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Abstract

Rhetorical Role Labeling (RRL) assigns a func-
tional role to each sentence in a document and
is widely used in legal, medical, and scientific
domains. Encoder-based Small Language Mod-
els (SLMs) are effective for sentence-level clas-
sification but do not capture the broader dis-
course and domain knowledge encoded by au-
toregressive Large Language Models (LLMs).
We introduce SYNERRRL, a hybrid framework
that leverages the complementary strengths of
SLMs and LLMs by aligning their internal rep-
resentations through a lightweight residual fu-
sion mechanism, without relying on prompting.
Experiments with five SLMs, three LLMs, and
eight RRL datasets show consistent improve-
ments, yielding average gains of 5.14 macro-
F1 points. An expert-based evaluation shows
that SYNERRRL improves the classification of
rhetorically ambiguous sentences and performs
robustly across annotation difficulty levels.

1 Introduction

Rhetorical Role Labeling (RRL) classifies each sen-
tence in a document according to its discourse func-
tion. Because sentence roles depend on surround-
ing context, RRL is particularly challenging in do-
mains such as law and medicine, where documents
follow strict rhetorical conventions and rely on im-
plicit background knowledge (Cheng et al., 2024).
Identifying roles such as ARGUMENT or ANALYSIS
supports downstream applications including infor-
mation retrieval (Neves et al., 2019; Safder and
Hassan, 2019) and summarization (Kalamkar et al.,
2022; Muhammed et al., 2024).
Transformer-based models have led to state-of-
the-art performance in RRL (Cohan et al., 2019).
Encoder Small Language Models (SLMs'), such
as BERT (Devlin et al., 2019), remain the domi-
nant approach due to their efficiency and strong
'In this paper, SLMs denote encoder-based models (e.g.,

BERT), and LLMs denote autoregressive generative models
(e.g., Qwen-3), as commonly used in the literature.

discriminative performance (Roccabruna et al.,
2024), and have been extended through hierarchi-
cal architectures (Brack et al., 2022, 2024) and
domain-oriented pretraining objectives (Belfathi
et al., 2025a). Despite these advances, Shimizu
et al. (2025) show that SLMs lack the task-specific
and domain-level knowledge needed to capture the
full discourse complexity of RRL.

In response to these limitations, Belfathi et al.
(2023); Lan et al. (2024) reformulate RRL as a text-
generation task using prompting with Large Lan-
guage Models (LLMs). However, prompting-based
approaches exhibit unstable behavior and weaker
performance on classification (Naguib et al., 2024).
This follows from the fact that LLMs are trained
for open-ended generation rather than precise label
assignment, making their predictions highly sensi-
tive to prompt design. These challenges motivate
our investigation into how to combine the discrim-
inative efficiency of SLMs with the contextual
knowledge encoded in LLMs through direct use
of their internal representations.

We argue that progress on RRL requires ad-
dressing the trade-off between efficiency and con-
textual richness. SLMs excel at sentence-level
discrimination but lack broader discourse aware-
ness, while LLMs capture richer contextual sig-
nals yet do not reliably produce stable classifica-
tion decisions. To bridge this gap, we introduce
SYNERRRL, a unified framework that exploits the
complementary strengths of both model families
through representation-level integration. We sum-
marize our core contributions:

* We propose SYNERRRL, a hybrid framework
that integrates sentence-level representations
from SLMs with internal representations from
LLMs through a lightweight residual fusion
layer, enabling efficient and context-aware
RRL without relying on prompting.

* We conduct a large-scale evaluation with five



SLMs and three LLMs across eight RRL
datasets spanning legal, medical, and scien-
tific domains, demonstrating consistent gains
and strong generalization.

* We complement the quantitative results with
expert analysis demonstrating SYNERRRL’s
ability to resolve rhetorically ambiguous cases
and improve interpretability in challenging
instances.

Reproducibility: We release our code under an

open-source license?.

2 Related Work

2.1 Small Language Models for RRL

SLMs such as BERT (Devlin et al., 2019) are
encoder-based models designed for efficient dis-
criminative modeling. Successor models, includ-
ing RoBERTa (Liu et al., 2019) and DeBERTa (He
et al., 2020), improve robustness through larger
pretraining corpora and refined training objectives.
In RRL, SLMs achieve strong performance at low
computational cost by leveraging hierarchical ar-
chitectures (Brack et al., 2022, 2024) and domain-
specific pretraining (T.y.s.s. et al., 2024; Belfathi
et al., 2025b). However, existing approaches re-
main limited in their ability to capture broader dis-
course structures and world knowledge. To the
best of our knowledge, no prior work has examined
how SLMs can benefit from the richer contextual
representations provided by LLMs.

2.2 Prompting-Based LLM Approaches to
RRL

LLMs such as GPT-4 (Achiam et al., 2023),
LLaMA-3 (Dubey et al., 2024), and Qwen-3 (Yang
et al., 2025) demonstrate strong generative and rea-
soning capabilities, including in zero-shot and few-
shot settings (Zhao et al., 2025). Their ability to
generalize across domains has motivated their ap-
plication to RRL. Belfathi et al. (2023); Lan et al.
(2024) reformulate RRL as a prompting-based gen-
eration task, often relying on multi-step reason-
ing or explanation-driven outputs. While these ap-
proaches highlight the expressive power of LLMs,
they incur high computational costs and exhibit
unstable predictions on fine-grained labels. In con-
trast, we explore how LLM contextual representa-
tions can be exploited without prompting, enabling

2https://anonymous.4open.science/r/
syner-rrl-framework-7FF8

a more efficient and reliable integration with SLM-
based classifiers.

