learning at scale. In Pro-
ceedings of the 58th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 8440—
8451, Online. Association for Computational Lin-
guistics.

Michael A. Covington. 2001. A fundamental algorithm
for dependency parsing. In Proceedings of the 39th
Annual ACM Southeast Conference, pages 95—102.

Vera Demberg and Frank Keller. 2019. Cognitive mod-
els of syntax and sentence processing. Human lan-
guage: From genes and brains to behavior, pages
293-312.

Timothy Dozat and Christopher D. Manning. 2017.
Deep biaffine attention for neural dependency pars-
ing. In 5th International Conference on Learning
Representations, ICLR 2017, Toulon, France, April
24-26, 2017, Conference Track Proceedings. Open-
Review.net.

Tiwalayo Eisape, Vineet Gangireddy, Roger P. Levy,
and Yoon Kim. 2022. Probing for incremental parse
states in autoregressive language models.

Erik Ekstedt and Gabriel Skantze. 2021. Projection
of turn completion in incremental spoken dialogue
systems. In Proceedings of the 22nd Annual Meet-
ing of the Special Interest Group on Discourse and
Dialogue, pages 431-437, Singapore and Online. As-
sociation for Computational Linguistics.

Ramoén Fernandez Astudillo, Miguel Ballesteros, Tahira
Naseem, Austin Blodgett, and Radu Florian. 2020.
Transition-based parsing with stack-transformers. In
Findings of the Association for Computational Lin-
guistics: EMNLP 2020, pages 1001-1007, Online.
Association for Computational Linguistics.

Daniel Ferndndez-Gonzdlez and Carlos Gémez-
Rodriguez. 2017. A full non-monotonic transition
system for unrestricted non-projective parsing. In
Proceedings of the 55th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 288-298, Vancouver, Canada.
Association for Computational Linguistics.

Daniel Fernandez-Gonzilez and Carlos Gémez-
Rodriguez. 2023. Dependency parsing with bottom-
up hierarchical pointer networks. Information Fu-
sion, 91:494-503.

Carlos Gémez-Rodriguez. 2016. Natural language pro-
cessing and the Now-or-Never bottleneck. Behav-
ioral and Brain Sciences, 39:€74.

Carlos G6émez-Rodriguez and Joakim Nivre. 2013.
Divisible transition systems and multiplanar de-
pendency parsing.  Computational Linguistics,
39(4):799-845.

58

Carlos Gémez-Rodriguez and David Vilares. 2018.
Constituent parsing as sequence labeling. In Proceed-
ings of the 2018 Conference on Empirical Methods
in Natural Language Processing, pages 1314-1324,
Brussels, Belgium. Association for Computational
Linguistics.

Sepp Hochreiter and Jiirgen Schmidhuber. 1997. Long
short-term memory. Neural computation, 9(8):1735-
1780.

Matthew Honnibal, Yoav Goldberg, and Mark Johnson.
2013. A non-monotonic arc-eager transition sys-
tem for dependency parsing. In Proceedings of the
Seventeenth Conference on Computational Natural
Language Learning, pages 163—172, Sofia, Bulgaria.
Association for Computational Linguistics.

Eliyahu Kiperwasser and Yoav Goldberg. 2016. Simple
and accurate dependency parsing using bidirectional
LSTM feature representations. Transactions of the
Association for Computational Linguistics, 4:313—

327.

Nikita Kitaev, Thomas Lu, and Dan Klein. 2022.
Learned incremental representations for parsing. In
Proceedings of the 60th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 3086-3095, Dublin, Ireland. As-
sociation for Computational Linguistics.

Arne Kohn and Wolfgang Menzel. 2013. Incremental
and predictive dependency parsing under real-time
conditions. In Proceedings of the International Con-
ference Recent Advances in Natural Language Pro-
cessing RANLP 2013, pages 373-381, Hissar, Bul-
garia. INCOMA Ltd. Shoumen, BULGARIA.

Arne Kohn. 2019. Predictive Dependency Parsing.
Ph.D. thesis, Universitit Hamburg.

Brielen Madureira and David Schlangen. 2020. In-
cremental processing in the age of non-incremental
encoders: An empirical assessment of bidirectional
models for incremental NLU. In Proceedings of the
2020 Conference on Empirical Methods in Natural
Language Processing (EMNLP), pages 357-374, On-
line. Association for Computational Linguistics.

William D. Marslen-Wilson. 1985. Speech shadowing
and speech comprehension. Speech Communication,
4(1):55-73.

Tim Miller and William Schuler. 2010. HHMM pars-
ing with limited parallelism. In Proceedings of the
2010 Workshop on Cognitive Modeling and Compu-
tational Linguistics, pages 27-35, Uppsala, Sweden.
Association for Computational Linguistics.

