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Abstract

Implicit Discourse Relation Classification
(IDRC) identifies discourse relations between
text spans when connectives are absent. The
task is typically evaluated on the Penn Dis-
course Treebank (PDTB), where discourse
senses are organized in a hierarchical structure.
Recent unified models predict discourse labels
level by level under teacher forcing, which
leads to exposure bias and cascading errors
across the hierarchy. Moreover, token-level
training objectives fail to assess the correctness
of the entire label sequence. We reformulate
multi-level IDRC as hierarchical label sequence
generation and optimize the full label sequence
using sequence-level reinforcement learning.
By sampling and ranking complete label se-
quences, the proposed framework directly opti-
mizes global sequence correctness rather than
isolated token-level decisions. Experiments on
PDTB 2.0 and 3.0 demonstrate consistent im-
provements over strong baselines. Further anal-
ysis shows that fine-to-coarse decoding outper-
forms the conventional coarse-to-fine strategy,
highlighting the importance of decoding order
in hierarchical discourse modeling.

1 Introduction

Discourse relations, such as Contrast and Instanti-
ation, characterize the logical relationship between
two text spans (Pitler et al., 2009). They can either
be signaled explicitly with connectives, as shown
in (1), or expressed implicitly, as in (2):

(1) [It's raining outside,]Arg1 but [I forgot to bring an umbrella.]Arg2

(2) [Tom was selected to handle the issue.]Arg1 (Implicit=Yet)
[Many people doubted whether he had the ability to do so.]Arg2

Comparison.Contrast

Comparison.Contrast

In the Penn Discourse Treebank, discourse relati-
ons are organized in a hierarchical structure, where
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Figure 1: The PDTB 3.0 Sense Hierarchy. For clarity,
we show only the top two levels of discourse senses,
together with a representative discourse connective for
each Level 2 sense.

coarse senses (e.g., Comparison) are at higher lev-
els and fine-grained senses (e.g., Contrast) are at
lower levels. Figure 1 illustrates the sense hier-
archy in PDTB 3.0, where commonly associated
discourse connectives are shown as an auxiliary
layer to facilitate semantic interpretation of rela-
tions (Chan et al., 2023).

Implicit Discourse Relation Classification
(IDRC) identifies the discourse relation between
two arguments when discourse connectives are ab-
sent. Most previous work on this task focuses on
enhancing the representations of arguments and
training separate classifiers for each level (Braud
and Denis, 2015; Qin et al., 2017; Kishimoto et al.,
2020; Liu and Strube, 2023, 2025a), while ignor-
ing the hierarchical structure of discourse relations.
More recent studies attempt to incorporate hier-
archical dependencies by jointly modeling multi-
ple levels of discourse relations, a setting often
referred to as multi-level IDRC (Wu et al., 2022;
Chan et al., 2023). Despite these advances, exist-
ing approaches typically rely on token-level train-
ing objectives with teacher forcing (Lamb et al.,
2016), where predictions at each level are condi-
tioned on gold labels during training. This design
introduces two key limitations. First, models are
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Figure 2: Illustration of exposure bias. Training (top):
under teacher forcing, the model is conditioned on gold
labels, so errors in its intermediate predictions (e.g.,
Expansion instead of Comparison) do not affect subse-
quent decisions. Eval (bottom): without gold guidance,
an error at Level-1 propagates through the hierarchy,
causing all subsequent predictions to be incorrect.

never exposed to their own intermediate predic-
tions during training, making them fragile when
errors occur during inference (i.e., exposure bias;
see Figure 2). In multi-level prediction, an incor-
rect decision at a higher level can cascade through
the hierarchy and lead to incorrect predictions at
subsequent levels. Second, token-level supervision
optimizes each level independently and does not
evaluate the correctness of the entire relation la-
bel sequence. For example, given a gold sequence
Comparison → Contrast → yet, token-level su-
pervision cannot distinguish that Comparison →
Contrast → but is preferable to Expansion → Con-
trast → yet, even though the former preserves the
correct coarse-level relation while the latter fails at
Level 1.

To address these challenges, we reformulate
multi-level IDRC as hierarchical sequence gener-
ation over discourse labels. Given a pair of argu-
ments, instead of predicting each level indepen-
dently under teacher forcing, our model generates
the complete relation label sequence correspond-
ing to the hierarchy path. This formulation en-
ables sequence-level optimization via Reinforce-
ment Learning (RL), allowing the model to di-
rectly optimize the correctness of the entire label
sequence rather than isolated token-level decisions.
Specifically, we leverage Group Relative Policy
Optimization (GRPO, Shao et al., 2024) to opti-
mize the label generation process with hierarchy-
informed dense rewards that provide graded super-
vision signals. By sampling and ranking complete
label sequences, our framework mitigates exposure
bias and encourages globally correct predictions.
Furthermore, we investigate the impact of decod-
ing order. While conventional approaches follow a
coarse-to-fine order (Wu et al., 2022), our experi-

ments reveal that a fine-to-coarse strategy (Conn →
L2 Rel → L1 Rel) consistently leads to better per-
formance, highlighting the importance of decision
ordering in hierarchical discourse modeling.

In summary, our contributions are as follows:

• We reformulate multi-level IDRC as hierarchi-
cal label sequence generation and optimize it
with sequence-level reinforcement learning to
mitigate exposure bias and cascading errors.

• We design hierarchy-informed dense rewards
that provide fine-grained supervision signals
for effective sequence-level optimization.

• We empirically1 demonstrate consistent im-
provements on PDTB 2.0 and 3.0 and show
that predicting fine-grained relations before
coarse ones leads to better performance.

