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Abstract
Learning faithful embeddings for long documents remains challenging, especially in domains like law and medicine
where inputs are long, structured, and semantically heterogeneous. We introduce the Chunk Prediction Encoder
(CPE), a self-supervised framework that treats chunk—context compatibility as an unsupervised NLI problem. Given
a document, CPE masks a chunk and learns (i) a contrastive objective that aligns the masked document with its
held-out chunk against in-batch negatives, and (ii) a binary entailment head that predicts whether a candidate
chunk belongs to the document. This joint objective encourages both geometric smoothness and directional
semantic consistency, yielding robust document-level embeddings. We evaluate CPE with hierarchical and
sparse-attention backbones on five benchmarks spanning legal and biomedical domains under frozen-embedding
and end-to-end fine-tuning protocols. CPE consistently outperforms baselines, and is more compute-efficient
than prompt-only LLM baselines under matched token budgets. Ablations demonstrate the effect of chunk length,
the contrastive-vs-entailment balance, and skimming strategies. We release code, configurations, and trained
checkpoints to facilitate reproducibility and downstream reuse in long-document classification and retrieval pipelines.

Keywords: Long-document representation, self-supervised learning, legal NLP, biomedical NLP, evaluation

and reproducibility.
1. Introduction

Learning high-quality representations for long doc-
uments remains a central challenge in NLP. While
large pre-trained language models (LMs) have
achieved impressive results on sentence- and
paragraph-level tasks, their ability to encode entire
documents is limited by computational constraints
and by the complexity of long-range semantic de-
pendencies. Yet, such capabilities are essential
in application domains that rely on rich textual ev-
idence, including legal reasoning, medical report
analysis, and RAG systems (Saggau et al., 2023;
Zhang et al., 2024; Zhao et al., 2025).

Most document encoders rely on self-attention ar-
chitectures that scale quadratically with input length,
making it impractical to process documents beyond
a few hundred tokens. Sparse-attention mecha-
nisms such as Longformer (Beltagy et al., 2020),
BigBird (Zaheer et al., 2020), and hierarchical trans-
formers (Chalkidis et al., 2019; Wu et al., 2021; Dai
et al., 2022) partially mitigate this limitation by seg-
menting documents into manageable chunks and
modeling inter-chunk dependencies through local
or hierarchical attention. However, simply extend-
ing input length is not sufficient to capture cross-
section coherence: longer documents often contain
heterogeneous segments with distinct rhetorical
functions, specialized terminology, and non-linear
argumentation structures. As a result, document
representations obtained by global pooling over lo-
cal embeddings can remain shallow or fragmented.

When domain experts (e.g., judges or clinicians)

read lengthy documents, they rarely process all
content sequentially. Instead, they skim the text,
selectively focusing on informative fragments that
collectively convey the meaning of the document.
Inspired by this cognitive process, we propose the
Chunk Prediction Encoder (CPE), a self-supervised
framework that models long-document understand-
ing as a process of chunk—context entailment.
Given a document, CPE masks one chunk and
trains the model to predict whether a given text frag-
ment is compatible with the remaining document
context. This task is framed as an unsupervised
Natural Language Inference (NLI) objective: pos-
itive pairs correspond to chunks belonging to the
same document, while negatives are sampled from
other documents.

CPE combines two complementary learning sig-
nals: (i) a contrastive loss that aligns document
and chunk representations within a shared embed-
ding space, and (ii) a binary entailment classifier
that enforces directional compatibility between the
masked document and its candidate chunk. This
joint objective encourages the model to learn rep-
resentations that are both geometrically smooth
and semantically coherent across sections. By in-
tegrating this self-supervised training signal with
hierarchical and sparse-attention backbones, CPE
produces general-purpose document embeddings
that capture intra- and inter-fragment dependencies
without supervision.

We evaluate CPE on five benchmark
datasets spanning legal and biomedical do-
mains—ECHR, SCOTUS, EURLEX, MIMIC-III,
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and BioASQ—under both frozen-embedding and
end-to-end fine-tuning regimes. Across all settings,
CPE consistently outperforms SimCSE (Gao et al.,
2021), ESImCSE (Wu et al., 2022), ArcCSE (Zhang
et al., 2022), SImCSE++ (Xu et al., 2023b), and
DistillCSE (Xu et al., 2023a). Beyond empirical
gains, CPE remains computationally efficient
and model-agnostic, integrating seamlessly with
existing pre-trained encoders such as LegalBERT
and ClinicalBioBERT. Our main contributions are
as follows:

* We introduce Chunk Prediction Encoder
(CPE), a self-supervised framework that
models long-document representation as
chunk—context entailment, combining con-
trastive and NLI-style objectives.