Khalil Mrini, Franck Dernoncourt, Quan Hung Tran,
Trung Bui, Walter Chang, and Ndapa Nakashole.
2020. Rethinking self-attention: Towards inter-
pretability in neural parsing. In Findings of the As-
sociation for Computational Linguistics: EMNLP
2020, pages 731-742, Online. Association for Com-
putational Linguistics.


https://doi.org/10.18653/v1/2020.acl-main.747
https://doi.org/10.18653/v1/2020.acl-main.747
https://openreview.net/forum?id=Hk95PK9le
https://openreview.net/forum?id=Hk95PK9le
https://doi.org/10.48550/ARXIV.2211.09748
https://doi.org/10.48550/ARXIV.2211.09748
https://aclanthology.org/2021.sigdial-1.45
https://aclanthology.org/2021.sigdial-1.45
https://aclanthology.org/2021.sigdial-1.45
https://doi.org/10.18653/v1/2020.findings-emnlp.89
https://doi.org/10.18653/v1/P17-1027
https://doi.org/10.18653/v1/P17-1027
https://doi.org/https://doi.org/10.1016/j.inffus.2022.10.023
https://doi.org/https://doi.org/10.1016/j.inffus.2022.10.023
https://doi.org/10.1017/S0140525X15000795
https://doi.org/10.1017/S0140525X15000795
https://doi.org/10.1162/COLI_a_00150
https://doi.org/10.1162/COLI_a_00150
https://doi.org/10.18653/v1/D18-1162
https://aclanthology.org/W13-3518
https://aclanthology.org/W13-3518
https://doi.org/10.1162/tacl_a_00101
https://doi.org/10.1162/tacl_a_00101
https://doi.org/10.1162/tacl_a_00101
https://doi.org/10.18653/v1/2022.acl-long.220
https://aclanthology.org/R13-1048
https://aclanthology.org/R13-1048
https://aclanthology.org/R13-1048
https://ediss.sub.uni-hamburg.de/handle/ediss/6273
https://doi.org/10.18653/v1/2020.emnlp-main.26
https://doi.org/10.18653/v1/2020.emnlp-main.26
https://doi.org/10.18653/v1/2020.emnlp-main.26
https://doi.org/10.18653/v1/2020.emnlp-main.26
https://doi.org/https://doi.org/10.1016/0167-6393(85)90036-6
https://doi.org/https://doi.org/10.1016/0167-6393(85)90036-6
https://aclanthology.org/W10-2004
https://aclanthology.org/W10-2004
https://doi.org/10.18653/v1/2020.findings-emnlp.65
https://doi.org/10.18653/v1/2020.findings-emnlp.65

Joakim Nivre. 2003. An efficient algorithm for pro-
jective dependency parsing. In Proceedings of the
Eighth International Conference on Parsing Tech-
nologies, pages 149-160, Nancy, France.

Joakim Nivre. 2008. Algorithms for deterministic incre-
mental dependency parsing. Computational Linguis-
tics, 34(4):513-553.

Joakim Nivre, Marie-Catherine de Marneffe, Filip Gin-
ter, Jan Haji¢, Christopher D. Manning, Sampo
Pyysalo, Sebastian Schuster, Francis Tyers, and
Daniel Zeman. 2020. Universal Dependencies v2:
An evergrowing multilingual treebank collection. In
Proceedings of the Twelfth Language Resources and
Evaluation Conference, pages 4034-4043, Marseille,
France. European Language Resources Association.

Friedemann Pulvermiiller, Yury Shtyrov, and Olaf Hauk.
2009. Understanding in an instant: Neurophysiologi-
cal evidence for mechanistic language circuits in the
brain. Brain and Language, 110(2):81-94.

Teven Le Scao, Angela Fan, Christopher Akiki, El-
lie Pavlick, Suzana Ili¢, Daniel Hesslow, Roman
Castagné, Alexandra Sasha Luccioni, Francois Yvon,
Matthias Gallé, et al. 2022. Bloom: A 176b-
parameter open-access multilingual language model.
arXiv preprint arXiv:2211.05100.

Oleh Shliazhko, Alena Fenogenova, Maria Tikhonova,
Vladislav Mikhailov, Anastasia Kozlova, and Tatiana
Shavrina. 2022. mgpt: Few-shot learners go multilin-
gual.

Milos Stanojevi¢, Shohini Bhattasali, Donald Dunagan,
Luca Campanelli, Mark Steedman, Jonathan Bren-
nan, and John Hale. 2021. Modeling incremental
language comprehension in the brain with Combi-
natory Categorial Grammar. In Proceedings of the
Workshop on Cognitive Modeling and Computational
Linguistics, pages 23-38, Online. Association for
Computational Linguistics.

Milos Stanojevi¢ and Mark Steedman. 2019. CCG pars-
ing algorithm with incremental tree rotation. In Pro-
ceedings of the 2019 Conference of the North Amer-
ican Chapter of the Association for Computational
Linguistics: Human Language Technologies, Volume
1 (Long and Short Papers), pages 228-239, Min-
neapolis, Minnesota. Association for Computational
Linguistics.

Milo§ Stanojevi¢ and Mark Steedman. 2020. Max-
margin incremental CCG parsing. In Proceedings
of the 58th Annual Meeting of the Association for
Computational Linguistics, pages 4111-4122, On-
line. Association for Computational Linguistics.

Mitchell Stern, Jacob Andreas, and Dan Klein. 2017.
A minimal span-based neural constituency parser.
In Proceedings of the 55th Annual Meeting of the
Association for Computational Linguistics (Volume
1: Long Papers), pages 818—827, Vancouver, Canada.
Association for Computational Linguistics.

