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Abstract001

This paper presents a simple yet effective con-002
trastive learning framework for learning patent003
embeddings by leveraging multiple views from004
within the same document. We first iden-005
tify a patent-specific failure mode of SimCSE-006
style dropout augmentation: it produces overly007
uniform embeddings that lose semantic cohe-008
sion. To remedy this, we propose section-009
based augmentation, where different sections010
of a patent (e.g., abstract, claims, background)011
serve as complementary views. This de-012
sign introduces natural semantic and struc-013
tural diversity, mitigating over-dispersion and014
yielding embeddings that better preserve both015
global structure and local continuity. On large-016
scale benchmarks, our fully self-supervised017
method matches or surpasses citation- and IPC-018
supervised baselines in prior-art retrieval and019
classification, while avoiding reliance on brittle020
or incomplete annotations. Our analysis fur-021
ther shows that different sections specialize for022
different tasks—claims and summaries benefit023
retrieval, while background sections aid clas-024
sification—highlighting the value of patents’025
inherent discourse structure for representation026
learning. These results highlight the value of027
exploiting intra-document views for scalable028
and generalizable patent understanding.029

1 Introduction030

Patents are a vital source of technical knowledge,031

with hundreds of thousands of new filings each032

year. The USPTO1 alone processed over 430k ap-033

plications in 2024, with a backlog exceeding 800k034

documents (Ellis, 2025). This makes tools for par-035

tial automation essential, for examination itself as036

well as for leveraging this vast database of human037

inventiveness.038

To support patent-related tasks such as prior-039

art search, classification, or trend analysis, re-040

cent efforts have focused on patent representation041

1United States Patent and Trademark Office (USPTO):
https://www.uspto.gov

learning—encoding a document’s content into a 042

dense vector using transformer models. Super- 043

vised methods, fine-tuned on IPC2 codes (Lee and 044

Hsiang, 2020; Bekamiri et al., 2024) or citation 045

graphs (Vowinckel and Hähnke, 2023; Ghosh et al., 046

2024), achieve strong performance in classification 047

and retrieval. However, they rely on curated labels 048

that are often sparse, biased, or unstable. IPC anno- 049

tations suffer from class imbalance and taxonomic 050

shifts (van Hoewijk and Holmström, 2022; Haščič 051

et al., 2015), while citation links may be incomplete 052

or strategically manipulated (Blume et al., 2024). 053

Self-supervised contrastive learning offers a way 054

to sidestep these issues by deriving training signals 055

directly from the data itself (Chen et al., 2020; Gao 056

et al., 2021). Yet in the patent domain, naïve aug- 057

mentations such as dropout, as used in SimCSE, 058

are insufficient: dropout performs only feature- 059

level perturbations that leave lexical, syntactic, and 060

discourse content unchanged, yielding views that 061

are nearly identical—especially problematic for 062

long, complex documents. As we will demon- 063

strate later with embedding diagnostics, this in- 064

sufficiency manifests as over-dispersion of embed- 065

dings—an instance of the curse-of-dimensionality 066

effect—where representations spread across higher 067

dimensions but lose semantic cohesion. We hypoth- 068

esize that patents’ long, heterogeneous discourse, 069

unlike short sentences, calls for augmentations that 070

introduce genuine discourse- or structural-level 071

diversity. Our experiments confirm that such aug- 072

mentations mitigate over-dispersion. 073

In our work, we propose a fully self-supervised 074

framework that leverages the inherent structure of 075

patents to construct diverse, semantically mean- 076

ingful data augmentations. Different sections of a 077

patent (e.g., abstract, claims, background) describe 078

the same invention with distinct styles and levels of 079

2International Patent Classification (IPC): https://www.
wipo.int/en/web/classification-ipc
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detail, naturally serving as complementary views.080

This section-based augmentation mitigates over-081

dispersion and yields embeddings that maintain082

semantic cohesion while making fuller and more083

balanced use of the representation space.084

Our contributions are threefold: (1) Diagnose085

a patent-specific failure mode—dropout-only aug-086

mentation causes over-dispersion of embeddings,087

quantified via alignment, uniformity, and singular-088

value entropy; (2) Propose section-based augmen-089

tation that mitigates this issue and improves re-090

trieval/classification; (3) Release code, checkpoints,091

and evaluation queries for reproducibility3.092

2 Related Work093

Patent representation learning. Recent work094

on patent representation has focused on adapting095

transformer models to the patent domain. Patent-096

BERT (Lee and Hsiang, 2020) fine-tuned BERT on097

claims for IPC/CPC4 classification, while PatentS-098

BERTa (Bekamiri et al., 2024) leveraged silver099

labels from a cross-encoder to improve similar-100

ity search. Other encoders have been trained101

from scratch on large patent corpora: BERT for102

Patents (Srebrovic and Yonamine, 2020) (100M+103

documents) captured technical vocabulary, while104

SciBERT (Beltagy et al., 2019), though trained on105

scientific texts, transferred effectively to patents106

with improvements from linguistically-informed107

masking (Althammer et al., 2021). More recently,108

ModernBERT (Yousefiramandi and Cooney, 2025)109

extended pretraining to patents with long-context110

modeling, improving efficiency over earlier Patent-111

BERT.112

Beyond pretraining, contrastive learning has ad-113

vanced retrieval by constructing positives from114

metadata. (Li et al., 2022) used IPC codes, while115

(Xiao et al., 2023) combined topic prompting with116

contrastive learning for more isotropic embed-117

dings. More recent work exploits examiner ci-118

tations: (Björkqvist and Kallio, 2023) modeled119

patents as graphs, pairing first claims with cited120

descriptions; PaECTER (Ghosh et al., 2024) fine-121

tuned BERT-for-Patents on EPO citation pairs, set-122

ting a strong benchmark for prior-art retrieval;123

and SearchFormer (Vowinckel and Hähnke, 2023)124

adopted a similar citation-driven strategy for ti-125

tle–abstract embeddings, though it remains propri-126

3https://github.com/xxxxx
4Cooperative Patent Classification (CPC): https://www.

