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Abstract

Transforming academic papers into patent
descriptions challenges LLMs with extreme
length, strict factuality, and rigorous stylistic
norms. Existing supervised methods suffer
from pathological repetition, while static pref-
erence optimization causes style degradation
by erroneously penalizing necessary structural
repetitions. To address this, we propose PATAL-
IGN, a framework utilizing Iterative Prefer-
ence Optimization to dynamically sample neg-
ative instances from the evolving policy, ef-
fectively distinguishing pathological repetition
from the structural repetition required to ensure
patent rigor. We also introduce the Paper-to-
Patent Score (P2S) metric to evaluate the over-
all quality of generated patents. Experiments
demonstrate that PATALIGN effectively miti-
gates pathological repetition and style degra-
dation, achieving state-of-the-art performance
in both factual consistency and language style.
Notably, our 8B model significantly outper-
forms 32B general-purpose models, validat-
ing the efficacy of iterative alignment strate-
gies in complex long-form generation tasks.
Our code and data are available at https:
//github.com/SUSTech-GenAI/PatAlign.

1 Introduction

Patent documents are an important form of intellec-
tual property that protects the interests of individu-
als and organizations. However, unlike general web
documents, patent documents are typically charac-
terized by extreme length, a highly formalized writ-
ing style, and a dense concentration of technical
terminology (Zhang et al., 2015). Consequently,
manual patent drafting is a time-consuming task
that requires extensive domain expertise. With
the rapid development of large language models
(LLMs) (Chang et al., 2024; Shukla et al., 2025),
automated patent writing has entered a transforma-
tive era (Wang et al., 2024b; Trippe and Lee, 2025),
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promising to significantly improve the productivity
of patent practitioners by automatically generating
patent documents (Murray and Stern, 2007).

Recent research on patent generation has made
notable progress, with prior studies primarily fo-
cusing on brief components such as (1) prelimi-
nary conceptual texts (Ren et al., 2025); (2) patent
abstracts or outlines (Codina-Filba et al., 2017);
(3) patent claims (Jiang et al., 2025a,b; LI et al.,
2025; Lee, 2025); and (4) patent figure descriptions
(Shukla et al., 2025). However, although patent de-
scriptions encompass the core technical facts and
account for over 90% of the entire patent document
(Knappich et al., 2025), systematic research dedi-
cated to the generation of full patent descriptions
remains relatively limited.

Although a recent study, AutoPatent (Wang et al.,
2024b), attempts to generate complete patent docu-
ments, it strictly relies on manually written patent
drafts as input. In real-world scenarios, however, re-
searchers more frequently need to directly convert
scientific discoveries presented in academic papers
into patents for intellectual property protection. To
address this practical need, Knappich et al. (2025)
attempted to utilize academic papers as ready-made
invention disclosures to automatically generate full
patent descriptions. Nevertheless, their approach
relies on a train-free, chunk-based generation strat-
egy. Given the significant discrepancy in linguistic
style between academic papers and patents, such
general-purpose base models fundamentally strug-
gle to adapt to the highly formalized language of
authentic patents.

Therefore, exploring an effective training frame-
work for the paper-to-patent generation task is of
paramount importance, but it also faces signifi-
cant challenges: the generated long-form text must
not only faithfully reflect the technical facts of
the source paper but also strictly comply with the
unique linguistic conventions of the patent domain.
This imposes severe challenges on existing LLM
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training paradigms in terms of generation length,
factual consistency, and style alignment. Given
the inherent complexity and difficulty of the paper-
to-patent generation task, current offline training
paradigms exhibit significant structural limitations.
Specifically, supervised fine-tuning (SFT) tends to
induce severe pathological repetition because the
model fails to distinguish between the legitimate,
necessary structural repetition inherent in patent
texts and degenerate pathological repetition, result-
ing in generation collapse (Knappich et al., 2025).

While Direct Preference Optimization (DPO)
(Rafailov et al., 2023) can alleviate this issue by
utilizing authentic patents as positive samples and
pathologically repetitive texts as negative samples,
these static negative samples fail to precisely align
with the most prominent generation flaws of the
continually evolving policy. Consequently, the per-
sistent optimization focus on penalizing repetitive
features in the later stages of training leads to an
over-correction problem, which erroneously sup-
presses the legitimate structural repetitions required
in patent texts.

To this end, we propose PATALIGN, a dynamic
training framework based on iterative preference
optimization (Pang et al., 2024; Yuan et al., 2024).
PATALIGN constructs a curriculum of preference
learning with progressively increasing difficulty:
at each iteration, the model is optimized to distin-
guish reference patents, representing the true data
distribution, from evolving negative samples gen-
erated by the current policy. In early iterations,
this contrast primarily drives the model to suppress
pronounced pathological repetition; in later itera-
tions, as negative samples gradually approach real
patents in factual consistency and linguistic style,
the optimization focus shifts to subtle stylistic de-
viations, guiding the model to move attention from
coarse repetition suppression to fine-grained style
discrimination, fundamentally addressing the style
degradation caused by static alignment paradigms.

We conduct extensive experiments across mul-
tiple dimensions, demonstrating that PATALIGN
achieves superior performance on the paper-to-
patent generation task compared to the prior state-
of-the-art baseline (Knappich et al., 2025). Specif-
ically, compared with COPGEN, PATALIGN im-
proves the factual consistency metric (Pap— Gen)
by 25.5 percentage points and the language style
score by 20.9 percentage points. To comprehen-
sively evaluate the generation quality, we propose
the Paper-to-Patent Score (P2S) metric, on which

it achieves 82.7%, surpassing the COPGEN base-
line by 23.5 percentage points. Compared with the
SFT baseline, PATALIGN not only enhances fac-
tual consistency but also reduces the repetition rate
(RR> 80) by 9.9 percentage points.