2 Related Work

Implicit discourse relation classification (IDRC),
a key component of shallow discourse parsing,
has been extensively studied since the release of
the Penn Discourse Treebank (PDTB) 2.0 (Prasad
et al., 2008). Early approaches relied on linguis-
tically motivated feature engineering (Lin et al.,
2009; Rutherford and Xue, 2014), while later work
adopted neural architectures (Qin et al., 2017;
Kishimoto et al., 2018), pretrained language mod-
els (Kishimoto et al., 2020; Long and Webber,
2022; Cai et al., 2024), and large language mod-
els (Chan et al., 2024; Wang et al., 2025). Despite
strong performance, most methods treat discourse
sense prediction at each level as an independent
classification task and do not explicitly model the
hierarchical sense structure defined in PDTB.

Recent work has incorporated the PDTB hier-
archy more explicitly. Costa and Kosseim (2025)
leverage it for multi-task and multi-label discourse
relation classification, while other studies use im-
plicit connectives as auxiliary signals that pro-
vide lexical cues to the underlying discourse re-
lation (Shi and Demberg, 2019; Liu and Strube,
2023; Liu et al., 2024; Fan et al., 2026). Another
line of work jointly predicts discourse relations
across hierarchical levels with a connective, captur-
ing dependencies within the PDTB hierarchy (Wu
et al., 2022; Chan et al., 2023; Zeng et al., 2024).
However, these joint frameworks typically rely on
teacher forcing, where predictions condition on

1https://github.com/liuwei1206/IDRC_RL
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Figure 3: Overview of the proposed sequence-level reinforcement learning framework for multi-level IDRC. The
LLM policy takes the input arguments formatted using a prompt template and generates G candidate label sequences
{Z1, Z2, . . . , ZG} in a fine-to-coarse order. Each candidate is evaluated at the sequence level by comparing the
predicted label sequence with the ground truth (e.g., yet → Contrast → Comparison). Relative advantages are
computed within the candidate group and used to update the policy, encouraging globally better label sequences.

gold labels from other levels, leading to exposure
bias (Lamb et al., 2016). Moreover, token-level
supervision optimizes predictions independently,
providing limited guidance for distinguishing glob-
ally correct label sequences from inferior ones. In
contrast, our work formulates multi-level discourse
relation prediction as a hierarchical sequential deci-
sion process and directly optimizes the entire label
sequence.

Our work is also related to sequence-level op-
timization, which has been widely explored in
NLP tasks requiring evaluation of global out-
put quality. For example, prior studies leverage
sequence-level feedback to improve factual consis-
tency in summarization (Roit et al., 2023) and align
machine translation outputs with human prefer-
ences (Ramos et al., 2024). While these approaches
apply sequence-level objectives in different set-
tings, we introduce sequence-level optimization
to multi-level IDRC, enabling the model to miti-
gate exposure bias and better capture hierarchical
dependencies in the PDTB sense structure.

3 Method

Figure 3 illustrates our sequence-level reinforce-
ment learning framework for multi-level IDRC.
We first initialize the policy via supervised fine-
tuning (SFT), and then perform sequence-level opti-
mization using Group Relative Policy Optimization
(GRPO). We also investigate alternative decoding
orders for label sequence generation.

Formally, given arguments Arg1 and Arg2, we
construct the model input X using a prompt tem-
plate (see Appendix A). Let y∗1 and y∗2 denote the
Level-1 and Level-2 relations, and let c∗ denote the
annotated implicit connective used as an auxiliary
training signal. Each training instance consists of

(X,Y ∗), where Y ∗ = (y∗1, y
∗
2, c

∗) denotes the gold
discourse labels. At inference time, only the ar-
guments are provided, and the model predicts the
label sequence without access to gold connectives
or discourse relations.

3.1 Problem Reformulation
We reformulate multi-level IDRC as hierarchical
label sequence generation and optimize it with
sequence-level reinforcement learning.

Given input X , the model autoregressively gen-
erates a token sequence Z = (z1, . . . , z|Z|). We
treat the language model as a stochastic policy
πθ. At each step t, the model observes the state
st = (X, z<t) and selects an action zt from the
vocabulary according to πθ(zt | X, z<t). The se-
quence probability factorizes as:

πθ(Z | X) =

|Z|∏︂

t=1

πθ(zt | X, z<t) (1)

The generated sequence is deterministically parsed
(using a parser function f ) into a label tuple:

Y = f(Z) = (y1, y2, c) (2)

where y1, y2, and c correspond to the predicted
Level-1 relation, Level-2 relation, and implicit con-
nective extracted according to the predefined output
format. After generating a complete sequence, a
sequence-level reward R(f(Z), Y ∗) is computed
and used to update the policy.

3.2 Stage 1: Supervised Policy Initialization
We first perform supervised fine-tuning to produce
valid label sequences. The model is trained un-
der teacher forcing to maximize the likelihood of
the gold output sequence Z∗, which is constructed
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from the gold discourse labels Y ∗ according to the
predefined output template (see Appendix A):

LSFT(θ) = −
|Z∗|∑︂

t=1

log πθ(z
∗
t | X, z∗<t) (3)

This stage provides a stable initialization (Ouyang
et al., 2022) but optimizes token-level likelihood
rather than sequence-level correctness.

3.3 Stage 2: Sequence-Level Optimization
After supervised initialization, we further opti-
mize the policy using sequence-level reinforcement
learning, maximizing the expected reward over gen-
erated label sequences for each input X:

J (θ) = EZ∼πθ(·|X) [R(f(Z), Y ∗)] (4)

where Y ∗ denotes the gold discourse labels and
R(·) evaluates the parsed label sequence. In this
work, we instantiate R(·) using either a sparse re-
ward Rs or a hierarchy-informed dense reward Rd,
described in Section 3.3.2.