» We demonstrate that CPE yields consistent im-
provements over strong baselines across legal
and biomedical benchmarks, using both hier-
archical and sparse-attention architectures.

» We provide an extensive evaluation of chunk
length, loss balancing, and skimming strate-
gies, highlighting how CPE generalizes across
document lengths and domains.

» We release code, datasets, and trained check-
points to ensure full reproducibility and facili-
tate reuse in long-document classification and
retrieval applications.

2. Related Work

This section reviews prior work on long-document
modeling, self-supervised contrastive learning for
text representation, domain-specific encoders, and
benchmark resources for evaluation. Our approach
builds upon these strands by introducing a unified
chunk—context entailment objective for long texts.
Modeling Long Documents. Transformers face
quadratic complexity with respect to sequence
length, limiting their ability to process full docu-
ments. Several approaches mitigate this through
sparse or hierarchical mechanisms. Sparse-
attention models such as Longformer (Beltagy et al.,
2020) and BigBird (Zaheer et al., 2020) reduce com-
plexity by restricting attention patterns to local and
global windows. Hierarchical transformers (Yang
et al., 2016; Chalkidis et al., 2019; Wu et al., 2021;
Dai et al., 2022) instead encode segments (sen-
tences or paragraphs) individually before aggregat-
ing their representations through higher-level atten-
tion or recurrent layers. For instance, Chalkidis et al.
(2019) used hierarchical BERT for legal judgment
prediction, while Wu et al. (2021) introduced Hi-
Transformer with two-stage encoding of sentences
and documents. Despite their efficiency, these ar-
chitectures often rely on supervised objectives and

do not explicitly model coherence between distant
fragments. CPE complements these models by in-
troducing a self-supervised objective that enforces
semantic alignment between document segments.

Self-Supervised Representation Learning. Con-
trastive learning has become the dominant
paradigm for sentence representation (Reimers
and Gurevych, 2019; Gao et al., 2021; Wu et al.,
2022). SImCSE (Gao et al., 2021) uses dropout-
based augmentation to generate positive pairs,
while ESImMCSE (Wu et al.,, 2022) adds token
repetition as data augmentation. Recent ex-
tensions—ArcCSE (Zhang et al., 2022), Sim-
CSE++ (Xu et al., 2023b), and DistillCSE (Xu et al.,
2023a)—introduce angular contrastive objectives,
multi-view consistency, or knowledge distillation,
achieving state-of-the-art sentence embeddings.
However, these methods focus on short inputs and
symmetric similarity; they do not capture the hier-
archical, directional relations that exist within long
documents. Our work frames intra-document co-
herence as a chunk—context entailment task, where
contrastive and NLI-inspired signals jointly enhance
representation quality.

Domain-Specific Document Encoders. Sev-
eral pre-trained models target domain adapta-
tion for specialized corpora. In the legal domain,
LegalBERT (Chalkidis et al., 2020) and CaselLaw-
BERT (Zheng et al., 2021) leverage case law cor-
pora for tasks such as judgment prediction and le-
gal information retrieval. For biomedical text, Clin-
icalBERT and ClinicalBioBERT (Alsentzer et al.,
2019) capture medical terminology from clinical
notes and PubMed abstracts. While these domain-
specific encoders improve local lexical represen-
tations, they still depend on downstream supervi-
sion to learn cross-section reasoning. CPE inte-
grates seamlessly with such backbones, augment-
ing them with self-supervised document-level co-
herence learning.

Evaluation Resources and Benchmarks. Recent
multi-domain evaluation suites have enabled sys-
tematic comparison of long-document encoders.
In the legal domain, LexGLUE (Chalkidis et al.,
2022b) unifies datasets such as ECHR, SCOTUS,
and EURLEX under a common protocol for legal
document classification and entailment. In the
biomedical field, MIMIC-III (Johnson et al., 2016)
and BioASQ (Tsatsaronis et al., 2015) provide large-
scale annotated corpora for clinical coding and
biomedical concept classification. Our experimen-
tal setup follows these resources to ensure repro-
ducibility and comparability with prior work. All pre-
processing scripts, hyperparameters, and trained
models will be released to facilitate further bench-
marking by the community.