2.3 Complementarity Between SLMs and
LLMs

Outside RRL, SLMs have been shown to improve
the robustness of LLM-based systems. Zhao et al.
(2023) calibrate outputs using BERT to mitigate
hallucinations by aligning model confidence with
factual correctness, while Azaria and Mitchell
(2023) employ BERT-based classifiers to verify
the factual consistency of generated statements.
In evaluation contexts, SLMs also provide sta-
ble semantic similarity measures, as illustrated by
BERTScore (Manakul et al., 2023). Taken together,
these studies indicate that SLMs contribute pre-
cise discriminative information that complements
the generative capabilities of LLMs. However, no
prior work has unified these complementary prop-
erties within a single framework for RRL. This gap
motivates SYNERRRL, which integrates represen-
tations from both model families.

3 SYNERRRL: A Hybrid Framework for
Rhetorical Role Labeling

This section begins by defining the RRL task
(§ 3.1). We then describe the vanilla fine-tuning
paradigm used as a baseline (§ 3.2). Finally, we
introduce SYNERRRL, our proposed hybrid frame-
work (§ 3.3), which combines sentence represen-
tations from a SLM and LLM through a dual-path
architecture and a residual fusion mechanism, as
illustrated in Figure 1.

3.1 Task Definition

RRL assigns a rhetorical function (e.g., ARGU-
MENT, ANALYSIS) to each sentence in a document,
capturing its role in the discourse structure. For-
mally, let a document be represented as a sequence
of sentences x = {z1,...,x,,}. The task con-
sists of predicting a corresponding sequence of
rhetorical role labels y = {y1,...,Ym}, where
each y; € ) denotes the rhetorical role assigned to
sentence x;, and Y is a predefined label set.

3.2 Vanilla Fine-Tuning

As a baseline, we adopt the standard fine-tuning
paradigm for sentence-level classification with
encoder-based SLMs such as BERT. Each sen-
tence is encoded independently, and the resulting
sentence representation is fed into a lightweight
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Figure 1: Comparison between standard vanilla fine-tuning and SynerRRL, which integrates SLM and LLM

representations at the sentence level without prompting.

classifier to predict its rhetorical role. This ap-
proach serves as a strong and widely used baseline
for RRL, reflecting the dominant practice in prior
work on sentence-level and hierarchical classifica-
tion (Wang and Yu, 2023; Chang et al., 2023).

3.3 Synergizing Small and Large Language
Models

Motivation and Design Rationale. RRL re-
quires accurate sentence-level semantics together
with an understanding of discourse structure (Brack
et al., 2022). Encoder-based models efficiently cap-
ture sentence representations but lack broad domain
knowledge, whereas autoregressive models capture
this knowledge (Shen et al., 2025) but are costly
and unstable for classification. To bridge this gap,
we introduce SYNERRRL, a hybrid framework in
which an encoder serves as the primary sentence
model, while complementary contextual informa-
tion is extracted from a autoregressive model with-
out relying on prompting or generation.

Dual-Path Architecture. As shown in Figure 1,
SYNERRRL processes each input sentence through
two parallel pathways. In the SLM pathway, an
encoder such as BERT produces contextualized to-
ken representations, from which the [CLS] vector
hspm is used as the sentence representation. In
parallel, the LLM pathway encodes the same sen-
tence using an autoregressive LLM. No prompting
or text generation is performed. Instead, a sentence

representation hy 1\ is extracted from the final hid-
den state of the last token, which has been shown to
capture contextual information (Wang et al., 2023).
To limit computational costs, the LLM remains
frozen and only a small set of LoORA parameters is
trained (Dettmers et al., 2023).

Residual Representation Fusion. After ob-
taining sentence-level representations from both
pathways, SYNERRRL combines them using a
lightweight residual fusion mechanism. The LLM
representation is projected into the SLM space and
added as a residual signal to the SLM embedding.
Formally, the fused representation is computed as:

hy = hsim + Whiim,

where W is a learnable projection. This residual
design preserves the discriminative capacity of the
SLM while injecting complementary information
from the LLM. Compared to concatenation, it in-
troduces fewer parameters, reduces overfitting, and
maintains training stability (Shan et al., 2025).

Joint Training Objective. The parameters of the
SLM and the LoRA adapters in the LLM are trained
jointly. The fused representation h is fed to a clas-
sification head to predict the rhetorical role label
for each sentence. Training follows the standard
cross-entropy objective applied to the gold labels.



4 Experimental Setup

We evaluate SYNERRRL across legal, medical, and
scientific domains to assess robustness to diverse
discourse structures and annotation schemes. We
use the original dataset splits.

