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Abstract

Generating long, coherent text remains a challenge for large
language models (LLMs), as they lack hierarchical planning
and structured organization in discourse generation. We intro-
duce Structural Alignment, a novel method that aligns LLMs
with human-like discourse structures to enhance long-form
text generation. By integrating linguistically grounded dis-
course frameworks into reinforcement learning, our approach
guides models to produce coherent and well-organized out-
puts. We employ a dense reward scheme within a Proxi-
mal Policy Optimization framework, assigning fine-grained,
token-level rewards based on the discourse distinctiveness
relative to human writing. Two complementary reward mod-
els are evaluated: the first improves readability by scoring
surface-level textual features to provide explicit structur-
ing, while the second reinforces deeper coherence and rhetor-
ical sophistication by analyzing global discourse patterns
through hierarchical discourse motifs, outperforming both
standard and RLHF-enhanced models in tasks such as essay
generation and long-document summarization.

Code — https://github.com/minnesotanlp/StructAlign
Datasets — https://huggingface.co/datasets/zaemyung/

writing prompts collection
Extended version — https://arxiv.org/abs/2504.03622

1 Introduction
The rapid advances in large language models (LLMs) have
sparked significant interest in aligning these models with de-
sired behaviors and outputs (Casper et al. 2023; Kaufmann
et al. 2024). While alignment techniques, such as Rein-
forcement Learning from Human Feedback (RLHF) (Chris-
tiano et al. 2017; Ouyang et al. 2022), have effectively im-
proved the “helpfulness” and “harmlessness” of generated
text, most such work focuses on what humans prefer, rather
than how humans structure an eloquent and coherent dis-
course.

Human writers naturally employ established text struc-
tures such as problem-solution, cause-effect, or descriptive
schemes (Meyer 1975), to maintain local coherence and

*Work done during internship at Amazon.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Structural alignment extends conventional LLM
alignment by incorporating well-defined textual and
discourse-level structures, guiding models toward more co-
herent and human-like text generation.

logical flow. Theoretical frameworks (Mann and Thompson
1987) further illuminate how arguments, explanations, and
narratives link together to ensure global consistency. Incor-
porating these structural principles into LLM training could
enhance text generation, enabling models to produce more
human-like, coherent discourse and better align with human
writing conventions.

To this end, we introduce structural alignment, a novel
alignment objective that extends beyond aligning models
with human values to incorporating linguistically-driven
document structures. We explore two avenues of research.
First, we align LLMs with established surface-level text
structures (cf. Figure 1) by leveraging an external LLM
to guide or evaluate generation within a Proximal Policy
Optimization (PPO) framework (Schulman et al. 2017) un-
der a Reinforcement Learning from AI Feedback (RLAIF)
paradigm (Bai et al. 2022).
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Second, we parse documents using the RST discourse
framework to construct hierarchical discourse trees and de-
rive discourse motifs–characteristic substructures that high-
light patterns distinguishing human-authored from LLM-
generated texts. By integrating an authorship classifier that
leverages these motifs to discriminate between human and
AI texts, we obtain a (soft) binary label serving as a reward
in the PPO framework, effectively guiding the generation
process toward more structurally coherent and human-like
discourse.

A key motivation for structural alignment lies in long-
form text generation, where ensuring logical progression
and thematic consistency poses major challenges. Although
existing alignment efforts optimize user preferences, they
often overlook the “rhetorical scaffolding” essential for a
comprehensive and logically consistent composition (Mann
and Taboada 2006). In contrast, structural alignment focuses
on organizing content according to recognized discourse re-
lations, thereby facilitating continuity and depth over ex-
tended passages. This emphasis proves particularly bene-
ficial for longer texts—such as multi-paragraph essays or
creative narratives—where abrupt topic shifts, undergener-
ation, or superficial cohesion can profoundly affect the over-
all reading experience (Mirowski et al. 2023). To enhance
stability in long-form generation, we introduce a dense re-
ward scheme for PPO that allocates rewards to words based
on their relative distinctiveness in human-written and LLM-
generated text. Our contributions are as follows:
1. Introduce a novel alignment framework by systemat-

ically incorporating linguistically grounded structures
into the alignment process, enabling LLMs to generate
more well-structured, logically consistent text.