To our knowledge, we are the first to investigate
the effectiveness of iterative preference optimiza-
tion in the paper-to-patent task. Our main contribu-
tions are summarized as follows:

* We propose an effective training paradigm of
LLMs on the paper-to-patent task, overcom-
ing the pathological repetition problem.

* We introduce a novel composite evaluation
metric, the Paper-to-Patent Score (P2S), for
holistic assessment of paper-to-patent conver-
sion quality.

* We establish a new state-of-the-art result in
the paper-to-patent task in factual consistency,
linguistic style, and overall quality.

2 Related Work

Patent Generation. The research paradigm of
patent natural language processing (Patent NLP)
has gradually evolved from traditional discrimi-
native tasks—such as patent analysis, classifica-
tion, and assisted retrieval (Tseng et al., 2007;
Yoshikawa and Krestel, 2024; Casola and Lavelli,
2022)—to more complex generative applications.
Early generative studies mainly focused on drafting
specific sections, including patent abstract genera-
tion (Codina-Filba et al., 2017; Trappey et al., 2020;
Kim and Yoon, 2022) and claim generation (Lee
and Hsiang, 2020; Jiang et al., 2025a,b; LI et al.,
2025; Lee, 2025). Meanwhile, the research scope
expanded to transformation and enhancement of
internal patent information, such as controlling text
generation with metadata (Lee, 2020), generating
descriptions from drawings (Shukla et al., 2025),
and producing specifications based on claims and
drawings (Wang et al., 2024a). More recently, fo-
cus has shifted toward generating full patent docu-
ments from drafts (Wang et al., 2024b). For long-
form patent generation scenarios, Knappich et al.
(Knappich et al., 2025) pointed out that end-to-end
supervised fine-tuning (SFT) tends to cause gen-
eration collapse and pathological repetition. To
avoid such optimization instability, state-of-the-art
methods generally adopt a train-free “divide-and-
conquer” strategy: AutoPatent (Wang et al., 2024b)
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uses a multi-agent framework to generate full docu-
ments from drafts, while Pap2Pat (Knappich et al.,
2025) employs a chunk-based generation strategy.
Differently, we investigate how to achieve stable,
high-quality end-to-end paper-to-patent generation
through RL training.

Alignment of Large Language Models. The
paradigm for aligning large language models
with human preferences has undergone significant
changes. Early approaches primarily relied on rein-
forcement learning from human feedback (RLHF)
(Stiennon et al., 2020; Bai et al., 2022), using prox-
imal policy optimization (PPO) (Schulman et al.,
2017) to maximize learned reward functions. To
avoid the instability and complexity of online re-
inforcement learning, Direct Preference Optimiza-
tion (DPO) (Rafailov et al., 2023) proposed a stable
offline alternative that directly optimizes policies
on preference data. This offline paradigm has since
been improved through various techniques, includ-
ing rejection sampling, listwise ranking, safety con-
straints, and theoretical generalization (Dong et al.,
2023; Song et al., 2024; Liu et al., 2024; Dai et al.,
2024; Azar et al., 2024). In recent years, research
focus has shifted to iterative alignment strategies to
address the limitations of static offline data. Such it-
erative paradigms have achieved notable successes
in complex domains, such as enhancing multi-step
reasoning abilities (Pang et al., 2024) and automat-
ing the full lifecycle of scientific discovery (Weng
et al., 2025), whereas it has not been adopted in the
paper-to-patent task.

3 Methodology

As illustrated in Figure 1, our training pipeline
consists of two sequential stages: (1) supervised
fine-tuning (SFT), which establishes foundational
capabilities for factual adherence and patent-style
writing; and (2) iterative preference optimization
(Pang et al., 2024; Yuan et al., 2024), designed to
align generated content with the factual consistency
and linguistic style of authentic patents, while miti-
gating the pathological repetition issues.

3.1 Task Definition

Formally, given a dataset D = {(x,y*)}, where
x denotes the source academic paper and y* rep-
resents the corresponding ground-truth patent de-
scription, our goal is to learn a policy 7y that gen-
erates patent description text y faithfully reflect-
ing the technical facts in x, while adhering to the

language norms established by the United States
Patent and Trademark Office (USPTO). We rep-
resent the end-to-end paper-to-patent generation
process as follows:

Z;2] ™ y (1)

where [Z; z] denotes the concatenation of a care-
fully designed system prompt Z (see Appendix A,
Table 6) and the input paper .

3.2 PatAlign

We first initialize our framework via standard super-
vised fine-tuning (SFT) to adapt a general-purpose
large language model to the patent domain. Given
the dataset D = {(x, y*)}, we minimize the nega-
tive log-likelihood of the reference patent y* con-
ditioned on the paper x and instruction Z, thereby
obtaining an initial policy mgpT.

However, as noted in prior work (Knappich et al.,
2025), SFT on long-form patent texts tends to
induce pathological repetition. This issue arises
because the model struggles to distinguish be-
tween the necessary structural repetitions inherent
to patent descriptions and degenerate pathological
repetition.

While Direct Preference Optimization (DPO)
(Rafailov et al., 2023) provides a mechanism to al-
leviate pathological repetition by introducing patho-
logically repetitive patent texts as negative samples,
we argue that the conventional static (non-iterative)
alignment paradigm is fundamentally limited for
patent generation. Because negative samples typi-
cally consist of pathologically repetitive texts gen-
erated by early SFT checkpoints, the optimization
objective persistently focuses on eliminating repet-
itive features, thereby suppressing the structural
repetitions necessary to maintain patent rigor. Ulti-
mately, this over-correction leads to the degradation
of the patent language style.

