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Abstract

Syntactic prediction requires models to gen-
erate outputs that are globally consistent and
satisfy hierarchical structural constraints. Al-
though large language models have been ap-
plied to such tasks, existing approaches still
rely mainly on prompting or supervised fine-
tuning, and their performance generally re-
mains below that of specialized neural syntac-
tic models. Our experiments show that super-
vised fine-tuning reaches a plateau, and addi-
tional supervised training does not further im-
prove prediction quality. We therefore propose
a two-stage post-training framework for syntac-
tic prediction. The first cold-start stage adapt
the model to a unified syntax generation for-
mat, and then applies reinforcement learning
on a disjoint data subset to directly optimize
structure-level objectives. Experiments on con-
stituency parsing and CCG supertagging show
that Syntax-RL consistently outperforms super-
vised LLM baselines and achieves state-of-the-
art results. Further analyses suggest that its
gains come primarily from the reinforcement
learning stage. These findings identify rein-
forcement learning as an effective post-training
mechanism for improving hierarchical syntac-
tic prediction in large language models.

1 Introduction

Syntactic prediction has long served as a funda-
mental testbed for structured language understand-
ing. Tasks such as constituency parsing (Kitaev
et al., 2019; Mrini et al., 2020; Tian et al., 2020b)
and supertagging (Clark et al., 2018; Tian et al.,
2020a; Yamaki et al., 2023) require models not
only to make locally plausible decisions, but also
to produce outputs that are globally consistent with
hierarchical syntactic structure. Success in these
tasks therefore depends on structure-level correct-
ness, reflecting the broader importance of modeling
dependencies within complex output spaces (Kou
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et al., 2024): outputs must satisfy non-local con-
straints, maintain sentence-level consistency, and
reflect coherent syntactic organization. With the
rise of large language models (LLMs) (OpenAI,
2024), some studies (Bai et al., 2025; Tian et al.,
2024) have attempted to tackle these tasks using
LLMs via in-context learning or fine-tuning. How-
ever, their performance still typically falls short of
that of traditional encoder-based models specifi-
cally designed for syntactic prediction. This raises
a central question: what kind of post-training sig-
nal is needed to unlock the syntactic competence of
LLMs?

A natural approach is supervised fine-tuning
(SFT). SFT trains the model to imitate gold struc-
tured outputs under a token-level objective, al-
though task-specific applications often require eval-
uating model outputs against higher-level domain
objectives (Shi et al., 2026). SFT does substantially
improve LLM performance on syntactic tasks, but
our results suggest that these gains soon reach a
clear plateau. In fact, prior works (Bai et al., 2025;
Zhao and Penn, 2024) have already observed that
even LLMs fine-tuned for constituency parsing still
fail to surpass traditional task-specific syntactic
models. For example, Bai et al. (2025) reported that
for constituency parsing, even a 70B-scale model
remained inferior to a much smaller XLNet-based
parser. Our experiments reveal the same pattern on
both constituency parsing and supertagging. Nei-
ther stronger supervised training on the full training
set nor continued SFT on the exact same second-
stage subset used for Reinforcement Learning (RL)
can match the performance of models further opti-
mized with second-stage RL. We refer to this phe-
nomenon as a supervised plateau. These results
suggest that additional supervised training alone is
insufficient to fully optimize hierarchical syntactic
prediction.

To overcome this limitation, we propose Syntax-
RL, a syntax-oriented post-training framework that
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combines cold-start SFT with a second-stage RL
procedure. The key idea is that while SFT equips
the model with basic task adaptation and output-
formatting abilities, further improvements in hier-
archical syntactic prediction require an optimiza-
tion signal that directly targets task-level outcomes.
Specifically, we first perform cold-start SFT on
80% of the training data to adapt the model to a
unified syntax generation format. We then apply
GRPO-based RL on the remaining disjoint 20% as
a second-stage post-training step, directly optimiz-
ing the structure-level objectives required by syn-
tactic tasks. To ensure that the observed gains come
from the optimization objective rather than differ-
ences in data exposure or staged training alone, we
compare Syntax-RL not only with full-data SFT
but also with a continued-SFT baseline that uses
exactly the same second-stage subset as RL. Under
this controlled setup, only RL post-training consis-
tently overcomes the supervised plateau, yields a
clear second-stage gain on both constituency pars-
ing and supertagging, and achieves state-of-the-art
performance. In summary, our main contributions
are as follows:

1. We propose Syntax-RL1, a syntax-oriented
post-training framework for syntactic pre-
diction that combines cold-start SFT with
a second-stage GRPO-based reinforcement
learning procedure to directly optimize
structure-level outcomes.

2. We demonstrate the effectiveness of Syntax-
RL on two representative syntactic predic-
tion tasks, constituency parsing and supertag-
ging, achieving state-of-the-art performance
on both tasks.

3. Through a series of controlled analyses, we
show that the gains of Syntax-RL are driven
by the second-stage RL objective itself, rather
than by prolonged supervised training, re-
peated exposure to training data, or intermedi-
ate thought-style supervision.