2. Propose a dense reward scheme based on linguistic struc-
tures to enhance the stability of RLHF training, particu-
larly for long-form generation (more than 1,000 tokens).

3. Both quantitative and qualitative evaluations show that
structurally aligned LLMs generate discourse structures
that more closely mirror human writing, leading to essays
with improved clarity, coherence, and overall quality.

2 Related Work
2.1 Aligning Large Language Models
Various alignment frameworks have emerged recently, such
as reinforcement learning from human feedback (RLHF)
(Christiano et al. 2017; Ouyang et al. 2022) or from AI
Feedback (RLAIF) (Bai et al. 2022; Ankner et al. 2024; Ye
et al. 2025), using different optimization techniques such
as Direct Preference Optimization (DPO) (Rafailov et al.
2023), Group Relative Policy Optimization (GRPO) (Shao
et al. 2024), among others. Inspired by RLAIF that leverages
LLM judges as reward models (RMs) (Ankner et al. 2024;
Ye et al. 2025), we adopt a similar approach by utilizing an
off-the-shelf LLM as the RM, eliminating the need for addi-
tional fine-tuning. Although these alignment techniques dif-
fer in their underlying mechanisms, their primary objective
remains very similar: shaping model outputs to align with
user preferences, social norms, and ethical constraints, en-
suring they are perceived as appropriate and acceptable by

humans. In contrast, our work proposes an alternative align-
ment objective—training LLMs to generate text with well-
structured, human-like discourse. Our concept of structural
alignment defines an alignment goal rather than prescrib-
ing a specific training technique, allowing for flexible im-
plementation across different learning paradigms.

2.2 Challenges in Long-Form Text Generation
Recent advances in memory-efficient architectures (Hu et al.
2022; Dao 2024) and extended context handling (Press,
Smith, and Lewis 2022; Su et al. 2024) have improved
LLMs’ ability to process long-form inputs. However, pro-
ducing high-quality long-form text remains challenging
(Deng, Kuleshov, and Rush 2022; Mirowski et al. 2023),
due to the scarcity of large-scale human-annotated datasets
(Köksal et al. 2024), the inherent subjectivity of extended
text evaluation (Tan et al. 2024; Wu et al. 2025), and the
complexities of RL-based alignment (Greenberg and Man-
nor 2021).

To mitigate the dataset gap, we leverage linguistically
grounded discourse structures and LLM-based evaluation,
building on the premise that verifying the correctness of
long-form text is easier than generating it (Zhang et al.
2024). Prior work has addressed RL training instability by
employing dense reward shaping (Cao et al. 2024; Chan
et al. 2024). In a similar vein, we introduce a discourse-
aware dense reward scheme (§3.2) that assigns rewards
based on the structural alignment of generated text with
human-like discourse patterns (Kim et al. 2024), precom-
puted from a large corpus.

2.3 Structural Organization in Texts
Text structures—such as problem-solution, cause-effect,
comparison-contrast, and description—are foundational in
shaping coherent, reader-friendly discourse (Meyer 1975).
They guide the flow of information, highlight relation-
ships between ideas, and ensure logical progression. Mean-
while, hierarchical frameworks like Rhetorical Structure
Theory (RST) (Mann and Thompson 1987) and Segmented
Discourse Representation Theory (SDRT) (Lascarides and
Asher 2007) add deeper layers of structure by explicitly
defining the roles and connections among discourse seg-
ments.