4.1 Evaluation Datasets

Legal Domain. Our experiments cover five le-
gal corpora that differ in jurisdiction, structure,
and annotation schemes. SCOTUS-LAW (Lavis-
siere and Bonnard, 2024) comprises U.S. Supreme
Court decisions annotated with rhetorical roles at
multiple levels of granularity. It is divided into
three task-specific subsets: SCOTUS category» cap-
turing high-level discursive organization; SCO-
TUSRy, focusing on rhetorical functions that re-
flect communicative intent; and SCOTUSggeps,
which integrates both dimensions with additional
attributes describing fine-grained reasoning steps.
LEGALEVAL (Kalamkar et al., 2022) includes
judgments from Indian courts at multiple sources
(Supreme, High, and District), annotated with thir-
teen rhetorical roles and commonly used as a bench-
mark for sentence-level classification. DEEPR-
HOLE (Bhattacharya et al., 2023) also consists of
Indian Supreme Court judgments and employs an
annotation scheme with seven rhetorical roles.

Medical Domain. We evaluate our approach on
two medical discourse datasets. PUBMED (Der-
noncourt and Lee, 2017) consists of structured med-
ical abstracts from randomized controlled trials,
where sentences are automatically categorized by
authors into five rhetorical roles. BIORC (Lan
et al., 2024), in contrast, is a manually annotated
corpus of medical research abstracts designed for
sequential sentence classification, extending the
same label schema with an additional class Other.

Scientific Domain. We evaluate our frame-
work on a scientific discourse dataset. CS-
ABSTRACTS (Gongalves et al., 2020) consists of
abstracts from computer science publications, an-
notated via crowdsourcing following the same five
rhetorical roles as in PUBMED.

Dataset statistics are reported in Appendix A.

4.2 Models and Implementation Details

We evaluate SYNERRRL on a set of vanilla
fine-tuned SLM encoders covering different effi-
ciency—capacity trade-offs: BERT (Devlin et al.,
2019), RoBERTa (Liu et al., 2019), DeBERTa (He

LEGALEVAL DEEPRHOLE CS-ABSTRACTS

mF1  wFl mFl wFl mFl wF1

Mistral-7BPrompting 2337 3176 2097 21.55 5670 6331
Llama-3-8BPrompting 378 3441 23.08 2273 36.65 44.64
Qwen3-§BPrompting 1742 19.15 11.73 11.89 829 16.60

Mistral-7BRep 60.83 7320 4574 52.22 6297 70.89
Llama-3-8BReP 61.62 7440 4578 52.04 61.74  70.62
Qwen3-8BRe? 58.92 7211 3242 3791 56.73  66.11

Table 1: Comparison between state-of-the-art LLM-
based RRL prompting strategies (Belfathi et al., 2023;
Lan et al., 2024) and our representation-level fine-tuned
LLMs without prompting.

et al., 2020), DistilBERT (Sanh et al., 2019), and
ALBERT (Lan et al., 2019). This setup assesses
whether the proposed approach consistently im-
proves over strong baselines while remaining effec-
tive for both compact and higher-capacity encoders.
Within SYNERRRL, we incorporate contex-
tual representation knowledge from autoregressive
LLMs drawn from three recent model families:
Qwen-3-8B (Yang et al., 2025), Mistral-7B (Jiang
et al., 2023), and LLaMA-3-8B (Dubey et al.,
2024). We focus on the 7B-8B scale as a prac-
tical trade-off between representational capacity
and efficiency. To enable efficient adaptation, we
employ QLoRA (Dettmers et al., 2023), which in-
troduces low-rank adapters while keeping the base
model weights frozen.
All models are trained for five epochs with a learn-
ing rate of 5 x 1077 and a batch size of 32, using
the Adam optimizer (Kingma and Ba, 2014).

5 Results & Analysis

In this section, we report the performance of SYN-
ERRRL in comparison with standard fine-tuning of
encoder-based SLMs and against SOTA prompting-
based RRL strategies.