To address this, we propose PATALIGN, a dy-
namic training framework based on iterative prefer-
ence optimization. Unlike static DPO, we construct
a curriculum in which the distribution of negative
samples evolves synchronously with the policy. By
utilizing the patent description texts generated by
the current policy model based on the source papers
as negative samples in each iteration, the optimiza-
tion target always focuses on the most salient fail-
ure modes of the current policy—initially suppress-
ing pathological repetition and gradually refining
subtle style deviations.
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Figure 1: The overall framework of PatAlign consists of two stages: Supervised Fine-Tuning (SFT), where
the base model is fine-tuned on the filtered Pap2Pat dataset to establish foundational patent writing capabilities.
Iterative Preference Optimization, where the model serves as the policy to generate patent description drafts.

Dynamic Preference Construction At iteration
k (where k =1, ..., K), we construct a new pref-
erence dataset D, using the current policy g, .
For each sample (z,y*) € D, the ground-truth
patent y* serves as the preferred response y,,, and
a rejected response y; is sampled from the current
policy: g ~ mg, _, (-], Z). This forms a preference
triplet:

(z, Yw, 1) = (2,¥",9) 2

This dynamic sampling is critical as ¢ reflects the
current model’s specific failure patterns (e.g., local
repetition or style inconsistency), providing precise
gradient signals for subsequent optimization.

Policy Optimization Starting from 7, = TsFT,
we perform K rounds of iterative updates. At each
iteration, we optimize the policy to maximize the
marginal probability of the preferred patent over
the rejected sample, with the loss function defined
as:

Loro (7o, Tret) = ~E(a,y,, )~y {10g U(

7o, (Y1]2) ﬂ

7Tref(yl |l‘)

7oy, (Yuw|T)
7Tref(yw ‘SL‘)

B log — Blog

3)
where ¢ is the sigmoid function, and (3 controls the
deviation penalty relative to the reference model.

Split Raw Filtered Final
(Original) (Step 1) (Step 2)
Train 1,000 741 910
Validation 242 172 100
Test 500 3971 300
NC-Test 71 - -
Total 1,813 1,310 1,310

Table 1: Statistics of dataset filtering and re-splitting.f
indicates merging the NC-Test split into the filtered Test
split.

A key component of our framework is the dy-
namic updating of the reference model: in the ini-
tial iteration, we set m.f = 7wspT, and in subse-
quent iterations, Tef is assigned to the policy from
the previous iteration mg, ,. This rolling refer-
ence mechanism prevents catastrophic forgetting
caused by excessive update magnitudes and avoids
being overly constrained by the initial distribution,
thereby ensuring stable style alignment training.

4 Implementation

We train PatAlign based on the OpenRLHF frame-
work (Hu et al., 2025), using Qwen3-8B (Yang
et al., 2025) as the backbone model.
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4.1 Experimental Setup

Dataset. To enable end-to-end training, we con-
struct the training, validation, and test sets for the
paper-to-patent task based on the PAP2PAT dataset
(Knappich et al., 2025), which contains paired aca-
demic papers and reference patents. To accommo-
date long-form generation and ensure data quality,
we apply strict filtering and re-splitting criteria.
Specifically, we remove samples whose combined
paper—patent length exceeds 31,000 tokens to fit
the context window of current large language mod-
els, and we also discard samples in which either
the paper or the patent contains fewer than 1,000
tokens to avoid uninformative data. Since (Knap-
pich et al., 2025) found pre-training contamination
to have negligible impact on this task, we merge
the non-contaminated test set (nc-test) from the
original dataset into the test split for unified eval-
uation. In addition, to ensure that sufficient data
are available for model training, we retain only 100
validation samples and 300 test samples, while as-
signing all remaining data to the training set. The
final dataset therefore consists of 910 training sam-
ples, as detailed in Table 1. All results reported in
this paper are evaluated on these 300 test samples.

Baselines. We compare the proposed method
with three categories of baselines. (1) Zero-shot
Open-source Models: To support long-form patent
generation, we evaluate a set of open-source large
language models that provide context windows of
at least 32K tokens. These models primarily in-
clude the Qwen3 series (8B, 14B, 30B-A3B, and
32B) (Yang et al., 2025), as well as Llama-3.1-8B-
Instruct (Grattafiori et al., 2024). All open-source
models are prompted using an identical and care-
fully designed system prompt (see Table 6 in Ap-
pendix A), which emphasizes factual accuracy and
patent-style writing, and directly generate patent
descriptions from the input papers in a zero-shot
setting. (2) COPGEN (Knappich et al., 2025):
As a strong domain-specific baseline, we repro-
duce COPGEN by strictly following its official
open-source implementation and reported hyper-
parameter configurations. This method generates
patent text in a chunk-wise manner based on ref-
erence patent outlines and the source paper, and
subsequently concatenates the generated segments
into a complete document. (3) Frontier Models:
We further evaluate two frontier models, GPT-5.5
and DeepSeek-V4-Pro (Xu et al., 2026). Given
the substantial generation length involved in the

paper-to-patent task, we randomly sample 50 in-
stances from the test set to control API evaluation
costs. Given their support for long-context inputs,
we evaluate both models under zero-shot, 1-shot,
and 3-shot settings to investigate how the number
of few-shot demonstrations affects paper-to-patent
generation quality. Few-shot demonstrations are
retrieved exclusively from the training set. For
each test instance, we use BGE-M3 (Chen et al.,
2024) to retrieve the most semantically similar pa-
per from the training set and use its corresponding
paper—patent pair as a demonstration. Both frontier
models use the same retrieved demonstrations.