59

Michalina Strzyz, David Vilares, and Carlos Gémez-
Rodriguez. 2019. Viable dependency parsing as se-
quence labeling. In Proceedings of the 2019 Con-
ference of the North American Chapter of the Asso-
ciation for Computational Linguistics: Human Lan-
guage Technologies, Volume 1 (Long and Short Pa-
pers), pages 717-723, Minneapolis, Minnesota. As-
sociation for Computational Linguistics.

Michalina Strzyz, David Vilares, and Carlos Gémez-
Rodriguez. 2020. Bracketing encodings for 2-planar
dependency parsing. In Proceedings of the 28th Inter-
national Conference on Computational Linguistics,
pages 24722484, Barcelona, Spain (Online). Inter-
national Committee on Computational Linguistics.

Oriol Vinyals, L. ukasz Kaiser, Terry Koo, Slav Petrov,
Ilya Sutskever, and Geoffrey Hinton. 2015. Gram-
mar as a foreign language. In Advances in Neural
Information Processing Systems, volume 28. Curran
Associates, Inc.

Ethan Wilcox, Pranali Vani, and Roger Levy. 2021. A
targeted assessment of incremental processing in neu-
ral language models and humans. In Proceedings
of the 59th Annual Meeting of the Association for
Computational Linguistics and the 11th International
Joint Conference on Natural Language Processing
(Volume 1: Long Papers), pages 939-952, Online.
Association for Computational Linguistics.

Kaiyu Yang and Jia Deng. 2020. Strongly incremental
constituency parsing with graph neural networks. In
Proceedings of the 34th International Conference on
Neural Information Processing Systems, NIPS’20,
Red Hook, NY, USA. Curran Associates Inc.

Yue Zhang and Joakim Nivre. 2011. Transition-based
dependency parsing with rich non-local features. In
Proceedings of the 49th Annual Meeting of the Asso-
ciation for Computational Linguistics: Human Lan-
guage Technologies, pages 188—193, Portland, Ore-
gon, USA. Association for Computational Linguis-
tics.

Junru Zhou and Hai Zhao. 2019. Head-Driven Phrase
Structure Grammar parsing on Penn Treebank. In
Proceedings of the 57th Annual Meeting of the Asso-
ciation for Computational Linguistics, pages 2396—
2408, Florence, Italy. Association for Computational
Linguistics.

A Appendix

A.1 Additional results

Tables 3 and 4 show the aggregate results according
to LAS. Tables 5 to 16 illustrate the performance
of every individual encoder-decoder pair in each
treebank test set.
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Fully incremental Incremental decoder DM

fl non-fl th fl non-fl th > [eN)
arpapr | 70.1g7 7057 69.5°| 79.08> 8235 78.9°7 814 859
eugpr | 56.45° 63.07p 60.4%| 82.1x" 8445 76.0°° 824 85.0
zhgsp | 43.9x" 51435 54.6%| 80.58° 84.153  77.5° 839 876
engwr | 59.0p7 67.515 654 87.98° 89.155  84.5° 88.0 90.1
figsp | 67.1x° 78255 78.1%) 90.08> 92455  87.0°° 90.0 92.1
higpre| 60.7p7  69.655 73.19°| 91.3%° 9235  86.0°° 92.6 92.4
idgsp | 6828 72.1;5 67.7 | 795" 7925 7357 832 825
mruear] 48.35 45975 364 64.65° 62.655 61.6~ 59.6 728
esanc | 63.8x7 7895 763%| 90.0%° 91.655 855 89.6 923
tarrg | 50.6p7 52.6;5 427%| 6235 66.35F 64.8° 662 689
temrg | 65.65 67.37p 535 | 79.8%° 81755 6467 69.4 875
vivre | 45.58° 50.8;5 43.8 7| 603" 61.55% 56.8°° 629 67.3
w 583 640 60.1 [789  80.6 747 |79.1 837

Table 3: LAS scores. Notation comes from Table 1.

Fully incremental delay 1 Fully incremental delay 2
fl non-fl th fl non-fl th
arpapr | 78.8555  74.65%F  68.1%, | 78355 775K 6870
eugpT 735500 7123 5945, | 75.25F 752508 63.65%,
zhgsp | 6045105 6831720 61377 | 64.650; 69.7(18% 756351
EngwT 79158, 842508 83357, 83.05%, 85.05118 8528004
frosp 80.957Ts 81.95% 760, | 84.281%, 85435 7599,
higprs | 781575, 79.65100  77.4575 | 82.05F7; 8495118 77457,
idosp | 736535 7230 6695 | 75255 74.65%F 68306
mrupaL | 582500  5440% 72754 57450 51285% 66.855.4
ESANC 824570, 8273W 85250, | 86.255%, 85.050F  85.6503
tarrs 56.452% 50354 67.00,4 5825% 5380 51.87,
tewre | 7655100 7415 87453 76.85F, 79453 48.055
viyrs 536500 5025 632004 54455 51280%F 4599,
w 71.0.107 703,65 723,005 73.0.47 12787 617,76
Table 4: LAS scores with delay one and two. Notation

comes from Table 2.