2 Related Work

2.1 Neural Syntactic Prediction
Supertagging. Supertagging is a long-standing
syntactic prediction task with roots in lexicalized
grammar formalisms such as LTAG (Bangalore
and Joshi, 1999). For CCG, early approaches were

1https://github.com/zhaojinm/syntax_RL

dominated by feature-based discriminative mod-
els (Clark, 2002; Clark and Curran, 2007), and later
work shifted to neural sequence models that predict
supertags directly from sentence context (Xu et al.,
2015; Lewis et al., 2016; Bhargava and Penn, 2020;
Clark et al., 2018). Recent progress has come from
Transformer-based methods and architectures with
richer structural bias, including graph-based and
recursive-compositional approaches (Tian et al.,
2020a; Yamaki et al., 2023; Kogkalidis and Moort-
gat, 2023; Prange et al., 2021).

Constituency Parsing. Modern neural con-
stituency parsing has developed along several ma-
jor modeling paradigms. One dominant line is
chart-based parsing. These methods score can-
didate spans or labeled spans and recover a tree
with chart-based decoding (Kitaev and Klein, 2018;
Zhang et al., 2020; Xin et al., 2021). Another ma-
jor line is transition-based parsing. These models
construct parse trees through sequences of incre-
mental parsing actions (Cross and Huang, 2016;
Liu and Zhang, 2017). Beyond these two standard
paradigms, some studies reformulate constituency
parsing as linearized tree generation (Wei et al.,
2020; Amini and Cotterell, 2022). Others represent
tree construction with pointer sequences or related
structured decoding processes (Nguyen et al., 2020;
Yang and Tu, 2022). More recently, combinatory
parsing has emerged as another promising direction.
These methods build larger constituents by merg-
ing shorter spans in a layer-wise manner (Chen
et al., 2021; Chen and Komachi, 2023; Tian and
Song, 2022). Other work has explored alternative
inductive biases, including head-driven formula-
tions, stronger pretrained backbones, and ensemble-
style improvements (Fried et al., 2019; Zhou and
Zhao, 2019; Mrini et al., 2020; He and Choi, 2023;
Shayegh et al., 2024).

2.2 LLMs for Structured and Syntactic
Prediction

Large language models have been increasingly ex-
plored for structured prediction tasks, including
named entity recognition (Wang et al., 2023; Xie
et al., 2023; Chen et al., 2023) and structured infor-
mation extraction (Li et al., 2024; Liu et al., 2026),
discourse-level structured representation (Zhang
et al., 2025), structured query generation (Mao
et al., 2026) and multi-label prediction (Kou et al.,
2025). Prior probing studies have also examined
how syntactic knowledge is encoded within pre-
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Figure 1: Example constituency tree for “A record date
has n’t been set .”

trained language models (Niu et al., 2022). In
syntactic prediction, prior work has studied con-
stituency parsing and supertagging with LLMs un-
der prompting, supervised fine-tuning, and data
augmentation settings (Bai et al., 2025; Tian et al.,
2024; Guo et al., 2025; Zhao and Penn, 2024). Re-
cent studies have also extended LLM-based syn-
tactic prediction to dependency parsing (Matsuda
et al., 2025; Ginn and Palmer, 2025). These studies
show that LLMs can serve as general structured
predictors, but existing approaches mainly rely on
prompting, supervised fine-tuning, knowledge dis-
tillation, or data augmentation (Song et al., 2026).

2.3 Reinforcement Learning

RL is an important tool for LLM post-
training (Williams, 1992). PPO (Schulman et al.,
2017) improved training stability and became
a standard algorithm in RLHF. More recently,
DPO (Rafailov et al., 2023) introduced a sim-
pler alternative based on preference optimization.
GRPO (Shao et al., 2024) later emerged as a prac-
tical variant of PPO for large-scale LLM post-
training. Follow-up methods (Fan et al., 2026;
Zhang et al., 2026; Kou et al., 2026; Zhou et al.,
2026; Guo et al., 2026) further improved AI tasks
performance via reinforcement learning.

3 Method

We study syntactic prediction in the form of two
representative tasks including constituency parsing
and supertagging. In both cases, the model takes
a sentence as input and generates a structured syn-
tactic output. Figure 2 gives an overview of the
framework.

3.1 Task Formulation
Let x = (w1, . . . , wn) denote an input sentence of
length n and each wi is a token.

Constituency Parsing. In constituency parsing,
the target output yparse is a phrase-structure tree
over x. Since the model is implemented as a lan-
guage model, we linearize the tree into a bracketed
string and treat parsing as sequence generation:

yparse = (t1, . . . , tm), (1)

Following Bai et al. (2025), we use bracketed-
based tree representations as target outputs. For
example, given the sentence “A record date has n’t
been set .”, the target output shown in Figure 1 is:

(S (NP (DT A) (NN record) (NN date)) (VP
(VBZ has) (RB n’t) (VP (VBN been) (VP
(VBN set)))) (. .))

Categorial Grammar Supertagging. In catego-
rial grammar supertagging, the target output as-
signs each token wi a lexical category ci from a
predefined category inventory C. The desired out-
put can therefore be written as

ystag = (c1, . . . , cn), ci ∈ C. (2)

To align with the text-generation interface of
large language models, we serialize the category
assignment as a textual sequence

ỹstag = Serialize
(
(w1, c1), . . . , (wn, cn)

)
, (3)

Following Zhao and Penn (2024), we represent
each token together with its categorial grammar
supertag in a unified textual format. For example,
the target output is:

{NP[nb]/N A} {N/N record} {N date}
{(S[dcl]\NP)/(S[pt]\NP) has} ... {. .}

Under this formulation, both tasks can be unified
as structured sequence generation problems.