Evaluation Metrics. We follow the evaluation
framework proposed in PAP2PAT (Knappich et al.,
2025) to systematically assess generated patents
from both content-level and language-level perspec-
tives. (1) Content-level metrics: We use Coverage
to measure the extent to which the generated patent
covers the informational content of the reference
patent. We further adopt Factuality metrics, includ-
ing Pap — Gen, Ref — Gen, and Ref+Pap — Gen.
As our primary task is to perform factual style trans-
fer grounded strictly in the source paper, we desig-
nate Pap — Gen as the principal indicator of factu-
ality, whereas the other metrics are provided solely
for supplementary reference. (2) Language-level
metrics: We adopt the Style metric to quantify the
alignment of the generated text with patent-specific
writing conventions. In addition, to measure gen-
eration stability, we report the repetition rate (RR)
and the proportion of windows with RR exceed-
ing 80% (RR-gp). (3) Paper-to-Patent composite
metric: To comprehensively evaluate the overall
quality of the paper-to-patent transformation, we
propose the Paper-to-Patent Score (P?S). This com-
posite metric is defined as the geometric mean of
source-grounded factual consistency and language
style:

P2S = | /Facpap +cen - Style 4)

We adopt the geometric mean rather than the arith-
metic mean to prevent compensation effects, where
extremely high performance in one dimension
masks severe deficiencies in another. This demands
that a high-quality patent generation system must
excel in both factuality and language style.

4.2 Implementation Details

Training Configurations. Training proceeds un-
der a strict two-stage paradigm. Supervised Fine-
Tuning (SFT) Stage. We utilize QLoRA (Dettmers
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et al., 2023) for efficient fine-tuning, setting the
LoRA rank to 64, learning rate to 1 X 10~4, and
global batch size to 32. Training is performed for
10 epochs on 4 NVIDIA A100-40G GPUs. The
epoch-10 checkpoint is used as the SFT baseline
reported in the main experiments. Iterative Pref-
erence Optimization Stage. We conduct 3 rounds
of iterative DPO training. Notably, this stage is
initialized from an intermediate SFT checkpoint
(epoch 5) rather than the fully converged model
to preserve policy plasticity and avoid distribution
collapse caused by overfitting, thereby facilitating
effective preference learning. For a controlled com-
parison, the w/o RL result reported in the ablation
study corresponds to this same epoch-5 checkpoint.
Each iteration runs for 1 epoch with a learning rate
of 5 x 1076 and KL penalty coefficient 3 = 0.05.
Training is conducted on four NVIDIA RTX PRO
6000 Blackwell GPUs.

Inference Settings. Considering the strict factual
consistency requirements of patent documents, we
adopt a low sampling temperature of 0.3 during
inference. To support the generation of full-length
patent description, the maximum generation length
1s set to 30,000 tokens.

5 Results

Table 2 presents a detailed comparison of PATAL-
IGN with the Skyline, zero-shot open-source mod-
els, and COPGEN. We establish a “Skyline” by
evaluating the ground-truth reference patents. Be-
cause human-authored patents incorporate techni-
cal extensions beyond the source paper, this Sky-
line serves strictly as an upper bound for patent
style rather than factuality, which is primarily mea-
sured against the source paper (Pap— Gen). Over-
all, PATALIGN achieves the highest composite P?S
score of 82.7%, establishing new state-of-the-art
results.

5.1 Main Results

Superiority in Factuality and Style. The central
challenge of the Paper-to-Patent task is to simulta-
neously ensure faithfulness to the technical facts
of the source paper and conformity with the spe-
cialized language style of patents. As shown in Ta-
ble 2, PATALIGN demonstrates clear advantages on
both dimensions, achieving the highest composite
P28 score of 82.7% and establishing new state-of-
the-art results. In terms of factuality (Pap— Gen),
PATALIGN achieves a score of 78.7%, outperform-

ing the COPGEN baseline (53.2%) by 25.5 per-
centage points. With respect to language style,
PATALIGN obtains a high score of 86.8%, substan-
tially outperforming both COPGEN (65.9%) and
the Qwen3-8B base model (63.7%).

Although COPGEN achieves a Ref —Gen score
of 62.1% by benefiting from the inclusion of refer-
ence patent outlines during inference, this outline-
guided strategy leads to deviations from the core
technical facts of the input paper. Furthermore, al-
though equipping COPGEN with a DPO-aligned
model improves its Style score to 69.5%, its lin-
guistic style remains fundamentally constrained
compared to the end-to-end generation paradigm
empowered by iterative preference optimization in
PATALIGN. This limitation arises primarily be-
cause the chunk-based generation strategy frag-
ments the document context, making it difficult to
form a coherent and holistic patent writing style. In
contrast, through iterative preference optimization,
PatAlign remains faithful to the technical facts of
the input paper while closely approximating the lan-
guage style of real-world reference patents, which
reach 95.7% under the Skyline setting.