A.2 Training hyperparameters and model
configuration

Table 17 shows the hyperparameters selected in
the training process of each encoder. For LSTMs
and BiLSTMs, words and PoS tags were mapped
to a 300-dimensional and 100-dimensional vector
representation, respectively. Word information at
the character level was represented with the last
hidden state of dimension 100 from a charLSTM.
These three representations were concatenated and
projected to the encoder hidden size. For pretrained
encoders (BLOOM, mGPT and XLM-RoBERTa),
we get their last layer representations. Then, they
are linearly projected to a smaller dimensionality
of size 100.

Table 18 shows the training configuration per
architecture: LSTM and BiLSTM weights were
fitted with Adam optimizer (3yp = 0.9, 51 = 0.9,
€ = le—12) and pretrained encoders with AdamW
(Bo = 0.9, g1 = 0.9, e = le — 12). Batch size
was adapted by the number of parameters of the
encoders and the size of the treebank: in small en-
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Metric | Encoder f ‘ non-fl TB
abs-idx rel-idx PoS-idx | 1p  2p
LSTM | 717 757 599 |741 73.0]782
748 802 813 [769 762769
726 814 816 |792 785|773
mGPT | 526 747 595 |768 764|784
655 817 842 [80.0 802799
638 823 836 |829 824800
BLOOM | 430 744 586 |756 756|796
UAS 565 811 828 |797 793|79.1
554 815 839 |819 820799
BILSTM | 71.0 832 659 |81.3 804|820
752 833 830 |[82.1 81.0|787
730 834 829 |823 811|783
XLM | 772 846  66.1 |872 880|869
86.1 879 860 |89.6 8338 |83.1
844 871 888 [89.2 892838
DM 873
LSTM | 67.1 70.1 559 |688 67.8]663
686 735 749 |71.0 69.6]59.6
664 747 751 |73.0 720|607
mGPT | 489 688 553 [70.5 704|695
612 760 788 |74.1 74.6]68.1
596 768 783 |77.1 770|687
BLOOM | 39.6 67.6 544 |689 688|676
LAS 524 752 713 | 736 134|672
513 757 780 |760 759|678
BILSTM | 668 776 619 |76.1 752|734
69.6 766 764 |758 747|628
676 766 763 |760 74.6|61.9
XLM | 725 790 627 |81.6 823|789
809 823 810 |845 837|686
796 820 839 |84.1 838|718
DM 31.8

Table 5: UAS and LAS for the Arabic PADT treebank.
Last index level corresponds to delay results. First,
second and third subrow show the scores obtained with
0, 1 and 2-delay, respectively.

coders (LSTMs and BiLSTMs) data was distributed
in batches of size 600, while pretrained encoders
were trained with batches of size 2000.

A.3 Other statistics about the treebanks

Table 19 shows treebank language abbreviations
and the percentage of arcs that point to the left and
to the right in each treebank.



Metric | Encoder fi non-fl TB Metric | Encoder fi ‘ non-fl TB
abs-idx rel-idx PoS-idx | Ip  2p abs-idx rel-idx PoS-idx ‘ Ip  2p

LST™M 59.4 61.7 619 |[72.0 71.7|69.7 LSTM 43.7 51.1 450 |629 61.960.1
69.0 70.8 740 |708 0.0 [73.6 51.7 59.8 61.3 |[62.0 60.7|69.6
68.5 73.9 757 [729 741|755 54.6 64.3 64.0 |[653 64.6|70.9
mGPT 42.0 55.0 62.0 [73.0 729|71.0 mGPT 338 47.6 447 | 634 63.6]|64.1
58.5 67.7 784 |769 76.0|75.7 43.3 57.4 643 72,6 735|728
59.6 72.3 80.0 |80.1 79.5|76.9 40.5 63.0 674 |73.6 748 |75.6
BLOOM | 34.6 50.7 58.1 |[643 652634 BLOOM | 23.7 45.0 444 | 638 644604
UAS 48.9 60.8 73.8 | 68.8 68.2]72.1 UAS 325 57.3 642 |[715 719|714
52.6 67.8 759 |74 72.2|74.6 37.9 62.8 684 |[729 71.7|73.2
BiLSTM | 81.5 87.0 733 [83.6 83.7|833 BiLSTM | 69.1 81.6 639 [79.8 798|777
72.6 78.5 78.0 | 713 71.0|77.5 62.5 72.8 71.7 1 69.1 679|725
70.7 79.6 773 | 71.8 70.6|76.7 59.8 73.1 725 1689 67.8|71.0
XLM 80.9 83.6 73.7 |87.6 87.6|86.6 XLM 81.6 83.4 653 |[875 873|853
84.8 86.4 86.2 |[86.4 858|844 85.2 83.6 855 |86.7 87.1]|835
84.9 85.5 852 |[86.0 856|854 85.3 85.4 834 |86.6 85.8]81.8