3.2 Training Pipeline
3.2.1 Stage 1: Supervised Fine-Tuning for

Cold Start
The first stage of Syntax-RL is cold-start SFT. Its
goal is to adapt the base LLM to the unified syn-
tactic generation tasks described above, so that the
model can reliably produce structured syntactic out-
puts conditioned on an input sentence. Rather than
directly applying RL to an unadapted base model,
this stage first establishes basic task competence,
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Figure 2: Overview of our training pipeline.

including following task instructions, adhering to
the required output format, and making initial local
syntactic decisions.

We use DSFT to denote SFT data. The model is
optimized with the standard teacher-forcing nega-
tive log-likelihood objective:

LSFT = −
∑

(x,y)∈DSFT

|y|∑

t=1

log pθ(yt | x, y<t), (4)

where x denotes the input sentence and y denotes
the corresponding target syntactic output as de-
scribed in Section 3.1.

This stage serves two purposes. First, it trans-
forms a general-purpose LLM into a task-adapted
generator for syntactic prediction. Second, it pro-
vides a stable initialization for the subsequent RL
stage, avoiding policy optimization from an un-
adapted base model.

3.2.2 Stage 2: Reinforcement Learning for
Policy Optimization

After cold-start SFT, we further optimize the model
with RL. This stage aims to move beyond the imita-
tive behavior learned under teacher forcing and di-
rectly optimize task-level syntactic outcomes. Start-
ing from the SFT checkpoint, the model generates
complete structured outputs for each input sentence,
and receives scalar rewards based on both output
validity and task correctness.

Policy Optimization. Given an input sentence x,
we sample a group of candidate outputs

Y(x) = {y1, . . . , yG}, yi ∼ πθ(· | x), (5)

where πθ denotes the current policy and G is the
group size. Each sampled output yi is assigned a
scalar reward ri = R(x, yi). GRPO computes a
group-relative normalized advantage:

Ai =
ri −mean(r)

std(r) + ϵ
, r = (r1, . . . , rG), (6)

where ϵ is a small constant for numerical stability.
We then optimize the policy with the objective

LGRPO = −Ex∼DRL, yi∼πθold

[ 1
G
×

G∑

i=1

min(ρiAi, clip(ρi, 1− ε, 1 + ε)Ai)
]
,

(7)

where

ρi =
πθ(yi | x)
πθold(yi | x)

, (8)

and ε is the clipping coefficient. GRPO uses group-
relative rewards to estimate advantages and does
not require a separately trained value model.

Reward Design. We define a composite reward

R(x, y) = λfmtRfmt(x, y) + λtaskRtask(x, y),
(9)

The format reward encourages well-formed syn-
tactic outputs:

Rfmt(x, y) =

{
1, if y is correctly formatted,
0, otherwise.

(10)
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For constituency parsing, this term checks whether
the output is a valid bracketed tree string. For
supertagging, it checks whether the output is a valid
serialized token-tag sequence with the correct token
alignment.

The task reward is defined differently for the two
tasks. For constituency parsing, we use sentence-
level parsing quality measured by bracket F1:

Rparse
task (x, y) = F1(y, y∗), (11)

where y∗ denotes the gold tree. For supertagging,
we use token-level accuracy:

Rstag
task(x, y) = Acc(y, y∗), (12)

where y∗ is the gold supertag sequence.

3.2.3 Data Preparation
An important design choice in Syntax-RL is the
separation between the SFT data and the RL data.
In preliminary experiments, we found that simply
applying RL on the same training set used for super-
vised fine-tuning did not yield the best performance.
In particular, using 100% of the training data for
SFT followed by RL on the same 100% subset was
consistently worse than a disjoint two-stage setup
using 80% of the data for SFT and the remaining
20% for RL.

Based on this observation, we partition each
training treebank into two non-overlapping subsets:

Dtrain = DSFT ∪ DRL, DSFT ∩ DRL = ∅,
(13)

where

|DSFT| = 0.8 |Dtrain|, |DRL| = 0.2 |Dtrain|.
(14)

The first subset is used for cold-start SFT, and the
second for second-stage optimization. This disjoint
split prevents RL from merely re-optimizing ex-
amples already fitted under teacher forcing, while
enabling a clean comparison with continued SFT
under the same second-stage data exposure. SFT
provides formatting and basic syntactic mapping
through token-level imitation, whereas RL on fresh
examples offers a cleaner structure-level corrective
signal. The 80/20 split is an empirical choice for
PTB/CCG, not a universal rule.

4 Experimental Setup

4.1 Datasets
Constituency Parsing. For in-domain evalua-
tion, we use the Penn Treebank (PTB) (Marcus

et al., 1993), containing about 40k instances from
the news domain and serves as a standard bench-
mark in prior work. We follow the conventional
split and use sections 02–21 for training, section
22 for validation, and section 23 for testing.