Summary. Existing models either focus on local
attention patterns or on sentence-level contrastive
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learning. CPE bridges these directions by introduc-
ing a unified objective that models how document
fragments semantically entail or contradict the doc-
ument context.

3. Chunk Prediction Encoder (CPE)

We propose the Chunk Prediction Encoder (CPE),
a self-supervised framework for learning long-
document representations by predicting whether
a candidate text fragment (chunk) is semantically
compatible with its document context. Unlike
conventional contrastive objectives that treat sen-
tences as independent units, CPE explicitly cou-
ples local and global semantics through a chunk—
context entailment task. Intuitively, the model
learns to ask: does this fragment belong to this doc-
ument?—a question that encourages deeper con-
textual reasoning beyond surface similarity. CPE
is architecture-agnostic and can operate on both
hierarchical and sparse-attention encoders, jointly
optimizing contrastive alignment and entailment
prediction.

3.1. Hierarchical Encoding of Long
Documents

Long documents exhibit multi-scale structure: local
coherence within paragraphs and global consis-
tency across sections. To capture this, we first
construct a hierarchical representation where each
document D = {c;,ca,...,c,} is segmented into
n chunks of up to T tokens. Each chunk ¢; is in-
dependently encoded using a shared pre-trained
language model M:

awT)? (1)

where the [CLS] token output f; summarizes the
local semantics of chunk ¢;. This shared encoder
ensures consistency across segments while main-
taining scalability. To produce the document-level
embedding, we aggregate all chunk vectors via
mean pooling:

Ji = M(wcLs), w1, - - -

1 n
d= ;;fi. )

This hierarchical encoding provides a balance
between global coverage and computational effi-
ciency, allowing CPE to model documents of sev-
eral thousand tokens without quadratic attention
overhead.

3.2. Chunk Prediction as Self-Supervised
Learning

The core idea of CPE is to learn document em-
beddings by predicting whether a candidate chunk

belongs to its context. For each document d;, we
randomly mask one chunk ¢;” and treat the remain-
der as d;. We then sample a negative chunk ¢;
from another document in the same batch. This
setup creates a self-supervised contrast between
entailing and non-entailing fragments, encourag-
ing the model to infer discourse-level compatibility
rather than rely on lexical overlap.

We first apply a contrastive loss to align each
document context d; with its corresponding chunk:

; +

Lo = — L3 log _REMU (). 1))/

N7 Yo exp(sim(f(da), f(c;))/7)

(©)

where sim(-) denotes cosine similarity and 7 is

a temperature parameter. This loss encourages

chunks from the same document to occupy nearby

regions in the embedding space, while unrelated
chunks are pushed apart.

However, similarity alone may not guarantee se-
mantic coherence: two fragments can be close in
vector space yet unrelated in meaning. To address
this, we introduce a binary entailment classifier that
explicitly predicts whether a chunk c is compatible
with d;:

)

L = — ylogpe(ylds, c)

. (4)
— (1 —y)log(1 — po(yldi,c)),

where y=1 if c=c; and y=0 otherwise. Unlike
classical NLI tasks, here “entailment” does not re-
fer to logical inference but to semantic member-
ship—teaching the encoder to detect whether a
local fragment fits within the global context of a doc-
ument. The overall training objective combines the

two signals:
Lioint = ALnw + (1 — X)Led, (5)

with A=0.5 balancing structural discrimination and
semantic alignment. This joint loss grounds the
embedding geometry in both distributional similarity
and contextual entailment, yielding representations
that reflect discourse cohesion rather than mere
token co-occurrence.

3.3. Integration with Sparse-Attention

Models

CPE can be seamlessly integrated with sparse-
attention architectures such as Longformer or Big-
Bird. In this configuration, a document is divided
into two segments: the reference context d and the
candidate chunk c. Both are encoded using the
same transformer, producing embeddings z; and
z. shared across the two objectives. The joint loss
Lioint remains unchanged, but the sparse attention
mechanism enables the model to handle up to 4k
tokens per input, covering most real-world legal or
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medical documents. This architecture preserves
fine-grained contextual attention while remaining
computationally linear with input length.