DM 84.8 DM 85.3
LSTM 535 55.7 553 [60.7 60.1]52.0 LSTM 375 439 42.0 |50.5 494 |50.2
61.6 63.7 673 635 0.0 |[528 46.7 54.0 56.0 |56.5 54.7]49.8
61.6 66.7 69.3 |66.0 673|552 49.5 58.3 58.6 [59.3 5851529
mGPT 384 49.6 564 [63.0 62.7]604 mGPT 29.7 40.6 415 |51.1 514|546
54.4 63.2 735 | 712 704|594 40.2 53.5 60.0 |[67.5 68.3]61.0
55.5 67.8 752 |752 74.463.6 37.8 59.3 63.6 | 689 69.775.6
BLOOM | 30.8 442 51.4 [533 54.2]50.1 BLOOM | 19.7 37.2 40.5 |50.6 513|479
LAS 43.8 54.8 66.9 [61.9 609|555 LAS 29.9 535 604 |66.0 664|613
475 62.2 69.7 |68.6 65.8|58.7 35.0 58.7 64.6 |68.0 66.3|63.9
BiLSTM | 76.5 82.1 69.6 |784 78.6|67.8 BiLSTM | 66.3 78.5 61.8 [76.7 76.6|71.4
65.1 70.0 70.5 |63.8 63.9|54.6 56.4 66.2 66.4 | 641 61.9]55.1
62.8 71.8 69.6 |64.8 63.0|53.7 54.1 66.6 67.1 [63.4 62.0]|554
XLM 78.2 80.4 713 | 843 84.4176.0 XLM 78.8 80.5 63.6 |84.1 841|775
81.2 82.7 82.6 |824 818|770 823 80.6 82.8 |83.7 843|742
81.1 81.6 81.5 |823 815|777 822 82.2 81.0 |833 822|724

DM 77.3 DM 824

Table 6: UAS and LAS for the Basque BDT treebank.  Table 7: UAS and LAS for the Chinese GSD treebank.
Notation comes from Table 5. Notation comes from Table 5.
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Metric | Encoder fi non-fl TB Metric | Encoder fi ‘ non-fl TB
abs-idx rel-idx PoS-idx | Ip  2p abs-idx rel-idx PoS-idx ‘ Ip  2p

LST™M 58.8 60.5 61.5 |[744 733|704 LSTM 69.2 70.9 67.0 |82.2 81.6]84.7
75.5 78.3 774 |825 81.7(79.0 71.5 794 80.3 | 809 81.6|844
80.1 82.6 80.3 |[839 82.6]78.6 81.0 83.3 83.1 | 845 845843
mGPT 49.5 56.4 59.0 [74.0 747|729 mGPT 57.9 68.3 674 | 844 842 |84.1
73.9 78.2 81.9 |88.1 874833 73.8 79.8 844 |858 86.2|875
78.6 834 85.6 |88.7 88.685.2 78.0 83.6 87.6 |89.2 88.8|86.3
BLOOM | 444 54.8 59.0 [73.2 72.8|69.0 BLOOM | 54.1 68.0 66.1 |82.8 822|838
UAS 68.7 76.3 80.4 |[853 84.6|81.7 UAS 69.2 78.5 823 |85.0 84.7|858
74.0 80.8 822 |[857 864813 72.0 82.8 86.7 |87.0 86.8|86.7
BiLSTM | 824 88.9 774 | 87.1 86.0|83.5 BiLSTM | 85.3 91.4 80.1 |89.8 89.0|88.8
84.6 87.3 84.8 |84.6 83.7|80.5 84.7 88.4 87.6 |87.6 86.7|84.6
84.7 86.8 85.1 |84.7 84.0|79.1 85.0 87.8 87.6 |872 86.8|855
XLM 88.6 90.1 783 |91.6 91.0|89.5 XLM 92.3 922 80.7 | 945 94.7|91.6
89.9 92.9 90.7 [92.6 91.2|89.4 93.0 93.4 935 [93.8 94.490.2
92.2 92.5 92.6 [93.1 928|864 94.4 93.8 924 935 939]89.7

DM 90.6 DM 933
LSTM 55.0 56.8 59.0 |[67.5 66.3]|60.5 LSTM 65.4 67.1 63.4 |[758 753]76.0
713 73.8 739 | 777 71.1]|62.9 72.1 74.3 75.1 | 75.1 75.5]66.6
76.0 78.5 76.6 | 79.4 78.6|64.6 75.5 78.2 783 [79.0 79.0 | 68.6
mGPT 46.0 523 557 657 66.2 654 mGPT 54.9 64.7 63.8 |782 782|78.1
70.9 74.9 79.1 | 842 835|833 70.6 76.4 80.9 | 814 81.9]76.0
75.4 80.2 83.0 |[85.0 84.8|852 74.9 80.6 842 |854 853|759
BLOOM | 41.0 50.2 551 | 64.0 639|583 BLOOM | 50.6 63.9 625 [764 756|73.6
LAS 64.1 72.4 76.2 | 80.7 79.4|68.4 LAS 65.7 74.4 78.7 |79.8 79.7|733
70.4 76.3 78.6 | 81.4 81.9]|70.6 68.5 78.8 832 | 820 820|744
BiLSTM | 80.1 86.6 757 | 849 83.6|76.2 BiLSTM | 82.0 87.7 772 | 862 855]82.0
80.7 83.6 81.3 |[80.5 79.7|66.8 79.4 83.2 825 |824 81.6|71.1
80.7 82.9 81.7 |[81.0 80.1|654 79.7 82.2 825 | 821 815|719
XLM 86.5 87.9 764 | 89.1 885|845 XLM 90.0 89.9 79.1 92.0 924 |87.0
86.8 90.5 88.7 [90.2 88.6|74.4 90.2 90.7 90.7 |91.1 91.7]79.8
89.9 90.1 904 [90.9 90.5|74.2 91.6 91.0 89.8 1909 90.9|784