In this work, we adopt RST (Mann and Thompson 1987)
to define a hierarchical discourse tree, wherein Elementary
Discourse Units (EDUs) represent basic phrases, and higher-
level nodes merge these units into increasingly complex
structures. Each connection (edge) carries a discourse label,
such as elaboration, and contrast, revealing how ideas fit to-
gether. Crucially, these labeled nodes indicate the text’s main
ideas (nuclei) and supporting details (satellites), illustrating
the text’s overall rhetorical organization. Such higher-level
structures function as meta-level signals that convey speaker
intent, pragmatic cues, and rhetorical strategies (Haugh and
Jaszczolt 2012; Degen 2023). By aligning LLMs with these
discourse structures, we enable them to maintain thematic
continuity, manage contextual shifts, and generate text that
is more consistent, context-sensitive, and human-like.
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Figure 2: An illustration of our approach to structural alignment. We explore two types of reward modeling: (1) scoring surface-
level text structures, and (2) scoring human-like discourse via authorship classifier. Components highlighted in blue remain
frozen during RL training, while those in orange are trained.

3 Structural Alignment

The goal of structural alignment is to enable LLMs generate
more logically coherent and human-like text. We emphasize
that we are introducing a new alignment “task,” not a new al-
gorithm, as methods like DPO or GRPO can be readily inte-
grated into our framework. In this study, we achieve this ob-
jective through the RLAIF approach within the PPO frame-
work (§3.1, §3.2), exploring two research avenues: (1) em-
ploying an evaluator LLM to score surface-level text struc-
tures (§3.2), and (2) evaluating human-like discourse via
an authorship classifier grounded in hierarchical discourse
motifs (§3.2). Additionally, we propose a reward-shaping
scheme that leverages dense discourse motifs to enhance
training stability (§3.2).

3.1 Preliminaries for RLAIF

Reinforcement Learning from AI Feedback (RLAIF) ex-
tends the paradigm of using human feedback by employing
AI systems to provide evaluative signals for training a pol-
icy model (Bai et al. 2022). Under the Proximal Policy Op-
timization (PPO) framework (Schulman et al. 2017), RLAIF
optimizes a policy πθ(at|st), parameterized by θ, to produce
actions at (such as generated stories) given states st (such as
writing prompts). The AI-generated feedback is translated
into scalar reward signals rt that quantify the quality of the
actions.

The optimization objective in PPO is designed to maxi-
mize expected rewards while ensuring that policy updates
are stable and do not deviate excessively from the previous
policy. This is achieved by maximizing a clipped surrogate
objective function:

LPPO(θ) = Et

[
min

(
rt(θ)Ât,

clip (rt(θ), 1− ϵ, 1 + ϵ) Ât

)] (1)

where rt(θ) =
πθ(at|st)
πθold (at|st) represents the probability ratio

between the new and old policies, and ϵ is a hyperparameter
that limits the extent of policy updates. The advantage func-
tion Ât estimates the relative benefit of an action compared
to the average, and can be computed as:

Ât = rt + γVθold(st+1)− Vθold(st) (2)

with Vθold(st) being the value function of the old policy
and γ the discount factor. By iteratively performing gradient
descent on LPPO(θ), the policy parameters θ are updated to
maximize the expected rewards:

θnew = θold + α∇θL
PPO(θ) (3)

where α is the learning rate. This iterative process allows
the policy to learn from AI feedback, progressively improv-
ing its performance while maintaining stability through the
clipping mechanism in the PPO objective. Consequently, the
policy becomes adept at generating higher-quality outputs as
evaluated by AI feedback, reducing the reliance on human
annotations and enabling scalable training.

3.2 RLAIF for Aligning to Structure
Directly applying RLAIF to long-form text generation poses
unique challenges, primarily due to the difficulty of mea-
suring coherence and organization at scale. Longer outputs
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require complex thematic progression and consistent rhetor-
ical flow, making it hard to distill quality into a single, eas-
ily computed reward. Even powerful off-the-shelf LLMs can
struggle to provide reliable “one-shot” scores for coherence
when dealing with multi-paragraph or multi-page content.

Consequently, we adopt two distinct yet complementary
scoring approaches, as illustrated in Figure 2. The first,
introduced in Section 3.2, uses an evaluator LLM as a
Text Structure Evaluator that assigns a 1–5 rating based
on surface-level text structures—though an imperfect proxy,
it still captures key signals such as logical transitions and
topical balance. The second, described in Section 3.2, of-
fers a more explicit framework by segmenting extended text
and extracting theory-grounded “discourse motifs” via RST,
which are then fed into an Authorship Classifier for binary
classification.

