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Abstract001

The UniDive 2025 Morphosyntactic Parsing002
(MSP) shared task introduces a representation003
unifying dependency structure, morphologi-004
cal features, and unrealized arguments. Un-005
like Universal Dependencies, MSP encodes006
abstract nodes (e.g., dropped subjects, im-007
plicit pronouns) as labels projected onto con-008
tent words, which standard UD parsers cannot009
model. To address this challenge, in this pa-010
per we present a multilingual, typology-aware011
joint system integrating word-type prediction,012
content-only parsing, morphological tagging,013
and an abstract-node component within a sin-014
gle architecture. The model combines the base-015
line joint framework with typology-conditioned016
adapters and progressive weighting for abstract017
supervision. On the MSP test set, our model018
outperforms the leading submission by 3.23019
percentage points in MSLAS, 3.35 in LAS, and020
1.78 in FEATS macro F1, demonstrating the021
effectiveness of typology-sensitive multi-task022
learning in MSP.023

1 Introduction024

Syntactic parsing is a task in natural language025

processing, and the Universal Dependencies (UD)026

(de Marneffe et al., 2021) project provides a frame-027

work for representing syntax as dependency trees.028

Recently, the UniDive Morphosyntactic Parsing029

(MSP) Shared Task (Goldman et al., 2025), in-030

spired by work (Bārzdin, š et al., 2007; Nivre et al.,031

2022; Goldman and Tsarfaty, 2022) that moves be-032

yond rigid word-based representations of syntax033

and morphology, introduced a representation that034

models morphosyntax in a unified and harmonized035

manner. Unlike UD, MSP distinguishes between036

content and function words and reduces the parsing037

task to identifying dependencies among content038

nodes, reflecting MSP’s typologically diverse set-039

ting and motivating typology-aware adaptation of040

morphosyntactic variation. Participating systems041

are required to jointly predict (i) a dependency042

structure over content words, (ii) morphological 043

feature bundles, and (iii) abstract nodes represent- 044

ing unrealized arguments, such as dropped subjects, 045

implicit pronouns, and argument gaps. 046

UD parsers, including UDify (Kondratyuk and 047

Straka, 2019) and UDapter (Üstün et al., 2020, 048

2022), assume that syntactic structure is realized 049

over surface tokens. MSP breaks the token-centric 050

assumption: function words are not tree nodes, and 051

unrealized arguments contribute dependency rela- 052

tions and morphological features only through pro- 053

jections onto content words (Goldman et al., 2025). 054

More broadly, reflects a challenge for multilingual 055

parsing in languages with ellipsis, pro-drop, and 056

morphology-driven argument omission, where syn- 057

tactic structure and surface realization do not align. 058

As a result, standard UD parsers are not suitable 059

for MSP, and only a number of prior approaches 060

incorporate typology-aware mechanisms important 061

for multilingual generalization. 062

We propose a new MSP architecture1 that builds 063

on the joint modeling framework of Améstica et al. 064

(2025). We extend this framework by incorpo- 065

rating typology-aware multilingual conditioning 066

(Acar and Eryiğit, 2025) and by explicitly model- 067

ing abstract nodes within the parsing architecture, 068

yielding a fully joint and typology-sensitive MSP 069

system. Experimental results show that the pro- 070

posed system outperforms the previous state of the 071

art in both macro-averaged performance (MSLAS 072

+3.23, LAS +3.35, FEATS +1.78) and language- 073

specific evaluation, achieving higher MSLAS and 074

LAS scores across all MSP languages. 075

Sections 2–4 introduce the MSP formalism, the 076

proposed architecture, and abstract-node supervi- 077

sion. Sections 5–7 present the experimental setup, 078

results, and analysis, while Section 8 concludes the 079

paper. 080

1Software available from https://github.com/
closedforblindreview.
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Figure 1: An example of a morphosyntactic tree above the sentence, with the full UD tree below for reference.
Function words do not participate in the morphosyntactic tree and are coloured grey. (Goldman et al., 2025)