Mitigating Pathological Repetition. We further
analyze the role of PATALIGN in mitigating the is-
sue of pathological repetition. As shown in Table 2,
although the supervised fine-tuning (SFT) stage
equips the model with foundational factual adher-
ence and basic patent stylistic capabilities, yielding
a P2S score of 80.5%, the model still suffers from
severe pathological repetition during long-form
generation, with the proportion of severely repet-
itive windows (RR-gp) reaching 32.2%. Further-
more, when adopting the chunk-based generation
strategy of the COPGEN baseline, both Qwen3-8B
SFT and DPO models exhibit even more severe
pathological repetition issues, primarily because
multiple inference passes significantly increase the
frequency of triggering pathological repetition.
By employing iterative preference optimization,
PATALIGN utilizes the model’s own pathologically
repetitive outputs as dynamic negative samples,
thereby providing precise gradient penalties against
pathological repetition, which enables the model to
escape the local optima induced by the likelihood
maximization objective. Consequently, PATAL-
IGN successfully reduces RR~gg from 32.2% to
22.3%, corresponding to a decrease of 9.9 per-
centage points. Notably, this reduction is not
achieved at the expense of content quality. Instead,
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Coverage T Factuality 1 Repetitions
Tokens Stylet ————————— P2S+%
Gen—Ref Pap—Gen Ref—+Gen  Ref+Pap—Gen RR RR>80/
Skyline
Reference Patent 1.5k 89.1£5.83 478+17.01 89.2+£5.30 89.4 +£5.28 95.7 14.1 0.1 67.6
Zero-shot Open-source Models
Llama-3.1-8B-Instruct 3.5k  36.6 1047 68.0+15.05 499+ 1822 68.9 &+ 15.13 714 199 0.8 69.7
Qwen3-8B 2.1k 38.0£11.31 65.6+11.17 488+1729 664 +11.12 63.7 7.7 0.0 64.6
Qwen3-14B 25k 39.6+11.52 61.6+11.14 462+ 1508 632+ 11.14 66.9 7.7 0.0 64.2
Qwen3-30B-A3B 24k 39341150 609 +12.22 464 +16.09 61.7+£11.94 66.8 6.5 0.0 63.8
Qwen3-32B 2.1k 388+£11.39 57.1+11.30 432+14.07 583+11.14 63.7 6.6 0.0 60.3
COPGEN (Knappich et al., 2025)
Llama-3.1-8B-Instruct 7.6k  40.9 +12.38 49.6 +13.52 609 4+ 12.64 62.3 4+ 12.83 706  25.0 3.0 59.2
Qwen3-8B 33k 403+ 1246 53.2+14.13 62.1 £12.18 644 +£11.59 65.9 7.4 0.0 59.2
Qwen3-8B SFT 293k 393 £1141 459+£1595 51.6£17.16 53.0+1693 679 743 56.9 55.8
Qwen3-8B DPO 273k 39.6 £12.30 47.8+17.88 542+18.78 557+ 18.65 69.5 734 56.8 57.6
Qwen3-14B 55k 42341252 50.14+12.22 568+ 11.11 58.8+11.23 67.7 7.9 0.0 58.2
Qwen3-30B-A3B 48k 421+ 11.58 51.6+13.69 59241125 61.5+11.18 67.1 6.8 0.0 58.8
Qwen3-32B 6.5k 429+ 1286 48.6+ 1329 564+11.81 58.1+11.83 70.0 7.0 0.4 58.3
PatAlign (ours)
Qwen3-8B SFT 154k 432 +£15.52 748 £20.62 474+2150 76.1 £19.74 86.6 41.0 322 80.5
Qwen3-8B PatAlign 127k 420+ 14.64 787 £17.03 48.1 £20.84 79.2+17.47 86.8 319 223 82.7

Table 2: Main results comparing Skyline, Zero-shot Open-source models, COPGEN, and our proposed methods.
The evaluation covers Coverage and Length (Tokens, Coverage), Factual Faithfulness with respect to the source
paper and reference patent (Pap—Gen, Ref—Gen, Ref+Pap—Gen), Patent-Style Alignment (Style), and Long-Form
Generation Stability (RR, RR>80). P2S denotes the overall Paper-to-Patent Score. Tokens and RR achieve optimal
performance when closest to the reference patent. Best results are highlighted in bold with orange background.

PATALIGN further improves the Pap— Gen factual-
ity score from 74.8% to 78.7%. This demonstrates
that our method not only effectively suppresses
pathological repetition but also actively guides the
model to concentrate probability mass on token se-
quences that are more faithful to the technical facts
of the source paper and closer to authentic patent
language styles.

Small Models Beat Larger-size Baselines. Our
results highlight the importance of domain-specific
alignment, showing that a carefully aligned
small model can substantially outperform general-
purpose large language models with significantly
more parameters. As shown in Table 2, PATAL-
IGN, with 8B parameters, consistently outperforms
the Qwen3-32B base model—which has approxi-
mately four times the parameter count—across all
core metrics.

To eliminate the impact of different generation
strategies, we compare both models under an iden-
tical end-to-end generation setting. Specifically,
the general-purpose Qwen3-32B achieves a P2S
score of 60.3%, a Pap— Gen factuality score of
57.1%, and a language Style score of 63.7%. In

contrast, PATALIGN yields absolute gains of 22.4,
21.6, and 23.1 percentage points in P2S, Pup—Gen
factuality, and Style, respectively. These results
provide strong evidence that, for the highly spe-
cialized paper-to-patent task, simply scaling up the
parameter count of general-purpose models fails to
yield effective performance improvements; instead,
targeted iterative alignment training on a smaller
model is more effective. Consequently, PATAL-
IGN offers an efficient pathway for deploying high-
quality paper-to-patent generation systems under
constrained computational resources.

5.2 Comparison with Frontier Models

As shown in Table 4, few-shot prompting improves
the generation performance of both frontier models,
while the marginal gains diminish as more demon-
strations are provided.

Despite these gains from few-shot prompting,
PATALIGN retains a clear advantage. Compared
with the strongest frontier-model setting, GPT-5.5
(3-shot), PATALIGN achieves gains of 6.2, 7.3, and
6.8 percentage points in source-grounded factu-
ality (Facpap—sGen), Style, and P28, respectively.
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Coverage 1 Factuality 1 Repetitions
Tokens Stylet —————— P2S%
Gen— Ref Pap—Gen Ref—Gen  Ref+Pap—Gen RR RR>80)
PatAlign 127k 42.0 + 14.64 78.7 £17.03 48.1 £20.84 79.2 + 1747 86.8 319 22.3 82.7
w/o Iterative 12.5k 42.5 4+ 15.32 78.6 £ 16.25 48.7 +20.76  79.0 + 16.80 85.7 336 219 82.1
w/o RL 154k 4254+15.68 743 +£20.75 47.3+20.71 755+19.87 87.6 427 32.8 80.7
Base Model 2.1k 380+ 11.31 65.6+11.17 488 £17.29 664+ 11.12 63.7 1.7 0.0 64.6

Table 3: Ablation study: we examine the contribution of each component. Specifically, w/o Iterative removes the
iterative optimization procedure, reducing the method to standard DPO, while w/o RL further removes preference-
based alignment, effectively reducing the model to supervised fine-tuning only.

