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Abstract

Generating inflected word forms requires sub-
stantial labelled datasets. Kashubian, a low-
resource Slavic language, lacks sufficient anno-
tated pairs for this task. To address this data
scarcity, we fine-tune the byte-level transformer
ByTS5 on datasets from 7 related languages. We
also continue pre-training on Kashubian and
Polish monolingual corpora, and generate syn-
thetic Kashubian word forms using LLM an-
notations. Multilingual fine-tuning and con-
tinued pre-training improve the monolingual
ByTS5 accuracy by 4-5 points, while incor-
porating synthetic data exceeds the previous
strongest zero-shot baseline by 10 points. Train-
ing models on multilingual task datasets, mono-
lingual sentences with self-supervision, and
LLM-annotated data yields strong relative accu-
racy gains for the low-resource morphological
inflection of Kashubian.

1 Introduction

Morphological inflection aims to modify the root
form of a word (lemma) to agree with the sen-
tence structure, such as in case and number in Fig-
ure 1. Supervised approaches struggle to inflect
low-resource languages on limited labelled data
(Cotterell et al., 2017). Similarly, Large Language
Models (LLMs) notably show poorer performance
on low-resource languages in the related mor-
phological agreement task (Jumelet et al., 2026).
Kashubian (ISO: csb, Glottocode: kash1274) is a
Slavic language spoken in Northern Poland, with
little annotated data (class 1, ‘scraping-by’, in the
taxonomy of Joshi et al. (2020) on language re-
source status).

This article improves morphological inflection
in Kashubian through cross-lingual transfer from
Slavic languages, self-supervision on monolingual
sentences, and LLM-based data generation. We
fine-tune the byte-level transformer ByTS5 (Xue
et al., 2022) on Polish, its closest related high-

Lemma  Features
kot N;GEN(SG)

Target
kota

Figure 1: Inflecting the Kashubian noun lemma ‘cat’ for
genitive (GEN) singular (SG).

resource language; three other West Slavic lan-
guages, Czech, Slovak, and Lower Sorbian; two
East Slavic languages, Belarusian and Russian; and
one South Slavic language, Macedonian.

Alongside multilingual fine-tuning with related
languages, we continue pre-training on monolin-
gual Polish and Kashubian sentences using a byte-
level span-corruption objective. Finally, we per-
form zero-shot inflection with two LLMs, Gemini
and GPT, and generate Kashubian task data with
the better-performing Gemini.

We surpass the baselines through joint training
on related languages and continued pre-training on
monolingual sentences. However, our best model
uses LLM-augmented Kashubian data, reaching 40
points in accuracy. We publish the code' and the
trained models.?

2 Related work

The SIGMORPHON Shared Tasks, first introduced
in Cotterell et al. (2016), have continuously ad-
dressed the morphological (re)inflection task, in-
cluding low-resource settings. Later SIGMOR-
PHON Shared Tasks have focused heavily on un-
seen lemmas (Kodner et al., 2022). The 2019 task
evaluated cross-lingual transfer (McCarthy et al.,
2019) with an additional 100 training samples of
the low-resource language. There, an encoder-
decoder architecture achieved the highest perfor-
mance of 78% transferring from Polish to Kashu-

'https://github.com/TUM-NLP/
kashubian-morphological-inflection

2https://huggingface.co/collections/livles/
slavic-byt5-for-kashubian-inflection


https://github.com/TUM-NLP/kashubian-morphological-inflection
https://github.com/TUM-NLP/kashubian-morphological-inflection
https://huggingface.co/collections/livles/slavic-byt5-for-kashubian-inflection
https://huggingface.co/collections/livles/slavic-byt5-for-kashubian-inflection

bian. This model benefited from multi-source train-
ing across related languages (a strategy shown to
be effective by Anastasopoulos and Neubig (2019))
and from augmented data that encourages charac-
ter copying and common affixes. Based on the
2020 data (Vylomova et al., 2020), ByT5 (Xue
et al., 2022), a byte-level transformer, reached
strong performance on inflection and other word-
internal tasks. Following the tasks, we train ByT5
on lemma-split data, augmenting it with related lan-
guages, particularly Polish. In contrast to the 2019
task, we include only samples in the high-resource
language in our main setting to evaluate zero-shot
cross-lingual transfer. Since the data split is also
different, our results are not directly comparable.