2 Background081

As illustrated in Figure 1, the morphosyntactic tree082

in MSP is defined over overt content words, while083

functional material is layered onto these tokens084

through morphological feature bundles. Function085

words do not participate in the tree structure it-086

self. Although abstract nodes are not explicitly087

visualized in the figure, MSP further extends this088

representation by encoding unrealized arguments,089

such as dropped subjects and implicit pronouns, as090

abstract projections associated with content words,091

contributing additional dependency relations and092

morphological features that are not recoverable093

from surface syntax. This design departs fundamen-094

tally from UD, where all syntactic and functional095

elements are represented as explicit tree nodes096

(de Marneffe et al., 2021). The UniDive (Savary097

et al., 2024) MSP Shared Task is the first multi-098

lingual benchmark to formalize this representation099

and to evaluate systems on the joint coherence of100

syntax and morphology (Goldman et al., 2025).101

Traditional dependency parsers (both transition-102

based (Nivre, 2003; Nivre et al., 2006; Hall et al.,103

2007) and graph-based (McDonald et al., 2005))104

assume a one-to-one correspondence between sur-105

face tokens and syntactic nodes, with morphology106

predicted directly at the token level. Modern neural107

UD parsers, including biaffine models (Dozat and108

Manning, 2016) and multilingual systems such as109

UDify (Kondratyuk and Straka, 2019) and UDapter110

(Üstün et al., 2020, 2022), largely retain these as-111

sumptions. This formulation does not align with112

MSP, where unrealized arguments are represented113

as abstract nodes that form dependency relations114

and carry morphological features, but are realized115

exclusively through projections onto overt content116

words. As a result, they cannot be directly incor-117

porated into standard token-based parsing and tag-118

ging schemes. Consequently, standard UD parsers119

cannot natively produce valid MSP outputs with- 120

out substantial task-specific modifications, as also 121

noted in the findings (Goldman et al., 2025). 122

The UniDive 2025 MSP Shared Task attracted 123

a small number of task-specific systems, reflecting 124

both the novelty and difficulty of the formulation 125

(Goldman et al., 2025). The strongest submission 126

employed a joint multitask architecture integrat- 127

ing word-type prediction, content-only dependency 128

parsing, and morphological tagging within a shared 129

encoder (Améstica et al., 2025). Another submis- 130

sion incorporated typology-aware representations 131

and content/function distinctions, but trained word- 132

type classification separately from parsing and tag- 133

ging (Acar and Eryiğit, 2025), highlighting the im- 134

portance of joint modeling in MSP. The shared 135

task also included a few-shot prompting baseline 136

based on large language models, which underper- 137

formed dedicated MSP architectures. Overall, prior 138

systems either lack typology-aware conditioning 139

within the core encoder or do not explicitly model 140

abstract nodes as structured prediction targets. 141

MSP is inherently multilingual and typologi- 142

cally diverse. Prior work in typology-aware NLP, 143

including URIEL features (Littell et al., 2017) 144

and hypernetwork-based adapters for UD pars- 145

ing (Üstün et al., 2020, 2022), has shown that 146

conditioning on language typology can improve 147

cross-lingual generalization. However, no previous 148

work integrates typology-aware conditioning into a 149

fully joint MSP model that simultaneously predicts 150

dependency structure, morphology, and abstract 151

nodes within a single architecture. Abstract nodes 152

are central to MSP, encoding unrealized arguments 153

together with their syntactic relations and morpho- 154

logical features. Addressing this gap benefits from 155

joint modeling, typology-sensitive adaptation, and 156

explicit abstract-node prediction, which is the focus 157

of the present work. 158
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3 System Architecture159

This section describes the proposed multilingual,160

multi-task architecture for MSP, detailing how in-161

put representations, typological information, and162

task-specific components are integrated into a joint163

system. An overview of the full system architecture164

is provided in Appendix A.165

3.1 Model Input & Typology Incorporation166

The model operates on the base rows of the MSP167

CoNLL-U format (Appendix B of Goldman et al.168

(2025)). During training and inference, sentences169

are represented only as sequences of overt tokens.170

Functional and abstract nodes are never passed as171

separate encoder time steps. Instead, functional172

nodes are collapsed into word-type supervision and173

abstract nodes are projected onto their associated174

base token as supervisory labels for abstract pres-175

ence, relation and morphological layering.176

Input Representation Each sentence is encoded177

with a stacked embedding module combining a178

multilingual Transformer encoder and optional179

character-level information. Concretely, we use180

XLM-RoBERTa as a contextual word embedding181

layer and optionally augment it with a character-182

based BiLSTM encoder. The resulting token em-183

beddings are concatenated and passed through a184

layer-normalization step and a small shared feed-185

forward block that refines the representations be-186

fore they are consumed by the task heads:187

x1, . . . ,xn ∈ RD, zi = FFN(xi) ∈ RD. (1)188

Alongside token embeddings, each sentence car-189

ries a language identifier and a vector of URIEL190

typological features (Littell et al., 2017). The lan-191

guage identifier is used to index a learned language192

embedding, while the URIEL vector provides a193

compact, hand-crafted description of syntactic and194

phonological properties of the language. Impor-195

tantly, only base tokens appear as positions in the196

sequence; abstract-node rows and functional-node197

stand-ins are used only to derive supervision la-198

bels and are never treated as separate tokens in the199

encoder.200

During training, each token also carries a gold201

word_type label (content or function token). These202

labels are used directly to supervise the word-203

type classifier and implicitly to derive content-only204

masks for parsing and morphological tagging. At205

inference time, the same gating is driven by the 206

model’s predicted word-type labels. 207

Typology Encoder Typological information is 208

injected into the architecture via a dedicated Typol- 209

ogyEncoder. For each sentence, the encoder takes 210

as input (i) a language ID embedding and (ii) an 211

optional URIEL feature vector. The URIEL vector 212

is first projected through a linear layer and non- 213

linearity, and then concatenated with the language 214

embedding. A small MLP maps this concatenated 215

representation to a fixed-dimensional language vec- 216

tor hlang: 217

el = Elang[l], (2) 218

ũl = tanh(Wuul + bu), (3) 219

hlang = MLP
(
[el; ũl]

)
. (4) 220

This typology representation is shared across 221

tasks. It is used to condition language-specific 222

adapters, and it can optionally be trained with an 223

auxiliary URIEL reconstruction loss. In that auxil- 224

iary task, a linear layer predicts the URIEL features 225

from hlang, and a masked binary cross-entropy loss 226

is applied only to observed features, encouraging 227

the model to learn a compact, task-informed lan- 228

guage representation without being forced to match 229

missing or uncertain typological entries: 230

Ltyp =
1∑
k mk

∑
k

mk · BCE(ûl,k, ul,k). (5) 231

When this auxiliary objective is disabled, we set 232

λtyp = 0 in the total loss. 233

Contextual Hypernetwork Adapters To make 234

the encoder sensitive to language-specific structure 235

while sharing most parameters across languages, 236

we adopt UDapter-style contextual adapters. Two 237

separate adapters are instantiated: a parser adapter 238

and a tagger adapter. Both maintain shared base 239

projection matrices and generate small, language- 240

conditioned deltas using hypernetworks condi- 241

tioned on hlang. Conceptually: 242

z̃pari = Apar(zi,hlang), (6) 243

z̃tagi = Atag(zi,hlang). (7) 244

The resulting adapter is applied in a residual 245

fashion on top of the shared encoder representa- 246

tion. The parser adapter is used exclusively be- 247

fore the dependency parsing head, while the tagger 248

adapter is shared by the word-type, morphological 249

and abstract-node heads. A scaling factor keeps the 250
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deltas small at initialization so that the adapters ini-251