Surface-Level Text Scoring Our first approach to reward
modeling employs a powerful off-the-shelf LLM to provide
three surface-level text scores grounded in pragmatics and
discourse analysis: Logical Flow and Structure; Hierarchi-
cal Organization; and Balance and Emphasis. These scores
guide the LLM to generate text that is not only grammat-
ically correct but also pragmatically effective in conveying
its intended message within the discourse context.

• Logical Flow and Structure assesses whether ideas
progress logically and the overall organization is coher-
ent, ensuring that the discourse is easy to follow.

• Hierarchical Organization evaluates how effectively
content is structured, transitioning from general concepts
to specific details, with each section building upon the
previous one to support the main argument.

• Balance and Emphasis examines whether key ideas are
appropriately highlighted and whether different points
receive balanced coverage, aligning with pragmatic prin-
ciples of relevance and informativeness.

Each score is assigned an integer value from 0 (lowest qual-
ity) to 5 (highest quality), and the final reward is computed
as their average. The full prompt instruction for this scoring
mechanism is provided in supplementary materials.

Graph-Level Discourse Scoring Our approach to align-
ing LLMs with human-like text structure builds on Kim
et al. (2024), who developed a methodology for distin-
guishing human-written from machine-generated text us-
ing hierarchical discourse analysis. Their approach, illus-
trated in Figure 3 employs the RST framework to parse texts
into discourse trees, converts these trees into recursive hy-
pergraphs, and extracts discourse motifs—recurring struc-
tural patterns—as distinguishing features. These motif dis-
tributions serve as inputs for classifiers that effectively de-
tect machine-generated text, even in out-of-distribution and
paraphrased cases.

Building on this framework, we extend the RST dis-
course parser (Liu, Shi, and Chen 2021) to accommo-
date longer contexts by segmenting texts at the paragraph
level, with each chunk containing approximately 400–512
tokens—a technical limitation that future work can ad-
dress. Discourse parsing is applied to each segment to com-
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Figure 3: The process of extracting discourse motif vectors
from generated text, as illustrated in Kim et al. (2024). We
extend the original approach by introducing a segmentation
step for texts exceeding the input length of the RST parser.
Motif vectors are then aggregated across multiple segments.

pute distributions of distinctive discourse motifs, captur-
ing global discourse patterns beyond surface-level text. To
prevent over-representation of motifs, segments are non-
overlapping. These aggregated motif distributions are fed
into a Longformer-based (Beltagy, Peters, and Cohan 2020)
authorship classifier (Li et al. 2024), where they are con-
catenated with the model’s [CLS] embedding to integrate
textual content with explicit structural signals and produce
binary classification scores.

Aside from segment-level adaptations, minimal architec-
tural changes are made. The classifier is trained on existing
datasets supplemented by curated human-written essays de-
scribed in Section 4.1. By capturing how human-authored
texts typically display richer and more varied structural pat-
terns, while machine-generated texts often rely on uniform,
sequential prediction strategies, this method remains effec-
tive even against paraphrasing attacks that obscure surface
cues. The classifier’s binary output—differentiating human
from machine-authored text—becomes the reward signal in
our structural alignment task. This setup allows the model to
harness hierarchical discourse structures, thereby retaining
global coherence patterns and enhancing authorship classi-
fication for long-form text generation.
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Reward Shaping with Discourse Motifs In the standard
RLHF framework with PPO, the episodic reward is assigned
only at the end of an episode, specifically, to the final token
of the model’s generation. This sparsity of rewards limits the
training signal’s granularity, providing no direct feedback
on the quality of individual actions (i.e., token selections)
throughout the sequence.

Consequently, as RL episode lengths increase, training
stability declines due to the delayed credit assignment,
higher exploration complexity, and compounding execution
errors (Pignatelli et al. 2024). Reward variance also grows,
making policy updates noisier and less effective, particularly
in policy gradient methods. While techniques like curiosity-
driven exploration (Pathak et al. 2017), imitation learning
(Reddy, Dragan, and Levine 2019), or curriculum learning
(Chen et al. 2021) can help, we instead employ reward shap-
ing to provide more fine-grained signals—taking advantage
of the inherently granular structure of language, in particu-
lar, discourse trees.