Several studies have proposed additional meth-
ods to overcome data scarcity in low-resource NLP
tasks. Murikinati et al. (2020) enhanced cross-
lingual transfer for inflection through transliteration
between different scripts. Morphological inflec-
tion also benefits from self-supervised character-
level masking on larger datasets (Wiemerslage and
Wense, 2025). Finally, Yoo et al. (2021) gener-
ated labelled training data through few-shot LLM
prompting and improved text classification perfor-
mance. Building on these findings, we examine
self-supervised and LLM-based data augmentation
approaches for morphological inflection in Kashu-
bian.

3 Language material

3.1 Languages of study

Our main language of study is Kashubian (csb), a
West Slavic language, spoken in Northern Poland.
As closely related languages, we consider four
West Slavic languages which are written in the
Latin script: Czech (ces), Lower Sorbian (dsb),
Polish (pol), and Slovak (slk). We further in-
clude two East Slavic languages, Belarusian (bel)
and Russian (rus), as well as a South Slavic lan-
guage, Macedonian (mkd), in our analysis. All
three are written in the Cyrillic script. Figure 4
in Appendix A shows the classification of these
languages according to Glottolog (Hammarstrém
et al., 2026).

3.2 Morphological inflection dataset

We rely on the UniMorph corpus, which pro-
vides language-independent morphosyntactic fea-
tures for 169 languages with annotations detailed
in Sylak-Glassman (2016). UniMorph 4.0 (Bat-

suren et al., 2022) introduces hierarchical feature
annotation to represent case stacking (e.g., SG; NOM
— NOM(SG)) and polypersonal agreement (e.g.,
ARGNOTP; ARGAC2S — NOM(1,PL);ACC(2,SG)).
We hence adopt the recent UniMorph 4.0 format,
also employed in the 2023 Shared Task (Goldman
et al., 2023), and convert data from previous re-
leases to the new schema.

Format conversion For all languages except
Russian and Belarusian, we manually convert the
sequential features to conform to the UniMorph 4.0
convention, as further detailed in Appendix B.

Dataset preparation Following the SIGMOR-
PHON 2023 Shared Task (Goldman et al., 2023),
we use 10,000 training samples and 1,000 valida-
tion and test samples each, avoiding lemma over-
lap across the sets. We downsample all language
datasets except Belarusian, which is already at the
right size in the 2023 Shared Task. We present
them in Table 1. We note that Kashubian only fea-
tures a fest set (solely of nouns) with fewer than
1,000 instances.

Family Language  train dev test
csb - - 509
West Slavic pol, ces
dsb. s1k 10,000 1,000 1,000
East & bel, rus. 16000 1,000 1,000

South Slavic  mkd

Table 1: Sample size per train, development, and test
set in all 8 languages.

4 Experimental methodology

4.1 Morphological inflection model

We use the byte-level transformer ByT5 (Xue et al.,
2022) of small parameter size (300M) for our ex-
periments. We choose this model because it is pre-
trained on 101 languages and has achieved strong
performance in inflection.

Input Prompt
Inflect kot using N;GEN(SG)

Target

kota

Figure 2: ByT5 Prompt for Kashubian. The lemma kot
(English: "cat"), features, and target form are in bold.

Fine-tuning for inflection Given the absence of
training data for Kashubian, we first fine-tune ByT5



on Polish in a monolingual setting. We then extend
this to multilingual settings, incorporating various
combinations of West, East, and South Slavic lan-
guages. We aggregate 10,000 training samples per
language if available. A ByT5 input and target
prompt, as presented in Figure 2, incorporates one
(lemma, features, target) data triplet. Table 8 (Ap-
pendix C) lists the fine-tuning hyperparameters.

Prefix Prompt
- Inflect kot using N;GEN(SG)
Language Kashubian: Inflect kot using N;GEN(SG)

Lang. family Slavic: Inflect kot using N;GEN(SG)

Figure 3: The ByT5 input prompt is either enriched with
the language name, language family, or not at all.

Language name/family To evaluate whether ex-
plicit information about the language of study en-
hances performance, following Xue et al. (2022),
we prepend the language name (L) or family (F)
or an equal (50:50) mix of both (L/F) to the input
prompt, as in Figure 3. While the language-family
tag should incorporate shared intra-family morpho-
logical concepts, the language-name tag targets
language-specific properties. Combining them in
equal proportion allows the model to benefit from
both.