tially behave close to identity and gradually learn252

language-specific deviations.253

3.2 Joint Architecture Components254

The architecture is organized as a joint model with255

several task heads built on top of shared, typology-256

adapted representations. The main components257

correspond to MSP’s core dimensions: word type,258

content-only dependency structure, content-only259

morphological features, and abstract-node structure260

layered on top of base tokens.261

Word-Type Classification Word-type classifi-262

cation is implemented as a sequence labeling263

task. The typology-adapted tagger representation264

is passed through a BiLSTM layer followed by265

locked dropout and a linear classifier that predicts266

a binary label (content vs. function) for each token:267

hwt
i = BiLSTM(z̃tagi ), (8)268

pwt
i = softmax(Wwth

wt
i + bwt). (9)269

Class weights are estimated on the fly from label270

frequencies in order to mitigate imbalances. These271

predictions later serve as the primary gating signal272

for dependency parsing and morphological feature273

prediction.274

Dependency Parsing The dependency parser is a275

graph-based CRF parser trained on content tokens276

only. After the parser adapter is applied, separate277

MLPs generate dependency and head representa-278

tions:279

di = fdep(z̃
par
i ), (10)280

hj = fhead(z̃
par
j ). (11)281

Arc scores are computed bilinearly:282

sarcij = d̄⊤
i Uarch̄j . (12)283

The arc scores parameterize a DependencyCRF284

distribution over trees. Training maximizes the log285

likelihood of the gold content-only tree:286

Larc = − log pCRF(A
⋆ | sarc). (13)287

Relation prediction uses an analogous bilinear288

classifier:289

Lrel =
1

|A⋆|
∑

(i→j)∈A⋆

CE
(
softmax(srelij,·), y

rel
ij

)
.

(14) 290

The total parsing loss is: 291

Lpar = Larc + Lrel. (15) 292

Morphological Tagging Morphological tagging 293

is a multi-label classification task over fea- 294

ture–value items. A linear layer projects the tagger- 295

adapted representation: 296

omorph
i = Wmorphz̃

tag
i + bmorph. (16) 297

Independent sigmoid activations produce feature 298

probabilities: 299

pmorph
i,k = σ(omorph

i,k ). (17) 300

The loss is a binary cross-entropy term summed 301

over gold feature–value items of content tokens: 302

Lmorph =
1

Nmorph

∑
i∈content

K∑
k=1

BCE(pmorph
i,k , yi,k).

(18) 303

Abstract Node Modeling The model includes 304

a dedicated abstract-node prediction module re- 305

sponsible for modeling unrealized arguments as ab- 306

stract nodes layered on top of base tokens. Unlike 307

functional nodes, which determine gating, abstract 308

nodes encode additional structure layered on top of 309

base tokens. The model predicts four attributes for 310

each token: 311

ppresi = σ(w⊤
presz̃

tag
i + bpres), (19) 312

ppos
i = softmax(Wposz̃

tag
i + bpos), (20) 313

pdep
i = softmax(Wdepz̃

tag
i + bdep), (21) 314

pfeati,k = σ
(
(Wfeatz̃

tag
i + bfeat)k

)
. (22) 315

The full abstract-node objective is a combina- 316

tion of presence, position, dependency-label, and 317

morphological-feature losses: 318

Labs = Lpres + Lpos + Ldep + Lfeat. (23) 319

A detailed description of how abstract-node la- 320

bels are extracted, how multiple abstract nodes are 321

projected onto hosts, and how abstract structure is 322

reconstructed at inference is provided in Section 4. 323
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3.3 Joint Objective and Loss Weighting324

The total training objective is a weighted combina-325

tion of all task-specific losses:326

Ltotal = λparLpar + λmorphLmorph + λwtLwt327

+ λabs(t)Labs + λtypLtyp. (24)328

The abstract-node weight λabs(t) follows the329

model’s built-in ramp schedule:330

λabs(t) = λmin
abs +

(
λmax
abs − λmin

abs

)
r(t), (25)331

r(t) =
(
min(1, t/T )