cooperativepatentclassification.org/home

etary. 127

Self-supervised sentence representation learn- 128

ing. Self-supervised learning avoids external la- 129

bels by constructing signals directly from the data. 130

Early NLP work drew on vision-based contrastive 131

framework (Chen et al., 2020), with methods such 132

as CLEAR (Wu et al., 2020) and ConSERT (Yan 133

et al., 2021) using discrete augmentations. Sim- 134

CSE (Gao et al., 2021) showed that dropout noise 135

alone can outperform such heuristics, establishing 136

a strong baseline. 137

Momentum encoders, inspired by MoCo and 138

BYOL, enlarged negative pools and stabilized train- 139

ing (Fang et al., 2020; Zhang et al., 2021). Loss 140

variants introduced angular margins (Zhang et al., 141

2022b), discriminator-guided alignment (Chuang 142

et al., 2022), or differentiable augmentation via 143

prefix tuning (Wang and Lu, 2022). Hard-negative 144

strategies ranged from Gaussian perturbations (Wu 145

et al., 2021; Zhou et al., 2022) and clustering-aware 146

sampling (Deng et al., 2023) to intermediate-layer 147

negatives (Chen et al., 2023). MixCSE (Zhang 148

et al., 2022a) interpolated features between posi- 149

tives and negatives, while SimCSE++ (Xu et al., 150

2023) improved gradient flow by disabling dropout 151

on negatives. 152

Recent non-contrastive objectives such as 153

Barlow Twins (Zbontar et al., 2021) and VI- 154

CReg (Bardes et al., 2021) align positive views 155

while minimizing redundancy. NLP adapta- 156

tions (Pappadopulo and Farina, 2024; Çağatan, 157

2024) achieve performance competitive with Sim- 158

CSE, offering alternatives without explicit nega- 159

tives. 160

Despite this progress, patent-specific self- 161

supervised methods remain underexplored. We ad- 162

dress this gap by exploiting the inherent multi-view 163

structure of patents to design stronger data aug- 164

mentation strategies for more effective contrastive 165

learning. 166

3 Preliminaries and Background 167

Patent documents serve not only as legal instru- 168

ments, but also as structured repositories of tech- 169

nical knowledge. Each patent document orga- 170

nizes complex technical content into standardized 171

sections—such as claims, abstract, and detailed 172

description—that collectively define the novelty, 173

scope, and applicability of the invention. This rich 174

and multi-faceted structure makes patents an ideal 175

yet underutilized resource for learning meaning- 176
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Figure 1: An example of granted patent document (US Patent 9,914,063 B1). (Section structure and formatting may
vary across jurisdictions.)

ful textual representations. Fig. 1 shows a typical177

granted US patent with its key sections annotated.178

In this work, we utilize the following sections179

from each patent document: Title (a concise and180

specific identifier of the invention), Abstract (a181

brief summary of novelty and technical contribu-182

tions, typically 50–150 words, often used in search183

and retrieval), Claims (the legally binding compo-184

nent of the patent, written in formal, highly struc-185

tured language to define the scope of exclusive186

rights), Background (provides technical context187

and motivation for the invention, sometimes refer-188

encing existing methods or limitations in prior art)5,189

Summary (an overview of key features, objectives,190

and advantages), Figure Description (brief expla-191

nations of each figure to aid understanding of the192

invention), and Detailed Description (comprehen-193

sive disclosure with examples and embodiments,194

enabling skilled practitioners to reproduce the in-195

vention).196

4 Methodology197

Our framework builds on contrastive learning but198

is motivated by a domain-specific failure mode we199

observe in patents, which we term over-dispersion200

of embeddings. We first outline the baseline con-201

5The Background section is not a formal disclosure of
prior art but may describe known techniques or problems to
motivate the invention.

trastive setup (Sec. 4.1), then analyze this effect 202

(Sec. 4.2), and finally present our section-based 203

augmentation remedy (Sec. 4.3). 204

4.1 Contrastive Learning Framework 205

Following standard contrastive learning, we con- 206

struct a set of paired examples D = {(xi, x+i )}Ni=1, 207

where each x+i is a positive view of xi, semanti- 208

cally equivalent but differing through data augmen- 209

tation. In the baseline setting, we adopt SimCSE’s 210

dropout-based augmentation: the positive pair con- 211

sists of identical input sentences, where xi and 212

x+i are encoded independently using different ran- 213

dom dropout masks applied to model activations 214

(dropout probability p = 0.1). 215

Both views are encoded by the same Transformer 216

encoder fθ. We use [CLS] pooling, i.e., we take 217

the final-layer [CLS] vector as the sentence rep- 218

resentation. A lightweight projector gϕ (linear + 219

tanh) maps the pooled feature to the contrastive 220

space, yielding h = gϕ(fθ(x)). The projector is 221

discarded at inference. 222

The model is trained using in-batch negatives 223

with the InfoNCE objective. For a given pair 224

(xi, x
+
i ) within a minibatch of N examples, the 225

loss is defined as: 226

3



Li = − log
exp

(
sim(hi, h

+
i )/τ

)∑N
j=1exp

(
sim(hi, h

+
j )/τ

) , (1)227

where τ is a temperature hyper-parameter228

and sim(hi, hj) denotes the cosine similarity:229

sim(h1, h2) =
h⊤1h2

∥h1∥∥h2∥ .230

4.2 Over-dispersion of Embeddings231

Sentence embeddings from pre-trained BERT en-232

coders are known to suffer from anisotropy: rep-233

resentations concentrate along a few dominant di-234

rections, forming a narrow cone with a rapidly de-235

caying singular-value spectrum (Ethayarajh, 2019;236

Li et al., 2020). Recent studies debate whether this237

phenomenon is inherent to attention (Godey et al.,238

2024a) or can be mitigated by training dynamics239

such as normalization (Machina and Mercer, 2024).240

SimCSE (Gao et al., 2021) showed that con-241

trastive learning with dropout augmentation alle-242

viates anisotropy in general-domain text. How-243

ever, when applying the same setup to patents,244

we observe a different degeneration. As shown245

in Figure 2, dropout-only augmentation drives the246

singular-value entropy (SVE) toward a uniform247

spectrum: embeddings spread more evenly across248

dimensions, yet downstream performance on IPC249

classification declines.250

We term this the over-dispersion of em-251

beddings: representations become excessively252

isotropic—occupying the space broadly but drifting253

away from the semantic manifold. In this regime,254

dropout provides too little semantic variation, so255

the model learns invariance to random noise rather256

than meaningful linguistic diversity, resulting in257

dispersion without semantic anchors.258

4.3 Patent Sections as Data Augmentation259

To counter over-dispersion, data augmentation260

must introduce genuine semantic or structural vari-261

ation rather than near-identical views. Patent docu-262

ments naturally provide such diversity through their263

section structure. Abstracts summarize, claims264

legally delimit, and backgrounds situate the in-265

vention in broader context—yielding semantically266

aligned but stylistically distinct views of the same267

invention.268

We therefore propose section-based augmenta-269

tion, which pairs the standard Title+Abstract (TA)270

with other sections (e.g., claims, background, sum-271

mary) from the same document. These section-272

Figure 2: Training curves with dropout-only augmen-
tation (input = TA). We report Precision@1 on IPC
classification (KNN, k=10) in blue, and singular-value
entropy (SVE) in red, evaluated every 250 steps. (The
SVE is defined as the KL divergence between the nor-
malized singular values of the embedding matrix and a
uniform distribution.)

based views act as natural augmentations, enforc- 273

ing invariance at the document level while an- 274

choring embeddings to invention-level semantics. 275

Unlike surface-level perturbations, our method di- 276

rectly exploits the discourse structure of patents. 277

In practice, our training incorporates two types 278

of augmentations: (i) dropout views, where TA 279

is encoded twice with independent dropout masks, 280

ensuring stability by aligning near-identical views; 281

and (ii) section views, where TA is paired with 282

another available section, introducing stronger dis- 283

course diversity. The combination is designed to 284

balance consistency (from dropout views) with di- 285

versity (from section views). 286

We illustrate positive-pair construction as fol- 287

lows: 288

Input: patent document with sections S 289
Output: positive pair (xi, x

+
i ) 290

291
viewA = Title + Abstract (denoted 292
TA) 293
viewB = randomly sample one section 294
s ∈ S 295
if s == Abstract: 296

viewB = TA with independent dropout 297
mask // dropout-positive 298
else: 299

viewB = full text of section s // 300
section-positive 301
return (viewA, viewB) 302