3.3.1 Sequence Sampling
For each instance, we sample a group of G label
sequences from the policy without teacher forcing:

G = {Z1, Z2, . . . , ZG} (5)

where each sequence is generated autoregressively
according to the LLM policy, i.e., Zi ∼ πθ(· | X).
Rewards are assigned only after full sequence gen-
eration, ensuring that early decisions influence the
final reward and reflecting inference-time behavior.

3.3.2 Reward Functions
Sequence-level reinforcement learning requires a
reward over complete label sequences. A natural
choice is an exact-match reward (sparse), which
gives positive feedback only to fully correct se-
quences. As a result, most sampled sequences re-
ceive zero reward, providing little guidance for
improving intermediate decisions. We therefore
design a hierarchy-informed dense reward that de-
composes supervision across label-sequence com-
ponents and rewards partially correct predictions.
Sparse Reward. A sparse reward provides super-
vision only when both discourse relation levels are
correctly predicted:

Rs(f(Z), Y ∗) = I[y1 = y∗1] · I[y2 = y∗2] (6)

where I[·] is the indicator function. This directly
optimizes sequence-level relation exact match but

does not distinguish partially correct predictions
from completely incompatible ones.
Hierarchy-Informed Dense Reward. To provide
richer supervision, we introduce a dense reward
that provides supervision for different components
of the predicted label sequence:

Rd(f(Z), Y ∗) = λ1 I[y1 = y∗1]

+λ2 I[H(y2) = H(y∗2)]

+λ3 I[y2 = y∗2]

+λ4 I[c ∼ y∗2]

(7)

Here, H maps a Level-2 relation to its Level-1 par-
ent in the PDTB hierarchy. The first and third terms
reward exact correctness at Level 1 and Level 2,
while the second term assigns partial reward when
the predicted Level-2 relation belongs to the same
coarse-level category as the gold label. The indica-
tor c ∼ y∗2 denotes semantic compatibility between
the predicted connective and the gold Level-2 re-
lation, i.e., whether the connective is annotated in
PDTB as a valid signal for that relation (e.g., yet for
Contrast). This term rewards connectives that are
semantically consistent with the intended relation,
even when the full label sequence is not exactly
matched. As a result, semantically plausible pre-
dictions (e.g., predicting but instead of yet for a
Contrast relation) are distinguished from entirely
incompatible ones.

Overall, the dense reward provides denser and
more informative supervision signals than exact-
match rewards, enabling the model to learn from
partially correct label sequences and improving op-
timization stability. In our experiments, we set
(λ1, λ2, λ3, λ4) = (0.3, 0.15, 0.5, 0.05), assigning
larger weights to exact Level-2 and Level-1 correct-
ness while using smaller weights for coarse-level
consistency and connective compatibility.2

3.3.3 Group Relative Policy Optimization.
To update the policy, we adopt Group Relative Pol-
icy Optimization (GRPO), which estimates advan-
tages by comparing multiple sequences sampled
from the same input. This group-relative compari-
son reduces dependence on absolute reward scales
and provides stable learning signals across can-
didate label sequences, making it appropriate for
sequence-level optimization (Guo et al., 2025).

For each sampled group of sequences {Zi}Gi=1,
we compute their rewards {Ri} using one of the

2We conduct a sensitivity analysis over alternative reward-
weight configurations in Appendix E.
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sequence-level reward functions described above.
We then compute the group-relative advantages:

Âi =
Ri −mean({Ri})
std({Ri}) + δ

. (8)

where δ is a small constant for numerical stability.
The policy is updated using a clipped surrogate
objective with KL regularization:

JGRPO(θ) =
1

G

G∑︂

i=1

1

|Zi|

|Zi|∑︂

t=1

CLIP(ri,t, Âi, ϵ)

− β DKL(πθ ∥πref)

(9)

where the clipped surrogate function is defined as

CLIP(r, Â, ϵ) = min
(︁
rÂ, clip(r, 1− ϵ, 1 + ϵ)Â

)︁

(10)
Here, ri,t denotes the importance sampling ratio
between the current policy and the sampling pol-
icy. The clipping operator, with threshold ϵ, limits
overly large policy updates following PPO-style
stabilization (Schulman et al., 2017). The KL term
regularizes the policy toward the SFT initialization
πref, with β controlling the regularization strength.

3.4 Decoding Order
In sequential multi-level IDRC, discourse labels are
generated step by step, so the decoding order acts
as an inductive bias that affects both prediction and
sequence-level RL optimization. Our framework
supports flexible decoding orders, enabling us to
explore different prediction strategies. We consider
two alternatives:

• Coarse-to-fine (C2F): Following the hierar-
chical structure of PDTB and common prac-
tice in prior IDRC work (Wu et al., 2022), the
model first predicts the Level-1 relation, then
the Level-2 relation, and finally the implicit
connective, i.e., L1 Rel → L2 Rel → Conn.

• Fine-to-coarse (F2C): The model begins with
the most fine-grained signal, the implicit con-
nective, followed by the Level-2 and Level-1
relations, i.e., Conn → L2 Rel → L1 Rel.

Since each prediction conditions on earlier de-
cisions, the decoding order may affect informa-
tion flow and error propagation. Intuitively, F2C
grounds relation prediction on connective-based
lexical cues, which can provide strong semantic
signals for higher-level discourse relations. We
compare both strategies empirically in Section 5.2.