4.2 Experimental setup

Baseline models We evaluate the two monolin-
gual baseline models from the SIGMORPHON
2023 Shared Task (Goldman et al., 2023). The
non-neural statistical system (Cotterell et al., 2017)
predicts the inflected form according to longest-
match affixation rules. The neural system (Wu
et al., 2021) is based on a character-level trans-
former with an invariant encoding of morphologi-
cal features.

Evaluation In line with previous SIGMOR-
PHON Shared Tasks, we evaluate model predic-
tions using exact-match per-prediction accuracy.

5 Cross-lingual transfer results

The in-language evaluations benchmark the
model’s general inflection capabilities and provide
a reference for target-language accuracy. Our main
focus is on Kashubian; for consistency, we also
report performance for the other Slavic languages
to assess how the training settings affect their per-
formance.

5.1 Transfer from Polish to Kashubian

As Kashubian does not have a training dataset on
UniMorph, we perform zero-shot transfer from
its closest related language, Polish. We compare
ByTS5 with the two baseline models; all three are
trained on Polish inflection data and evaluated on
the Kashubian and Polish datasets (for reference).

NN-BL N-BL ByT5

csb  29.1 112 25.0
pol  89.8 89.8 772

Table 2: Accuracy for three models: the non-neural
baseline (NN-BL), the neural baseline (N-BL), and ByTS5.
All models are fine-tuned on the Polish training set and
evaluated on Kashubian and Polish test data.

In this monolingual zero-shot transfer to Kashu-
bian, the non-neural model performs best, followed
by the ByT5 model. The neural baseline performs
comparably weakly. We note that data unavailabil-
ity poses a significant challenge, as the Polish score
is substantially higher.

5.2 Transfer from Slavic languages

As monolingual zero-shot transfer remains low (be-
low 30%), we fine-tune ByT5 jointly on related
Slavic languages. As detailed in Section 4.1, we
include explicit language information, such as the
language name (L), the language family (F), or a
balanced set of both (L/F), for each language. The
assigned prefixes can differ not only between the
training and test sets, but also across individual
samples.

train prefix - L L/F L/F LJ/F
test prefix - L F L L/F
csb 289 250 29.5 265 285
pol 819 869 834 859 845
ces 82.7 94.6 835 934 887
slk 88.9 957 873 95.7 88.6
dsb 76.6 864 732 850 785
avg 71.8 777 714 713 738

Table 3: ByTS5 fine-tuned jointly on four West Slavic
languages: Polish, Czech, Slovak, and Lower Sorbian
(Latin script). The train or test set includes the language
name (L), the language family (F), a balanced set of
either (L/F), or no prefix (-).



West Slavic We fine-tune ByTS5 on the four
West Slavic languages, Polish, Czech, Slovak, and
Lower Sorbian (i.e., 40,000 training instances), and
report the results in Table 3. The language-name-
family (L/F) model, tested with language-family
tags (F), is the best setting for Kashubian, improv-
ing the monolingual score of Table 2 (25.0) by
nearly 5 points. Since it also outperforms the
setting without a prefix, the results suggest that
language-family tags help to capture more intra-
family morphological phenomena. Conversely,
pure language-names (L—L setting) weaken zero-
shot transfer because the training data lacks target
language tags, as expected. Still, language-family
tags yield weaker performance for the trained lan-
guages (pol, ces, slk, dsb), where language-name
tags (L model) achieve the highest accuracies. The
best setting overall is not optimal for Kashubian,
due to its lack of training data.

trn tst|csb pol ces slk dsb bel rus

L L |24.6 89.0 96.4 96.2 89.1 75.5 93.2 94.9 |82.4
L/F L |24.8 88.1 96.0 95.8 88.0 73.4 91.9 94.4|81.6

mkd | avg

Table 4: ByTS5 is fine-tuned jointly on West, East,
and South Slavic languages: Polish (pol), Czech (ces),
Slovak (slk), and Lower Sorbian (dsb) (all in Latin
script), Belarusian (bel), Russian (rus), and Macedo-
nian (mkd) (in Cyrillic script). The train or test set
includes the language name (L), or a balanced set of
language name/family (L/F) in the instruction prefix.

