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Abstract001

While large language models (LLMs) have002
set new benchmarks for dependency parsing,003
achieving these gains typically requires fine-004
tuning billions of parameters, making such ap-005
proaches impractical in resource-constrained006
environments. For structured prediction tasks,007
we show that explicit structural constraints can008
effectively compensate for limited model capac-009
ity. We propose a lightweight parsing frame-010
work that combines compact encoder-decoder011
models (with millions rather than billions of012
parameters) and a task-specific finite-state ma-013
chine (FSM) to guide decoding. By decompos-014
ing parsing into a pipelined prediction of heads015
and relations, our method enforces structural016
validity and reduces error propagation. Experi-017
ments on Universal Dependencies (UD) demon-018
strate that our approach achieves competitive019
accuracy with decoder-only models over 100×020
larger. These results suggest that incorporat-021
ing domain-specific structural constraints of-022
fers an efficient alternative to indiscriminate023
model scaling for dependency parsing.024

1 Introduction025

Large language models (LLMs) have recently026

achieved strong performance across many NLP027

tasks, including dependency parsing, where fine-028

tuning has been shown to match or even surpass tra-029

ditional transition-based and graph-based parsers030

across multiple languages. However, such gains031

come at a substantial computational cost, making032

training and deployment challenging in resource-033

constrained settings.034

Despite their different formulations, modern de-035

pendency parsers share common structural foun-036

dations. Transition-based approaches score pars-037

ing actions, while graph-based methods assign038

scores to candidate arcs; in the deep learning era,039

both paradigms have largely converged on encoder-040

decoder architectures that combine contextualized041

sentence representations with structured prediction.042

ROOT Economic news had little effect on financial markets .
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Figure 1: Dependency parse tree for the sentence: “Eco-
nomic news had little effect on financial markets.”

In this paper, we propose a lightweight alter- 043

native to LLM-based fine-tuning using compact 044

encoder-decoder models with orders of magnitude 045

fewer parameters. Our approach integrates a finite- 046

state machine (FSM) to constrain decoding, en- 047

suring well-formed dependency structures while 048

reducing training and inference costs. 049

Experiments on multiple Universal Dependen- 050

cies (UD) treebanks show that, despite using only 051

about one percent of the parameters of recent 052

decoder-only models, our method achieves compet- 053

itive accuracy across diverse languages. These re- 054

sults suggest that carefully constrained small-scale 055

models can provide an effective and practical solu- 056

tion for structured prediction tasks. 057

2 Related Work 058

Early work on dependency parsing primarily re- 059

lied on statistical approaches. (Nivre, 2003) and 060

(Yamada and Matsumoto, 2003) introduced the 061

first data-driven shift–reduce parsers, and (Nivre, 062

2004) demonstrated that accurate parses could be 063

obtained in linear time. Within this framework, 064

transition selection was typically formulated as a 065

classification problem. Graph-based approaches 066

soon followed, (McDonald et al., 2005) cast de- 067

pendency parsing as a maximum spanning tree 068

problem over a fully connected dependency graph, 069

scoring all arcs to obtain the optimal tree, while 070

(Johansson and Nugues, 2008) extended these mod- 071

els with richer feature templates, further improving 072

their accuracy. 073

The advent of deep learning fundamentally trans- 074
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formed the field. (Chen and Manning, 2014)intro-075