4 Experiments

4.1 Experimental Settings

Datasets. We evaluate our model on PDTB
2.0 (Prasad et al., 2008) and 3.0 (Webber et al.,
2019). Both datasets annotate discourse relations
using a three-level sense hierarchy. We follow pre-
vious works (Ji and Eisenstein, 2015; Kim et al.,
2020) to use top-level 4-way and second-level 11-
way classification for PDTB 2.0, and top-level
4-way and second-level 14-way classification for
PDTB 3.0. We adopt the standard data split from Ji
and Eisenstein (2015), using sections 2–20 for train-
ing, 0–1 for development, and 21–22 for testing.3

Implementation Details. We implement our
method using verl4, an open-source reinforcement
learning framework. All experiments are con-
ducted on Llama-3.1-8B-Instruct.5 During policy
initialization, we perform supervised fine-tuning
(SFT) with LoRA for three epochs, using a learning
rate of 3× 10−5, a LoRA rank of 12, and a LoRA
scaling factor (alpha) of 24. For sequence-level
optimization with GRPO, we set the KL regulariza-
tion coefficient β to 0.01. We use a rollout batch
size of 128 and an update batch size of 64. During
rollout generation, we sample 16 trajectories for
each input with a sampling temperature of 1.0. To
account for training variability on PDTB, we re-
port the mean performance over 5 random restarts.
Performance is evaluated using standard accuracy
(Acc, %) and macro F1 (F1, %).
Baselines. To demonstrate the effectiveness of our
model, we compare our method with two LLM-
based baselines that reflect different modeling as-
sumptions for multi-level IDRC:

• Level-wise SFT: Fine-tune LLMs to predict
each discourse relation level independently.
This baseline does not model hierarchical de-
pendencies across levels.

• Joint SFT: Fine-tune LLMs to jointly gen-
erate all levels as a single sequence under
teacher forcing. This setting captures depen-
dencies, but relies on token-level supervision
with gold previous labels during training.

• Joint SFT + SS: We replace teacher forcing
in Joint SFT with Scheduled Sampling (Mi-
haylova and Martins, 2019), partially expos-

3We also show results on the Lin split in Appendix C.
4https://github.com/verl-project/verl
5We also conduct experiments on Qwen-2.5-7B-Instruct

and observe similar performance; see Appendix G for details.
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PDTB 2.0 PDTB 3.0
L1 L2 L1 L2

Models Acc F1 Acc F1 Acc F1 Acc F1
Wu et al. (2022) 71.18 63.73 60.33 40.49 - - - -
Liu and Strube (2023) 74.59 68.64 62.75 42.36 76.23 71.15 65.51 54.92
Chan et al. (2023) 73.80 67.79 61.41 44.04 - - - -
Zeng et al. (2024) 73.89 67.83 61.33 46.14 75.53 71.59 64.87 56.50
Wang et al. (2025) 78.20 71.14 62.46 46.38 76.93 73.33 64.35 55.04
Fan et al. (2026) 77.15 73.89 66.61 53.17 78.61 73.88 68.86 62.29

Level-wise SFT 68.732.1 61.321.6 59.751.5 45.902.3 73.211.9 68.112.0 63.481.8 53.581.7

F2C

Joint SFT 72.451.4 68.541.2 61.081.1 48.660.6 76.380.9 72.631.1 65.961.4 56.751.5

Joint SFT + SS 72.861.6 68.871.7 60.921.4 48.531.1 75.861.2 72.351.5 65.541.0 56.330.9

Our Model - Rs 77.641.3 74.510.7 67.481.5 51.520.6 79.031.3 75.290.7 70.141.4 62.641.1

Our Model - Rd 78.370.9 75.040.7 68.391.1 52.730.7 79.990.6 76.540.9 70.640.8 63.161.0

C2F

Joint SFT 70.721.7 64.871.6 59.601.8 46.082.0 73.461.7 69.151.7 62.791.5 52.681.3

Joint SFT + SS 70.481.6 65.221.7 58.842.0 45.782.4 73.881.9 69.521.8 63.081.8 53.421.9

Our Model - Rs 67.421.9 66.551.6 56.811.7 43.722.1 71.242.1 68.721.2 60.122.0 51.941.7

Our Model - Rd 75.451.3 72.441.1 66.821.6 49.601.0 77.491.3 73.591.6 68.181.3 59.131.2

Table 1: Mean accuracy and F1 scores (with standard deviations) on PDTB 2.0 and PDTB 3.0.

ing the model to its own predictions during
training to mitigate exposure bias.

Furthermore, we report results from representative
prior approaches for reference. See Appendix B for
more details about the training setup and baselines.

4.2 Overall Results
Table 1 shows results on PDTB 2.0 and 3.0. The
F2C block reports results under the Fine-to-Coarse
decoding order (i.e., Conn → L2 Rel → L1 Rel),
while the C2F block corresponds to the Coarse-to-
Fine strategy (i.e., L1 Rel → L2 Rel → Conn).

Under the F2C strategy, Joint SFT consistently
outperforms Level-wise SFT on both datasets, with
gains of approximately 3–4 percentage points in
accuracy and F1-score. This confirms that jointly
modeling hierarchical discourse labels is beneficial
for multi-level IDRC, consistent with prior stud-
ies (Wu et al., 2022; Chan et al., 2023). Replac-
ing teacher forcing with scheduled sampling (Joint
SFT + SS), which partially exposes the model to
its own predictions during training, yields only
marginal improvements. By contrast, incorporat-
ing sequence-level optimization yields substantial
improvements over the Joint SFT baseline, regard-
less of whether the sparse reward Rs or the dense
reward Rd is used. For example, with the dense re-
ward, our model achieves an accuracy of 68.39% on
PDTB 2.0 L2 and 70.64% on PDTB 3.0 L2, outper-
forming Joint SFT by approximately 5 percentage

points. It also surpasses previously reported repre-
sentative models, including hierarchy-aware token-
level methods (Wu et al., 2022; Chan et al., 2023;
Zeng et al., 2024), auxiliary connective generation
methods (Liu and Strube, 2023), subtext-enhanced
generative IDRC methods (Wang et al., 2025), lin-
guistic cues-augmented models (Fan et al., 2026).
These results indicate that optimizing relation pre-
diction at the sequence level is more effective than
token-level supervision for modeling hierarchical
discourse relations. Moreover, the dense reward
consistently outperforms6 the sparse variant (e.g.,
68.39% vs. 67.48% accuracy on PDTB 2.0 L2),
showing that richer reward signals further improve
sequence-level optimization.