DM 88.5 DM 89.6

Table 8: UAS and LAS for the English EWT treebank.  Table 9: UAS and LAS for the French GSD treebank.
Notation comes from Table 5. Notation comes from Table 5.
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Metric | Encoder fi non-fl TB Metric | Encoder fi ‘ non-fl TB

abs-idx rel-idx PoS-idx | Ip  2p abs-idx rel-idx PoS-idx ‘ Ip  2p
LSTM 66.0 66.1 67.1 |82.8 827832 LSTM 70.4 73.0 575 |779 773 |78.6
73.0 74.5 81.4 |[81.1 80.887.6 78.3 79.2 80.6 |77.6 764792
76.8 78.7 84.1 86.0 86.1|88.9 75.9 80.2 814 |79.7 80.0|79.5
mGPT 46.2 62.4 66.1 |83.5 834|823 mGPT 46.0 67.5 56.0 [77.2 77.0|76.0
67.7 72.4 825 |86.2 858|887 60.6 75.5 80.8 |80.4 80.2|78.8
73.0 77.6 85.8 [90.1 89.6|88.1 62.0 771 819 |82.0 82.1|79.6
BLOOM | 48.0 61.6 649 |80.8 81.281.7 BLOOM | 404 66.2 559 |[759 759|784
UAS 61.9 70.3 819 |[84.2 839883 UAS 55.8 73.6 80.6 |78.0 77.6|77.2
64.7 75.1 85.1 88.2 88.0|88.8 56.0 76.2 80.5 |80.1 80.4 779
BiLSTM | 91.5 94.2 782 1933 933|928 BiLSTM | 73.9 84.5 67.6 | 815 83.8|84.7
87.8 91.2 904 |88.2 87.8(90.7 79.0 83.6 824 |822 799|783
88.1 91.4 91.1 |87.5 87.0]89.6 76.5 825 82.7 |80.9 80.8|80.1
XLM 94.3 93.5 780 |94.7 953938 XLM 75.5 82.9 654 |[862 86.3]85.1
94.6 94.1 927 937 94.2|94.1 83.7 86.0 872 | 875 87.1]83.0
95.0 94.2 92.6 [94.0 94.2|93.8 83.4 85.6 84.6 |87.6 87.2|832

DM 95.5 DM 88.6
LSTM 60.0 60.4 60.7 |67.8 678|713 LSTM 65.7 68.2 538 |[72.1 71.6|67.7
67.8 69.4 763 | 74.1 73.8|72.0 69.9 70.8 723 169.2 68.8|59.4
72.4 74.2 79.4 803 80.4|74.4 68.6 72.4 734 72,0 719 |59.7
mGPT 415 57.0 60.5 [69.2 69.6|73.1 mGPT 40.9 60.1 50.6 |[67.3 67.6|64.9
64.0 68.5 78.1 |79.6 79.1 774 54.8 68.5 73.6 [723 71.8|66.9
69.2 73.8 82.0 (849 841|774 56.5 70.7 752 | 742 746|683
BLOOM | 434 55.0 57.5 |654 66.069.2 BLOOM | 35.8 58.6 49.7 662 66.1|63.3
LAS 57.6 66.1 776 | 77.1 71.1|74.5 LAS 50.0 66.1 732 1693 689 | 64.3
61.0 71.0 80.7 |827 822 |74.1 50.4 68.5 734 720 718|658
BiLSTM | 88.5 91.2 75.6 1904 903 |83.8 BIiLSTM | 69.7 79.5 648 |73.4 788|735
83.0 86.4 859 |[83.7 832|755 71.0 753 74.1 [733 717|619
83.4 86.6 86.7 |82.8 822|752 68.7 74.1 750 |[724 726|624
XLM 91.3 90.5 757 [91.8 92.3|86.0 XLM 69.5 76.1 615 | 788 792|717
91.3 90.9 89.8 [90.3 90.8 | 85.8 71.3 78.8 80.6 |80.3 79.7|71.1
91.8 90.8 89.7 [90.5 90.8 | 83.2 76.9 78.8 79.0 |80.8 80.3|70.7
DM 92.7 DM 83.6

Table 10: UAS and LAS for the Hindi HDTB treebank.  Table 11: UAS and LAS for the Indonesian GSD tree-
Notation comes from Table 5. bank. Notation comes from Table 5.
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Metric | Encoder fi non-fl TB Metric | Encoder fi ‘ non-fl TB