5.1 Overall & Fine-grained Performance

1. Why should LLMs represent rather than gen-
erate for RRL? Prompting has been explored as a
way to adapt LLMs to RRL by reformulating the
task as text generation. However, Table 1 shows
that state-of-the-art prompting performs substan-
tially worse than our representation-level fine-tuned
LLM, achieving a maximum mF1 of 36.65% on
CS-Abstracts. This trend is consistent with find-
ings from broader text classification benchmarks,
where prompting is reported as the weakest LLM-
based approach (Zhang et al., 2025). This sys-
tematic underperformance indicates that prompt-
ing misaligns the generative nature of LLMs
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verage
SCOTUSCategory SCOTUSRE SCOTUSsteps LEGALEVAL DEEPRHOLE PUBMED BIoRC CS-ABSTRACTS
mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1
ALBERT s 80.11  82.87  66.06 71.88 4726 5673 5421 6434 4462 4995 7948 8514 79.80 8127 6211  69.66 6421  70.23
+ SynerRRL (Mistral-7B £4) 8229" 84.96° 70.10" 75.82" 51.74" 64557 63.99" 7248" 47.85" 53777 81.08" 86347 8803" 87.12" 6584" 7276" 6887 7472
+ SynerRRL (Llama-3-8B ) 83.56" 85.88° 71.83" 77.66" 54.17" 6570 62.00" 73.94" 48.69° 55.03" 82107 87.41" 88.78° 88.64' 67.80" 741" 69.87° 76.04'
+SynerRRL (Qwen3-8B %7 )  84.74' 86.59" 7044" 7730° 55.24" 6518 61.170 73.55" 48810 5587' 81770 87.33" 88.80° 8834" 63.87° 7259" 6935 7584
BERThu 81.82 8390 68.66 7351 4875 60.65 5660 67.10 4624 5150 80.07 8575 8449 8456 6170 6970  66.04 72.08
+SynerRRL (Mistral-7B i) 82.89" 8593" 6871 77.11" 53617 65100 58.52" 71.78" 47.02 5296 81.07° 86.13" 88.84" 88317 6248 70.18 67.89" 74.69'
+ SynerRRL (Llama-3-8B @) 8337" 86.14" 70.57" 77.52" 54.89" 65.70" 61.74° 73.75" 4655 5422" 8217° 8745" 89.147 88.92" 66.30° 72.89" 69.34" 75.82°
+SynerRRL (Qwen3-8B %% )  84.57' 87.33' 6945 77.75" 58.29" 6715 59.86° 7343" 48.01° 5533" 81.83° 87.30' 89.54" 8898 6696 73.68° 69.81" 76.37
DeBERTapase 81.64 8412  67.16 7429 5145 6208 5791 7097 . 5157 8021 8570 8499 8456 6345 6926 6629  72.82
+SynerRRL (Mistral-7B £i) 8345" 8507 6874 7678 5211 64.01" 60.79" 71.83 ! 5310 8056 8599 8650 86.99' 6425 7239" 67.88" 7452
+SynerRRL (Llama-3-8B 0) 84.18" 8569 71.14" 77.29' 5524" 65.58' 6041" 7339 % 5505 82.44" 87.54° 89.37° 89.26' 6579" 73.52' 69.42" 7591
+SynerRRL (Qwen3-8B %)  83.74" 86.20° 71.60" 77.66° 55927 66.16° 60.037 73.64" 46.55" 54.60" 82.157 8747° 88.83° 8848" 65577 73.68' 69.30° 75.997
DistilBER T pase 80.83 8334 6581 7295 4844  60.06 5598 6649 4342 5061 79.68 8535 8415 8391 6103 6889 6492 7145
+SynerRRL (Mistral-7B i) 84.53" 86.38" 70.66" 76.70° 55.20" 6577 622" 7257 4520 5285 81577 86.71" 87.19° 87.09" 65.17° 72.32"  69.03" 75.05°
+ SynerRRL (Llama-3-88 ) 84.18" 8636° 71.18" 77727 5445" 66.10° 61.00" 74417 46.79° 54.32" 82307 87.51" 89.02° 88.66" 67200 73.59" 69.51" 76.08
+SynerRRL (Qwen3-8B %% )  84.13" 86.92" 7212" 78.16" 56257 66557 60.90° 73.53" 46.15" 53.84" 82047 8744" 89.86° 88.90" 64657 72727 69517 76.01
ROBERT s 80.38 8342  69.09 7549 5140 6238 5674 7030 4620 5279  80.66 8608 8434 8439 6721 7352 67.00 7355
+SynerRRL (Mistral-7B £i) 8427' 8683 7030 7646 50.80 63.56 5891 7226 4716 5377 8105 8637 8829' 87.71' 6367 7116 68.06° 7477
+SynerRRL (Llama-3-8B ) 8354 8642 72.20" 77617 54.97" 66.67° 63.90" 74.44" 4836 55307 8244° 87.63" 89.22" 89.00' 67.03 7365 7021" 76.34
+SynerRRL (Qwen3-8B %%)  83.69' 86.84' 7074 78.26' 5570" 65.78' 59.35" 73.59° 4771 54690 82.59" 87.87' 89.32" 88790 658 72.64 69.37° 76.06'

Table 2: Performance of SYNERRRL and baseline models across eight RRL benchmarks. Baselines refer to
encoder-based SLMs fine-tuned for sentence-level classification, and “+ SYNERRRL” denotes the application of
the proposed hybrid framework. Results are reported in terms of Macro-F1 and Weighted-F1 scores, averaged over
three runs. * indicates statistically significant improvements over the corresponding baselines (p < 0.05).

with the discriminative demands of classifica-
tion. Thus, the issue is not the absence of useful
inductive knowledge in LLMs but the inefficiency
of accessing it through generation. This motivates
reframing their role in RRL: instead of asking
LLMs to decide, we ask them to represent.

Takeaway 1. Prompting misaligns LLMs with
classification. SYNERRRL instead bypasses gen-
eration and leverages LLLM representations, en-
abling SLMs to classify reliably.

2. Does SYNERRRL yield consistent gains
over SLM baselines across RRL benchmarks?
Table 2 shows that SYNERRRL improves every
SLM baseline across all eight benchmarks. Aver-
aged across datasets, the framework yields gains of
5.14 mF1 pts for ALBERT, with comparable im-
provements observed for the other encoder models.
These gains reflect not only enhanced fine-grained
label discrimination but also greater prediction sta-
bility, as confirmed by our per-label analysis (Ta-
ble 3). Improvements are particularly pronounced
on fine-grained legal datasets. On SCOTUSsteps (35
labels), SYNERRRL substantially boosts models
that otherwise struggle with subtle rhetorical dis-
tinctions. Most gains are statistically significant,
indicating that LL.M-derived representations reli-
ably enrich SLM embeddings and generalize con-
sistently across architectures.

Takeaway 2. SYNERRRL yields consistent,
statistically significant improvements across all
SLMs, with the largest gains on legal tasks.