We identify specific tokens within each sequence that
should receive non-zero token-level rewards, enabling more
fine-grained guidance for the policy model. Specifically, in
addition to this episodic scalar reward, we assign 1

2·num tokens
reward scores to tokens that contribute to a discourse
motif that is more distinctively characteristic of human
writing compared to those frequently observed in LLM-
generated text (cf. Figure 4). These distinctive discourse mo-
tifs are identified across entire corpora by computing Motif
Frequency-Inverse Document Frequency (MF-IDF) scores
and selecting motifs that exceed a threshold of at least one
standard deviation, following the approach of Kim et al.
(2024). To preserve finer granularity, we compute discourse
motifs over EDUs rather than full sentences; each EDU con-
tains, on average, 20 subword tokens.

While the overall PPO training objective remains un-
changed, the implementation involves adding these token-
level rewards to the corresponding positions in the reward
tensor for each sequence. This design ensures gradient up-
dates capture the localized contribution of each token, im-
proving credit assignment throughout generation. As a re-
sult, policy improvements typically occur more quickly and
with greater stability than when relying on a single end-of-
sequence reward (Chan et al. 2024).

3.3 Length-Penalty Normalization of Rewards
Noting that existing LLMs often fail to adhere to the desired
response length specified in prompts (Wu et al. 2025), we
adjust the original score by applying a penalty proportional
to the shortfall in response length, but only if the response is
shorter than the desired length.

The normalized score, Sn, based on the response length
can be represented as:

Sn = So ×
[
1− α×max

(
0,

Ld − Lr

Ld

)]
(4)

where So is the original score; Lr is the length of the gen-
erated response; Ld is the desired length of the response; and
α is the length penalty factor.

4 Experiments
As shown in Figure 2, we investigate two reward model-
ing approaches within the RLAIF framework using PPO:
(1) surface-level text structure scores and (2) graph-level
discourse structure scores. To support this, we construct
a dataset of prompts by collecting and refining writing
prompts for essay generation (§4.1) and validate the quality
of the LLM-based Text Structure Evaluator (§4.2). Finally,
we evaluate structure-aligned LLMs against baseline models
trained with standard RLHF using an off-the-shelf general-
purpose RM (§4.3).

Throughout our experiments, we use QWEN2-72B-
INSTRUCT-AWQ as the Text Structure Evaluator and
QWEN2-1.5B-INSTRUCT as the initial policy model for
structural alignment (Yang et al. 2024). Due to resource con-
straints, we selected a 1.5B parameter model as it strikes
a balance between being sufficiently powerful and small
enough to enable efficient PPO training in data parallelism
mode. At the time of our experiments, Qwen 2 models of-
fered state-of-the-art performance in the LLM landscape.
For hierarchical discourse analysis, we adopt the DMRST
parser (Liu, Shi, and Chen 2021) as our Hierarchical Dis-
course Parser, while the Discourse Motif Extractor and Au-
thorship Classifier are based on Kim et al. (2024). Details on
implementation are provided in Appendix A.

4.1 Constructing an Essay Prompt Dataset
Our work focuses on formal essay writing, as its well-
defined rhetorical conventions provide a strong foundation
for evaluating structural alignment. To ensure diversity in
formal essays, we collected prompts from various domains
emphasizing clear logical structures and rhetorical coher-
ence.

Specifically, our PPO training dataset is constructed by re-
fining and integrating multiple existing datasets containing
essay prompts, including those from an English proficiency
exam, persuasion corpus (Crossley et al. 2023), and an ar-
gumentation source, namely, the Change My View (CMV)
subreddit (Tan et al. 2016).

For CMV-derived samples, we employ an LLM1 to gen-
erate essay instructions that require students (or LLMs)

1Qwen/Qwen2-72B-Instruct
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to either support or oppose the original poster’s opinion.
Each CMV discussion yields two types of instructions: one
prompting the student to argue in favor of the given claim
and the other requiring them to argue against it. Given the
nature of CMV discussions, many of these prompts may be
inherently controversial.