abs-idx rel-idx PoS-idx | Ip  2p abs-idx rel-idx PoS-idx ‘ Ip  2p
LST™M 42.7 55.3 64.1 [65.0 69.7]65.8 LSTM 67.4 67.9 64.7 |80.4 799|823
54.7 63.0 652 |[584 62.8]69.9 759 78.6 80.6 |79.2 783|828
60.8 64.2 60.6 [63.1 60.1]|71.1 71.7 82.0 84.0 |82.1 82.0]835
mGPT 27.2 45.2 59.2 [ 63.1 61.2]60.7 mGPT 62.0 66.4 654 |824 832|829
39.2 58.2 66.8 |658 61.5]72.7 73.0 79.8 849 |854 848|852
374 58.1 68.9 |63.1 64.4]66.8 76.2 83.5 884 |87.6 87.2|856
BLOOM | 289 45.6 59.0 [59.7 58.260.0 BLOOM | 53.1 66.7 65.1 |81.0 81.4|81.7
UAS 46.7 55.1 735 623 64.9]69.2 UAS 67.7 78.4 839 |83.7 83.6|842
433 58.7 723 [ 61.0 64.9|69.0 70.3 82.3 87.1 |85.7 858|852
BiLSTM | 60.4 75.7 69.7 |752 73.8|76.0 BiLSTM | 884 89.6 79.1 | 885 87.4]88.0
60.2 69.3 67.8 639 61.6|66.6 84.8 87.4 882 |86.3 859|845
58.8 66.3 65.8 [555 65.1]674 87.8 87.1 87.6 |85.8 858|838
XLM 33.7 63.4 704 | 714 718|735 XLM 92.0 91.5 80.5 934 934912
54.5 69.7 78.6 |72.1 73.6|79.7 93.8 93.0 942 |93.6 934|887
52.8 74.7 79.4 | 80.0 68.0]80.2 93.9 93.0 92.7 193.6 93.6|88.6

DM 824 DM 93.1
LSTM 34.0 439 47.8 | 442 45929.8 LSTM 63.7 63.8 61.6 |[753 74.6|73.5
39.8 48.8 50.2 [44.0 484383 71.2 74.0 76.1 | 744 738167.0
439 50.3 46.6 | 43.8 447|402 73.1 77.3 79.8 |77.8 77.6|68.5
mGPT 21.8 342 483 | 459 456364 mGPT 59.3 63.1 629 |78.0 789763
31.5 45.3 509 |[53.0 48.0|72.7 70.5 772 824 | 827 820852
27.4 45.5 554 [499 51.2|66.8 73.6 80.9 86.2 | 850 84.5|856
BLOOM | 23.8 34.5 483 | 444 415|282 BLOOM | 50.3 63.2 622 [76.0 762|745
LAS 36.8 447 582 [49.8 5441424 LAS 65.1 75.3 81.0 |804 803|723
33.7 46.6 574 1499 492|428 67.5 79.2 84.6 |825 822|742
BILSTM | 47.6 60.0 573 [59.0 59.2|493 BiLSTM | 84.9 86.2 763 | 853 84.0|80.9
44.0 51.8 448 | 449 443|426 80.4 83.1 84.1 | 821 817|713
424 49.8 473 | 424 453308 82.9 82.7 834 |81.7 815|712
XLM 30.6 55.3 64.6 |62.6 62.4]61.6 XLM 90.0 89.7 792 914 916|855
49.1 58.0 66.5 [61.2 60.8 | 64.4 91.6 91.0 923 [91.6 914|782
459 64.2 654 |69.8 55255.6 91.7 90.8 90.9 [91.6 915|764
DM 62.5 DM 824

Table 12: UAS and LAS for the Marathi UFAL treebank.  Table 13: UAS and LAS for the Spanish ANCORA
Notation comes from Table 5. treebank. Notation comes from Table 5.
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Metric | Encoder fi non-fl TB Metric | Encoder fi ‘ non-fl TB
abs-idx rel-idx PoS-idx | Ip  2p abs-idx rel-idx PoS-idx ‘ Ip  2p

LSTM 394 55.7 59.1 [67.3 66.0|69.7 LSTM 64.6 67.6 73.8 |84.7 850804
425 50.7 543 | 544 435|617 78.6 78.3 78.4 | 822 835|873
46.5 57.1 56.0 |[53.7 50.8|61.2 78.3 83.1 825 |83.9 85.0(90.0
mGPT 20.3 48.7 558 |64.1 62.8 652 mGPT 55.5 59.1 71.8 |82.0 81.6|75.6
32.1 57.7 683 [62.0 60.3|67.0 73.7 75.0 850 |845 850|874
28.7 60.9 69.9 |54.1 55.1]66.9 80.2 82.7 86.7 |89.6 84.2|80.8
BLOOM | 19.4 49.4 54.0 |[558 63.1]65.7 BLOOM | 51.7 54.8 70.0 [79.1 79.2|74.1
UAS 28.6 56.0 68.5 |62.4 588]66.7 UAS 72.4 73.6 843 | 845 829872
31.6 60.0 649 649 63.6|71.9 78.7 78.2 857 |84.0 84.087.8
BiLSTM | 51.2 71.4 61.7 | 743 747|737 BiLSTM | 86.3 89.9 853 [90.2 90.3|89.0
51.8 57.0 633 [57.6 57.8|64.0 71.8 88.1 86.7 |80.0 84.5|81.0
45.1 57.3 642 [582 56.4165.6 71.3 88.1 850 |832 762|824
XLM 28.9 65.9 624 |[758 74.6|78.6 XLM 77.8 87.4 849 |89.6 89.2|889
41.0 69.6 722 |71.8 724|744 83.6 88.2 89.9 |86.7 87.0|842
39.7 68.3 755 |[743 71.2|75.6 68.6 90.7 91.5 |[89.0 883917