In contrast, under the C2F strategy, Joint SFT
only outperforms Level-wise SFT at the L1 level,
while achieving comparable or slightly worse per-
formance for L2 relation classification. The sched-
uled sampling variant (Joint SFT + SS) shows simi-
lar results to Joint SFT, indicating that this strategy
brings limited improvement in the coarse-to-fine
setting. When applying sequence-level optimiza-
tion with sparse rewards, performance does not
improve and can even fall below the SFT base-
line. This likely occurs because the sparse reward
provides only binary feedback over the entire se-
quence, offering limited guidance for improving

6The improvement is statistically significant over five seed-
matched runs (p < 0.01, two-sided paired t-test).
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L1 L2
Models

Acc F1 Acc F1
Joint SFT 72.45 68.54 61.08 48.66
RLOO-Rs 74.86 71.87 65.20 50.15
RLOO-Rd 77.06 74.12 66.92 51.28
GRPO-Rs 77.64 74.51 67.48 51.52
GRPO-Rd 78.37 75.04 68.39 52.73

Table 2: RLOO ablation on PDTB 2.0 using Llama-3.1-
8B-Instruct under the F2C decoding order.

intermediate predictions. In contrast, using the
hierarchy-informed dense reward leads to substan-
tial improvements over both Level-wise SFT and
Joint SFT. Specifically, our model achieves an ac-
curacy of 66.82% on PDTB 2.0 L2 and 68.18%
on PDTB 3.0 L2, exceeding Joint SFT by approx-
imately 7 and 5 percentage points, respectively.
These results highlight the importance of informa-
tive reward signals when applying sequence-level
optimization under the C2F decoding order.

5 Analysis

5.1 Sequence-level Optimization

To better understand sequence-level optimization,
we use an RLOO ablation to separate sequence-
level reward optimization from GRPO-specific
components and conduct two complementary anal-
yses focusing on robustness to intermediate errors
and global sequence ranking.
RLOO Ablation. We add an RLOO baseline on
PDTB 2.0 under F2C, using the same policy initial-
ization and sequence-level rewards as our GRPO
models. RLOO is a REINFORCE-style policy-
gradient method that samples complete label se-
quences, computes sequence-level rewards, and
uses a leave-one-out reward baseline to reduce vari-
ance (Ahmadian et al., 2024). Unlike GRPO, it
does not use normalized group-relative advantages
or a clipped surrogate objective. As shown in Ta-
ble 2, both RLOO variants improve over Joint SFT:
RLOO-Rs increases PDTB 2.0 L2 accuracy from
61.08 to 65.20, while RLOO-Rd improves it to
66.92. These results indicate that sequence-level
reward optimization is beneficial without relying
on GRPO-specific updates. However, both RLOO
variants remain below their GRPO counterparts,
suggesting that GRPO provides a stronger opti-
mizer in this setting.
Robustness to Intermediate Errors. We analyze
error propagation using the conditional error rate
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Figure 4: Error propagation rates for Joint SFT, Joint
SFT + SS, and our models under different decod-
ing orders. Under F2C, propagation is defined as
P (L1 wrong | L2 wrong), while under C2F it is de-
fined as P (L2 wrong | L1 wrong). Scheduled sampling
yields only marginal reductions in propagation, whereas
sequence-level optimization substantially lowers prop-
agation rates, demonstrating improved robustness to
intermediate prediction errors.

of a later prediction given an earlier error in the
label sequence (Error Propagation Rate). Under the
C2F setting, we measure the probability that the
Level-2 prediction is incorrect given an incorrect
Level-1 prediction; under F2C, we compute the
probability that the Level-1 prediction is incorrect
given an incorrect Level-2 prediction. Figure 4
reports results on PDTB 2.0.

Joint SFT exhibits strong error propagation. Un-
der F2C, 75.06% of instances with incorrect Level-
2 predictions also have incorrect Level-1 predic-
tions, and scheduled sampling (Joint SFT + SS)
only slightly reduces this rate to 74.52%. The ef-
fect is even stronger under C2F, where the propaga-
tion rate reaches 100% for Joint SFT and remains
high with scheduled sampling at 98.36%. These
results suggest that partially exposing the model to
its own predictions during training is insufficient
to mitigate cascading errors. In contrast, sequence-
level optimization substantially reduces error prop-
agation under F2C, lowering the rate to 67.78%
with sparse rewards and 65.35% with dense re-
wards. Under C2F, sparse rewards fail to reduce
error propagation, with the rate remaining at 100%,
whereas dense rewards effectively reduce the rate
to 84.64%. Overall, sequence-level optimization
helps the model recover from intermediate errors,
and denser signals further improve robustness.
Global Sequence Ranking. We evaluate Joint
SFT and our model using pass@k, which mea-
sures whether the gold label sequence appears
among k sequences sampled from the model, re-
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Figure 5: Pass@k results on PDTB 2.0 and 3.0 under the
F2C setting. Our models achieve substantially higher
pass@1 while maintaining comparable performance at
larger k, indicating improved ranking of globally correct
label sequences through sequence-level optimization.

flecting their ability to rank globally correct la-
bel sequences. For each input X , we indepen-
dently sample k sequences {Ẑ(1), Ẑ(2), . . . , Ẑ(k)}
and check whether any parsed relation se-
quence matches the gold labels Y ∗: pass@k =
1
N

∑︁N
i=1 1

(︂
∃j ≤ k s.t. f(Ẑ(j)

i ) = Y ∗
i

)︂
, where N

is the number of evaluation instances and 1(·) is
the indicator function. Figure 5 reports results on
PDTB 2.0 and 3.0 under F2C.