)γ
, (26)332

While the joint objective defines how abstract-333

node predictions interact with parsing and mor-334

phology during training, abstract nodes in MSP335

are not independent tokens but annotation-level336

projections tied to base words. As a result, their337

supervision, labeling, and reconstruction into valid338

MSP outputs motivate a task-specific treatment be-339

yond standard parsing objectives. We describe this340

process in the next section.341

4 Abstract Node Supervision and342

Inference343

In the MSP setting, abstract nodes encode344

unrealized arguments as additional syntac-345

tic–morphological layers associated with a base346

token, rather than as independent tree nodes. They347

carry their own DEPREL, HEAD, and FEATS348

values, forming a parallel syntactic–morphological349

tier that cannot be captured by traditional UD350

parsers. The joint model therefore predicts351

abstract-node properties directly and reconstructs352

them into the final CoNLL-U output.353

Extraction of Abstract Supervision Abstract354

supervision is extracted directly from the MSP-355

enhanced CoNLL-U data. We identify candidate356

abstract rows by their non-integer IDs of the form357

X.Y . Among these, only rows with non-empty358

FEATS, HEAD and DEPREL fields are treated as359

genuine abstract nodes representing unrealized ar-360

guments (e.g., dropped subjects, implicit pronouns,361

and argument gaps) with clear syntactic and mor-362

phological content. Rows with empty structural363

fields are discarded. Each valid abstract row is364

mapped back to a host base token X , which ap-365

pears as a standard integer ID in the sentence.366

Training Labels From the extracted abstract367

rows, we construct four label sets for each token:368

• abs_pres: a binary indicator that is set to 1 if 369

the token hosts at least one valid abstract node 370

and to 0 otherwise; 371

• abs_pos: a categorical label over {ABOVE, 372

BELOW} indicating whether the abstract 373

node(s) appear above the host row, or below; 374

• abs_deprel: a single-label abstract depen- 375

dency relation taken from the abstract row 376

that best represents the unrealized argument 377

or clausal structure attached to the host; 378

• abs_feats: a multi-label set of morphological 379

feature–value items taken from the FEATS 380

column of the abstract row, encoding prop- 381

erties such as person, number, tense or case 382

associated with the unrealized argument. 383

These labels are stored in the training instances as 384

token-level annotations and used to supervise the 385

corresponding abstract-node heads described in the 386

previous section. 387

Decoding and Reconstruction At inference 388

time, the model first predicts word type, content- 389

only dependency structure, and content-only mor- 390

phological features, and then applies the abstract- 391

node heads to obtain label predictions for each 392

token. The predicted abstract structure is recon- 393

structed into an MSP-style CoNLL-U representa- 394

tion in a post-processing step. 395

For each token whose predicted abstract pres- 396

ence exceeds a threshold, an abstract row is cre- 397

ated and associated with that token. The predicted 398

abs_pos label determines whether the abstract row 399

is inserted immediately above or below the host 400

row. Dependency relations and morphological fea- 401

tures are filled from the corresponding abstract pre- 402

dictions, yielding a concrete CoNLL-U line. 403

Head indices for abstract nodes are assigned us- 404

ing a lightweight, annotation-aligned heuristic. For 405

eight of the nine MSP languages, each abstract 406

node is attached to the nearest content word occur- 407

ring above the host token, reflecting the fact that 408

unrealized arguments typically depend on an overt 409

predicate or head in preceding context. Swedish 410

constitutes the sole exception due to systematic an- 411

notation differences; for this language, we attach 412

abstract nodes to the nearest verbal head in either 413

direction, falling back to the host token if no suit- 414

able verb is found. These heuristics introduce no 415

additional learning parameters and serve only to 416

reconstruct valid MSP-style trees from token-level 417
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predictions. They are applied uniformly across all418