West, East, and South Slavic Furthermore, we
incorporate three East and South Slavic languages,
Belarusian, Russian, and Macedonian, all written
in Cyrillic script, in addition to the previous four
West Slavic languages. In Table 4, we report the
scores of the two highest-averaging West Slavic
settings (L->L and L/F->L) to assess transfer un-
der optimal general inflection performance. The
Kashubian scores decrease below the monolingual
and the worst West Slavic score (both 25.0). This
highlights that further language differences (such
as script) restrict transfer, matching prior findings
by Murikinati et al. (2020) and Anastasopoulos and
Neubig (2019).

6 Continued Pre-Training (CPT)
6.1 Methodology

To overcome the low accuracy plateau (below
30.0) reached by multilingual fine-tuning, we con-
tinue pre-training ByT5 with the byte-level span-

corruption objective on monolingual Kashubian
(and Polish) sentences. This helps to adapt the
model to Kashubian, as the language is not featured
in ByT5’s pre-training dataset. We also explore
incorporating Polish text to better ground the cross-
lingual transfer. After monolingual pre-training,
we fine-tune the model on inflection, using data
from its most closely related language, Polish, as
in Section 5.1.

To continue pre-training ByT5, we use 10,000
monolingual sentences of the 2021 Wikipedia data
from the Leipzig Corpora Collection (Goldhahn
et al., 2012). We continue the pre-training with
9,000 pre-training and 1,000 development sen-
tences. The sentences are either in Kashubian
(and the model denoted csb-CPT) or in Polish and
Kashubian (csb-pol-CPT). The Polish-Kashubian
mix has an equal proportion of sentences in both
languages. This aims to capture similarities be-
tween the two languages for transfer and to main-
tain Polish knowledge. We use the same hyperpa-
rameters for pre-training and fine-tuning, as shown
in Table 8. We mask 25% of the bytes per sequence,
as detailed in Appendix C, as it led to the highest
validation score in our experiments.

6.2 Results

model pol csb-CPT + pol csb-pol-CPT + pol
csb 25.0 30.5 31.8
pol 77.2 79.1 79.7

Table 5: ByT5 accuracy for Kashubian and Polish in-
flection after monolingual continued pre-training (CPT)
and fine-tuning on Polish data (pol).

We compare continued pre-training and fine-
tuning (denoted CPT name + pol model) with fine-
tuning only (pol model) in Table 5. Pre-training on
Kashubian improves the score by 5 points, while
mixed pre-training enhances it further. Our find-
ings indicate that both intra-family language trans-
fer and target-language context benefit morpholog-
ical inflection accuracy. We also outperform the
best setting for Kashubian using only cross-lingual
transfer (in Section 5).

7 Experiments with LLMs
7.1 Zero-shot LLMs vs our approach

Methodology To investigate how well massive
pre-training and large-scale models solve this task
without additional training, we employ Gemini 2.5



Flash (Comanici et al., 2025), which is already
pre-trained on 400 languages, and the large, open-
weight GPT OSS-120B (OpenAl et al., 2025). To
generate the inflected form, each held-out (lemma,
features) pair is provided with task instructions as
presented in Figure 5 (Appendix D).

CPT+pol
csb 31.8

GPT Gemini
32.2 36.1

Table 6: Both zero-shot LLMs (GPT and Gem-
ini) outperform our best approach of the Polish
ByT5 with continued pre-training. CPT+pol refers to
csb-pol-CPT + pol, the best setting in Table 5.

Results Both LLMs outperform the previous
models, showing strong zero-shot inflection capa-
bility. We cannot, however, rule out partial data
contamination for this performance. Besides, we
recall that our model, although fine-tuned, is no-
tably smaller in size (300M parameters).

7.2 LLM data generation experiment

Given the strong results of LLMs on this task and
ByT5’s competitive in-language performance, we
combine fine-tuning ByTS5 with data generated by
LLM:s.

Methodology As Gemini achieved better perfor-
mance than GPT, we generate training samples
with Gemini from words in the Kashubian corpus
of Section 6. Appendix D further details the prompt
design for data generation. Using the prompt given
in Figure 6, the LLM outputs the feature sequence
and lemma for ~20,000 inflected forms. After noise
filtering, we downsample to the same amount of
validation and training samples as for monolingual
fine-tuning. We then fine-tune ByT5 on synthetic
data alone (denoted syn-csb, with 10,000 samples)
and on synthetic data combined with the complete
Polish training data (denoted syn-csb+pol, with
20,000 samples). We report the results in Table 7.