303
// Negatives are constructed analogously 304
from other patents 305

To avoid anchoring bias, viewA and viewB are 306

randomly swapped with 50% probability during 307

training. For negatives, we consistently sample 308
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from the viewA space (i.e., other patents’ TA or309

their augmented variants), so that negative con-310

struction remains comparable across augmentation311

strategies.312

5 Experiments313

5.1 Training Data314

We use the HUPD dataset (Suzgun et al., 2022),315

containing English-language USPTO patent appli-316

cations (2004–2018). For training we select filings317

from 2010–2018, yielding 2.78M documents af-318

ter filtering. From each patent we extract six sec-319

tions: abstract, claims, summary, background, fig-320

ure description, and detailed description, with title321

concatenated to the abstract. To facilitate section-322

aware learning, each section is prepended with a323

special token (e.g., [abstract], [claim]), follow-324

ing (Srebrovic and Yonamine, 2020). Table 1 re-325

ports average lengths of each section. Detailed326

preprocessing rules (e.g., heading segmentation,327

boilerplate removal) are provided in Appendix A.328

5.2 Implementation Details329

Our encoder is initialized from BERT-for-330

Patents (Srebrovic and Yonamine, 2020) and fine-331

tuned with a maximum input length of 512 tokens.332

We use AdamW with learning rate 1×10−5, cosine333

decay, and 10% warm-up. The temperature τ in334

Eq. 1 is fixed at 0.05.335

Augmentation policies. To assess how different336

kinds of variation affect patent contrastive repre-337

sentation learning, we compare a spectrum of aug-338

mentation policies—ranging from shallow pertur-339

bations to discourse- and metadata-informed views.340

Each policy is applied consistently when forming341

training pairs, so that differences in performance342

can be attributed to the nature of the augmentation343

itself.344

Concretely, we evaluate: (i) Dropout (SimCSE-345

style; p=0.1): stochastic feature noise; (ii) Sen-346

tence shuffling (Yan et al., 2021): surface re-347

ordering; (iii) Random cropping: structural vari-348

ation via truncating a 10% continuous span; (iv)349

Paraphrasing: semantic rewriting of TA with an350

open-source LLM (Qwen3-0.6B (Team, 2025));351

(v) Section-based views (ours): discourse-level352

variation by pairing Title+Abstract (TA) with an-353

other section from the same patent (e.g., claims,354

background, summary); (vi) IPC-matched pairs:355

cross-document positives using another patent that356

shares the exact IPC subgroup list6. 357

We include a diverse set of augmentations not as 358

competing methods per se, but as controlled com- 359

parisons to test our hypothesis that only structural 360

or semantic diversity—rather than surface pertur- 361

bations—is effective in mitigating over-dispersion 362

and improving downstream performance. 363

Training setup. Models are trained on a single 364

NVIDIA H100 GPU with batch size 512 for one 365

epoch. We adopt DeepSpeed Stage 1 for memory 366

efficiency and fp16 mixed-precision to accelerate 367

training. 368

Baseline Models. We compare against four cate- 369

gories of baselines: 370

• Domain-specific patent encoders: BERT-for- 371

Patents (Srebrovic and Yonamine, 2020) (un- 372

supervised pretraining) and PatentBERT (Lee 373

and Hsiang, 2020) (CPC-supervised). 374

• Citation-trained models: PaECTER and Pat- 375

SPECTER (Ghosh et al., 2024) (patent cita- 376

tions), and SPECTER 2.0 (Singh et al., 2022) 377

(scientific citations). 378

• General-purpose embedding LLM: gte- 379

Qwen2-7B-instruct (Li et al., 2023). 380

• Lexical retrieval: BM25. 381

Together, these baselines span supervised, 382

citation-driven, and general-purpose approaches, 383

situating our method within both patent-specific 384

and general embedding learning. Details are in 385

Appendix B. 386

6 Evaluation and Results 387

6.1 Evaluation Tasks 388

We assess the learned embeddings on two comple- 389

mentary downstream tasks: (1) prior-art retrieval 390

and (2) IPC classification. Retrieval evaluates local 391

semantic continuity between related patents, while 392

classification inquiries the global organization of 393

embeddings by technology domain. 394

6The International Patent Classification (IPC) hierarchy
contains roughly 650 subclasses (e.g., A01B) and more than
70 000 finer-grained subgroups (e.g., A01B 1/02). Patents
are typically annotated with multiple labels at each level (on
average 1–3 subclasses and 10–15 subgroups). When two
patents possess an identical subgroup list, they usually disclose
inventions from very similar technical domains.
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Section title abstract claims background summary drawing detailed description
# words 7.9 108.6 975.0 475.7 685.1 371.7 1582.7

Table 1: Average word counts of patent sections in our dataset.

Prior Art Retrieval. We construct a benchmark395

using 200 query patents filed in 2021–2022 from396

the EPO full-text corpus. For each query, we ex-397

tract cited documents from the official examiner398

search reports as positive examples. Negative ex-399

amples are sampled using three strategies: (i) docu-400

ments retrieved via “more-like-this” (MLT) Elastic-401

search queries7, (ii) patents from the same IPC sub-402

class but not cited, and (iii) cited-of-cited patents403

not directly linked to the query. The resulting re-404

trieval pool includes 48,110 documents. Detailed405

sampling protocol is described in Appendix C.406

To reflect diverse patent retrieval scenarios, we407

consider two query-to-document configurations:408

• Abstracts Only: Both queries and documents409

are represented by their title + abstract em-410

beddings. This reflects early-stage novelty411

search where only summaries are available.412

• Claims→All: Queries use claims embed-413

dings, while documents contribute three vec-414

tors (TA, claims, description). The final415

ranked list is de-duplicated at the patent level,416

mirroring the examiner workflows where417

claims are compared against the full disclo-418

sure of candidate patents.419

We report Recall@K (K = 20, 50, 100), averaged420

over 200 queries.421

IPC Classification via KNN. To evaluate global422

embedding geometry, we perform IPC subclass423

classification with a k-nearest neighbor (k = 10)424

classifier. We use 30k USPTO patents from425

2005–2009 (6k per year), with an 85/15 train/test426

split from the HUPD dataset (Suzgun et al., 2022).427

Each document is represented by its TA embedding,428

and labels are assigned by majority vote among429

neighbors.430

6.2 Main Results431

Table 2 reports results8 on prior-art retrieval and432

IPC classification. All our models (annotated as433

7https://www.elastic.co/docs/reference/
query-dsl/mlt-query

8Due to space constraints, in the main text we report only
the best-performing configuration of section-based augmenta-
tion for each task. Comprehensive results across all section
combinations are included in Appendix C.2.