duced neural transition-based parsing, using feed-076

forward networks to boost the accuracy of both077

transition-based and graph-based approaches be-078

yond statistical baselines. Subsequent research079

largely focused on neural methods: (Kiperwasser080

and Goldberg, 2016) demonstrated the strong per-081

formance of BiLSTM encoders in both paradigms,082

while (Dozat and Manning, 2016) proposed the083

widely adopted biaffine attention mechanism. The084

introduction of Transformer architectures further085

improved accuracy, with powerful encoders such086

as BERT (Devlin et al., 2019) and XLNet (Yang087

et al., 2019) enabling custom decoders that repre-088

sent the current state of the art (Mrini et al., 2019;089

Tian et al., 2022; Zhou and Zhao, 2019).090

With the rapid emergence of large language mod-091

els (LLMs), natural language processing has be-092

come increasingly reliant on powerful pretrained093

encoders and decoders. Fine-tuning general pre-094

trained models on downstream tasks has become095

the dominant paradigm in many areas. For de-096

pendency parsing, (Kondratyuk and Straka, 2019)097

demonstrated the feasibility of encoder fine-tuning098

by using multilingual mBERT as the encoder and099

achieving strong baseline results on Universal De-100

pendencies (UD) treebanks spanning 75 languages.101

With the fast development of decoder-side LLMs,102

several approaches have reformulated syntactic103

parsing as sequence generation rather than scoring104

transitions or arcs. These methods leverage autore-105

gressive decoders to generate linearized structures106

or sequences of parsing actions. For instance, (Va-107

sylenko et al., 2023) fine-tuned BART and achieved108

state-of-the-art results for AMR parsing, while for109

dependency parsing, (Hromei et al., 2024) and110

(Matsuda et al., 2025) fine-tuned various decoder-111

only models on multilingual UD datasets and ob-112

tained competitive performance.113

Constrained decoding has been widely studied114

for structured prediction, where constraints are of-115

ten expressed as finite-state machines and enforced116

by dynamically restricting the next-token space dur-117

ing decoding (Deutsch et al., 2019; He and Choi,118

2023; Geng et al., 2023).119

3 Methodology120

3.1 Input Representation121

Unlike recent approaches that fine-tune large122

decoder-only language models, we adopt a much123

lighter encoder–decoder architecture. This choice124

reduces both training and inference costs while pre- 125

serving competitive performance. 126

For input design, we deliberately keep the format 127

minimal and purely structural. On the encoder 128

side, the original sentence is fed directly as a plain 129

sequence, while on the decoder side, we linearize 130

the dependency tree into a simplified CoNLL-U 131

style string containing only index, POS tag, head, 132

and relation entries: 133

[ID-1] [TAG-ADJ] [ID-2] [REL-amod] 134
[ID-2] [TAG-NOUN] [ID-3] [REL-nsubj] 135
[ID-3] [TAG-VERB] [ID-0] [REL-root] ... 136

We exclude natural-language tokens from the 137

decoder sequence to avoid unnecessary tokeniza- 138

tion splits and to emphasize that the task is strictly 139

structured sequence generation, not free-form text 140

generation. This simple representation allows di- 141

rect and lossless conversion between dependency 142

trees and decoder outputs. 143

3.2 Pipeline Decoding Strategy 144

Following (Matsuda et al., 2025), we decompose 145

the decoding into two stages: predicting the head 146

index for each token, and then predicting the depen- 147

dency relation conditioned on the predicted heads. 148

The decoder therefore receives two consecutive se- 149

quences separated by a special token [SEP]: 150

[ID-1] [TAG-ADJ] [ID-2] [ID-2] 151
[TAG-NOUN] [ID-3] [ID-3] [TAG-VERB] 152
[ID-0] ... [SEP] [ID-1] [TAG-ADJ] 153
[ID-2] [REL-amod] [ID-2] [TAG-NOUN] 154
[ID-3] [REL-nsubj] [ID-3] [TAG-VERB] 155
[ID-0] [REL-root] ... 156

This staged approach aims to reduce error prop- 157

agation and improve overall accuracy compared 158

to predicting heads and relations simultaneously. 159

We keep the implementation minimal and consis- 160

tent with our simplified input format, without in- 161

troducing additional natural-language prompts or 162

auxiliary tasks. 163

3.3 Finite-State Machine Constrained 164

Decoding 165

Prior work on constrained decoding often focuses 166

on generic constraints. In contrast, we design a 167

task-specific FSM tailored to our linearized de- 168

pendency representation to guarantee well-formed 169

trees. 170

Autoregressive decoding is widely used for most 171

sequence generation tasks; however, for depen- 172

dency parsing, it is not ideal because unconstrained 173
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Figure 3: Piped FSM.