3. How sensitive is SYNERRRL to the choice

of LLM? SYNERRRL remains effective regardless

Rhetorical Function % Baseline +SynerRRL A
Accepting arguments/a reasoning 0.4 70.00 80.00 110.00
Announcing 1.3 76.92 86.15 19.23
Citing 24 90.09 92.59 12.50
Describing 36 3599 49.09 113.10
Evaluating the impact of the decision 0.2 0.00 0.00 0.00
Giving instructions to competent courts 0.4 56.00 64.00 1 8.00
Giving the holding of the Court 29 80.30 86.36 16.06
Granting certiorari 0.7 100.00 100.00 0.00
Presenting jurisdiction 18.8 74.87 82.93 1 8.06
Quoting 245  98.12 98.37 10.24
Recalling 308 6448 71.57 117.09
Rejecting arguments/a reasoning 1.9 58.49 64.58 16.09
Stating the Court’s reasoning 12.1 53.56 58.13 14.57
Macro-F1 66.06 71.83 15.77

Table 3: Role-wise F1 scores on SCOTUSge comparing
the ALBERT baseline with SYNERRRL (Llama-3-8B).
The % column indicates the proportion of each rhetori-
cal function in the corpus.

of which LLM provides the contextual represen-
tations. Although the magnitude of gains varies
slightly, all three models—M istral-7B, Llama-3-
8B, and Qwen3-8B—consistently improve perfor-
mance across datasets and SLM architectures. Cer-
tain LLMs perform better on specific domains (e.g.,
Qwen on legal tasks, Mistral on medical ones), but
the overall improvement pattern remains stable.

Takeaway 3. SYNERRRL is effectively LLM-
agnostic: all tested LL.Ms yield consistent gains
driven by generalizable contextual signals.

4. Does SYNERRRL generalize across legal,
medical, and scientific domains? SYNERRRL
improves performance across all three domains de-
spite their distinct discourse structures. In the legal
domain, gains remain substantial across datasets
and SLMs, reflecting the framework’s ability to
capture complex argumentative and hierarchical
structures. In medical and scientific abstracts,



Test Dataset

Train Dataset Model PUBMED BIORC CS-ABSTRACTS
BERThue 7962 6345 36.63
8542 7991 4224
PUBMED SynerRRL 8174 6265 4424
(Llama-3-8B) 87.18 8031 50.63
BERTyu 77.63 85.27 65.09
8320 8520 73.37
BIORC SynerRRL 78.92 88.77 69.08
(Llama-3-8B) 8500  88.10 76.53
BERTyue 56.01 5735 6171
5867  68.99 6791
CS-ABSTRACTS  guperRRL 63.05 6749 67.30
(Llama-3-8B) 67.03 8057 74.10

Table 4: Experimental results of SYNERRRL under
domain shift, as all datasets follow the same rhetorical
scheme.. We report Macro-F1 in the upper row and
Weighted-F1 in the lower row of each cell.

SCOTUSgr LEGALEVAL CS-ABSTRACTS

mF1 wFl  mFl wF1 mFl wF1
BERT},5¢ 68.66 7351 566 67.1 617 69.7
BERT)arge 68.76  73.87 55.19 67.69 59.53  67.77
SynerRRL (Random) 66.53 7243 57.06 66.81 6252 7032

SynerRRL (Llama-3-8B) 70.57 77.52 61.74 7375 66.3 72.89

Table 5: Assessing whether performance gains arise
from LLM knowledge rather than parameter scaling.
We compare BERT}5¢, BERT g, @ random-initialized
variant of SYNERRRL, and its Llama-3-8B version.

where discourse tends to be more standardized and
structurally constrained, SYNERRRL still delivers
strong improvements, indicating that LLM-derived
contextual signals effectively complement domain-
specific writing patterns.

Takeaway 4. SYNERRRL generalizes across spe-
cialized datasets, indicating that LLM-based con-
textual cues transfer well across varied discourse
structures.

5.2 Generalizability of SYNERRRL under
Domain Shift

LLMs are pre-trained on broader and more diverse
corpora than SLMs, so integrating their represen-
tations through SYNERRRL should enhance gen-
eralizability under domain shift. We evaluate this
using three datasets that share the same rhetori-
cal labeling scheme but differ in discourse style
and subdomain: PubMed and BioRC (medical) and
CS-Abstracts (scientific). For each dataset, we
train a vanilla BERT and its SYNERRRL coun-
terpart and evaluate both models across all three
test sets. As shown in Table 4, SYNERRRL con-
sistently improves robustness under domain shift.
It systematically outperforms vanilla BERT when
transferring between medical and scientific do-
mains, indicating stronger cross-domain transfer of
rhetorical-role representations.

SCOTUSgr
mFl wFl mFl wFl mFl wFl

BERTase 68.66 73.51 566 67.1 4624 515
SynerRRL (Qwen3-0.6B) 67.78 73.38 60.42 71.85 45.78 51.41
SynerRRL (Qwen3-1.7B) 69.19 76.33 59.02 7191 4546 51.12
SynerRRL (Qwen3-8B) 6945 7775 59.86 73.43 48.01 5533

LEGALEVAL  DEEPRHOLE

Table 6: Experimental results of SYNERRRL using
different LLM sizes from the same model family, com-
paring the 0.6B, 1.7B, and 8B versions of Qwen3.