DM 75.8 DM 89.7
LSTM 332 44.8 50.6 |[52.6 51.3|41.0 LSTM 57.8 59.9 648 |66.6 67.0|53.5
283 35.6 403 |38.6 225|324 68.6 67.0 67.0 629 632523
30.7 40.1 424 | 383 36.7(29.6 471 70.6 69.7 |60.8 67.6|48.0
mGPT 15.7 37.6 44.6 | 475 465|427 mGPT 49.4 51.6 65.6 | 673 67.1]50.5
25.8 47.4 56.4 |[50.3 48.467.0 65.6 67.1 765 |[741 713|874
22.8 49.5 582 |41.6 43.1|44.7 71.7 74.1 76.8 |[79.4 748|254
BLOOM | 154 37.2 429 |38.6 46.8|40.3 BLOOM | 46.5 454 62.1 |[63.8 634|434
LAS 22.7 45.0 56.2 |50.1 47.2(452 LAS 66.0 64.8 742 | 722 717|543
25.9 48.5 52.1 |53.8 503|518 71.8 68.7 743 | 742 674|479
BILSTM | 44.9 62.3 47.0 |657 663|575 BiLSTM | 74.9 71.7 76.7 [ 79.6 79.6 | 64.6
38.0 40.9 456 |41.1 429|325 522 70.4 70.5 [60.2 64.9]|47.1
31.5 39.5 47.8 |41.1 414354 52.5 73.9 649 |60.8 55.0]56.5
XLM 24.9 56.8 55.0 [65.6 64.7|64.8 XLM 72.3 79.8 79.5 |81.7 81.1|61.3
34.7 59.4 61.7 |60.8 61.7|53.2 75.5 79.2 804 | 712 675|357
332 58.0 652 [63.7 61.2]55.7 51.9 82.2 83.6 |772 789|559

DM 65.5 DM 61.8

Table 14: UAS and LAS for the Tamil TTB treebank.  Table 15: UAS and LAS for the Telugu MTG treebank.
Notation comes from Table 5. Notation comes from Table 5.
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Metric | Encoder f non-fl TB
abs-idx rel-idx PoS-idx | 1p 2p
LSTM | 528 573 539 |[632 645|645
492 578 582 |572 567|609
502 598 600 |[59.6 57.4|61.9
mGPT | 293 496 516 |61.8 61.3(59.7
348 569 666 |629 63.8|63.2
343 601 683 |[63.7 651|652
BLOOM | 317 510 511 |621 60.7|61.0
UAS 385 573 634 [605 609 |64.0
388 616 646 |[59.4 62.0|60.0
BiLSTM | 66.8 727 640 |70.1 70.5|71.0
575 646 629 [60.0 61.1|61.8
562 643 625 [602 60.0|60.9
XLM | 481 688 644 |74.1 73.8(76.0
581 686 732 |734 714|753
582  68.1 726 |708 69.8|75.0
DM 76.6
LSTM | 41.6 455 445 |498 50.8|43.8
36.8 425 432 [422 421363
375 440 448 |444 418|356
mGPT | 233 367 412 |474 46.7|39.8
28.1 443 536 [494 502|632
268 470 544 [499 512|459
BLOOM | 249 382 40.5 |46.7 459398 ISO code | Language % left-arcs % right-arcs
LAS 302 443 506 | 464 475443 arpApT Arabic 30.46% 69.54%
307 481 510 [458 486|374 - Basque 49.22% 50.78%
BiLSTM | 554 603 546 |582 583|512 hsp Chinese 63.67% 36.33%
442 493 486 |454 458386 enpur English 57 18% 12800
424 486 475 |450 453 (38.1
XLM | 404 568 S48 |614 615|568 fresp French —54.72% 45.28%
488 566  60.6 |60.6 58.1|58.7 hikpTe Hindi 33.6% 44.4%
48.8 55.8 60.0 571 56.6|57.8 ingsp Indonesian 37.75% 62.25%
DM 61.9 IMI'YFAL Marathi 51.34% 48.66%
ESANC Spanish 54.43% 45.57%
Table 16: UAS and LAS for the Vietnamese MTG tree- tarrp Tamil 68.56% 31.44%
bank. Notation comes from Table 5. temrg Telugu 54.28% 45.712%
ViyTp Vietnamese 40.99% 59.01%

Table 19: Statistics of treebanks retrieved in our multi-

Hyperparameter Fully incremental Non incremental lingual benchmark
LSTM BLOOM mGPT | BiLSTM XLM :
‘Word emb size 300 1 1 300 1
PoS-feats emb size 100 X X 100 X
Character emb size 50 X X 50 X
CharLSTM hidden 100 X X 100 X
Num. layers 4 1 1 4 1
Encoder hidden 400 100 100 400 100

Table 17: Architecture design choices for different en-

coders
Hyperparameter Fully incremental Non incremental
LST™M BLOOM  mGPT BiLSTM XLM
Ir le-3 Se-5 Se-5 le-3 5e-5
optimizer Adam AdamW  AdamW Adam AdamW
decay type Exponential ~ Linear Linear | Exponential Linear
decay value 0.1 0.5 0.1 0.1
epochs 200 30 30 200
batch size ~6000 ~2000 ~500 ~6000 ~2000

Table 18: Training hyper-parameters for different en-

coders

66