generation can easily produce invalid structures,174

such as repeating POS tags or relations, skipping175

or duplicating tokens, or generating rootless de-176

pendency trees. For example, [ID-1] [TAG-ADJ]177

[REL-amod] [REL-nsubj] [ID-2] ... cannot178

be mapped to any valid tree because two relations179

appear without a head prediction.180

To address this, we design a finite-state machine181

(FSM) to regulate decoder outputs. At each decod-182

ing step, the FSM enforces permissible token types183

according to the current state:184

• ID: force the current word token [ID-x]185

• TAG: force the corresponding POS tag token186

[TAG-xxx]187

• HEAD: restrict to valid head indices [ID-0]188

(root) through [ID-n]189

• REL: restrict to valid dependency relation tokens190

[REL-xxx]191

For the pipeline strategy, we introduce an addi-192

tional state:193

• PREV_HEAD: force to reproduce the previously194

predicted head token for the current word195

As shown in Figure 2, our raw decoder cycles196

through four states (ID, TAG, HEAD, REL) to pro-197

duce a valid dependency arc for each token. For198

the pipeline variant (Figure 3), we introduce two199

additional transitions: PREV_HEAD, which re-200

produces the previously predicted head, and SEP,201

which separates head prediction from relation pre-202

diction. These additions allow the decoder to reuse203

intermediate predictions while maintaining struc-204

tural validity across stages.205

This mechanism resembles traditional transition-206

based parsers, where parsing actions are selected207

under structural constraints; however, here the FSM208

serves as a decoding-time guard for a generative209

model rather than a separate classifier.210

By embedding these structural constraints di- 211

rectly into decoding, we ensure that every gener- 212

ated sequence corresponds to a valid dependency 213

tree and reduce error propagation across stages. 214

3.4 Consensus Decoding 215

We use beam search in our decoding. While beam 216

search improves sequence quality compared to 217

greedy decoding, it still selects a single sequence 218

that may contain locally optimal but globally sub- 219

optimal arcs. 220

To further stabilize predictions, we adopt a con- 221

sensus decoding strategy similar to MBR methods 222

used in (Kuncoro et al., 2016; Sagae and Lavie, 223

2006). This technique applies to both plain au- 224

toregressive decoding and our FSM-constrained 225

decoding. 226

Specifically, from the top-k beam sequences (or 227

dependency trees) {T (1), T (2), . . . , T (k)}, we con- 228

struct an arc-weighted graph G over the sentence 229

tokens. For each beam b and each arc (h→d, l) in 230

T (b), we add a weight wb =
1

1+b in G, adding the 231

weights if the arc appears in multiple beams. Intu- 232

itively, higher-ranked beams (lower b) contribute 233

more, while lower-ranked beams still provide use- 234

ful diversity cues. 235

Finally, we run a maximum spanning tree 236

(MST) algorithm over G to extract the highest- 237

scoring valid dependency tree: 238

T ⋆ = MST(G). 239

This consensus procedure effectively pools evi- 240

dence from multiple candidate trees, reduces vari- 241

ance from single-sequence decoding, and mitigates 242

spurious local decisions. 243

4 Experiments 244

4.1 Dataset 245

We evaluate on Universal Dependencies (UD) 246

v2.12, using the official train/dev/test splits. For 247

the initial study, we select five typologically di- 248

verse treebanks (en_ewt, de_gsd, cs_pdt, ko_gsd, 249

zh_gsdsimp) to ensure coverage and allow rapid 250

iteration during early-stage development. 251

4.2 Baselines 252

We compare against established systems commonly 253

reported on UD: (1) UDify (Kondratyuk and Straka, 254

2019), a multilingual BERT-based baseline parser, 255

(2) UDPipe 2.0 (Straka, 2018), top-ranked in 256
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Treebank en_ewt de_gsd cs_pdt ko_gsd zh_gsdsimp

% len ≤ 60 99.25 99.48 99.64 100.00 98.15

Table 1: Proportion of Sentences Lengths.

Model en_ewt de_gsd cs_pdt ko_gsd zh_gsdsimp

UDify 90.1/88.5 87.8/83.6 94.7/92.9 82.7/74.3 87.9/83.8
UDPipe 2.0 93.4/91.5 89.2/85.5 95.7/94.3 88.9/85.2 86.7/83.6
Matsuda et al. 95.5/94.1 90.3/86.7 94.9/93.3 90.6/87.6 89.7/87.3
Ours (raw) 91.0/85.1 88.5/81.6 93.6/90.7 85.1/83.6 88.8/85.8
Ours (piped) 92.1/89.8 88.2/84.0 94.1/90.5 86.2/84.8 89.2/84.9
Ours (piped+con) 94.1/90.5 88.6/84.3 94.2/91.8 90.4/88.2 89.2/85.3