Takeaway 5. SYNERRRL enhances cross-
domain generalization, reinforcing its value in
settings where training and deployment domains
differ.

5.3 Probing the Role of Intrinsic LLM
Knowledge in SYNERRRL

To assess whether SYNERRRL’s gains stem from
intrinsic LLM knowledge rather than increased
parameter count, we compare it against two con-
trols (Table 5): a larger encoder (BERT yrge) and
a variant of SYNERRRL whose LLM branch is
randomly initialized. The larger encoder shows
only marginal differences relative to its base model,
indicating that scaling the encoder alone does not
meaningfully improve rhetorical-role classification.
Similarly, the random-initialized variant performs
on par with these baselines, demonstrating that ar-
chitectural augmentation without pretrained LLM
signal offers little benefit.

Takeaway 6. SYNERRRL’s improvements de-
rive from leveraging pretrained LLM knowledge

rather than parameter scaling, underscoring the

value of contextual representations in rhetorical-
role classification.

5.4 Impact of LLM Size on SYNERRRL

Modern LLMs are released in multiple parameter
scales, raising the question of how model capacity
affects SYNERRRL. To investigate this, we eval-
uate three Qwen3 variants—O0.6B, 1.7B, and 8B
parameters—as representation sources within the
framework. As shown in Table 6, integrating LLM
representations of any size improves performance
in most cases over the baseline SLM, indicating
that SYNERRRL benefits from contextual signals
irrespective of scale. However, the largest gains are
obtained with the 8B model, which outperforms
the smaller variants across all evaluated datasets.
Takeaway 7. SYNERRRL benefits from LLM
representations at all scales, with larger models
providing stronger contextual signals and yielding
consistently higher gains.



SCOTUSgr
mFl wF1 mFl wFl mFl wFl

DEEPRHOLE PUBMED

BERT)5¢ 68.66 73.51 4624 51.5 80.07 85.75
SynerRRL (Mistral-7B) 68.71 77.11 47.02 5296 81.07 86.13
SynerRRL (Saul-7B) 68.66 73.89 50.40 54.33 - -

SynerRRL (BioMistral-7B) - 80.94 86.03

Table 7: Evaluating the impact of domain-specialized
LLMs in SYNERRRL, comparing legal (Saul-7B) and
medical (BioMistral-7B) variants with the general
Mistral-7B model.

AGNEWS CoLA SST-2
mFl wFl mFl wFl mFl wFl
BERT) a4 92.81 92.81 72.83 77.03 91.04 91.05
SynerRRL (Mistral-7B)  94.38 94.38 72.89 78.15 89.67 89.67
SynerRRL (Llama-3-8B) 95.11 95.11 8329 8595 96.21 96.22
SynerRRL (Qwen3-8B)  95.21 95.21 84.15 86.57 97.13 97.13

Table 8: Evaluating SYNERRRL on generalist sentence
classification datasets.

5.5 Impact of Domain-Specialized LLMs in
SYNERRRL

Table 7 assesses whether domain-specialized LLMs
(Saul-7B (Colombo et al., 2024) for legal text and
BioMistral-7B (Labrak et al., 2024) for biomedical
text) provide additional benefits over the general-
purpose Mistral-7B. While all LLM variants im-
prove over the BERT baseline, the specialized mod-
els do not yield stronger signals than the general-
ist model within SYNERRRL. This aligns with
recent findings showing that domain-specific adap-
tation can induce catastrophic forgetting, reduc-
ing the breadth of contextual cues available for
downstream tasks (Ling et al., 2025). Overall, the
generalist Mistral-7B offers the most effective rep-
resentations for enhancing SLMs.

Takeaway 8. General-purpose LLMs provide

richer and more useful contextual signals for SYN-
ERRRL than domain-specialized variants.

5.6 Generalization to Generalist Classification
Benchmarks

Table 8 examines whether the benefits of
SYNERRRL extend beyond specialized RRL
datasets to generalist sentence classification bench-
marks, namely AGNEWS (Zhang et al., 2015),
CoLA (Warstadt et al., 2019), and SST-2 (Socher
et al., 2013). Across all tasks, integrating LLM-
derived representations consistently improves over
the BERT baseline, indicating that the proposed
framework is not restricted to domain-specific
rhetorical structures. Improvements are observed
for all LLM variants, with Qwen-3-8B achieving
the strongest overall performance.

Metric Value
Model size LLaMA-style, ~8B parameters (quantized)
Input length 128 tokens

Dataset size
Total tokens processed

28 000 instances
3.584M

3.50h
98% of total

Total training time
Effective compute time

GPU used 1 x 80GB-class GPU
Throughput (tokens/s) ~2289.8
Throughput (instances/s) ~2.26

Estimated total FLOPs 1.72 x 10'7 (0.172 EFLOPs)

Table 9: Compute and efficiency statistics for training
our SynerRRL model with an 8B LLaMA-style LLM.

BERThase SynerRRL (Llama-3-8B)

- ‘ | |
| |

|

20 40 60 80 100
Training data (%)

Weighted-F1

72 i—

Figure 2: Data-efficiency comparison of BERTy,. and
SynerRRL (Llama-3-8B).