"Ours") use the same dropout-based contrastive 434

framework, differing only in the augmentation pol- 435

icy used to construct training pairs. We report re- 436

sults from the final checkpoint without early stop- 437

ping. 438

Prior Art Retrieval. As shown in the retrieval 439

block of Table 2 (left two blocks), dropout-only 440

training yields limited gains and collapses in the 441

challenging Claims→All setting, confirming that 442

nearly identical positives fail to capture cross- 443

sectional semantics. Classical augmentations pro- 444

vide moderate improvements, with cropping com- 445

bined with shuffling and paraphrasing outperform- 446

ing shuffling alone, likely because they introduce 447

length or semantic variation rather than mere sur- 448

face reordering. However, section-based augmen- 449

tation delivers the largest gains, raising R@100 450

from 56.21 (dropout) to 71.22 with claims as 451

the second view—matching or surpassing citation- 452

trained baselines such as PaECTER at several cut- 453

offs. Summaries and background sections also im- 454

prove performance, though less strongly, and com- 455

bining sections yields competitive results. These 456

findings confirm that discourse-level variation sup- 457

plies the semantic diversity needed to mitigate over- 458

dispersion and improve retrieval. 459

IPC Subclass Classification via KNN. The 460

classification block of Table 2 (rightmost three 461

columns) evaluates whether embeddings preserve 462

global technology-domain structure. Dropout alone 463

performs poorly, and classical augmentations pro- 464

vide only modest gains, with cropping combined 465

with sentence shuffling again the strongest among 466

them. Section-based augmentation substantially 467

improves classification, performing on par with 468

or better than the high-dimensional gte-Qwen2- 469

7B-instruct model, despite using far fewer param- 470

eters and a smaller embedding dimension. The 471

+IPC match variant achieves the best classifica- 472

tion scores overall, which is expected since its 473

training signal is directly tied to IPC subgroups 474

overlap—essentially a form of supervised cluster- 475

ing. Our section-based method, though fully self- 476

supervised, comes close to this upper bound. How- 477

ever, as Table 2 shows, the IPC-matched model 478

suffers a sharp drop in retrieval performance, indi- 479

6
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Table 2: Performance on Prior Art Retrieval (%) and IPC Subclass Classification (%) using KNN (K = 10). “Ours”
denotes contrastive training with different augmentation policies. Retrieval is reported on Abstract→Abstract and
Claims→All settings; classification is reported as P@1/3/5. Best and second-best scores are highlighted.

Model Retrieval: Abs → Abs Retrieval: Clm → All Dim Classification (KNN)
R@20 R@50 R@100 R@20 R@50 R@100 P@1 P@3 P@5

BM25 27.23 40.40 51.08 31.06 42.56 56.35 – – – –
PatentBERT 13.43 19.21 27.58 13.74 19.09 25.59 768 49.91 25.02 16.82
SPECTER 2.0 27.01 35.44 44.27 23.18 34.86 46.10 768 52.57 26.13 17.62
Pat-SPECTER 32.03 46.44 58.98 30.84 49.64 64.59 768 55.27 27.83 18.52
BERT-for-patents 26.82 39.96 49.56 26.60 40.21 49.09 1024 57.43 28.08 18.60
PaECTER 39.64 58.29 67.08 44.53 62.88 76.60 1024 60.00 29.88 19.77
gte-Qwen2-7B-instruct 41.24 54.93 65.97 43.16 61.28 72.99 3584 61.10 29.66 19.57

Dropout (TA→TA) 29.70 45.14 56.21 18.22 29.29 39.83 1024 48.33 24.43 16.50

Ours — Dropout + Classical Data Augmentation
+ shuffle 31.66 46.75 56.10 27.13 38.65 48.67 48.54 24.83 16.61
+ crop 39.32 55.01 65.43 34.10 50.35 61.51 56.19 27.77 18.41
+ shuffle/crop 41.54 56.25 66.45 35.64 51.80 64.55 56.62 28.01 18.55
+ paraphrase 36.96 54.08 66.13 35.22 52.81 63.05 54.43 27.26 18.25
+ IPC match 33.66 48.46 59.25 33.52 49.25 65.73 63.53 30.37 20.00

Ours — Dropout + Section Augmentation
+ claim 44.00 58.04 71.22 44.85 63.40 75.70 61.10 29.88 19.77
+ summary 42.54 57.95 70.79 42.38 60.55 71.02 61.35 30.23 19.83
+ background 40.93 55.90 66.75 39.38 58.20 69.41 62.11 30.14 19.63
+ claim/summary 42.83 58.22 70.72 44.06 61.54 73.72 60.54 30.04 19.77
+ claim/background 42.38 57.73 69.46 41.95 59.65 72.62 62.27 30.24 19.83
+ summary/background 42.03 56.26 68.24 41.21 58.11 71.24 62.20 30.11 19.73

cating that enforcing strict IPC-driven clustering480

encourages coarse-grained grouping by technol-481

ogy domains but undermines the ability to capture482

fine-grained semantic continuity across patents. By483

contrast, section-based augmentation strikes a bet-484

ter balance between global domain structure and485

local semantic relations.486

We also observe that different sections contribute487

differently across tasks. Claims and summaries are488

most effective for retrieval, likely because they pro-489

vide concise, semantically focused descriptions of490

the inventive concept, which align well with prior-491

art matching. By contrast, the background section492

contributes more to classification, as it explicitly493

situates the invention within a broader technical494

field and emphasizes domain-level context.495

6.3 Embedding Diagnostics496

Beyond task performance, we analyze the geom-497

etry of the learned embedding spaces. We follow498

Wang and Isola (2020) and report three comple-499

mentary metrics: (i) alignment (lower is better),500

computed over citing–cited pairs from the prior-art501

benchmark (not training positives), measuring how502

well related patents are pulled together; (ii) uni-503

formity (lower is better), quantifying how evenly504

embeddings spread on the unit hypersphere; and505

(iii) singular-value entropy (SVE) (lower is bet-506

ter), defined as the KL divergence between the nor- 507

malized singular value spectrum and the uniform 508

distribution. Equivalently, it corresponds (up to an 509

additive constant) to the negative Shannon entropy 510

of the spectrum, and is closely related to spectral 511

entropy and effective rank measures used in prior 512

work on anisotropy (Roy and Vetterli, 2007; Godey 513

et al., 2024b). Because SVE is bounded above by 514

log d (embedding dimensionality), we normalize 515

it by log d to allow fair comparison across models 516

with different hidden sizes. 517

Formal mathematical definitions of the three met- 518

rics are deferred to Appendix D. 519

Figure 3 situates all models in the align- 520

ment–uniformity plane, with SVE shown by point 521

size and retrieval performance by color. Three clear 522

patterns emerge: 523

• Citation-trained baselines (PaECTER, 524

SPECTER 2.0, Pat-SPECTER) exhibit 525

excellent alignment but weaker uniformity 526

and higher SVE, indicating compact clusters 527

around supervision signals but limited 528

isotropy. This favors tight lexical/semantic 529

matches but hinders generalization. 530

• Dropout-only contrastive produces the oppo- 531

site profile: lower uniformity and SVE (more 532

7



Figure 3: Embedding-space diagnostics. Each point shows alignment (x-axis) and uniformity (y-axis), dot size
encodes normalized SVE, and color encodes prior-art retrieval performance (R@100, Abstract→Abstract). Contours
indicate an RBF-smoothed performance field within the convex hull of observed points.