Table 2: Main Results on UD Test Sets (UAS/LAS)

CoNLL 2018 and (3) (Matsuda et al., 2025),a re-257

cent LLM-based sequence-generation approach de-258

signed for multilingual dependency parsing. For259

UDify, we report the numbers published in their260

original paper. For UDPipe 2.0 and Matsuda et al.,261

we directly cite the scores listed in (Matsuda et al.,262

2025).263

4.3 Setup264

We conduct all experiments under a single, fixed265

setup to ensure comparability.1266

Due to GPU memory constraints 2, we apply267

a length-based filtering strategy and remove sen-268

tences longer than 60 tokens from all datasets. This269

filtering is applied uniformly across training, devel-270

opment, and test sets for all models reported in this271

paper.272

Table 1 reports the proportion of sentences with273

length ≤ 60 for each treebank. While the majority274

of sentences fall below this threshold, the propor-275

tion of longer sentences varies across languages,276

reflecting typological differences.277

4.4 Results278

Our main results are reported in Table 2.279

We use FSM-constrained decoding as the default280

decoding method. Across all five treebanks, our281

lightweight models achieve competitive UAS/LAS282

under this constrained decoding setup.283

The raw representation already reaches strong284

accuracy, and the piped representation further im-285

proves attachment accuracy, bringing performance286

closer to stronger baselines. When combined with287

consensus decoding, the piped model yields addi-288

tional gains on the datasets we have completed so289

1The code is available in the repository: https://github.
com/yuanyunzhe/ldp.

2All experiments run on a single NVIDIA RTX 4060 Ti
GPU with 16 GB memory.

Model UAS LAS Speed (sen/s)

bart-base (139M) 89.0 85.1 108.84
bart-large (406M) 94.1 90.5 42.71

Table 3: Model Size vs. Accuracy and Training Speed

far. 290

In addition to accuracy, our approach is substan- 291

tially more computationally efficient, in contrast to 292

prior LLM-based approaches trained with signifi- 293

cantly larger compute budgets (e.g., multi-A100 se- 294

tups). This suggests that small but well-constrained 295

models can provide a practical alternative for de- 296

pendency parsing when training and deployment 297

resources are limited. 298

Compared to the raw representation, the piped 299

representation achieves more improvements in 300

LAS. This behavior is likely related to the staged 301

prediction strategy, where head indices are pre- 302

dicted first and relation labels are conditioned on 303

the predicted heads. Such decomposition reduces 304

the complexity of relation prediction and aligns 305

with our design intuition that separating structure 306

and labeling can benefit relation accuracy. 307

5 Analysis 308

5.1 Model Size vs. Accuracy and Speed 309

Table 3 compares BART-base and BART-large un- 310

der identical settings on en_ewt. 311

While BART-large achieves higher accuracy, it 312

is significantly more expensive to train, with train- 313

ing speed reduced by more than half compared 314

to BART-base. This result shows that increas- 315

ing model size can improve parsing accuracy, but 316

the gains quickly diminish as computational cost 317

grows, especially under limited resources. 318

6 Conclusion 319

We presented a lightweight, structure-aware 320

parsing framework that combines compact en- 321

coder–decoder models with finite-state constraints 322

and piped decoding. Experiments on multiple UD 323

treebanks demonstrate that carefully constrained 324

small-scale models can approach the performance 325

of much larger language models while using a frac- 326

tion of the computational resources. These find- 327

ings suggest that balancing accuracy and efficiency 328

is crucial for practical parsing in low-resource or 329

deployment-constrained scenarios, and that struc- 330

tural guidance can allow modest models to rival far 331

more expensive alternatives. 332
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7 Limitations333

Our experiments are conducted on five UD tree-334

banks and use a length-based filtering strategy335

(≤ 60 tokens) due to GPU memory constraints.336

As a result, the reported scores may not fully re-337

flect performance on longer sentences or on the338

full, unfiltered test sets. Extending evaluation to339

more languages and longer inputs is an important340

direction for future work.341

We used an AI assistant to help with English342

phrasing and LATEX formatting; all technical con-343

tent, experimental results, and claims were verified344

by the authors.345
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