Supertagging. For evaluation, we use CCG-
bank (Hockenmaier and Steedman, 2007)2 and Re-
bank (Honnibal et al., 2010), standard benchmark
resources for CCG parsing and grammar-related
analysis. CCGbank provides the main parsed cor-
pus derived from the Penn Treebank and serves
as the primary reference for large-scale empirical
evaluation. Rebank offers an alternative reannota-
tion that is useful for examining structural variation
and testing the robustness of grammar induction
and parsing behavior under different annotation
choices. Detailed dataset statistics for CCGbank
and CCGrebank are provided in Appendix A.2.

4.2 Implementation Details

We use LLAMA-FACTORY (Zheng et al., 2024)
for the SFT stage and VERL (Sheng et al., 2025)
for the RL stage. The SFT stage is run on 4xH200
GPUs. The RL stage is run on 8xH200 GPUs.
Full hyperparameter details for both the stages are
provided in Appendix B. Also, generated outputs
are not always perfectly aligned with the input to-
kens. Following Zhao and Penn (2024), we use the
longest common subsequence (LCS) to align the
generated and gold token sequences before com-
puting token-level accuracy.

4.3 Baselines

Constituency Parsing. For constituency pars-
ing, we include representative neural parser base-
lines, including Kitaev et al. (2019), Head-Driven
Phrase Structure Grammar Parsing on Penn Tree-
bank (HPSG) (Zhou and Zhao, 2019), Attach-
Juxtapose (Yang and Deng, 2020), Span Attention
parser (Tian et al., 2020b), and LAL-Parser (Mrini
et al., 2020), together with recent LLM-based base-
lines from Bai et al. (2025).

Supertagging. We compare our method against
a range of representative baselines on both CCG
supertagging and constituency parsing bench-
marks. For CCG supertagging, the baselines in-
clude Cross-View Training (CVT) (Clark et al.,
2018), Bhargava and Penn (2020), Liu et al.
(2021), Tree-Structured Decoding. (Prange et al.,

2https://catalog.ldc.upenn.edu/LDC2005T13
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2021), Attentive Graph Convolutional Networks
(AGCN) (Tian et al., 2020a), Geometry-Aware Su-
pertagging (Kogkalidis and Moortgat, 2023), Holo-
graphic CCG Parsing (Yamaki et al., 2023), and
LLM-supertagger (Zhao and Penn, 2024). Detailed
descriptions of all baseline methods are provided
in Appendix C.

5 Results

We first report the main results and then analyze
the effect of training design choices in Syntax-RL.

5.1 Main Results

Constituency Parsing. Table 1 presents con-
stituency parsing results on PTB and on the sub-
set of PTB sentences with length smaller than 40
(PTB< 40). Syntax-RL consistently outperforms
both task-specific neural parsers and supervised
LLM baselines. On the full PTB benchmark, the
best prior neural parser reaches 96.38 F1, while the
strongest supervised LLM baseline reaches 96.21
F1. In contrast, Syntax-RL with Qwen2.5-32B
achieves 96.51 F1, improving over the strongest su-
pervised baseline by 0.30 points and over the best
prior neural parser by 0.13 points. On PTB< 40,
Syntax-RL further achieves 96.59 F1, again estab-
lishing the best result among all compared systems.

Another important pattern is that the gains from
Syntax-RL are consistent across model sizes. Rela-
tive to their supervised counterparts, the 7B, 14B,
and 32B versions of Syntax-RL all obtain clear
improvements on both PTB and PTB< 40. This
shows that the benefit of the second-stage RL op-
timization is not confined to a single backbone or
scale regime. Instead, it provides a general perfor-
mance gain on hierarchical syntactic prediction

Supertagging. Table 2 reports the main re-
sults on CCGbank and CCGrebank supertagging.
Syntax-RL achieves the best performance on both
benchmarks, reaching 96.70 accuracy on CCGbank
and 95.55 accuracy on CCGrebank. On CCGbank,
The results show that Syntax-RL remains effective
across both the standard CCGbank benchmark and
the more challenging CCGrebank setting. This
suggests that the benefit of the second-stage RL op-
timization is not limited to a single dataset or eval-
uation condition. Instead, the same two-stage post-
training pipeline consistently improves supertag-
ging performance in different settings. These re-
sults support our claim that RL provides a useful

structure-level optimization signal for fine-grained
syntactic prediction.

Generalization Across Languages. To verify
that the gains of Syntax-RL are not specific to En-
glish , we conduct additional experiments. We fur-
ther evaluate on the Chinese Penn Treebank (CTB).
As shown in Table 3, Syntax-RL with Qwen2.5-
32B improves F1 from 92.35 to 92.68, and sur-
passes representative neural parsers.

5.2 Further Analysis

Unless otherwise stated, all experiments in this sec-
tion are conducted on constituency parsing using
Qwen2.5-32B.

Effect of SFT–RL Data Allocation. Table 4
shows that data allocation across the two stages
has a clear impact on final performance. Compared
with 20k SFT + 20k RL, the 32k SFT + 8k RL set-
ting improves F1 from 96.25 to 96.52, even though
both settings use the same total amount of training
data. This suggests that a sufficiently strong SFT
stage is more important than allocating a larger
portion of the 40k training set to RL.