isotropic embeddings) but much worse align-533

ment, meaning semantic neighbors are no534

longer preserved. This “over-dispersion” re-535

flects a curse-of-dimensionality effect, where536

embeddings spread evenly yet lose local co-537

hesion, leading to degraded retrieval and IPC538

KNN classification.539

• Section-based augmentation strikes a bal-540

ance. Models using claims, summaries, or541

their combinations achieve both low align-542

ment (good local cohesion) and improved543

uniformity/SVE compared to citation-trained544

baselines. This balanced geometry explains545

their superior retrieval and stable classifica-546

tion performance.547

In short, the diagnostics reinforce our central548

claim: leveraging intra-document sections pro-549

duces augmentations that maintain semantic align-550

ment while avoiding over-dispersion, yielding em-551

bedding spaces that are both structured and well-552

distributed.553

7 Conclusion 554

We proposed a contrastive framework for patent 555

representation learning that exploits the natural 556

section structure of patent documents to con- 557

struct semantically diverse positive pairs. Differ- 558

ent sections—abstracts, claims, summaries, and 559

descriptions—capture the same invention from 560

complementary perspectives, providing richer self- 561

supervised signals than standard dropout-based 562

augmentations. 563

Experiments demonstrate that section-based 564

models not only outperform classical augmenta- 565

tion strategies but also rival or surpass citation- and 566

IPC-supervised baselines, achieving strong results 567

on both retrieval and classification. These find- 568

ings suggest that structure-aware self-supervision 569

yields embedding spaces that are both locally co- 570

herent and globally well organized. We hope this 571

work encourages the patent-research community 572

to look beyond noisy supervision and explore self- 573

supervision as a scalable and robust path for future 574

patent representation learning. 575

8



Limitations576

While our method demonstrates strong perfor-577

mance across multiple tasks, several limitations578

remain. First, we rely on a fixed set of section579

pairs (at most two per example), treating all com-580

binations equally without dynamically selecting581

views based on their semantic complementarity582

or informativeness. Second, we use only a single583

positive pair per training instance, which may un-584

derexploit the rich multi-view structure of patent585

documents. Third, our pretraining is limited to En-586

glish USPTO applications. Although we evaluate587

cross-jurisdictionally on EPO search-report pairs,588

we have not yet trained on non-US or multilingual589

corpora; extending both training and evaluation to590

additional jurisdictions and languages would better591

assess view alignment and robustness. Finally, our592

method is designed for well-structured documents593

like patents; applying it to less structured domains594

(e.g., scientific papers or legal decisions) may re-595

quire more sophisticated view mining or filtering596

strategies.597
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A Data Preprocessing Details803

Corpus selection. We use the Harvard USPTO804

Patent Dataset (HUPD) (Suzgun et al., 2022),805

which contains all English-language USPTO utility806

patent applications between 2004–2018. For train-807

ing, we select patent applications filed between808

2010–2018. This yields 2,780,124 documents after809

filtering (see below).810

Section extraction. From each patent we extract811

six sections in addition to the title: abstract, claims,812

summary, background, figure description, and de-813

tailed description. The title is concatenated with814

the abstract, separated by [SEP]. Extraction rules:815

• Abstract: directly from the abstract field;816

patents without an abstract are discarded.817

• Claims: from the claims field. Canceled818

claims (e.g., “1–16. (cancelled)”) are re-819

moved, valid numbering is preserved.820

• Summary and Background: taken directly821

from the corresponding HUPD fields. We re-822

move section headings that appear between823

<SOH> and <EOH> tags, keeping only the body824

text. For summary, we additionally remove825

entries misclassified as figure descriptions,826

identified via regular expressions (e.g., begin-827

ning with “BRIEF DESCRIPTION OF THE828

DRAWINGS”).829

• Figure description and Detailed descrip-830

tion: extracted from the full_description831

field using heading-based segmentation. We832

remove non-technical prefatory text (e.g.,833

“CROSS-REFERENCE TO RELATED AP-834

PLICATIONS”).835

Filtering. We apply the following filters to en- 836

sure content quality: 837

• Non-technical prefatory text (e.g., cross- 838

reference statements, government interest 839

statements, or generic legal disclaimers) is 840

removed. 841

• Patents with empty abstracts are dropped. 842

• Sections shorter than 15 words are discarded 843

(titles are exempted from this rule). 844

Special tokens. Following BERT-for- 845

Patents (Srebrovic and Yonamine, 2020), 846

we prepend special section tokens to mark 847

different parts of the document: [abstract], 848

[claim], [summary], and [invention] (for 849

background). These four tokens are part of the 850

original BERT-for-Patents vocabulary. In addition, 851

we introduce two new tokens, [drawing] and 852

[description], to represent the figure description 853

and detailed description sections, respectively. 854

Both are initialized with the same embedding as 855

[invention]. 856

Statistics. Table 1 (main paper) reports average 857

word counts per section. In general, abstracts are 858

short (∼100 words), while claims and descrip- 859

tions are long (up to 1,500+ words). This natu- 860

ral length diversity reinforces the motivation for 861

section-based augmentation. 862

B Baseline Model Descriptions 863

1. PatentBERT (Lee and Hsiang, 2020): A 864

bert-base-uncased model fine-tuned on 865

large-scale patent claim data for CPC subclass 866

classification. For our evaluation, we remove 867

the classification head and use the encoder to 868

extract sentence embeddings. 869

2. Bert-for-patents (Srebrovic and Yonamine, 870

2020): A large-scale BERT-based model pre- 871

trained on over 100 million patent documents. 872

It is trained on all components of a patent 873

(including abstract, claims, and description) 874

and serves not only as a competitive baseline 875

but also as the initialization checkpoint for our 876

encoder. 877

3. SPECTER 2.0 (Singh et al., 2022): An ad- 878

vancement over the original Specter (Cohan 879

et al., 2020), this model is based on SciBERT— 880

a BERT variant trained from scratch on a large 881
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corpus of scientific literature—and fine-tuned882