models and ablations, and therefore do not affect419

comparative conclusions.420

Finally, the reconstructed output is evaluated421

using the official MSP metrics, which compute422

MSLAS, LAS, and morphological F1 on content423

tokens while incorporating abstract-node predic-424

tions through their layered dependency relations425

and morphological features.426

5 Experimental Setup427

To evaluate whether the proposed joint and428

typology-aware modeling decisions translate into429

empirical gains, we conduct experiments on the430

UniDive 2025 MSP shared task dataset.431

Dataset We use the UniDive 2025 Morphosyn-432

tactic Parsing (MSP) shared task dataset, covering433

nine languages: Czech, English, Hebrew, Italian,434

Polish, Portuguese, Serbian, Swedish, and Turk-435

ish. The data is derived from Universal Depen-436

dencies treebanks and converted into the MSP for-437

mat, where dependency structure is defined over438

content words, while function words, morphology,439

and unrealized arguments are encoded as layered440

features and abstract annotations. Each language441

includes training, development, and test splits fol-442

lowing standard UD partitions. Since prediction443

operates on covered sentences, we tokenize raw444

text with external tokenizers to match the MSP/UD445

segmentation. We use Stanza (Qi et al., 2020) for446

most languages, and UDPipe (Straka and Straková,447

2017) for Turkish and Italian.448

Baselines and Ablations Traditional UD parsers449

are not included as baselines, since their formu-450

lation assumes all syntactic elements appear as451

explicit tree nodes and cannot represent MSP’s452

abstract-node projections or morphological layer-453

ing. As our primary baseline, we use the official454

shared-task leader system, which implements a455

joint word-type, dependency parsing, and morpho-456

logical tagging architecture tailored to MSP but457

is trained independently for each language. Our458

ablation analysis systematically evaluates the con-459

tribution of typological information in the input460

representation, typology-conditioned contextual461

adapters, and the abstract-node modeling module462

by selectively disabling these components while463

keeping the remaining architecture fixed.464

Training Details All models are trained using465

the Flair framework with XLM-RoBERTa-large as466

the shared encoder, fine-tuned end-to-end. Experi- 467

ments are conducted in both single-language and 468

multilingual settings; in the latter, training data is 469

provided via language manifests, enabling joint 470

optimization across MSP languages. Models are 471

trained for 20 epochs using AdamW with a learn- 472

ing rate of 2× 10−5, mini-batch size 16, gradient 473

accumulation via chunking, and dropout set to 0.33. 474

Early stopping with learning rate annealing (factor 475

0.5) is applied, and the best model is selected based 476

on development-set LAS. 477

Losses for parsing, morphology, and word-type 478

prediction are combined with tuned scalar weights, 479

selected on the development set; in our final config- 480

uration, λpar = 2.0, λmorph = 2.0, and λwt = 1.5. 481

Abstract-node supervision follows a single-stage 482

ramp-up schedule, gradually increasing its weight 483

from 0.01 to 0.5 using a power-based schedule 484

(γ = 2.0), which delays strong abstract supervi- 485

sion until shared representations stabilize. Typolog- 486

ical information is incorporated via 64-dimensional 487

URIEL vectors unless disabled, and contextual 488

adapters are enabled or ablated depending on the 489

experimental configuration. 490

Evaluation Metrics We follow the UniDive 491

2025 MSP evaluation protocol. Dependency struc- 492

ture is evaluated using Labeled Attachment Score 493

(LAS) over content tokens. MSLAS extends LAS 494

by requiring the correct prediction of morpholog- 495

ical feature bundles attached to content tokens, 496

thereby jointly assessing syntax and morphology. 497

Morphological tagging performance is reported as 498

micro-averaged F1 over feature–value pairs. Word- 499

type classification is evaluated using token-level 500

accuracy, as it controls participation in parsing and 501

tagging. Abstract-node modeling is reflected im- 502

plicitly in MSLAS and morphological F1 through 503

the correctness of layered dependency relations 504

and morphological features associated with base 505

tokens. 506

6 Results 507

We report macro-averaged results and key compar- 508

ative findings in the main paper. Detailed language- 509

level results for all analyses are provided in the 510

Appendix, beginning with Appendix B. 511

Main Results Table 1 reports macro-averaged 512

results across all languages. The proposed model 513

consistently outperforms the baseline on both DEV 514

and TEST splits across MSLAS, LAS, and FEATS, 515
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with gains of up to +3.77 MSLAS/LAS and +2.34516

FEATS on DEV, and +3.35 LAS and +1.78 FEATS517

on TEST. While absolute TEST scores are lower518

than DEV, improvements remain stable across lan-519

guages, as shown in Appendix B. These results520

indicate that the proposed joint, typology-aware521

architecture generalizes beyond development con-522

ditions and remains effective under test-time distri-523

butional shifts.524

Metric baseline_system proposed_system Diff
MSLAS 81.19 84.42 ↑3.23
LAS 82.62 85.97 ↑3.35
FEATS 92.02 93.80 ↑1.78

(a) TEST split (macro averages across languages).

Metric baseline_system proposed_system Diff
MSLAS 81.58 85.35 ↑3.77
LAS 83.08 86.85 ↑3.77
FEATS 92.15 94.49 ↑2.34

(b) DEV split (macro averages across languages).

Table 1: Overall macro-averaged results across lan-
guages comparing the baseline system and the proposed
model on DEV and TEST splits.

Ablation Analysis The ablation study evalu-525

ates how typological information and contextual526

adapters contribute to multilingual MSP perfor-527

mance: as shown in Table 2, adding typology alone528

(multiTypo) yields marginal or inconsistent changes529

relative to the base multilingual model, indicating530

that static typological features are insufficient to531

bias token-level representations without contextual532

modulation, whereas adding adapters alone (mul-533

tiAdp) produces consistent gains in MSLAS and534

LAS, and their combination in the full model (mul-535

tiAdpTypo) achieves the strongest macro-averaged536

performance across metrics, a pattern that holds537

across languages in Appendix C.538

Internalization of Typology Table 3 compares539

static URIEL typology with the learned language540

representation hlang using four alignment metrics541

that capture global, local, and task-specific struc-542

ture. Global RSA vs Data Structure measures the543

Spearman correlation between pairwise language544

distances in the representation space and distances545

induced by aggregate data-derived morphological546

features, reflecting overall geometric agreement.547

Nearest-Neighbor Match (k=1) evaluates local con-548

sistency by measuring how often a language’s clos-549

est neighbor in the representation space matches550

its closest neighbor under data-induced distances.551

Morphological Feature Alignment quantifies how552

Metric multi multiTypo multiAdp multiAdpTypo
MSLAS 84.25 83.96 84.39 84.42
LAS 85.79 85.71 85.84 85.97
FEATS 93.71 93.55 93.79 93.80

(a) TEST split (macro averages).

Metric multi multiTypo multiAdp multiAdpTypo
MSLAS 85.12 84.98 85.33 85.35
LAS 86.67 86.55 86.89 86.85
FEATS 94.41 94.35 94.41 94.49

(b) DEV split (macro averages).

Table 2: Ablation study with macro-averaged MSLAS,
LAS, and FEATS. multi is the multilingual joint model
without typology or adapters. multiTypo adds typology
conditioning only. multiAdp adds contextual adapters
only. multiAdpTypo is the full model with typology-
conditioned adapters.

well representation distances correlate with cross- 553

lingual differences in pooled morphological feature 554

distributions, while Dependency Relation Align- 555

ment measures the same correspondence for de- 556

pendency relation distributions. Across all four 557

metrics, hlang outperforms URIEL, with gains in 558

morphological and dependency alignment, sug- 559

gesting that typological information is not merely 560

preserved but internalized and reshaped through 561

task-driven learning. Detailed pairwise distance 562

changes and nearest-neighbor shifts are reported 563

in Appendix D. Variants that internalize typology 564

more strongly also yield higher MSLAS/LAS, sug- 565

gesting that typology internalization is functionally 566

relevant rather than purely representational. 567

Metric URIEL hlang

Global RSA vs Data Structure 0.01 0.10
Nearest-Neighbor Match (k=1) 0.00 0.22
Morphological Feature Alignment 0.07 0.48
Dependency Relation Alignment -0.27 0.40

Table 3: Comparison of URIEL and the learned lan-
guage representation hlang using the most informative
global, local, and task-relevant alignment metrics.

Abstract Node Analysis Table 4 quantifies the 568

effect of explicit abstract node modeling. En- 569

abling abstract modeling improves all metrics 570

on both splits, with particularly large gains in 571

FEATS (+2.76 on TEST, +3.52 on DEV), indicat- 572

ing improved recovery of morphosyntactic infor- 573

mation. At the language level (Appendix Table 574

E), gains vary substantially: languages with fre- 575

quent abstract-node phenomena show consistent 576

improvements, while languages with sparse ab- 577

stract annotations exhibit small or neutral changes. 578

This variability motivates a more detailed analysis 579
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of abstract-node distribution and language-specific580

behavior in the following section.581

Metric without_abstracts with_abstracts Diff
MSLAS 82.61 84.42 ↑1.81
LAS 84.63 85.97 ↑1.34
FEATS 91.04 93.80 ↑2.76

(a) TEST split (macro averages across languages).