To ensure an effective evaluation of model performance,
30% of the dataset is randomly sampled as the test set, ex-
cept for CMV, where a predefined test split is already pro-
vided. The final dataset consists of 26,013 samples for train-
ing and 4,096 samples for testing.2

4.2 Verification of Text Structure Evaluator
To validate the quality of the text scores generated by
our LLM-based RM, Text Structure Evaluator, we exam-
ined their correlation with human scores using the “Hewlett
Foundation: Automated Essay Scoring” dataset (Hamner
et al. 2012).3 This dataset contains high school student es-
says along with scores assigned by expert human graders.
For each essay, students responded to a writing prompt, and
human annotators assessed their quality.

When analyzing the Pearson correlation between the
discourse scores from the surface-level RM and human-
assigned scores, we observe moderate positive correla-
tions across key dimensions: coherence (0.47), organization
(0.44), balance (0.39), purpose (0.37), and variability (0.39).
These values indicate the discourse scores align reasonably
well with human judgments in these areas. Additionally, us-
ing linear regression, we measured the mean squared error
of the predicted scores to be 0.79 within the 0-4 range, trans-
lating to an average deviation of approximately 0.88 points
from human scores. We determined the correlation results
were strong enough to justify using the LLM-based dis-
course scoring as the RM and proceeded with PPO training.

4.3 Structural Alignment
We evaluate the effectiveness of structural alignment by as-
sessing its impact on the quality of generated essays and
the similarity of generated summaries to human-written long
summaries.

We use “Base” to denote the base model, QWEN2-1.5B-
INSTRUCT. Models SAS and SAG represent structurally
aligned variants of the base model, where alignment is as-
sessed using surface-level textual scores and graph-level dis-
course structures, respectively. Lastly, RLHFOA denotes the
base model aligned with an off-the-shelf RM from OpenAs-
sistant4, which was trained to predict human-preferred re-
sponses given a question.

Exp #1: Assessment of Generated Essay Quality

Setup. We configure the models to generate sequences be-
tween 400 and 2K tokens. As training progresses within

2Included in the supplementary material.
3We exclude verification of the graph-level discourse scoring

approach, as it follows the validated method proposed by Kim et al.
(2024).

4OpenAssistant/reward-model-deberta-v3-large-v2

SAS

RLHFOA

Base SAG→S

SAG

67%33% 53%47%

59%41% 52%48%

58%

42% 63%

37% 49%

51% 57%

43%

56%

44%

SAS→G

Figure 5: Pairwise evaluation results for six models. Base
is the unaligned Qwen2-1.5B-Instruct model. SAS and SAG

are Base aligned with surface-level and graph-level struc-
tural rewards, respectively. RLHFOA is Base aligned with an
OpenAssistant RLHF reward model. SAS→G and SAG→S

are the two-stage variants, applying the opposite structural
reward in a second alignment step.

each epoch, the required generation length is gradually in-
creased using a length penalty reward shaping mechanism
(§3.3). For this experiment, we introduce two additional
models by further training SAS and SAG using the alter-
nate method in a two-step process, resulting in SAS→G and
SAG→S. We evaluated generation quality by randomly sam-
pling 1,000 writing prompts from the test set and generat-
ing 700-token essays with our models. Because no gold-
standard reference essays exist for these prompts, reference-
based evaluation is not feasible. Additionally, assessing such
lengthy text manually can be both time-consuming and
prone to inconsistencies at longer contexts. In response, we
adopted an LLM-as-judge approach, which is increasingly
common in the field (Chiang and Lee 2023). Specifically,
we employed GPT-4O-2024-08-06 to assess overall essay
quality, presenting all candidate generations in a randomized
order to reduce potential bias in ordering.