Model Setting Facp.,,cen Style P?S
DeepSeek-V4-Pro  0-shot 533 71.8 619
1-shot 54.8 73.6 63.5
3-shot 55.6 73.2 638
GPT-5.5 0-shot 64.2 66.4 65.3
1-shot 73.5 67.2 703
3-shot 73.8 67.6 70.6
PatAlign 0-shot 80.0 749 774

Table 4: Comparison with frontier models on the same
50 randomly sampled test instances. “Setting” denotes
the number of demonstrations provided during infer-
ence.

These results demonstrate that, for paper-to-patent
generation requiring strict factual consistency and
patent-specific language style, targeted alignment
training enables an 8B model to outperform few-
shot prompting with frontier models.

5.3 Ablation Study

Table 3 systematically presents the impact of dif-
ferent training strategies. Although Direct Prefer-
ence Optimization (w/o Iterative) effectively miti-
gates the pathological repetition introduced by su-
pervised fine-tuning (w/o RL), it brings noticeable
style degradation. As shown in Table 3, apply-
ing DPO reduces the Style score from 87.6% to
85.7%. This degradation occurs because static
negative samples are drawn from pathologically
repetitive patent texts generated by the SFT check-
point. Consequently, the optimization target persis-
tently focuses on eliminating repetition. As train-
ing progresses and the model’s generation distri-
bution learns to avoid pathological repetition, this
unchanging optimization target begins to penalize
the necessary structural repetitions in patent texts,
ultimately leading to the degradation of the patent
language style. In contrast, by dynamically con-
structing negative samples, PATALIGN ensures that

Reward Score

0.04 Iteration : s ( s | s )
Type: — Chosen

Rejected

0.03

0.02

0.01

0.00

—-0.01

0 10 20 30 40 50
Training Steps

Figure 2: Reward trajectories of chosen and rejected
samples across three iterative cycles of PATALIGN.

each iteration targets the most prominent genera-
tion issues of the current model for optimization.
This evolving optimization target effectively allevi-
ates the style degradation caused by DPO, improv-
ing the Style score to 86.8%.

5.4 Iterative Reward Dynamics

To investigate why the iterative optimization frame-
work outperforms its non-iterative counterpart, we
analyze the evolution of rewards during training.
Figure 2 illustrates the reward trajectories of the
chosen and rejected samples across three iterative
cycles of PATALIGN. We observe a pronounced
Cyclic Reset—Divergence pattern: at the beginning
of each iteration, the reward margin between the
chosen and rejected samples exhibits a clear conver-
gence. This phenomenon provides strong evidence
that the previous iteration has successfully pulled
the policy model’s generation distribution closer to
the reference patent distribution.

However, as the training process of each iteration
progresses, the reward margin rapidly widens again.
This trend demonstrates that, despite the increased
discrimination difficulty induced by these increas-
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Method Fact. Style Disclosure Overall P?S
COPGEN (8B) 5.6 6.4 6.6 62 576
GPT-5.5 75 7.1 3.1 76 653
PatAlign (8B) 83 7.9 8.4 82 779

Table 5: Human evaluation on 20 test instances ran-
domly sampled from the 50-instance frontier-model
evaluation subset. Disclosure Sufficiency measures
whether the generated patent adequately describes the
core invention, key components, data flows, technical
mechanisms, and implementable embodiments. Overall
denotes the average of Factuality, Style, and Disclosure
Sufficiency, while P2S is computed on the same 20 in-
stances.

ingly higher-quality negative samples, PATALIGN
still enables the model to gradually achieve an ef-
fective distinction between positive and negative
samples during each training cycle. Through this
curriculum-learning manner, the model continu-
ously uncovers finer-grained linguistic style differ-
ences between its own generated negative samples
and the authentic reference patents, thereby itera-
tively aligning with the reference patent distribu-
tion.

5.5 Human Evaluation

We further conduct a human evaluation. Each sam-
ple is assessed by the same evaluator with expe-
rience in patent drafting on a 1-10 scale to main-
tain a consistent evaluation standard across models.
Model identities are anonymized and the presenta-
tion order of outputs is randomly shuffled to reduce
potential bias from model identity and ordering.

As shown in Table 5, PATALIGN achieves the
highest human scores across Factuality, Style, and
Disclosure Sufficiency, resulting in an Overall
score of 8.2, compared with 7.6 for GPT-5.5 and
6.2 for COPGEN. Meanwhile, the ranking of the
patents generated by the three methods according
to P2S is fully consistent with that based on the
human Overall scores, indicating strong agreement
between P2S and expert judgments of paper-to-
patent generation quality and supporting its use as
an automated aggregate evaluation metric for this
task.

5.6 Training Efficiency Analysis

As detailed in Table 7 of Appendix B, although
PATALIGN introduces multiple rounds of iterative
preference optimization, it effectively alleviates the
style degradation issue of static DPO at an accept-

able computational cost. Compared to the static
DPO pipeline, it incurs no higher peak GPU mem-
ory overhead, and the total training time increases
by only 3.8 hours.

5.7 Case Study

Pathological Repetition. As illustrated in Fig-
ure 3 in Appendix C, the SFT baseline model
suffers from severe pathological repetition during
patent generation (e.g., repeatedly generating “The
invention also relates to ... The invention also re-
lates to ...”). In contrast, PATALIGN effectively
mitigates this pathological repetition phenomenon
and generates logically coherent patent texts.