5.7 Compute and Data Efficiency of
SYNERRRL

Table 9 summarizes the compute characteristics of
SYNERRRL with an 8B LLaMA-style LLM. Train-
ing remains efficient: the full model is optimized
in 3.5 hours on a single 0GB A100 GPU, and the
total compute cost remains modest relative to typi-
cal LLM fine-tuning workloads (Wang et al., 2025).
These results indicate that the proposed framework
introduces minimal overhead and is feasible on
standard research hardware.

Figure 2 evaluates data efficiency under vary-
ing training-set sizes.  Across all fractions
(20%-100%), SYNERRRL consistently outper-
forms BERTy,,s, maintaining higher weighted-F1
even in low-resource regimes. This shows that
LLM-derived contextual signals help the SLM gen-
eralize more effectively with less labeled data.
Takeaway 9. SYNERRRL is compute- and data-

efficient, delivering strong gains without heavy
resources or large training sets.

6 Expert Analysis

Following the experiments, we sought feedback
from a linguistic expert with expertise in legal dis-
course on the accuracy of model predictions on the
SCOTUSge dataset. To complement our quantitative
results, the expert evaluation focuses on two ques-
tions: (i) whether SYNERRRL better resolves am-



Input Excerpt Confused Role Pair

Gold Label  Baseline Prediction

SynerRRL Prediction  Error R Expert A

The warrantless search and seizure of  Recalling <> Stating the Recalling
the garbage bags left at the curb out- Court’s reasoning

side the Greenwood house would vio-

late the Fourth Amendment only if

respondents manifested a subjective ex-

pectation of privac...

And the confinement of gambling-loss  Describing <> Recalling
deductions to the amount of gambling

gains, a provision brought into the in-

come tax law as § 23(g) of the Revenue

Act of 1934 and carried forward in...

Recalling Describing

A. H. Bull S. S. Co. v. National Quoting > Recalling
Marine Engineers’ Beneficial Assn.,

250 F.2d (CA2 1957), the right to dis-

charge such supervisors because of their

involvement in union activities or union

membersh...

Recalling Quoting

Stating the Court’s reasoning ~ Recalling

20.71% This sentence is ambiguous because the
conditional formulation “would violate
... only if” reads like a fresh doctrinal
test, characteristic of Stating the Court’s
reasoning, yet in context it restates a rule
derived from prior precedent, which cor-
responds to Recalling.

Ambiguity arises because the sentence
both describes the content of a statu-
tory provision and situates it historically
(“brought into the income tax law as
§ 23(g)”), mixing neutral exposition typ-
ical of Describing with backward refer-
ence to enacted law, which aligns with
Recalling.

The difficulty here comes from the com-
pact case citation “A. H. Bull S. S. Co.
V. ... 250 F.2d (CA2 1957)", which vi-
sually resembles a pure quotation, while
the sentence function is to recall a prior
decision as part of the argumentative nar-
rative, i.e., Recalling.

Recalling 17.16%

Recalling 14.88%

Table 10: Expert evaluation of SynerRRL predictions on ambiguous rhetorical role pairs for SCOTUSge with BERT .
SynerRRL reduces errors by better resolving overlaps between semantically similar functions.

Model Annotation Difficulty (Likert Scale)

Quite easy Rather easy  Rather difficult  Quite difficult
BERThqse 72.61 53.64 55.31 5222
SynerRRL (Llama-3-8B) 84.00 58.96 78.51 66.67

Table 11: Macro-F1 of BERT},. and SYNERRRL
across annotation difficulty levels.

biguities between closely related rhetorical roles,
and (ii) whether its gains persist across sentences
of varying annotation difficulty.

6.1 Expert Assessment of Ambiguous
Rhetorical Role Pairs

To examine whether SYNERRRL better handles
fine-grained rhetorical distinctions, we asked the
expert to analyze cases where baseline BERT,q
confuses pairs of semantically similar roles—such
as RECALLING vS. STATING THE COURT’S REA-
SONING, or DESCRIBING vs. RECALLING. As
shown in Table 10, these sentences are genuinely
ambiguous, often blending descriptive exposition
with historical or doctrinal references. The ex-
pert confirmed that SYNERRRL correctly resolves
these ambiguities more often than the baseline, re-
ducing errors by capturing contextual cues that dis-
tinguish subtly overlapping functions.

6.2 Expert Assessment Across Annotation
Difficulty Levels

To assess whether SYNERRRL is particularly bene-
ficial for harder instances, we conducted an expert-
based analysis on the SCOTUSge dataset. An expert
annotated 2,480 sentence segments using a four-
point Likert scale reflecting annotation difficulty,
allowing performance comparison across difficulty
levels. As shown in Table 11, SYNERRRL consis-
tently outperforms BER Ty, at all difficulty levels,
with especially large gains on Rather difficult and

Quite difficult sentences. These results indicate
that LLM-injected contextual signals help handle
cases challenging even for trained annotators.
Takeaway 10. SYNERRRL improves predictions
on both ambiguous and difficult sentences, show-
ing that LLM-based contextual signals help SLMs
resolve subtle rhetorical distinctions that chal-
lenge even expert annotators.

7 Discussion & Conclusion

This work revisits the role of LLMs in RRL by
shifting the focus from generation to representation.
Rather than using LLMs as decision-making mod-
els, we show that their internal representations can
effectively enrich sentence-level classifiers, yield-
ing consistent gains across datasets and domains.