Results. Figure 5 presents evaluation results comparing
generation quality across the various alignment settings.
Overall, results show that models trained with structural
alignment consistently outperform their baselines, with
graph-level alignment providing the most substantial im-
provements. The two-step alignment process yields slightly
higher performance; however, the improvement appears
marginal relative to the additional computational cost. Since
the two structural alignment methods exhibit low correlation
(§4.4), we believe their effects are complementary. Develop-
ing more effective multi-reward alignment strategies could
further improve performance, making this a promising av-
enue for future research. We provide two samples of gen-
erated essays with target lengths of 350 and 1K tokens in
supplementary materials. Overall, the learned policy mod-
els effectively utilize explicit discourse connectives and fre-
quently attempt to structure the text by dividing it into sec-
tions.

Exp #2: Long-Document Summarization
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Model R-1 R-2 R-L

Base 53.21 20.13 50.39
Base+RLHFOA 53.25 20.25 50.47
Base+SAS 55.45 21.43 52.30
Base+SAG 55.86 21.72 52.81

Table 1: Evaluations on long document summarization
(GOVREPORT). R-1 and R-2 measure unigram and bigram
overlap, respectively. R-L leverages the longest common
subsequence to assess sentence-level structural similarity.

Setup. We evaluate the aligned models on the downstream
task of summarizing a long document. Specifically, we uti-
lize the GOVREPORT dataset (Huang et al. 2021) which
is a large-scale dataset comprising around 19.5K US gov-
ernment reports, each paired with expert-written abstractive
summaries. The dataset contains significantly longer docu-
ments (averaging 9.4K words) and summaries (553 words)
compared to datasets like PubMed and arXiv. We randomly
selected 5K reports from the U.S. Government Accountabil-
ity Office (GAO), ensuring that each report selected for sum-
marization does not exceed 14K tokens in length. To guide
the LLM via prompting, we identify key aspects to summa-
rize by analyzing the section titles of the gold summaries
(“Highlights”), which typically focus on two main elements:
why the report was conducted and what it found.

Results. Table 1 presents the ROUGE scores (Lin 2004)
for the generated summaries, demonstrating that structural
alignment significantly enhances long-document summa-
rization. Among the approaches, graph-based alignment
once again delivers the best overall performance.

4.4 Analyses
By incorporating structured reward signals, we observe sig-
nificant improvements in discourse organization and human-
like text structuring.

Effects of Surface-Level Structural Alignment We
qualitatively observe that aligning LLMs with surface-level
text structure scores results in (1) increased use of dis-
course connectives (e.g., therefore, however, in contrast,
and moreover), (2) improved logical progression and argu-
mentative flow, and (3) more frequent inclusion of section
headings (e.g., Introduction, Claim 1, Claim 2, and Conclu-
sion). A similar pattern is indirectly observed in Figure 7,
where surface-level text structure alignment leads to a sig-
nificant increase in discourse motifs that exemplify hierar-
chical structures, such as “Joint” and “Hyperedges.”

Effects of Graph-Level Structural Alignment Unlike
surface-level alignment, graph-level discourse structure
alignment focuses on global discourse organization rather
than local discourse markers (e.g., connectives). Figure 6
tracks the proportion of human-distinctive discourse mo-
tifs identified in each training batch, illustrating how these
motifs evolve throughout the generation process. The plot
shows that (i) their proportion steadily increases during
training, and (ii) the trend plateaus after approximately 50

Figure 6: Comparison of human-distinctive discourse motif
frequencies across batch updates. The blue line (our method)
shows an increasing trend, while the red dashed line (stan-
dard PPO) fluctuates downward.

Same-
Unit

Same-
Unit

Joint

Hyper-
edge

Sa
m
e-

U
ni
t

Sa
m
e-

U
ni
t

At
tr
ib
ut
io
n

At
tr
ib
ut
io
n

El
ab
or
at
io
n

El
ab
or
at
io
n

Jo
in
t

Hy
p.

Figure 7: Difference in discourse motif distributions be-
fore (red) and after (green) surface-level text structure align-
ment. Notably, we observe a significant increase in the usage
of hierarchical relations such as “Joint” and “Hyperedges
(Hyp.)”. Full version is in supplementary materials.

batch steps, suggesting discourse structuring reaches an op-
timal threshold. Notably, standard RLHF training without
structural alignment shows a slow decline in such motif pro-
portions, suggesting that conventional RMs do not reinforce
human-like discourse organization as effectively.