The comparison between 32k SFT + 40k RL and
32k SFT + 8k RL further clarifies the role of data
overlap. In both settings, the first-stage SFT model
is initialized from the same 32k subset, and the
number of second-stage RL update steps is kept
the same. The only difference is the data used
in the RL stage. 32k SFT + 8k RL uses only the
disjoint remaining 8k examples, whereas 32k SFT
+ 40k RL applies RL on the full 40k training set and
therefore reuses the 32k SFT data. Despite having
access to the full training set in the RL stage, 32k
SFT + 40k RL still performs worse than 32k SFT
+ 8k RL. This result suggests that the second-stage
RL signal is most effective when it is applied to a
disjoint subset, rather than repeatedly optimizing
on examples already used in the supervised stage.

RL Beyond Continued Supervised Fine-tuning.
We compare three settings under the same training
pool: 40k SFT, 32k SFT + 8k SFT, and 32k SFT +
8k RL. The first setting applies SFT only on the full
40k training set. The second setting first performs
SFT on 32k examples and then continues SFT on
the remaining 8k examples. The third setting uses
the same 32k first-stage initialization and the same
8k second-stage subset, but replaces the second-
stage supervised objective with RL.
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Category Models
PTB PTB< 40

LR LP F1 LR LP F1

Neural Parser

Kitaev et al. (2019) (BERT) 95.15 95.96 95.55 95.38 96.15 95.76
Zhou and Zhao (2019) (XLNet) 96.21 96.46 96.33 – – –
Yang and Deng (2020) (XLNet) 96.55 96.13 96.34 – – –
Tian et al. (2020b) (ZEN/XLNet) 96.07 96.64 96.36 – – –
Mrini et al. (2020) (XLNet-large-cased) 96.24 96.53 96.38 – – –

LLM (Bai et al., 2025)

Llama3.1-8B 95.74 96.05 95.89 95.93 96.27 96.10
Qwen2.5-7B 95.78 96.20 95.99 95.97 96.30 96.13
Qwen2.5-14B 96.02 96.29 96.15 96.05 96.37 96.21
Qwen2.5-32B 96.07 96.35 96.21 96.15 96.45 96.30

Syntax-RL
Qwen2.5-7B 95.93 96.36 96.14 96.10 96.53 96.31
Qwen2.5-14B 96.17 96.56 96.36 96.26 96.64 96.45
Qwen2.5-32B 96.25 96.79 96.52 96.30 96.88 96.59

Table 1: Constituency parsing performance on PTB and the PTB subset with sentence length smaller than 40
(PTB< 40), comparing task-specific neural parsers, supervised LLM baselines, and Syntax-RL.

Model Acc

Clark et al. (2018) 96.10
Bhargava and Penn (2020) 96.00
Liu et al. (2021) 96.05
Prange et al. (2021) 96.22
Tian et al. (2020a) 96.25
Kogkalidis and Moortgat (2023) 96.29
Yamaki et al. (2023) 96.60
Zhao and Penn (2024) 96.64

Syntax-RL (Qwen2.5-32B) 96.70

(a) CCGbank supertagging accuracy comparison.

Model Acc

Prange et al. (2021) 94.83
Kogkalidis and Moortgat (2023) 95.07
Yamaki et al. (2023) 95.48
Zhao and Penn (2024) 95.50

Syntax-RL (Qwen2.5-32B) 95.55

(b) CCGrebank supertagging accuracy comparison.

Table 2: Supertagging results on two Categorial Gram-
mar benchmarks.

Table 5 shows that continued SFT does not im-
prove performance. The 32k SFT + 8k SFT setting
reaches 96.00 F1. This is lower than the 96.21 F1
achieved by full-data SFT. Additional supervised
updates on the second-stage subset therefore do not
move the model beyond the first-stage plateau. Re-
placing the second-stage supervised objective with
RL leads to a large gain. The 32k SFT + 8k RL set-

Model Backbone F1

Kitaev et al. (2019) BERT 91.75
Zhou and Zhao (2019) BERT 92.18
Tian et al. (2020b) ZEN/XLNet 92.24
Bai et al. (2025) Qwen2.5-32B 92.35

Syntax-RL Qwen2.5-32B 92.68

Table 3: Chinese constituency parsing results on CTB.

SFT RL LR LP F1

20k 20k 95.96 96.53 96.25
32k 40k 96.26 96.71 96.48
32k 8k 96.25 96.79 96.52

Table 4: Effect of data allocation across the two stages.

ting reaches 96.52 F1. The first-stage checkpoint is
the same. The second-stage data are also the same.
The only difference is the optimization objective.
This comparison shows that the gain of Syntax-RL
does not come from extra training alone. It comes
from the RL stage itself.

Effect of Intermediate Thought Formats. We
also study whether adding intermediate thought
traces to the supervision format improves con-
stituency parsing. To this end, we compare three
settings: direct answer-only supervision, span-
based thought traces followed by the final parse,
and coarse tree-sketch thought traces followed by
the final parse. The span-based format lists in-
termediate spans together with coarse constituent
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Setting LR LP F1

40k SFT 96.07 96.35 96.21
32k SFT + 8k SFT 95.88 96.12 96.00
32k SFT + 8k RL 96.25 96.79 96.52

Table 5: Comparison of full-data SFT, continued SFT,
and second-stage RL.