CPT+pol Gemini syn-csb syn-csb+pol

csb 31.8 36.1 35.8 40.1

Table 7: Fine-tuning ByT5 on inflection data generated
by Gemini, either on Kashubian alone (syn-csb) or
with Polish (syn-csb+pol). The latter outperforms the
best continued pre-trained ByTS model (CPT+pol) and
zero-shot Gemini.

Results Fine-tuning ByT5 only on the generated
Kashubian data for inflection (syn-csb) did not
surpass Gemini’s zero-shot performance. However,
when we further include the actual Polish task data
(syn-csb+pol), we reach the highest score of 40%.
We note that, despite fine-tuning plain ByT5 on
more data (20,000 samples) than the monolingual
model (10,000 samples) in Section 5.1, Kashubian
accuracy remains lower than that of Polish, leaving
room for improvement.

8 Conclusion

This study enhances morphological inflection for
Kashubian with the byte-level transformer ByTS5,
using transfer from related Slavic languages, con-
tinued pre-training, and LLM-generated data. We
outperform monolingual zero-shot transfer scores
using West Slavic languages or by continuing pre-
training with monolingual sentences in Kashubian
and Polish, which reaches over 30% accuracy. Fi-
nally, we fine-tune ByT5 on LLM-annotated syn-
thetic data, reaching 40 points. Our experiments
show the potential of the hybrid approach to gener-
ate more fine-tuning data and stress the benefit of
related languages during training for Kashubian.
Future work will explore few-shot LLM prompt-
ing and transliteration of South and East Slavic data
from Ciyrillic to Latin. Furthermore, the quality of
synthetic data can be improved through error anal-
ysis. Additionally, we will investigate whether our
methods extend to other low-resource languages.

Limitations

Since our experiments focus exclusively on one
West Slavic language, Kashubian, the findings may
not generalize to other languages, particularly those
with different typological properties or with fewer
related mid- to high-resource languages. However,
since linguistic relatedness has been shown to fa-
cilitate cross-lingual transfer (Anastasopoulos and
Neubig, 2019), these results still support multilin-
gual approaches as a means of improving inflection
scores for other low-resource languages.

The Kashubian test data consists solely of nouns,
which introduces a bias in the dataset. Neverthe-
less, our models are not restricted to nouns and are
therefore compatible with other parts of speech;
the synthetic data we generated contains verbs or
adjectives as well. We note here, however, that the
test set is smaller for Kashubian (cf. Table 1).



Ethics statement

LLM-based methods have poor sustainability in
terms of material resources, economic cost, and
future availability. Our best approach, therefore,
integrates LLMs only for data generation, as a one-
time step.

We acknowledge that data produced by LLMs
may be inaccurate, unreliable, and irreproducible.
Nevertheless, our models do not rely exclusively
on such synthetic data, as we further pre-train the
base model, ByT5, on Kashubian (continued pre-
training) and on actual Polish inflection data in the
best case. The LLLM-generated data is based on
words from a Kashubian corpus, and therefore not
completely from scratch. Furthermore, evaluation
is conducted on the same benchmark dataset, which
ensures the reliability of the obtained scores, while
we ensure no overlap between the fine-tuning and
test sets.
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A Classification of Slavic languages

Russian
East {
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South — Eastern South — Macedonian
Slavic Czech
— Czech-Slovak [
Slovak
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Kashubian

L— Lechitic {
Polish

Figure 4: Classification of the Slavic languages in this
study.

Figure 4 shows a traditional categorization of the
8 Slavic languages of interest, according to Glot-
tolog (Hammarstrom et al., 2026).3 All five West
Slavic languages (Polish, Kashubian, Lower Sor-
bian, Czech, and Slovak) use the Latin script. The
two East Slavic and one South Slavic languages
(Russian, Belarusian, and Macedonian) use Cyril-
lic. As illustrated in the Figure, Polish and Kashu-
bian are closely related.