Factuality and Language Style. To further eval-
uate generation quality, we present a compara-
tive case study between PATALIGN (Qwen3-8B)
and the baseline COPGEN (Qwen3-32B) in Ap-
pendix C. As illustrated in Figure 4, COPGEN
suffers from factual hallucinations (e.g., fabricat-
ing non-existent entities like “ASMRF”), and its
generated text still strongly exhibits an academic
paper writing style. Conversely, PATALIGN not
only maintains factual consistency with the source
paper but also generates texts that are much closer
to the authentic patent language style.

6 Conclusion

In this paper, we proposed PATALIGN, an iterative
direct preference optimization framework for the
paper-to-patent generation task. PATALIGN effec-
tively resolves the pathological repetition in super-
vised fine-tuning and the style degradation in static
preference optimization. Additionally, we intro-
duced P2S, a comprehensive metric for evaluating
overall patent generation quality. Experimental re-
sults demonstrate that PATALIGN establishes a new
state-of-the-art by achieving both high factual con-
sistency and an authentic patent writing style. We
believe this work not only improves the drafting
efficiency of patent attorneys but also provides valu-
able insights for aligning long-form text generation
models under complex stylistic constraints.

Limitations

We acknowledge several limitations in our study,
which concurrently highlight promising directions
for future research. First, our primary objective
is to provide patent drafting assistance rather than
directly generating applications with final legal en-
forceability. Future work could integrate this frame-
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work into a human-in-the-loop workflow, combin-
ing the model’s efficient generation capabilities
with expert review and revision to ultimately pro-
duce complete and legally robust application doc-
uments. Second, constrained by the context win-
dow limits of current open-source models, we fil-
tered out document pairs exceeding 31k tokens.
As open-source foundation models continue to ad-
vance in context length, our approach can be natu-
rally extended to ultra-long patent generation sce-
narios. Furthermore, because currently available
public paper-patent paired datasets are restricted to
USPTO standards, our training and evaluation are
conducted solely based on this jurisdiction. Funda-
mentally, PATALIGN serves as a general alignment
framework; should data from other countries or
regions become publicly available, we can read-
ily explore its adaptation to the patent standards
of other jurisdictions. Finally, limited by compu-
tational resources, we have not yet explored the
alignment effectiveness on larger-scale foundation
models. We leave this extended investigation into
scaling behaviors for future work.

Ethics Statement

The data utilized in this study are derived from
the publicly available PAP2PAT dataset, compris-
ing paired academic papers and patent documents
from open-access sources. The primary objective
of our proposed framework, PATALIGN, is to as-
sist patent professionals by automating the con-
version of scientific disclosures into initial patent
description drafts, thereby enhancing the efficiency
of intellectual property protection. We explicitly
condemn the misuse of this technology for mali-
cious activities, such as generating fraudulent ap-
plications, spamming, or facilitating patent trolling,
which could impose undue burdens on intellectual
property offices. We emphasize that the outputs
generated by our model serve only as auxiliary
references and do not constitute final legal doc-
uments. Despite improvements in factual consis-
tency and stylistic alignment, the generated descrip-
tions require rigorous verification and modification
by qualified patent agents to ensure they meet strict
legal standards and technical accuracy.
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A System Prompts for Evaluation

Table 6 presents the complete system prompt and
the associated output format constraints used dur-
ing inference for the Base Model, SFT, DPO, and
PatAlign methods.

B Training Efficiency Analysis

Table 7 details the computational resource con-
sumption and time overhead of different training
configurations. Although PATALIGN introduces
multiple rounds of iterative preference optimiza-
tion, its peak VRAM remains at 4 x 94.97 GB,
incurring no higher peak GPU memory overhead
compared to the static DPO pipeline. The total
time encompasses both the policy training time and
the inference time required to generate negative
samples.

C Case Study Visualization

In this section, we provide the full visualization
of the case studies discussed in the main text. We
first analyze the pathological repetition issue in the
SFT baseline, followed by a detailed comparison

of factuality and language style between COPGEN
and PATALIGN.

C.1 Pathological Repetition Analysis

Figure 3 compares the generation outputs of the
SFT baseline and our PATALIGN model given the
same input scientific paper. The SFT model col-
lapses into an infinite loop (highlighted in red) due
to shortcut learning on patent redundancy. Con-
versely, PATALIGN avoids this degeneration, pro-
ducing a coherent, logically progressive description
that accurately reflects the source paper’s contribu-
tions.

C.2 Detailed Case Study on Factuality and
Language Style

To qualitatively compare generation quality, Fig-
ure 4 presents a representative case study on a
yeast reporter system for A342 oligomerization.
We compare our proposed PATALIGN (Qwen3-
8B) against the strong baseline COPGEN (Qwen3-
32B) from two critical perspectives: factual consis-
tency with the source paper and authentic reference
patent language style alignment.

Factual Consistency with the Source Paper.
The source paper explicitly states that the proposed
system is based on “a fusion of A542 to a reporter
protein” in yeast. PATALIGN faithfully preserves
this core scientific fact by generating: “The system
includes a fusion protein comprising AB42 and a
reporter protein...”. This description remains factu-
ally consistent with the source paper while reformu-
lating the content into an expression that conforms
to the patent language style. In contrast, COPGEN
introduces a severe factual hallucination by gener-
ating: “The model employs an A(342-mammalian
reporter fusion protein (ABMRF)...”. Neither the
term “mammalian reporter fusion protein” nor the
abbreviation “ABMRF” appears in the source paper.
This demonstrates that COPGEN may introduce
unsupported fabricated content during generation,
thereby reducing factual consistency.

Patent-style Language Alignment. Beyond fac-
tual consistency, patent drafting requires a special-
ized patent language style that differs significantly
from academic writing. The source paper uses
standard academic discourse, such as “While such
approaches may reduce plaque formation...” and
“In contrast, the new model system allows...”. COP-
GEN largely preserves these academic rhetorical
patterns in its generated text (e.g., “To address these
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System Prompt Configuration

Role

You are a senior patent attorney and technical expert specializing in drafting U.S. patent specifications.
Task

Transform the provided research paper content into a complete and fully developed patent specification.