Supervision Format LR LP F1

Span-based thought + answer 95.65 96.30 95.97
Tree-sketch thought + answer 96.10 96.52 96.31
Answer only 96.25 96.79 96.52

Table 6: Effect of intermediate thought formats on con-
stituency parsing.

labels. The tree-sketch format provides a coarse
bracketed sketch before the final tree. As shown
in Table 6, both thought-augmented formats under-
perform the simplest answer-only supervision. Full
examples of the two thought formats are provided
in Appendix D. In contrast to prior findings that
chain-of-thought guidance and longer intermediate
reasoning can benefit other structured prediction
and general reasoning tasks (Li, 2024; Jin et al.,
2024, 2025; Cai et al., 2025), explicit intermediate
reasoning provides no benefit for syntactic predic-
tion in our setting. Constituency parsing already
requires the model to produce a fully structured out-
put, and additional thought sequences may there-
fore introduce redundant supervision or distract
from the final structural target.

Training Dynamics of the RL Stage. Figure 3
shows that the second-stage RL optimization con-
sistently pushes the model beyond the performance
plateau reached by SFT. Starting from the same 32k
first-stage checkpoint, RL steadily improves PTB
F1 from 96.02 to 96.52. The gain is larger in the
early phase and gradually tapers off in later steps,
indicating stable optimization with diminishing re-
turns near convergence. In contrast, continued SFT
provides only marginal benefit: even when allowed
to continue on the full 40k supervised training set,
it reaches a best F1 of only 96.23 and quickly satu-
rates. This saturation echoes broader findings that
continued likelihood-based optimization does not
necessarily yield corresponding improvements in
generation quality (Meng et al., 2026). Importantly,
the RL stage uses only 8k second-stage examples,
yet still outperforms continued SFT by a large mar-
gin. Moreover, continued SFT remains clearly be-

0 200 400 600 800 1000 1200
SFT Iteration

96.0

96.1

96.2

96.3

96.4

96.5

F1

RL (8k data)
Continued SFT (40k data)

0 25 50 75 100 125 150
RL Step

Figure 3: Training curve of the second-stage RL opti-
mization on constituency parsing. The model steadily
improves from 96.02 to 96.52 F1 as RL progresses.

Type Category Recall Imp.

Attachment-sensitive

Coordination +4.78
SBAR +4.51
Long NP +3.18
PP +2.88

Frequent label
VP +3.44
S +3.14
NP +2.71

Table 7: Recall improvement of Syntax-RL over the
SFT baseline on gold constituents, grouped by category.

low the performance level of strong neural parsers
in Table 1, and RL pushes the model to state-of-
the-art performance.

Quantitative Structural Analysis. we conduct
a full-test-set structural analysis comparing the SFT
baseline (Bai et al., 2025) and Syntax-RL against
the gold trees, using EVALB-style constituent ex-
traction to measure which gold constituents missed
by the SFT model are recovered by Syntax-RL. As
shown in Table 7, Syntax-RL improves recall on
attachment-sensitive categories, including coordi-
nation, SBAR, long NP, and PP, and also shows con-
sistent gains on frequent phrase categories such as
VP, S, and NP. This provides quantitative evidence
that the RL stage improves structural prediction. A
detailed case study is listed in Appendix E.

Comparison with a Specialized Parser. We
compare Syntax-RL with a strong traditional neu-
ral parser (Kitaev et al., 2019). As shown in Table 8,
Syntax-RL has slightly higher recall on shorter
and medium spans, while benepar_en3_large re-
mains stronger on the longest spans (>20). At
the label level, Syntax-RL shows clear advantages
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Span Len. Recall Diff.

1–2 +0.91
3–5 +0.89
6–10 +0.68
11–20 +0.67
>20 −0.51

(a) By span length.

Label Gold Diff.

PRN 142 +51.41
ADJP 661 +12.25
ADVP 286 −3.15
WHNP 38 −2.63
FRAG 48 −2.08

(b) By label.

Table 8: Fine-grained recall comparison between
Syntax-RL and benepar_en3_large (Kitaev et al., 2019).
Positive values mean Syntax-RL has higher recall.

on PRN and ADJP, whereas benepar_en3_large
is stronger on ADVP, WHNP, and FRAG. These
category-level and span-level differences indicate
that Syntax-RL differs structurally from a special-
ized parser, rather than benefiting uniformly from
model scale.

6 Conclusions

We introduce a two-stage post-training framework
for syntactic prediction that combines cold-start
SFT with second-stage GRPO-based reinforcement
learning. Our results show that stronger supervised
training alone quickly reaches a supervised plateau
on both constituency parsing and supertagging. RL
post-training, in contrast, consistently provides ad-
ditional gains and achieves state-of-the-art perfor-
mance. Further analyses suggest that these gains
come from structure-level optimization on final
syntactic outputs, rather than from extra supervised
updates, overlapping second-stage data, or explicit
intermediate thought traces. These findings high-
light reinforcement learning as an effective post-
training signal for hierarchical syntactic prediction
with large language models.