When k is large, such as k = 5, Joint SFT and
our model achieve comparable pass@k, indicating
that both can generate the correct label sequence
among sampled outputs. However, when k = 1,
our model with either sparse or dense rewards sub-
stantially outperforms Joint SFT, suggesting that
sequence-level optimization ranks globally correct
sequences higher and makes them more likely to be
selected as the top prediction. By contrast, token-
level supervision provides less consistent prefer-
ence for globally optimal sequences. Overall, these
results show that sequence-level optimization better
ranks globally correct label sequences.

5.2 Decoding Order

We observe in Table 1 that the Fine-to-Coarse
(F2C) decoding order consistently outperforms
Coarse-to-Fine (C2F). One reason is that fine-
grained relations and discourse connectives pro-
vide more specific semantic cues, whereas coarse-
level relations are more abstract and ambiguous.
Predicting fine-grained labels first therefore offers
stronger grounding for subsequent coarse-level pre-
dictions, while coarse-level predictions provide
weaker guidance for fine-grained decisions. This
is consistent with the PDTB 2.0 annotation man-

ual (Prasad et al., 2008), which notes that inserting
a connective facilitates relation identification, as
well as connective-enhanced IDRC studies show-
ing that connective prediction improves discourse
relation classification (Shi and Demberg, 2019; Liu
and Strube, 2023). F2C is also more robust to er-
ror propagation. As shown in Figure 4, incorrect
Level-1 predictions in C2F almost always lead to
incorrect Level-2 predictions, indicating severe cas-
cading errors. In contrast, F2C yields substantially
lower propagation rates, suggesting that Level-2
errors are less destructive to subsequent predictions.
This is because fine-grained predictions, even when
incorrect, often remain semantically close to the
correct relation: for example, predicting “Conces-
sion” instead of “Contrast” can still lead to the
correct Level-1 relation “Comparison”.

More generally, these results suggest that fine-to-
coarse decoding may provide an effective ordering
principle for tree-structured hierarchical prediction.
Fine-grained, information-rich labels can ground
more abstract parent categories, while errors among
nearby fine-grained labels may still preserve the
correct higher-level path. This perspective may ex-
tend beyond IDRC to other tasks with tree-like la-
bel hierarchies, such as hierarchical text classifica-
tion and fine-grained entity or event typing, where
a GRPO-style sequence-level formulation can be
used to optimize the entire predicted path rather
than independent local decisions.

5.3 Reward Design
To evaluate the impact of reward design, we com-
pare sparse and hierarchy-informed dense reward
functions. As shown in Table 1 and Figure 4, the
dense reward consistently achieves better perfor-
mance than the sparse reward, with larger gains
under the C2F decoding order. To examine opti-
mization behavior, Figure 6 presents training re-
ward curves on PDTB 3.0 under C2F. When using
sparse rewards, the average reward fails to improve
beyond its initialization level and exhibits unstable
optimization dynamics. In contrast, the dense re-
ward leads to steady reward increases and higher
convergence levels. This difference is likely due to
the more informative learning signal provided by
the dense reward during training. Sparse rewards
provide only binary sequence-level feedback, mak-
ing partially correct predictions indistinguishable
from completely incorrect ones. The issue is espe-
cially pronounced under C2F, where early coarse-
level decisions strongly constrain downstream pre-
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Figure 6: Training reward curves on PDTB 3.0 under the
C2F decoding order. Sparse rewards fail to surpass their
initialization level and exhibit unstable optimization,
whereas dense rewards lead to steady reward improve-
ments and higher convergence.

dictions. By decomposing the label sequence into
hierarchical components, the dense reward pro-
vides informative intermediate feedback and en-
ables more stable sequence-level optimization.

6 Conclusion

In this paper, we reformulate multi-level implicit
discourse relation classification as hierarchical la-
bel sequence generation and optimize it using
sequence-level reinforcement learning. We design
both sparse and hierarchy-informed dense rewards
to guide training. Experiments on PDTB 2.0 and
3.0 demonstrate that our approach consistently out-
performs strong baselines. Through detailed anal-
yses, we show that sequence-level optimization
mitigates error propagation caused by token-level
supervision and improves the ranking of globally
correct label sequences. Furthermore, we find that
hierarchy-informed dense rewards provide more
informative learning signals than sparse rewards,
particularly under challenging decoding orders. Fi-
nally, our results reveal that a fine-to-coarse decod-
ing strategy is better suited for multi-level IDRC,
highlighting the importance of decision ordering in
hierarchical discourse modeling.