B Data preparation

Feature conversion To transform the features of
previous UniMorph releases into the schema of
UniMorph 4.0 (Batsuren et al., 2022), we identify
the feature categories to analyze the UniMorph 4.0
convention. The person, number, gender, and an-
imacy features are in brackets, stacked under the
case feature (e.g. ADJ;INS;PL — ADJ;INS(PL)).
For all languages except Russian and Belarusian,
which are already in the correct format, we manu-
ally identify the features corresponding to these di-
mensions, following Sylak-Glassman et al. (2015)
and Sylak-Glassman (2016).

C ByTS training hyperparameters

Fine-tuning We adopt standard fine-tuning hy-
perparameters used in the summarization task.* We
disable FP16 to prevent numerical overflow during
validation. Additionally, we increase the learning
rate and introduce 500 warm-up steps to accelerate
convergence and stabilize early training.

3https://glottolog.org/
4https ://huggingface.co/docs/transformers/
tasks/summarization

Hyperparameter Configuration
Learning rate 5x107°
Number of epochs 4

Weight decay 0.01
Evaluation strategy Per epoch
FP16 precision Disabled
Warmup steps 500
Per-device batch size (train / eval) 16

Table 8: Hyperparameters for ByT5 fine-tuning and
continued pre-training.

Continued pre-training We apply the same hy-
perparameters for continued pre-training as for fine-
tuning. Raffel et al. (2020) report that the TS frame-
work, on which ByT35 is built, masks 15% of tokens.
In our experiments, we randomly mask 15%, 20%,
25%, and 30% of the bytes per sequence, leaving
out the full stop and eos bytes. A masking rate of
25% yielded the best validation performance.

Fine-tuning with LLLM-generated data While
previous fine-tuning runs achieved validation losses
below 0.1, the same configuration but with syn-
thetic task data yielded 0.3. Consequently, we in-
crease the number of training epochs from 4 to
12 and select the best-performing model at each
epoch. This configuration is also applied when
fine-tuning with the combined synthetic Kashubian
and existing Polish data. Fine-tuning the best con-
tinued pre-trained model under this configuration
decreased performance.

D LLM prompts

We present the prompts used in the LLM experi-
ments of Section 7.

System role:

You are an expert documentary linguist
specializing in morphological inflection in the
language Kashubian. You are given a lemma
in Kashubian and features in the hierarchical
annotation schema UniMorph 4.0. Inflect the
lemma according to the features and output only
the inflected form.

Prompt:

Inflect lemma + features: <lemma> + <features>

Figure 5: Zero-shot LLM prompt. The system role
is provided before each input prompt. The test lemma
<lemma>, and morphosyntactic features <features> are
inserted in every prompt.

Zero-shot inflection We use an adapted version
of the LLM prompt from Ginn et al. (2024), orig-
inally designed for interlinear glossing. Figure 5


https://glottolog.org/
https://huggingface.co/docs/transformers/tasks/summarization
https://huggingface.co/docs/transformers/tasks/summarization

presents our prompt. It details the task before pro-
viding the (lemma, features) bundle.

You are an expert documentary linguist
specializing in morphological inflection in
the Kashubian language. You are given
the (inflected) word "<word>". If it is
neither a verb, a noun, an adverb, nor an
adjective, return <invalid>. Otherwise, return
its lemma and morphosyntactic features in
the feature schema of UniMorph, as follows:
<lemma>\t<features>\t<word>. Here is an example
of the morphosyntactic features: N;ACC;SG

Figure 6: LLM synthetic data generation prompt.
From a given <word> of the Kashubian corpus, the LLM
generates the morphosyntactic features and the lemma.

Synthesizing Kashubian data For generating
Kashubian task data, we modify the previous
prompt, as shown in Figure 6. Here, we find the
(lemma, features) pair from the inflected form. We
choose unique words longer than 4 characters that
the LLM classifies as adjectives, adverbs, nouns,
or verbs. We only accept lemmas that are absent
from our Kashubian test set to avoid lemma overlap
between the train and test sets. Outputs longer than
expected (e.g., sentences) are discarded. Finally,
we downsample to 10,000 training and 1,000 vali-
dation forms. To ensure consistent feature schemas,
we include an example of the morphosyntactic fea-
tures (N;ACC;SG). The separator characters ., :,
(, ), and - in the features are replaced by semi-
colons (e.g., MASC.NOM — MASC;NOM). These are
later converted to the hierarchical feature schema
of UniMorph 4.0, as described in Section 3.2.
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