7 Limitations

First, our experiments focus on two representative
syntactic prediction tasks, constituency parsing and
CCG supertagging. Although these tasks provide
a useful testbed for hierarchical structured predic-
tion, it remains to be seen whether the same training
recipe generalizes equally well to other structured
prediction problems. Second, the 80/20 SFT/RL
allocation is tuned for our current high-resource
English and Chinese treebanks. In low-resource
settings, where the base model has limited cover-
age of the target language or domain, a larger SFT
portion may be needed to build a reliable cold-start
policy before RL becomes effective. We leave adap-

tive data allocation across languages and resource
levels to future work.
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Split PTB (News)

Train 39,832
Development 1,700
Test 2,426

Table 9: Dataset statistics for the in-domain PTB
split. PTB contains news-domain data with standard
train/development/test splits.

Dataset Train Valid Test

CCGbank
Token # 929552 45422 55371
Sentence # 39604 1913 2407
Category # 1286 394 435

CCG rebank
Token # 943204 46201 56395
Sentence # 39604 1913 2407
Category # 1574 478 538

Table 10: Statistics of two categorial grammar banks
(CCGbank and CCG rebank) across the train, validation,
and test splits.
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A Dataset Statistics

A.1 PTB Statistics
Table 9 shows the dataset statistics for the in-
domain PTB split. PTB contains training, develop-
ment, and test splits from the news domain.

A.2 CG Bank Statistics
Table 10 shows the statistics of the two categorial
grammar banks used in our experiments, including
the numbers of tokens, sentences, and categories
in the train, validation, and test splits. CCG rebank
has the same sentence split as CCGbank, but con-
tains a larger category inventory and slightly more
tokens due to its revised annotation scheme.

Hyperparameter Value

Batch size 32
Learning rate 1.0× 10−5

Number of training epochs 3.0
LR scheduler type cosine
Warmup ratio 0.1
Epoch 2

Table 11: Hyperparameter settings for SFT.

Hyperparameter Value

data.train_batch_size 256
actor_rollout_ref.actor.ppo_mini_batch_size 64
actor_rollout_ref.actor.optim.lr 5× 10−7

actor_rollout_ref.actor.kl_loss_coef 0.001
actor_rollout_ref.actor.entropy_coeff 0
actor_rollout_ref.rollout.n 8

Table 12: Hyperparameter settings for RL.

B Hyperparameter

Table 11 shows the hyperparameter settings for SFT
and table 12 shows the hyperparameter settings for
RL.

C Baseline Methods

In this section, we provide brief descriptions of
the baseline methods used in our experiments. We
organize them by task, namely constituency parsing
and CCG supertagging.

C.1 Baselines for Constituency Parsing
Kitaev et al. (2019). Kitaev et al. (2019) pro-
pose a self-attentive constituency parser built on top
of pretrained contextual encoders. Their method
scores labeled spans and uses CKY-style decoding
to recover the highest-scoring tree. A central fea-
ture of this parser is the use of large pretrained lan-
guage models, such as BERT, which substantially
improve span representations and parsing accuracy.

HPSG. HPSG (Zhou and Zhao, 2019) formu-
late constituency parsing within a simplified head-
driven phrase structure grammar framework. Their
model integrates constituent and dependency infor-
mation into a unified representation and introduces
parsing algorithms based on converted span struc-
tures. This baseline is representative of joint mod-
eling approaches that exploit both phrase-structure
and head information.

Attach-Juxtapose. Attach-Juxtapose (Yang and
Deng, 2020) propose a strongly incremental con-
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stituency parser with graph neural networks. Their
method uses a novel attach-juxtapose transition
system, which builds a single partial tree as each
token is processed. Compared with chart-based
parsers, this baseline represents a transition-based
and incrementally motivated parsing approach.

Span Attention Parser. Span Attention
Parser (Tian et al., 2020b) improve neural chart-
based constituency parsing with span attention.
Their method enriches span representations by
incorporating n-gram information and weighting
these local patterns according to their relevance
to the parsing decision. They further introduce
categorical span attention to better model spans of
different lengths.

LAL-Parser Mrini et al. (Mrini et al., 2020) pro-
pose LAL-Parser, a neural constituency parser with
label attention. Instead of relying only on generic
self-attention, their model introduces label-aware
attention mechanisms that encourage the encoder
to capture syntactic distinctions that are directly
useful for constituent prediction. This baseline
is representative of parser architectures that im-
prove interpretability and syntactic bias through
task-specific attention design.

Bai et al. (2023). Bai et al. (Bai et al., 2025)
study constituency parsing with large language
models. They reformulate parsing as a sequence
generation problem by linearizing constituency
trees and evaluate zero-shot, few-shot, and super-
vised settings across multiple LLMs. In our com-
parison, this line of work serves as the main LLM-
based baseline for constituency parsing.

C.2 Baselines for CCG Supertagging
CVT Clark et al. (2018) use cross-view train-
ing to improve sequence labeling with unlabeled
data. Their approach learns from auxiliary predic-
tion views during semi-supervised training and was
shown to be effective on CCG supertagging. This
baseline represents strong semi-supervised neural
tagging without explicit category structure model-
ing.

Bhargava and Penn (2020). Bhargava and Penn
(2020) treat CCG categories as structured objects
rather than atomic labels. They decompose cate-
gories into sequences of primitives and operators
and train an LSTM-based decoder to generate these
sequences. This constructive view makes the model
better suited to handling rare and unseen categories.

Liu et al. (2021). Liu et al. (2021) propose to
generate CCG categories instead of predicting them
with multiclass classification. Their method de-
composes each category into a sequence of smaller
atomic tags and models supertagging as category
generation. This design improves sharing across
related categories and offers better robustness on
infrequent and unseen tags.