7 Limitations

Despite the strong empirical results, our study has
several limitations. First, handling ambiguous in-
stances remains an open issue. In PDTB 2.0, 3.45%
of implicit instances are annotated with multiple
labels, and the proportion rises to 5.0% in PDTB
3.0. Following prior work (Shi and Demberg, 2019;
Liu and Strube, 2023, 2025b), we use only the first
label during training, which simplifies supervision
but may not fully capture annotation ambiguity. Ex-
ploring more principled treatments of multi-label

cases, such as ambiguity-aware objectives or dis-
tributional supervision, remains an important di-
rection for future work. Second, our approach re-
quires more training computation than Joint-SFT.
In particular, sequence-level reinforcement learn-
ing samples multiple candidate label sequences for
each instance. However, this additional cost only
affects training and does not increase inference
cost. Moreover, sequence-level optimization leads
to consistent performance gains on both PDTB 2.0
and PDTB 3.0. Exploring more efficient sequence-
level optimization strategies remains an important
direction for future work. Third, following prior
multi-level IDRC work (Wu et al., 2022; Chan et al.,
2023; Zeng et al., 2024), we restrict our study to L1
and L2 discourse relations and focus on English.
Nevertheless, our sequence-generation formulation
can naturally be extended to L3 relations by gen-
erating a longer label sequence, and it would also
be valuable to explore its generalizability (Fu and
Frank, 2023) in multilingual settings (Liu et al.,
2023). We leave these extensions to future work.
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You are an expert in {{ task }} implicit discourse 
relation classification.
Your task is to analyze the relationship between 
two arguments based on the Penn Discourse 
Treebank {{ version }} annotation manual.

Given Arg1 and Arg2, predict:
1. Level-1 Sense: One of [{{ l1_labels }}].
2. Level-2 Sense: One of [{{ l2_labels }}].
3. Connective: A natural implicit connective that 
best links the two arguments.

Input:
"Arg1": "{{ arg1 }}"
"Arg2": "{{ arg2 }}"

Output Format:
Level1: <Level-1 label>
Level2: <Level-2 label>
Connective: <connective>

Input Template in the C2F Setting

Figure 7: Input template in the C2F setting, where
task ∈ {pdtb 2.0, pdtb 3.0} and version ∈ {2.0, 3.0}.

A Prompt Template

Figures 7 and 8 show the input templates for the
C2F and F2C settings, respectively, while Figures 9
and 10 show the corresponding output templates.

B Additional Training Details

For the Level-wise SFT and Joint SFT baselines,
we experimented with both full-parameter fine-
tuning and LoRA fine-tuning, and observed com-
parable performance. Therefore, we adopt LoRA
fine-tuning for these baselines for improved train-
ing efficiency. Specifically, we use a learning rate
of 3× 10−5, a LoRA rank of 32, a LoRA scaling
factor (alpha) of 64, and a maximum epoch number
of 8 for training.

For the Joint SFT + SS baseline, we apply the
same LoRA configuration. Scheduled sampling
follows the linear decay strategy proposed by Mi-
haylova and Martins (2019), where the probability
of sampling ground-truth tokens at training step i is
defined as t(i) = max(ϵ, k − ci). Here 0 ≤ ϵ < 1
denotes the minimum teacher forcing probability,
while k and c control the offset and slope of the
decay. This function determines the teacher forcing
ratio at each training step.

For our model, most hyper-parameters are de-

You are an expert in {{ task }} implicit discourse 
relation classification.
Your task is to analyze the relationship between 
two arguments based on the Penn Discourse 
Treebank {{ version }} annotation manual.

Given Arg1 and Arg2, predict:
1. Connective: A natural implicit connective that 
best links the two arguments.
2. Level-2 Sense: One of [{{ l2_labels }}].
3. Level-1 Sense: One of [{{ l1_labels }}].

Input:
"Arg1": "{{ arg1 }}"
"Arg2": "{{ arg2 }}"

Output Format:
Connective: <connective>
Level2: <Level-2 label>
Level1: <Level-1 label>

Input Template in the F2C Setting

Figure 8: Input template in the F2C setting, where
task ∈ {pdtb 2.0, pdtb 3.0} and version ∈ {2.0, 3.0}.

Level1: {{ l1_label }}
Level2: {{ l2_label }}
Connective: {{ connective }}

Output Template in the C2F Setting

Figure 9: Output template in the C2F setting.

Connective: {{ connective }}
Level2: {{ l2_label }}
Level1: {{ l1_label }}

Output Template in the F2C Setting

Figure 10: Output template in the F2C setting.

scribed in Section 4.1. In addition, we use the
Adam optimizer for all models. All experiments are
conducted on 8 H20 GPUs. Training the baselines
takes approximately 3–5 hours, while our models
require about 15 hours on PDTB 2.0 and about 20
hours on PDTB 3.0.

C Results on the Lin Split

To show that the improvements of our methods
are robust to different data splits, we additionally
evaluate on PDTB 2.0 using the Lin split (Lin
et al., 2009). Table 3 shows the results of the Joint

41038



L1 L2
Models

Acc F1 Acc F1
Joint SFT 71.80 65.42 60.31 45.23
Our Model-Rs 76.11 70.18 67.10 48.86
Our Model-Rd 77.42 72.85 67.49 49.32

Table 3: Results on PDTB 2.0 using the Lin split under
the F2C decoding order.

L1 L2
Setting (λ1, λ2, λ3, λ4) Acc F1 Acc F1
Original (0.30, 0.15, 0.50, 0.05) 78.37 75.04 68.39 52.73
L1-heavy (0.40, 0.15, 0.40, 0.05) 78.78 75.48 67.69 52.19
L2-heavy (0.20, 0.15, 0.60, 0.05) 77.15 74.16 68.74 53.14
Hierarchy-heavy (0.25, 0.25, 0.45, 0.05) 77.53 74.42 67.88 52.32
No connective (0.30, 0.15, 0.55, 0.00) 78.20 74.86 68.45 52.82

Table 4: Reward-weight sensitivity on PDTB 2.0 using
Llama-3.1-8B-Instruct under the F2C decoding order.
The original setting is used in the main experiments.

SFT baseline and our methods with Llama-3.1-
8B-Instruct under the F2C decoding order. Both
sequence-level optimization variants improve over
Joint SFT, with Rd achieving the best performance.
In particular, Rd improves over Joint SFT by 7.18
points in L2 accuracy and 4.09 points in L2 F1.
These results suggest that the improvements are
not specific to the Ji split (Ji and Eisenstein, 2015)
used in the main experiments.