This representation-centric view reconciles prior
findings in the literature. While prompting-based
LLM approaches have been shown to be unsta-
ble and to underperform strong encoder baselines
in RRL (Belfathi et al., 2023; Lan et al., 2024),
encoder-based models exhibit more reliable dis-
criminative behavior (Zhang et al., 2025). Our re-
sults indicate that this discrepancy stems not from
a lack of useful knowledge in LLMs, but from a
mismatch between their generative objective and
the demands of fine-grained classification.

Overall, our findings suggest that progress in
RRL depends less on scaling model capacity than
on how contextual knowledge is integrated into
classification. Injecting LLLM-derived representa-
tions into sentence encoders provides a simple and
effective mechanism to stabilize predictions and
improve fine-grained role discrimination, with po-
tential applicability to other structured prediction
tasks under domain constraints.



8 Limitations

While SynerRRL offers consistent gains across
models and domains, several limitations should
be acknowledged to contextualize its contributions
and guide future work:

» The framework relies on sentence-level repre-
sentations. Although effective for RRL, this
granularity ignores finer rhetorical cues ex-
pressed at the clause or discourse-unit level.
Incorporating sub-sentential segmentation or
modeling inter-sentence rhetorical dependen-
cies may yield additional improvements.

» SynerRRL integrates LLLM representations but
does not explicitly control which layers, ab-
straction levels, or semantic dimensions con-
tribute most to the fused embedding. A deeper
analysis of representation selection could im-
prove interpretability and performance.

* All experiments were conducted on English
datasets. Applying SynerRRL to multilingual
RRL introduces challenges related to cross-
lingual alignment, variation in rhetorical con-
ventions, and the transferability of LLM rep-
resentations across languages.

9 Ethics Statement

We acknowledge that LLMs may encode societal,
cultural, or domain-specific biases, and integrat-
ing their representations into SLMs could trans-
fer or amplify such biases within RRL predictions.
Although our experiments did not reveal explicit
harmful patterns, SynerRRL still inherits the limi-
tations of the underlying pretrained models. Future
work should more thoroughly examine bias prop-
agation in representation-level fusion, evaluate its
downstream impact in legal and biomedical set-
tings, and develop mitigation strategies that ensure
fair and accountable use of hybrid SLM-LLM sys-
tems.
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Dataset Source Domain Language #Docs #Sents Labels
SCOTUScategory Lavissiere and Bonnard (2024)  Legal (U.S.) English 180 26,328 5
SCOTUSRr Lavissiere and Bonnard (2024)  Legal (U.S.) English 180 26,327 13
SCOTUSsteps Lavissiere and Bonnard (2024)  Legal (U.S.) English 180 26,327 35
LEGALEVAL Kalamkar et al. (2022) Legal (India) English 214 31,865 13
DEEPRHOLE Bhattacharya et al. (2023) Legal (India) English 50 9,380 7
PubMed Dernoncourt and Lee (2017) Medical English 20,000 227,000 5
BIoRC Lan et al. (2024) Medical English 800 7911 6
CS-ABSTRACTS Gongalves et al. (2020) Scientific English 654 7,385 5

Table 12: Evaluation datasets used in our experiments.

A Dataset Details

We evaluate our SYNERRRL framework on eight
RRL benchmarks spanning the legal, medical, and
scientific domains. We use the original dataset
splits. Dataset statistics are reported in Table 12.

SCOTUS-LAW (Lavissiere and Bonnard, 2024) is
a corpus of U.S. Supreme Court (SCOTUS) deci-
sions collected from CourtListener. It annotated at
the sentence level using a hierarchical annotation
scheme with three levels of granularity. It includes
three subsets: SCOTUS cagegory (5 labels) captur-
ing high-level discourse structure, SCOTUSRgp
(13 labels) focusing on rhetorical functions, and
SCOTUSg¢eps (35 labels), which combines cate-
gories and rhetorical functions with optional fine-
grained reasoning attributes (type, author, target).

LegalEval (Kalamkar et al., 2022) consists of judg-
ments from the Indian Supreme Court, High Courts,
and District Courts. It provides public training and
validation splits with 214 documents, respectively,
totaling 31,865 sentences (an average of 115 per
document), annotated with 13 rhetorical role labels.

DeepRhole (Bhattacharya et al., 2023) includes 50
judgments from the Indian Supreme Court across
five legal domains, annotated with 7 rhetorical roles.
It comprises 9,380 sentences (an average of 188
sentences per document).

PubMed (Dernoncourt and Lee, 2017) contains
20,000 structured medical abstracts from random-
ized controlled trials. Sentences are automatically
labeled by the authors into five rhetorical roles:
Background, Objective, Methods, Results, and Con-
clusions.

BIORC (Lan et al., 2024) is a manually annotated
biomedical abstract corpus designed for sequential
sentence classification. It contains 800 PubMed
abstracts (700 unstructured and 100 structured),
totaling 7,911 sentences, with an average of ap-
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proximately 9.9 sentences per abstract. Sentences
are annotated at the sentence level using a multi-
label schema with six rhetorical roles: Background,
Objective, Methods, Results, Conclusions, and an
additional Other class for sentences that do not fit
standard rhetorical categories.

CS-Abstracts (Gongalves et al., 2020) includes
654 abstracts from the computer science literature,
annotated via crowdsourcing into the same five
rhetorical roles as PubMed. It is currently the most
recent dataset for rhetorical structure classification
in the scientific domain.
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