Tree-Structured Decoding. Tree-Structured De-
coding (Prange et al., 2021) address the long-tail
nature of CCG supertagging with constructive de-
coding methods. They explicitly model the internal
structure of supertags and introduce tree-structured
decoding strategies. Their approach is designed
to recover rare categories and even generate cate-
gories that do not appear in the training set.

AGCN. AgCN (Tian et al., 2020a) propose at-
tentive graph convolutional networks for CCG su-
pertagging. Their method leverages graph-based
contextual interactions to enhance token represen-
tations beyond standard sequential encoders. This
baseline is representative of context-enhanced neu-
ral supertaggers that use explicit relational model-
ing.

Geometry-Aware Supertagging. Geometry-
Aware Supertagging (Kogkalidis and Moortgat,
2023) revisit constructive supertagging from
a graph-theoretic perspective. They propose
geometry-aware supertagging with heterogeneous
dynamic graph convolutions to better exploit
the structure of the output space. This method
is particularly motivated by complex categorial
grammars with large and highly structured tag
inventories.

Holographic CCG Parsing. Holographic CCG
Parsing (Yamaki et al., 2023) propose a holographic
formulation of CCG parsing and supertagging.
Their method uses holographic embeddings as a
compositional operator to explicitly model depen-
dencies between words and phrase structures in
continuous space. This baseline represents a com-
positional neural approach that builds syntactic
structure directly in the embedding space.

LLM-supertagger. LLM-supertagger (Zhao and
Penn, 2024) explore large language models for cate-
gorial grammar supertagging. They evaluate LLMs
on both CCG and LCG supertagging and introduce
a simple enhancement method that substantially
improves performance. This baseline serves as the
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main LLM-based comparison for supertagging in
our experiments.

D Examples of Intermediate Thought
Formats

In this section, we explain the two intermediate
thought formats used in the experiment. Both for-
mats prepend a <think> block before the final
<answer> tree, but they differ in the style of the
intermediate reasoning.

Span-based thought format. This format lists
intermediate spans together with coarse constituent
labels. An example is shown below:

<think>
Who ’d have ... school superintendents
? : SBARQ
’d have thought ... be school
superintendents : SQ
have thought that ... be school
superintendents : VP
thought that the ... be school
superintendents : VP
that the next ... be school
superintendents : SBAR
the next group ... be school
superintendents : S
the next group ... reputations like that
: NP
of tough guys ... reputations like that
: PP
tough guys carrying ... reputations like
that : NP
carrying around reputations like that :
VP
... </think>
<answer>(SBARQ (WHNP (WP Who)) (SQ (MD
’d) ... (. ?))</answer>

Tree-sketch thought format. This format pro-
vides a coarse unlabeled or partially labeled brack-
eted sketch before the final parse tree. An example
is shown below:

<think>
((Who) (’d (have thought that the next
group of tough guys carrying around
reputations like that would be school
superintendents)) ?)
</think>
<answer>(TOP (SBARQ (WHNP (WP Who)) (SQ
(MD ’d) ... (. ?)))</answer>

These two formats were designed to test whether
explicit intermediate decomposition would help
constituency parsing. Empirically, however, both
performed worse than direct answer-only format.

E Case Study

Figure 4 provides two representative examples of
how Syntax-RL changes the predicted tree structure

relative to the phase-1 SFT model. In both cases,
the improvement is structural rather than lexical.
The first example involves a non-canonical dashed
insertion, and the second involves coordination to-
gether with participial modifier attachment inside
a complex noun phrase. These examples illustrate
the same broader pattern: the RL stage helps the
model make cleaner constituent-boundary and at-
tachment decisions, especially in cases where the
phase-1 SFT model produces flatter or externally
attached structures.

F AI Use Disclosure.

We used AI-based writing assistance tools only for
limited language polishing, such as grammar cor-
rection and minor wording refinement. The core
ideas, experimental design, analysis, and all techni-
cal content were developed by the authors. We did
not use AI tools to generate code, run experiments,
or produce the reported results.
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Gold Phase I output Phase II output

(a) Case 1: dashed appositive attachment. In the phase-1 SFT prediction, the explanatory phrase introduced by dashes is
analyzed as an external PRN constituent outside the of-complement. Syntax-RL recovers the gold high-level structure by placing

“stock-index futures – the barometer . . . –” inside a single NP within the of-phrase.

(b) Case 2: coordination and modifier attachment inside a complex noun phrase. In the phase-1 SFT prediction, “bank
debt and other obligations” is collapsed into a flatter NX-style structure, and the participial modifier “resulting from . . . ” is
attached outside the coordinated nominal span. Syntax-RL recovers the gold structure by separating “its bank debt” and “other
obligations” into two coordinated constituents and attaching the participial modifier specifically to the latter.

Figure 4: Case studies comparing the gold tree, the phase-1 SFT prediction, and the phase-2 prediction. In Case 1,
RL corrects a dashed appositive boundary by moving the explanatory phrase from an external parenthetical structure
into the NP internal to the of-phrase. In Case 2, RL corrects NP-internal coordination and modifier attachment by
restructuring the conjuncts and attaching the participial modifier to the second conjunct only.
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