D RLOO Ablation

To disentangle the effect of sequence-level reward
optimization from the GRPO-specific update rule,
we add an RLOO baseline on PDTB 2.0 using
Llama-3.1-8B-Instruct under the F2C decoding or-
der. RLOO is a REINFORCE-style policy-gradient
method that samples complete label sequences and
optimizes the same sequence-level rewards used
by our GRPO models. For variance reduction,
each sampled sequence uses the mean reward of
the other samples from the same input as a leave-
one-out baseline (Ahmadian et al., 2024). Unlike
GRPO, RLOO does not use normalized group-
relative advantages or a clipped surrogate objec-
tive.

Table 2 reports the results. Both RLOO variants
substantially improve over Joint SFT, confirming
that sequence-level reward optimization itself is
beneficial. GRPO further improves over RLOO,
especially under the sparse reward, indicating that
GRPO provides more effective optimization for
this sequence-level objective.

Relations Joint SFT Our Model-Rd

Comparison 65.40 68.18
Contingency 66.89 70.79
Expansion 76.78 84.03
Temporal 66.67 71.90

Table 5: Per-relation F1 on PDTB 2.0 at Level 1.

E Reward Weight Sensitivity

To demonstrate the robustness of our dense re-
ward, we conduct sensitivity experiments on PDTB
2.0 using Llama-3.1-8B-Instruct under the F2C
decoding order with alternative configurations of
(λ1, λ2, λ3, λ4) in Equation 7. Table 4 shows that
all variants outperform the Joint SFT baseline in
Table 1, indicating that the gains are robust across
reasonable weight choices. The results show clear
trade-offs across hierarchy levels: increasing the
L1 weight improves L1 performance while slightly
reducing L2 performance, whereas increasing the
L2 weight improves L2 performance while slightly
reducing L1 performance. The original setting pro-
vides balanced performance across levels. Remov-
ing the connective compatibility term yields com-
parable final performance, suggesting that the final
L1/L2 gains are not driven solely by connective-
level supervision.

F Relation Analysis

We investigate which relations benefit from
sequence-level optimization. Tables 5 and 7 re-
port the per-relation F1 scores of Joint SFT and our
dense-reward model with Llama-3.1-8B-Instruct
on PDTB 2.0 under F2C decoding order using the
Ji split. Our model with Rd improves F1 across all
L1 relations and across nearly all L2 relations with
non-zero performance. The only exceptions are ex-
tremely sparse relations such as Pragmatic Cause
and Concession, where both models obtain zero F1.
These results indicate that the improvements are
not solely driven by frequent labels.

G Results Using Qwen

To further demonstrate the generality of our ap-
proach, we conduct additional experiments using
Qwen-2.5-7B-Instruct. Table 6 reports the results
on PDTB 2.0 and PDTB 3.0. Overall, the results
show trends consistent with those observed using
Llama-3.1-8B-Instruct. First, Joint SFT consis-
tently outperforms Level-wise SFT, confirming that
modeling dependencies across hierarchical levels
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PDTB 2.0 PDTB 3.0
L1 L2 L1 L2

Models Acc F1 Acc F1 Acc F1 Acc F1
Level-wise SFT 70.251.9 63.641.6 58.511.6 44.241.6 73.111.4 68.321.6 62.802.0 54.881.2

F2C

Joint SFT 70.931.5 65.041.7 59.381.8 48.371.9 75.922.1 72.122.2 64.841.8 57.201.7

Joint SFT + SS 71.351.5 65.622.1 59.742.1 48.921.5 75.511.4 72.361.5 64.342.1 56.842.1

Our Model - Rs 74.271.5 70.342.1 64.662.1 53.021.5 78.561.4 75.001.5 68.322.1 59.302.1

Our Model - Rd 75.801.3 72.911.3 65.131.6 53.681.6 79.341.9 75.341.4 69.281.5 60.631.7

C2F

Joint SFT 70.080.8 65.491.2 57.820.6 43.710.8 71.161.1 67.631.2 60.601.2 52.221.2

Joint SFT + SS 70.641.7 66.121.9 57.231.6 42.461.7 70.741.5 67.151.8 61.181.8 60.631.9

Our Model - Rs 69.870.9 65.231.2 55.540.9 40.931.1 70.660.6 66.381.0 58.250.8 50.431.2

Our Model - Rd 75.190.6 71.560.5 64.170.9 48.790.8 76.250.7 71.510.4 66.380.4 58.090.6

Table 6: Mean accuracy and F1 scores (with standard deviations) on PDTB 2.0 and 3.0 using Qwen-2.5-7B-Instruct.

Relations Joint SFT Our Model-Rd

Asynchronous 58.62 67.29
Synchrony 78.82 82.61
Cause 64.67 70.45
Pragmatic Cause 0.00 0.00
Contrast 57.11 66.12
Concession 0.00 0.00
Conjunction 54.54 64.66
Instantiation 68.50 75.52
Restatement 62.38 67.53
Alternative 66.67 78.26
List 18.07 25.47

Table 7: Per-relation F1 on PDTB 2.0 at Level 2.

is beneficial for multi-level IDRC. Second, intro-
ducing scheduled sampling (Joint SFT + SS) brings
only marginal improvements, suggesting that this
strategy alone is insufficient to address exposure
bias in this task. Third, our method significantly
outperforms the Joint SFT baseline under the F2C
setting when using either sparse or dense rewards,
while under the C2F setting, only the dense re-
ward leads to substantial improvements. Finally,
the F2C decoding order consistently yields better
performance than the C2F order, further supporting
our analysis in the main text.
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