Metric without_abstracts with_abstracts Diff
MSLAS 82.21 85.35 ↑3.14
LAS 84.14 86.85 ↑2.71
FEATS 90.97 94.49 ↑3.52

(b) DEV split (macro averages across languages).

Table 4: Macro-averaged DEV and TEST results across
languages comparing models with and without explicit
abstract node modeling for MSLAS, LAS, and FEATS.

7 Discussion582

This section gives details about task interaction,583

errors, comparative insights.584

Interaction Between Tasks Our model im-585

proves MSLAS, LAS, and FEATS simultane-586

ously on both splits (+3.23/+3.35/+1.78 on TEST;587

+3.77/+3.77/+2.34 on DEV; Table 1), suggesting588

that the shared content-only representation benefits589

both dependency structure and morphosyntactic la-590

beling. The ablations further show that typology is591

most useful when it modulates contextualization:592

typology-only (multiTypo) is inconsistent, adapters-593

only (multiAdp) is consistently better, and combin-594

ing them yields the strongest macro results (mul-595

tiAdpTypo; Table 2), consistent with the stronger596

data-alignment of hlang over URIEL (Table 3).597

Error Analysis The smaller improvements598

on TEST relative to DEV in the abstract599

modeling comparison (+1.81/+1.34/+2.76 vs.600

+3.14/+2.71/+3.52; Table 4) are consistent with601

test-time sparsity and imbalance of abstract phe-602

nomena. Prior MSP analysis (Acar and Eryiğit,603

2025) shows that abstract nodes are extremely rare604

in TEST for English and Serbian (0.39% each),605

whereas languages like Turkish have much higher606

rates (13.45%). In such settings, abstract-node su-607

pervision and evaluation contribute only a weak608

signal, naturally limiting macro-averaged gains on609

TEST. This explains the near-zero deltas for EN/S-610

R/PT in Appendix E and why they can depress611

macro TEST scores, motivating their exclusion612

from fine-grained abstract-focused comparison.613

Linguistic and Typological Insights The per-614

language effects match typological expectations615

and align with our internalization analysis. 616

Typology-conditioned adapters (multiAdpTypo) re- 617

main competitive across diverse languages (Ap- 618

pendix Table 6), supporting the idea that typol- 619

ogy helps most when it modulates contextualiza- 620

tion rather than acting as a static prior. The In- 621

ternalization of Typology results further show that 622

the learned language representation hlang is better 623

aligned with data-driven morphosyntactic variation 624

than URIEL (Table 3), with gains on morphology- 625

and dependency-sensitive alignments, indicating 626

a task-shaped reorganization of cross-lingual ge- 627

ometry. Consistently, explicit abstract-node mod- 628

eling yields its benefits in languages where un- 629

realized arguments contribute layered agreement 630

and argument-structure signals: Turkish shows the 631

largest gains (e.g., +10.00 MSLAS / +10.08 LAS 632

on TEST; Table 8), with consistent improvements 633

also in Polish and Czech, while languages with 634

sparse abstract nodes show limited change. 635

8 Conclusion 636

We introduced a multilingual, typology-aware joint 637

model for MSP that unifies dependency parsing, 638

morphological tagging, word-type prediction, and 639

explicit abstract-node modeling in a single architec- 640

ture. By directly modeling unrealized arguments 641

and morphological layering, the proposed system 642

produces structurally valid MSP outputs beyond 643

the capabilities of traditional UD parsers. 644

Across DEV and TEST splits, the model outper- 645

forms the shared-task system, with gains of up to 646

+3.77 MSLAS/LAS and +2.34 FEATS. Ablation re- 647

sults show that typological information is effective 648

when it modulates contextual representations via 649

adapters, rather than acting as static input. Explicit 650

abstract-node modeling yields the improvements in 651

morphologically rich languages where unrealized 652

arguments are frequent, while its impact is limited 653

in languages with sparse abstract phenomena. 654

These results show that MSP, a formalism with 655

non-overt syntactic material, cannot be addressed 656

by token-centric parsing architectures alone. By 657

modeling unrealized arguments as projections and 658

conditioning representations on typological signals, 659

the proposed framework outlines a template for 660

extending parsing models to settings where syntac- 661

tic structure and morphological realization diverge 662

from surface form, and motivates future work on 663

fully learnable abstract-node decoding and deeper 664

typology integration in multilingual parsing. 665
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Limitations666

While the proposed system advances the state of667

the art in multilingual morphosyntactic parsing,668

several limitations remain.669

First, abstract nodes are inherently sparse and670

unevenly distributed across languages and splits,671

which limits the robustness of abstract-node learn-672

ing, particularly in low-frequency settings. Al-673

though our joint formulation improves abstract-674

node recovery in morphologically rich languages,675

future work could explore stronger regularization676

strategies or data augmentation techniques tailored677

to abstract-node sparsity.678

Second, abstract-head prediction currently relies679

on deterministic reconstruction heuristics, moti-680

vated by the fact that many abstract labels are struc-681

turally trivial in the training data. While effective682

in practice, this design constrains the model’s ca-683

pacity to learn abstract structure end-to-end. Devel-684

oping fully learnable abstract-head and attachment685

mechanisms, potentially integrated with structured686

inference, remains an important direction.687

Third, while typology-aware conditioning im-688

proves multilingual generalization, our analysis689

treats typology as a unified signal. A more fine-690

grained investigation of feature-specific typologi-691

cal effects, such as isolating which morphosyntac-692

tic properties contribute most to gains in parsing,693

morphology, or abstract modeling, would provide694

deeper linguistic insight.695

Fourth, typological information is limited to696

URIEL-style features and learned language embed-697

dings. Extending typology awareness with addi-698

tional resources, such as language-specific morpho-699

logical inventories, diachronic features, or learned700

typological representations from large multilingual701

models, may further improve adaptability.702

Finally, while we performed hyperparameter tun-703

ing for key components, the explored search ranges704

and resolution were limited by computational con-705

straints. A more extensive sweep (e.g., broader706

ranges, finer granularity, and more interactions707

across loss weights, adapter capacity, and abstract708

supervision schedules), as well as explicit integra-709

tion of tokenization choices into the learning objec-710

tive, could yield further improvements, especially711

for morphologically complex languages.712
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A System Architecture Diagram 840