using a triplet loss on scientific paper citation883

graphs. SPECTER 2.0 benefits from training884

on an order of magnitude more data across 23885

scientific fields, making it a robust model for886

scientific document embedding.887

4. PaECTER and Pat-SPECTER (Ghosh et al.,888

2024): These two models are fine-tuned on889

patent citation graphs. PaECTER is derived890

from Bert-for-patents, whereas Pat-SPECTER891

2.0 extends the Specter approach to the patent892

domain. In these models, the document rep-893

resentation is obtained by concatenating the894

title and abstract of the patent, capturing the895

most salient information.896

5. gte-Qwen2-7B-instruct9 (Li et al., 2023): Be-897

yond domain-specific models, we include a898

state-of-the-art general text embedding model.899

gte-Qwen2-7B-instruct, a member of the Gen-900

eral Text Embedding (GTE) family, ranked901

first in both English and Chinese on the Mas-902

sive Text Embedding Benchmark (MTEB) as903

of June 16, 2024. Its performance on MTEB904

demonstrates its strong cross-domain and mul-905

tilingual representation capabilities.906

6. BM25: As a classical baseline from the field907

of information retrieval, BM25 provides a908

non-neural, lexical matching approach that909

is widely used for document ranking. Despite910

its simplicity, BM25 remains a competitive911

baseline in many retrieval scenarios.912

C Additional Evaluation Details913

C.1 Dataset Construction for Prior Art914

Search915

To construct a fair benchmark for evaluating patent916

retrieval models, we use the European Patent Of-917

fice’s (EPO) full-text dataset, which includes XML-918

formatted patent texts and metadata dating back919

to 1978. Notably, since 2012, the dataset includes920

search reports containing citations issued by exam-921

iners with paragraph-level references. We lever-922

age this citation data to extract high-quality prior923

art pairs labeled as “X” (novelty-destroying), “Y”924

(obvious in combination), and “A” (background),925

following the approach from PatentMatch10 (Risch926

9https://huggingface.co/Alibaba-NLP/
gte-Qwen2-7B-instruct

10https://github.com/julian-risch/PatentMatch

et al., 2020) and adapting their processing pipeline 927

using Elasticsearch. 928

We construct our evaluation dataset with 200 929

query patents. All query patents are selected from 930

EPO applications filed in 2021-2022. We apply a 931

two-step selection strategy to ensure both diversity 932

and citation coverage: 933

• Maximizing second-level coverage: We it- 934

eratively select patents that introduce new 935

second-level citations (i.e., patents cited by 936

cited patents), maximizing the overall diver- 937

sity of the citation graph. 938

• IPC diversity enforcement: We ensure cov- 939

erage across all eight IPC sections (A–H) by 940

prioritizing documents with underrepresented 941

classifications during early sampling rounds. 942

This strategy ensures that our dataset is both se- 943

mantically diverse and structurally rich, enabling 944

robust benchmarking across technologies and cita- 945

tion structures. 946

Hard Negative Sampling 947

To simulate realistic retrieval conditions, we 948

include challenging negative examples for each 949

query: 950

1. MLT Negatives: Retrieved using Elastic- 951

search’s “more-like-this” queries, based on a 952

query’s title, abstract, and citing claim across 953

four fields (title, abstract, claims, description). 954

2. IPC-Matching Negatives: Patents from the 955

same IPC subclass as the query but not cited. 956

3. Cited-of-Cited Negatives: Patents referenced 957

by cited documents but not directly linked to 958

the query. 959

All negative sets are pooled globally—i.e., doc- 960

uments can act as negatives for multiple queries. 961

This creates a shared document pool that mirrors 962

open-world retrieval scenarios where semantically 963

similar but irrelevant patents compete with true 964

prior art. 965

Table 3: Statistics for the 200-query evaluation set. Each
test document includes citations (positive examples) and
hard negatives derived using various strategies.

Size Mean Cited Cited-of-Cited MLT IPC

Positive Hard Negatives

48,110 2.5 4.4 553.2 159.5
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We evaluate retrieval performance using Re-966

call@K (K = 20, 50, 100), measuring the propor-967

tion of cited documents ranked in the top-K results.968

IPC Classification as linear probing. As a com-969

plementary evaluation, we also perform IPC sub-970

class classification using a supervised linear probe.971

While KNN evaluates the clustering quality of raw972

embeddings, linear probing tests whether semantic973

category information can be linearly separated.974

We use the same held-out HUPD subset as for975

KNN (30,000 documents from 2005–2009). We976

train a 2-layer MLP classifier with 1024 hidden977

units, ReLU activation, and sigmoid outputs, opti-978

mized using binary cross-entropy. The classifier is979

trained on frozen embeddings, with 85% of data980

for training and 15% for evaluation.981

Although probing requires additional tuning, we982

include these results to offer a complementary view983

of the representations’ usability in downstream clas-984

sification tasks.985

C.2 Full Results and Analysis986

Table 4 presents a comprehensive view of IPC sub-987

class classification results using both Linear Probe988

and KNN, allowing us to assess model perfor-989

mance from both a linearly separable and geometry-990

preserving perspective.991

Several observations emerge:992

Model Dimensionality and Representation Ef-993

ficiency. Despite having a significantly larger994

embedding size (3584), the embedding model995

gte-Qwen2-7B-instruct fails to outperform our996

1024-dimensional representations on either Linear997

Probe or KNN. In contrast, many of our section-998

augmented models—especially those using sum-999

mary or background—achieve better precision1000

scores at a much lower dimensional cost. This high-1001

lights the efficiency of our contrastively trained en-1002

coders, which leverage structural inductive biases1003

from the patent document itself rather than relying1004

on sheer model size.1005

Linear vs. KNN Classification. We observe1006

that many of our models, especially those trained1007

with section-augmented views (e.g., +claim, +sum-1008

mary), exhibit stronger performance in the Lin-1009

ear Probe setting than in KNN, suggesting that1010

the learned representations are highly linearly1011

separable. In contrast, most baseline models1012

such as BERT-for-patents and PaECTER, while1013

competitive in KNN, show smaller gains under a1014

learned classifier, suggesting our training frame- 1015

work shapes the embedding space with sharper 1016

inter-class boundaries. This effect may be at- 1017

tributed in part to the use of an MLP head dur- 1018

ing training, which—although discarded during 1019

inference—may encourage the base encoder to pro- 1020

duce embeddings with improved linear decision 1021

surfaces. 1022

C.3 Additional Analysis: Section Preference 1023

in Retrieved Results 1024

To better understand how different models exploit 1025

the multi-section structure of patents, we analyze 1026

the composition of their top-100 retrieved docu- 1027

ments in the Claims → All Sections setting. Fig- 1028

ure 4 shows, for each method, the proportion of 1029

retrieved documents originating from the abstract, 1030

claims, or description, alongside retrieval perfor- 1031

mance (R@100). 1032

Baseline models. Supervised or citation-trained 1033

baselines (e.g., Pat-SPECTER, PaECTER) are 1034

heavily skewed towards retrieving other claims sec- 1035

tions (70–95% of results). While this alignment to 1036

query section is expected, it also reflects a narrow 1037

retrieval bias. For instance, PaECTER achieves the 1038

strongest overall R@100, but nearly all its retrieved 1039

neighbors are claims. This suggests that citation- 1040

driven training favors section homogeneity at the 1041

expense of exploiting broader patent context. 1042

Classical augmentations. Dropout-only Sim- 1043

CSE collapses almost entirely onto claim-to-claim 1044

retrieval (>90%), with poor performance (39.8 1045

R@100). Shuffling or cropping diversify the re- 1046

trieved pool modestly (adding ∼10% description 1047

content), which correlates with better recall (up 1048

to 61.5 R@100). Paraphrasing stands out, pulling 1049

in more description (28%), confirming that aug- 1050

mentations introducing semantic variation yield 1051

more heterogeneous retrieval sets. However, these 1052

methods remain limited in balancing claim-focused 1053

precision with cross-section coverage. 1054

Section-based augmentation. Our approach pro- 1055

duces markedly different retrieval patterns. Section- 1056

based models retrieve a much higher share of de- 1057

scriptions (30–47%), while maintaining compet- 1058

itive recall. For example, the claim and sum- 1059

mary views both yield ∼75 R@100, comparable 1060

to PaECTER, yet their retrieved neighbors are far 1061

more balanced across sections. This indicates that 1062

section-based data augmentations encourage the 1063
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Table 4: IPC Subclass Classification Performances (%) using Linear Probe and KNN (K = 10). All models use
TA as input. “Ours” denotes contrastive training with different augmentation strategies. Best results are bolded;
second-best are underlined.