Guidelines

1. Expansion and Elaboration: Build upon the core technical concepts presented in the paper and reasonably expand and
elaborate them to produce a comprehensive patent specification. Describe implementation details thoroughly to meet the
typical depth and length expected in U.S. patent documents.

2. Consistency With Source Material: Ensure that all generated content remains consistent with the core technical facts,
data, and disclosures contained in the input research paper.

3. Patent-Style Writing: Use a professional, objective, and legally rigorous U.S. patent drafting style. Employ appropriate
terminology, formal tone, and structured narrative consistent with standard patent specifications.

Output Format Constraint (Appended to User Prompt)
Output Format Requirements

1. Content Constraints: Do not generate a “Claims” section and do not generate an Abstract. Focus solely on the
specification description.

2. Subsections Flexibility: You may add subsections (### ...) under any top-level or secondary heading whenever
needed to improve structure or clarity.

3. You must output the content in Markdown format to maintain structural clarity.

The following rules and examples are provided as general reference only, not as strict required ordering:

Heading Hierarchy Reference

- Use # for the Patent Title.

- Use #i# for Main Sections.

- Use #i## for Subsections under any section as needed.

Example Section Headings (Reference Only)

# [Insert Patent Title Here]

## FIELD OF THE INVENTION

## BACKGROUND OF THE INVENTION

## SUMMARY OF THE INVENTION

## DETAILED DESCRIPTION OF THE INVENTION

(You may introduce subsections—for example, ### System Architecture, ### Method Flow, or any other appropriate
breakdown—under any section.)

### END OF PATENT ###

Table 6: Complete system prompt and output format constraints used for evaluating all models. The prompt specifies
the model’s assumed role and enforces strict formatting and content guidelines during generation.

limitations...” and “In contrast, the new model sys-
tem allows...”). Such expressions resemble the aca-
demic paper style rather than patent disclosure lan-
guage, indicating that it struggles to generate text
that conforms to the patent language style. In com-
parison, PATALIGN can transform the source paper
facts into patent-style expressions, including “The
present invention provides...”, “The system com-
prises...”, and “The method comprises...”. These
declarative phrases demonstrate stronger alignment
with patent drafting conventions.
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Method Peak VRAM Train Time Neg Gen Time Total Time Avg Time / Sample

PATALIGN 4 x 9497 GB 14.9h 7.0h 21.9h 12.5s
w/o Iterative 4 x 94.97 GB 14.6h 3.5h 18.1h 12.5s
w/o RL 4 x 38.7GB 11.5h - 11.9h -

Table 7: Training efficiency analysis. w/o Iterative refers to the standard sequential training pipeline of SFT
followed by static DPO. “Neg Gen Time” denotes the total inference time required to generate negative samples,
while “Avg Time/Sample” represents the average generation time per sample during this phase.

SFT PatAlign

Generated Patent Description:
# Modulation of AP42low-n oligomerization using
a novel yeast reporter system

Generated Patent Description:

# Yeast Reporter System for Modulation of AB42
Low-n Oligomerization

## FIELD OF THE INVENTION ## FIELD OF THE INVENTION

The present invention relates to a yeast reporter
system for modulating AB42 low-n
oligomerization. More specifically, the invention
relates to a yeast model system focused on the
initial stages of AB42 oligomerization, which can
be used to search for and test proteinacious or
chemical compounds for their ability to interfere
with the earliest steps of Ap42 oligomerization.

The invention also relates to a method for
screening for agents that inhibit the formation of
low-n oligomers of AR peptides in a yeast system.

## BACKGROUND OF THE INVENTION
Alzheimer's disease (AD) is a severe
neurodegenerative disorder characterized by an
extracellular deposition of amyloid plaques, and
an intraneuronal accumulation of neurofibrillary
tangles in the brain of affected individuals......

The invention also relates to a method for
screening for agents that inhibit the formation of
low-n oligomers of AB peptides in a yeast system.

Figure 3: Case study comparing SFT and PATALIGN. The SFT model collapses into an infinite loop due to shortcut
learning on patent redundancy. Conversely, PATALIGN avoids this degeneration, generating a logically coherent
patent text.
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Paper

Source Paper Evidence:

(..We show that the activity of a

fusion of AB42 to a reporter

\protein is compromised in yeast )
by the formation of SDS-stable
low-n oligomers...

(While such approaches may
reduce plague formation, they
often result in the accumulation
of toxic oligomers, which may
exacerbate disease progression.
In contrast, the new model
system allows for the
investigation of compounds that
interfere with the initial stages of

\AB42 oligomerization... )

Academic Paper Style

COPGEN (Qwen3-32B)

Baseline Generation:
@ Factual Hallucination
[.p..The model employs an AB42-

mammalian reporter fusion ]
rotein (ABMRF), which enables

the detection of oligomerization

through functional assays...

(To address these limitations, a
novel yeast-based model system
has been developed...

In contrast, the new model
system allows for the
Linvestigation of compounds...
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PatAlign (Qwen3-8B)

Our Generation:

(.. The system includes a fusion
protein comprising AB42 and a
\reporter protein...

Q Factual Consistency

J

(The present invention provides\
a yeast reporter system for
modulating AB42 low-n
oligomerization. The system
comprises a yeast model system
focused on the initial stages of
AB42 oligomerization...The
method comprises growing the
yeast in a medium containing a
\compound...

Q Patent-style Language

Figure 4: A comparative case study between COPGEN (Qwen3-32B) and PATALIGN (Qwen3-8B) evaluating
factual consistency and language style.
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