841

Figure 2: Architecture of the proposed typology-aware joint MSP model. Light-blue blocks denote shared text
encoding, while pink blocks represent typology processing, influencing task heads via dotted connections and input
representations via solid connections. The green word type predictor gates the morphology (blue) and dependency
parsing (red) heads to operate on content words only. Yellow blocks model abstract nodes through a separate gating
mechanism and three heads for position, dependency relation, and morphological features.
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B Main Results842

Table 5: Performance per language using covered CoNLL-U. Each subtable reports MSLAS, LAS, and FEATS
scores. (Scores might slightly differ after hyperparameter tuning is completed.)

(a) Test Split

MSLAS AVG cz en he it pl pt sr sv tr
baseline 81.19 87.12 83.79 68.71 84.53 85.69 88.87 86.61 86.64 58.74
our_model 84.42 88.97 84.75 72.42 87.21 89.86 89.48 87.55 89.68 69.90
Diff ↑3.23 ↑1.85 ↑0.96 ↑3.71 ↑2.68 ↑4.17 ↑0.61 ↑0.94 ↑3.04 ↑11.16

LAS AVG cz en he it pl pt sr sv tr
baseline 82.62 88.00 85.08 71.45 85.38 87.23 89.55 88.27 87.67 60.93
our_model 85.97 89.94 86.28 75.63 87.97 91.47 90.17 89.18 90.71 72.34
Diff ↑3.35 ↑1.94 ↑1.20 ↑4.18 ↑2.59 ↑4.24 ↑0.62 ↑0.91 ↑3.04 ↑11.41

FEATS AVG cz en he it pl pt sr sv tr
baseline 92.02 95.16 94.90 83.45 93.12 93.50 94.83 95.58 95.58 82.07
our_model 93.80 97.05 94.52 84.96 94.70 96.54 94.79 95.19 96.17 90.28
Diff ↑1.78 ↑1.89 ↓0.38 ↑1.51 ↑1.58 ↑3.04 ↓0.04 ↓0.39 ↑0.59 ↑8.21

843

(b) Development Split

MSLAS AVG cz en he it pl pt sr sv tr
baseline 81.58 87.54 85.39 74.98 85.96 85.60 88.92 85.64 85.31 54.91
our_model 85.35 89.32 87.79 78.23 88.48 89.38 92.16 87.67 87.20 67.89
Diff ↑3.77 ↑1.78 ↑2.40 ↑3.25 ↑2.52 ↑3.78 ↑3.24 ↑2.03 ↑1.89 ↑12.98

LAS AVG cz en he it pl pt sr sv tr
baseline 83.08 88.41 86.89 77.58 86.81 87.23 89.72 87.48 86.24 57.35
our_model 86.85 90.18 89.30 80.91 89.36 90.99 92.97 89.45 88.32 70.21
Diff ↑3.77 ↑1.77 ↑2.41 ↑3.33 ↑2.55 ↑3.76 ↑3.25 ↑1.97 ↑2.08 ↑12.86

FEATS AVG cz en he it pl pt sr sv tr
baseline 92.15 95.43 94.68 86.70 93.44 93.50 94.52 94.48 95.44 81.17
our_model 94.49 97.17 95.35 88.70 95.34 96.32 97.01 95.03 95.22 90.28
Diff ↑2.34 ↑1.74 ↑0.67 ↑2.00 ↑1.90 ↑2.82 ↑2.49 ↑0.55 ↓0.22 ↑9.11

844
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C Ablation Analysis 845

Table 6: Detailed ablation results (MSLAS/LAS/FEATS). For each language and metric, the best variant is shown
in bold.

(a) TEST split

Lang
MULTI MULTITYPO MULTIADP MULTIADPTYPO

MSLAS LAS FEATS MSLAS LAS FEATS MSLAS LAS FEATS MSLAS LAS FEATS

cz 88.92 89.95 96.64 88.38 89.43 96.80 89.21 90.19 97.13 88.97 89.94 97.05
en 83.93 85.76 94.01 83.82 85.67 94.02 85.18 86.72 94.35 84.75 86.28 94.52
he 72.72 75.61 85.44 71.58 74.30 85.26 72.61 75.45 85.42 72.42 75.63 84.96
it 87.09 87.79 94.53 87.38 88.10 94.84 87.03 87.71 94.62 87.21 87.97 94.70
pl 89.67 91.32 96.36 89.58 91.17 96.41 89.78 91.33 96.42 89.86 91.47 96.54
pt 89.28 90.00 94.79 88.85 89.62 94.39 89.31 90.02 94.70 89.48 90.17 94.79
sr 87.52 89.03 95.18 87.65 89.24 95.39 87.07 88.54 95.13 87.55 89.18 95.19
sv 89.65 90.60 96.28 88.98 90.00 95.98 89.37 90.38 96.16 89.68 90.71 96.17
tr 69.45 72.03 90.15 69.23 71.87 89.91 69.95 72.23 90.14 69.90 72.34 90.28