Model Dim Linear Probe KNN
P@1 P@3 P@5 P@1 P@3 P@5

PatentBERT 768 54.14 27.85 19.01 49.91 25.02 16.82
SPECTER 2.0 768 50.68 26.92 18.51 52.57 26.13 17.62
Pat-SPECTER 768 53.35 27.95 19.14 55.27 27.83 18.52
BERT-for-patents 1024 55.99 29.22 19.71 57.43 28.08 18.60
PaECTER 1024 57.61 30.06 20.42 60.00 29.88 19.77
gte-Qwen2-7B-instruct 3584 61.55 30.91 20.64 61.10 29.66 19.57

Dropout Only — SimCSE-style training
Dropout (TA → TA) 1024 55.45 28.85 19.89 48.33 24.43 16.50

Ours — Dropout + Classical Data Augmentation
+ shuffle 55.97 29.20 19.93 48.54 24.83 16.61
+ crop 58.87 30.16 20.57 56.19 27.77 18.41
+ shuffle/crop 59.37 30.32 20.68 56.62 28.01 18.55
+ paraphrase 59.28 30.20 20.47 54.43 27.26 18.25
+ IPC match 63.17 31.69 21.29 63.53 30.37 20.00

Ours — Dropout + Section Augmentation
+ claim 62.31 31.46 21.18 61.10 29.88 19.77
+ summary 62.99 31.52 21.17 61.35 30.23 19.83
+ background 62.94 31.56 21.22 62.11 30.14 19.63
+ drawing 62.29 31.27 21.15 60.78 29.84 19.56
+ description 62.58 31.45 21.18 61.57 29.88 19.55
+ claim/summary 62.76 31.53 21.27 60.54 30.04 19.77
+ claim/background 63.39 31.69 21.29 62.27 30.24 19.83
+ claim/drawing 62.56 31.31 21.18 60.76 29.90 19.68
+ claim/description 62.67 31.35 21.22 61.50 29.98 19.82
+ summary/background 62.76 31.62 21.25 62.20 30.11 19.73
+ summary/drawing 62.61 31.28 21.15 61.28 29.88 19.62
+ summary/description 62.97 31.37 21.20 61.41 30.08 19.73
+ background/drawing 63.28 31.43 21.21 62.11 30.22 19.78
+ background/description 62.94 31.53 21.25 61.86 29.95 19.67
+ drawing/description 62.47 31.43 21.18 61.39 29.88 19.63

encoder to preserve semantic cohesion while avoid-1064

ing over-concentration on the query section. In-1065

terestingly, combining claims with summaries or1066

drawings yields the most balanced mix (roughly1067

40% claims, 40–45% descriptions, and 15% ab-1068

stracts), suggesting complementary inter-section1069

signals.1070

These results highlight a clear trade-off: super-1071

vised citation-tuned models maximize recall but1072

collapse onto claim-to-claim retrieval, while naive1073

dropout augments underperform with little diver-1074

sity. Section-based augmentation achieves both1075

high recall and richer section diversity, indicating1076

better generalization across heterogeneous patent1077

discourse. This balanced retrieval behavior is par-1078

ticularly valuable for real prior-art search, where1079

relevant documents may emphasize different sec-1080

tions than the query.1081

C.4 Ablation: Positive-only vs. 1082

Positive+Negative Augmentation 1083

Our main results use augmentation applied symmet- 1084

rically to both positives and negatives (pos+neg), 1085

which yields the strongest performance. Here we 1086

provide a controlled ablation where augmentation 1087

is applied only to positives while keeping the nega- 1088

tive pool unchanged (Title+Abstract). This design 1089

disentangles the contribution of positive-side diver- 1090

sity from the effect of also augmenting negatives. 1091

Takeaways. (1) Enriching positives alone al- 1092

ready improves over dropout-only training, con- 1093

firming that semantic/structural diversity in views 1094

is essential. (2) Extending augmentation also 1095

to negatives yields further gains, especially in 1096

claims→all retrieval and IPC classification. This 1097

effect aligns with our section-mix analysis (Fig. 4): 1098

when negatives are also diversified, retrieval neigh- 1099

bors are not narrowly claim-only but more balanced 1100

across claims, abstracts, and descriptions. This bal- 1101
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Table 5: Prior Art Retrieval Performances (%). “Ours” denotes contrastive training with different augmentation
strategies. Best results are bolded; second-best are underlined.

Model Abstract → Abstract Claims → All Sections
R@20 R@50 R@100 R@20 R@50 R@100

BM25 27.23 40.40 51.08 31.06 42.56 56.35
PatentBERT 13.43 19.21 27.58 13.74 19.09 25.59
SPECTER 2.0 27.01 35.44 44.27 23.18 34.86 46.10
Pat-SPECTER 32.03 46.44 58.98 30.84 49.64 64.59
BERT-for-patents 26.82 39.96 49.56 26.60 40.21 49.09
PaECTER 39.64 58.29 67.08 44.53 62.88 76.60
gte-Qwen2-7B-instruct 41.24 54.93 65.97 43.16 61.28 72.99

Dropout Only — SimCSE-style training
Dropout (TA → TA) 29.70 45.14 56.21 18.22 29.29 39.83

Ours — Dropout + Classical Data Augmentation
+ shuffle 31.66 46.75 56.10 27.13 38.65 48.67
+ crop 39.32 55.01 65.43 34.10 50.35 61.51
+ shuffle/crop 41.54 56.25 66.45 35.64 51.80 64.55
+ paraphrase 36.96 54.08 66.13 35.22 52.81 63.05
+ IPC match 33.66 48.46 59.25 33.52 49.25 65.73