Correlation between Surface and Graph Scores Figure
1 visualizes the relationship between surface and graph-level
logits for essays generated by the two structurally aligned
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models and the standard RLHF-aligned model. While the
structurally aligned models tend to achieve higher scores
within their respective evaluation criteria, there appears to be
little to no correlation between surface-level and graph-level
scores. Additionally, we observe that essays generated by
the standard RLHF-aligned model exhibit wide variance in
surface scores and are predominantly classified as machine-
generated, as indicated by negative graph logits.

In summary, our findings suggest that (1) Surface-level
alignment enhances readability and clarity via explicit
structuring techniques; (2) Graph-level alignment fosters
deeper coherence and rhetorical sophistication by reinforc-
ing global discourse structure; and (3) These two levels of
alignment appear to be complementary, with the two-step
process improving overall quality.

5 Conclusion
We present an RL approach that aligns LLMs with human-
like discourse by utilizing two RMs—one for surface flu-
ency, another for global discourse structure—resulting in
clearer, more coherent long-form text that outperforms
RLHF baselines. Future work includes scaling to larger
models and diverse datasets for greater robustness, and in-
corporating other linguistic frameworks to refine reward sig-
nals and enhance performance.

A Experiment Details
RL Pipeline Setup Our Text Structure Evaluator is a 72B-
parameter language model, which made an efficient serving
framework essential. We used SGLang (Zheng et al. 2024)
to load the QWEN2-72B-INSTRUCT-AWQ model, where
AWQ stands for Activation-aware Weight Quantization (Lin
et al. 2024). This quantized model can be loaded onto a sin-
gle NVIDIA A100 80GB GPU. We ran eight separate eval-
uator instances, each on its own A100 GPU, and communi-
cated with these evaluators through HTTP requests. SGLang
handled these batch requests efficiently, allowing us to pro-
cess multiple queries in parallel.

For training, we used the TRL library (von Werra et al.
2020) to perform Proximal Policy Optimization (PPO). Al-
though TRL provides a strong base for reinforcement learn-
ing from human or AI feedback, we made extensive mod-
ifications to support our online reward mechanism, which
involved querying the Text Structure Evaluator in real-time.
The modified code, which enables discourse alignment via
remote evaluation, will be made publicly available for fur-
ther research and development.

The actual PPO-based reinforcement learning (RL) train-
ing took place on another server with eight NVIDIA A100
80GB GPUs. We set the per-device train batch size to 2, gra-
dient accumulation steps to 4, local rollout forward batch
size to 12, and KL coefficient to 0.03. Despite having large
VRAM, we could not increase these batch sizes further due
to the large output generation lengths (up to 2K tokens)
which places substantial memory demands on the system.

Graph-Level Discourse Structure Scoring We closely
followed the approach outlined by Kim et al. (2024) to
implement our Graph-Level Discourse Structure Scoring

pipeline. Using their curated list of distinctive discourse
motifs, we constructed a Discourse Motif Extractor and
trained a Longformer-based (Beltagy, Peters, and Cohan
2020) authorship classifier as described in the original pa-
per. However, we extended the training set for the classifi-
cation by adding 5K essay generations from QWEN2-1.5B-
INSTRUCT as negative samples, in addition to the datasets
originally used in Kim et al. (2024).

B Training Plots

Figure 8: The curves represent the average reward scores
provided by the RM over multiple steps or episodes, with
each curve corresponding to models targeting different out-
put lengths.

Figure 8 shows the mean RLHF reward for training via
the surface-level text structure scoring. The mean reward is
the average feedback score over multiple episodes, reflecting
how well the model aligns with desired outcomes. We note
that different curves represent separate training of the same
baseline models with different target lengths of generation.
We can see that the policy models learned to optimize its
generation after around 7K episodes.

Further supplementary materials, including LLM prompts
and generated samples, are available in our arXiv paper at
https://arxiv.org/abs/2504.03622.
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