AVG 84.25 85.79 93.71 83.96 85.71 93.55 84.39 85.84 93.79 84.42 85.97 93.80

846

(b) DEV split

Lang
MULTI MULTITYPO MULTIADP MULTIADPTYPO

MSLAS LAS FEATS MSLAS LAS FEATS MSLAS LAS FEATS MSLAS LAS FEATS

cz 89.77 90.65 97.21 89.16 90.10 96.99 89.73 90.60 97.26 89.32 90.18 97.17
en 87.40 89.01 95.20 87.52 89.02 95.24 87.59 89.26 95.15 87.79 89.30 95.35
he 78.12 80.94 88.67 77.04 79.82 88.24 77.61 80.39 88.30 78.23 80.91 88.70
it 88.20 89.02 95.23 88.67 89.57 95.50 88.66 89.51 95.43 88.48 89.36 95.34
pl 88.89 90.61 96.06 88.72 90.34 96.11 89.20 90.86 95.99 89.38 90.99 96.32
pt 92.49 93.22 97.32 91.61 92.55 96.79 92.58 93.39 97.16 92.16 92.97 97.01
sr 87.04 88.91 94.85 85.96 87.86 94.24 86.87 88.65 94.80 87.67 89.45 95.03
sv 86.88 87.93 95.00 86.99 88.15 95.31 87.51 88.76 95.49 87.20 88.32 95.22
tr 67.25 69.78 90.19 67.02 69.70 89.58 68.24 70.63 90.11 67.89 70.21 90.28

AVG 85.12 86.67 94.41 84.98 86.55 94.35 85.33 86.89 94.41 85.35 86.85 94.49

847

D Internalization of Typology 848

Table 7: Pairwise typological reorganization from URIEL to the learned language representation hlang. Subtable (a)
shows the most strongly converging language pairs, reporting distances under both representations and their change.
Subtable (b) reports nearest-neighbor shifts, with 8 out of 9 languages changing their closest neighbor.

(a) Strongest converging language pairs from URIEL to hlang (largest
negative distance change ∆).

Lang1 Lang2 URIEL dist. hlang dist. ∆
he pt 1.36 0.63 −0.74
it pt 1.25 0.54 −0.72
pl sv 1.26 0.56 −0.70
pt sv 1.29 0.60 −0.70
cs pl 1.08 0.42 −0.66
sr sv 1.20 0.58 −0.62
en sr 1.18 0.56 −0.62
en pt 1.11 0.49 −0.62
en pl 1.01 0.43 −0.58
cs sr 1.02 0.45 −0.57
cs pt 1.05 0.50 −0.56
he sv 1.24 0.69 −0.55

(b) Nearest-neighbor changes (k = 1) from URIEL to
hlang.

Language URIEL NN hlang NN Changed
cs en pl Yes
en cs cs No
he pl sr Yes
it tr pt Yes
pl sr cs Yes
pt tr en Yes
sr pl cs Yes
sv en cs Yes
tr it en Yes

849
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E Abstract Node Analysis850

Table 8: Effect of abstract node modeling. Baseline corresponds to NO_ABSTRACT. Each subtable reports MSLAS,
LAS, and FEATS scores.

(a) Test Split

MSLAS AVG cz en he it pl pt sr sv tr
without_abs 82.61 86.82 84.75 70.54 86.06 86.75 89.48 87.55 89.68 59.90
with_abstracts 84.42 88.97 84.75 72.42 87.21 89.86 89.48 87.55 89.68 69.90
Diff ↑1.81 ↑2.15 0.00 ↑1.88 ↑1.15 ↑3.11 0.00 0.00 0.00 ↑10.00

LAS AVG cz en he it pl pt sr sv tr
without_abs 84.63 87.78 86.28 73.75 86.83 88.40 90.17 89.18 90.70 62.26
with_abstracts 85.97 89.94 86.28 75.63 87.97 91.47 90.17 89.18 90.71 72.34
Diff ↑1.34 ↑2.16 0.00 ↑1.88 ↑1.14 ↑3.07 0.00 0.00 ↑0.01 ↑10.08

FEATS AVG cz en he it pl pt sr sv tr
without_abs 91.04 95.08 94.52 83.36 93.69 93.61 94.79 95.19 96.15 82.14
with_abstracts 93.80 97.05 94.52 84.96 94.70 96.54 94.79 95.19 96.17 90.28
Diff ↑2.76 ↑1.97 0.00 ↑1.60 ↑1.01 ↑2.93 0.00 0.00 ↑0.02 ↑8.14

851

(b) Development Split

MSLAS AVG cz en he it pl pt sr sv tr
without_abs 82.21 87.61 87.62 76.37 87.09 86.57 89.58 87.36 87.19 57.50
with_abstracts 85.35 89.32 87.79 78.23 88.48 89.38 92.16 87.67 87.20 67.89
Diff ↑3.14 ↑1.71 ↑0.17 ↑1.86 ↑1.39 ↑2.81 ↑2.58 ↑0.31 ↑0.01 ↑10.39

LAS AVG cz en he it pl pt sr sv tr
without_abs 84.14 88.47 89.12 78.93 87.98 88.21 90.36 89.13 88.30 59.75
with_abstracts 86.85 90.18 89.30 80.91 89.36 90.99 92.97 89.45 88.32 70.21
Diff ↑2.71 ↑1.71 ↑0.18 ↑1.98 ↑1.38 ↑2.78 ↑2.61 ↑0.32 ↑0.02 ↑10.46

FEATS AVG cz en he it pl pt sr sv tr
without_abs 90.97 95.39 95.20 87.12 94.05 93.71 94.56 94.73 95.21 81.98
with_abstracts 94.49 97.17 95.35 88.70 95.34 96.32 97.01 95.03 95.22 90.28
Diff ↑3.52 ↑1.78 ↑0.15 ↑1.58 ↑1.29 ↑2.61 ↑2.45 ↑0.30 ↑0.01 ↑8.30
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