Ours — Dropout + Section Augmentation
+ claim 44.00 58.04 71.22 44.85 63.40 75.70
+ summary 42.54 57.95 70.79 42.38 60.55 71.02
+ background 40.93 55.90 66.75 39.38 58.20 69.41
+ drawing 42.67 55.64 66.54 42.10 59.59 72.24
+ description 41.35 53.75 64.89 40.32 58.16 69.27
+ claim/summary 42.83 58.22 70.72 44.06 61.54 73.72
+ claim/background 42.38 57.73 69.46 41.95 59.65 72.62
+ claim/drawing 43.05 56.97 68.32 43.10 61.79 73.57
+ claim/description 42.18 55.65 66.39 42.85 60.37 72.12
+ summary/background 42.03 56.26 68.24 41.21 58.11 71.24
+ summary/drawing 42.08 57.46 67.25 43.59 59.69 71.41
+ summary/description 41.05 55.27 65.33 41.85 58.30 70.87
+ background/drawing 40.89 56.82 68.12 42.30 59.12 71.92
+ background/description 42.08 55.83 65.43 42.03 57.37 68.57
+ drawing/description 41.77 55.84 64.99 42.34 57.27 70.22

anced section preference enables the encoder to1102

generalize better across heterogeneous patent dis-1103

course, motivating our adoption of the pos+neg1104

configuration as the main setting.1105

D Embedding Diagnostics1106

To evaluate embedding-space quality, we report1107

three complementary metrics: alignment, uni-1108

formity (both from Wang and Isola, 2020), and1109

singular-value entropy (SVE). SVE complements1110

the pairwise perspective of alignment/uniformity1111

with a spectral view of anisotropy. Together, these1112

metrics provide a holistic assessment of local simi-1113

larity structure and global geometric spread.1114

Alignment. Alignment quantifies how close pos-1115

itive pairs (e.g., citing–cited patents) are in the em-1116

bedding space:1117

A = E(i,j)∼Ppos

[
∥zi − zj∥2

]
.1118

Lower alignment means semantically related docu-1119

ments are embedded closer.1120

Uniformity. Uniformity measures how well the 1121

embeddings are spread across the unit hypersphere: 1122

U = log E(i,j)∼Pdata

[
e−2∥zi−zj∥2

]
. 1123

Lower values indicate more uniform coverage (less 1124

concentration or collapse). 1125

Singular-Value Entropy (SVE). Let M ∈ Rn×d 1126

be the column-centered embedding matrix, with 1127

normalized singular values s = (s1, . . . , sd) such 1128

that
∑

i si = 1. We define: 1129

HSV = DKL(s ∥Ud) =

d∑
i=1

si log
si
1/d

, 1130

where Ud is the uniform distribution over d dimen- 1131

sions. Equivalently, HSV = log d − H(s), i.e., 1132

the gap between maximum possible entropy and 1133

the entropy of the spectrum. Lower values imply 1134

more isotropic, information-rich representations; 1135

higher values mean variance is concentrated in a 1136

few dominant directions. Because HSV ≤ log d, 1137
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Table 6: Positive-only vs. Positive+Negative augmentation across all policies. Retrieval is Recall@100 on EPO
prior-art search (Abs→Abs and Clm→All); classification is IPC subclass KNN P@1. “pos” = positive-only; ∆ =
(pos+neg) − (pos). Positive ∆ means gains from also augmenting negatives.

Augmentation Abs→Abs (R@100) Clm→All (R@100) IPC KNN P@1

pos ∆ pos ∆ pos ∆

Dropout (TA→TA) 56.75 — 38.78 — 48.22 —

Shuffling 57.20 -1.10 49.73 -1.06 48.74 -0.20
Cropping 65.97 -0.54 60.95 +0.56 55.61 +0.58
Shuffle+Crop 67.43 -0.98 62.66 +1.89 56.69 -0.07
Paraphrasing 66.03 +0.10 62.80 +0.25 54.14 +0.29
IPC match 63.69 -4.44 65.10 +0.63 64.14 -0.61

Section: claim 69.97 +1.25 73.09 +2.61 61.10 +0.00
Section: summary 70.26 +0.53 70.24 +0.78 61.35 +0.57
Section: background 68.80 -2.05 67.09 +2.32 62.20 -0.09
Section: drawing 66.76 -0.22 66.70 +5.54 60.76 -1.20
Section: description 65.41 -0.52 66.17 +3.10 61.14 +0.43
Section: claim+summary 71.27 -0.55 71.40 +2.32 59.95 +0.59
Section: claim+background 69.47 -0.01 67.64 +4.98 61.48 +0.79
Section: claim+drawing 68.16 +0.16 67.49 +6.08 60.92 -0.16
Section: claim+description 65.87 +0.52 67.87 +4.25 61.26 +0.24
Section: summary+background 69.02 -0.78 68.40 +2.84 61.64 +0.09
Section: summary+drawing 67.49 -0.24 67.40 +4.01 60.92 +0.36
Section: summary+description 65.76 -0.43 66.89 +3.98 60.69 +0.72
Section: background+drawing 69.40 -1.28 67.09 +4.83 61.93 +0.18
Section: background+description 67.02 -1.59 67.02 +1.55 61.44 +0.42
Section: drawing+description 66.62 -1.63 66.10 +4.12 60.72 +0.91

we normalize by log d for comparability across1138

models of different embedding dimension.1139

We report section-wise diagnostics (alignment,1140

uniformity, SVE) in heatmap Fig. 5. We summarize1141

the main observations below.1142

1. Alignment. Baselines generally show the1143

lowest alignment (best grouping) for claims,1144

likely reflecting their highly formulaic style,1145

followed by descriptions, while TA is weak-1146

est—except for citation-trained models (Pat-1147

SPECTER, PaECTER) where TA is explicitly1148

optimized. Under our section-based augmenta-1149

tion, this ordering shifts: description alignment1150

can surpass claims, while TA consistently re-1151

mains weakest. This suggests that cross-section1152

positives reduce overfitting to claim-specific1153

templates and encourage models to extract more1154

stable semantics from longer, detail-rich descrip-1155

tions.1156

2. Uniformity & SVE (spread vs. isotropy).1157

Dropout-only and other non–section-based1158

methods yield TA embeddings that are relatively1159

well-spread and isotropic (lower uniformity and1160

SVE). For claims and descriptions, the order1161

is less stable across methods: in some (e.g.,1162

dropout-only, +shuffle, Pat-SPECTER) descrip-1163

tions are more isotropic than claims, while in1164

others the reverse holds. This variability indi- 1165

cates that claims and descriptions capture com- 1166

plementary but differently structured signals, 1167

and which dominates depends on the augmenta- 1168

tion strategy. 1169

3. Impact of supervision type. Classical augmen- 1170

tations (shuffle, crop, paraphrase) keep section- 1171

level metrics relatively close, consistent with 1172

their local and TA-preserving nature. By con- 1173

trast, supervision that is either cross-discourse 1174

within a document (our section-based posi- 1175

tives) or label-driven across documents (IPC- 1176

MATCH) tends to accentuate inter-section differ- 1177

ences—especially in SVE. For example, IPC- 1178

MATCH tightly constrains TA embeddings, but 1179

claims and descriptions behave more like a 1180

distribution shift, with noticeably higher SVE. 1181

Section-based training shows the opposite pat- 1182

tern: it reduces over-dispersion across all sec- 1183

tions by enforcing cross-style invariances. Fu- 1184

ture work could test whether hybrid strate- 1185

gies—e.g., mixing a small fraction of cross- 1186

section positives into IPC-MATCH, or balancing 1187

per-section loss weights—can better harmonize 1188

these dynamics. 1189
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Figure 4: Section distribution of top–100 retrieved documents in Claims→All. Our section-augmented model
retrieves a more balanced mix beyond claims, increasing the share of summary and background, which provide
complementary discourse cues.
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Figure 5: Embedding Space Diagnostics across three patent sections: Title+Abstract (TA), Claims, and Description.
We report Alignment ↓, Uniformity ↓, and Singular-Value Entropy (SVE/log d) ↓. Lower values indicate better
geometry.
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