3.4. Document Classification Head

After pretraining, CPE yields high-quality document
embeddings that can be directly evaluated without
fine-tuning the backbone. To assess their transfer-
ability, we attach a lightweight feed-forward clas-
sifier: a three-layer MLP with tanh activations fol-
lowed by either sigmoid (multi-label) or softmax
(single-label) outputs:

9 = g(tanh(Wd + b)), (6)

where ¢ denotes the activation function. This
probe isolates the quality of the learned representa-
tions from downstream optimization effects, provid-
ing a fair comparison with other self-supervised
encoders. Empirically, this setup reveals that
CPE captures not only topical similarity but also
deeper interdependencies between document seg-
ments—crucial for domains where long-range rea-
soning drives predictive performance.

4. Experimental Setup

We evaluate the proposed Chunk Prediction En-
coder (CPE) across legal and biomedical domains
using both hierarchical and sparse-attention ar-
chitectures. The code is available at https://
github.com/essebbaninaim/HiBERT_CPT

Datasets We evaluate our approach on five pub-
licly available datasets representative of long and
short specialized texts, summarized in Table 1. The
ECHR corpus (Chalkidis et al., 2021) contains ap-
proximately 11k European Court of Human Rights
cases annotated with up to ten human-rights arti-
cles, averaging about 2k tokens per document in
a multi-label classification setting. The SCOTUS
dataset (Chalkidis et al., 2022b) includes around
5k Supreme Court of the United States cases la-
beled with 14 legal issues such as civil rights or
criminal procedure, averaging roughly 8k tokens
per document for single-label classification. The
EURLEX dataset (Chalkidis et al., 2022b) consists
of roughly 65k EU legislative acts annotated with
100 EuroVoc concepts, with an average document
length of 1.4k tokens, serving as a medium-length
benchmark. In the biomedical domain, the MIMIC-
Il corpus (Johnson et al., 2016) comprises about
40k de-identified hospital discharge summaries an-
notated with ICD-9 diagnostic codes; we consider
the 19 top-level codes for multi-label classifica-
tion. Finally, the BioASQ dataset (Tsatsaronis et al.,
2015) contains biomedical abstracts labeled with
first-level MeSH categories, averaging 300 tokens,

which we use to assess model generalization to
shorter texts.

Table 1: Dataset statistics and average token
length.
Dataset Train Test Avg. length
ECHR 9,000 1,000 2,050
SCOTUS 5,000 1,400 8,000
EURLEX 55,000 5,000 1,400
MIMIC 30,000 10,000 3,200
BioASQ 80,000 20,000 300

Implementation Details We use pre-trained
language models from HuggingFace, including
bert-base—-uncased, roberta-base, legal-
bert-base,andClinicalBioBERT. Forsparse-
attention experiments, we adopt Longformer (Belt-
agy et al., 2020). All models process up to 4096
tokens per document (32 chunks of 128 tokens).
For EURLEX, shorter documents are truncated to
2048 tokens (16x128 chunks). Chunks are padded
as needed to maintain consistent length.

Training uses the AdamW optimizer with a learn-
ing rate of 2 x 10~5 and weight decay of 10~3. Self-
supervised pretraining runs for 3 epochs (batch
size 4), while downstream classification with an
MLP head runs for 20 epochs (batch size 16). The
temperature 7 in Lg is set to 0.05, and A\=0.5 bal-
ances the joint loss. All experiments are executed
on an NVIDIA RTX 8000 GPU (48 GB VRAM).

Evaluation Protocol To ensure comparability,
we follow the standardized LexGLUE evaluation
setup for legal datasets and the BioASQ protocol
for biomedical text classification. We report both
macro- and micro-F1 scores averaged over five
random seeds. Macro-F1 highlights performance
on rare classes, while micro-F1 measures overall
accuracy weighted by class frequency.

Baselines We benchmark CPE against several
strong baselines:

* Pre-trained Embedding + MLP: Fixed em-
beddings from BERT, RoBERTa, LegalBERT,
or ClinicalBioBERT with an MLP classifier.

+ SimCSE / ESImCSE: Contrastive pretrain-
ing on long documents using dropout- and
repetition-based positive pairs (Gao et al.,
2021; Wu et al., 2022).

* Recent Contrastive Models: ArcCSE (Zhang
etal., 2022), SimCSE++ (Xu et al., 2023b), and
DistillCSE (Xu et al., 2023a).
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Table 2: Classification performance on document embeddings produced by contrastively trained hierar-
chical transformer models on ECHR, SCOTUS, EURLEX, and MIMIC datasets. Performance is reported
in F1 scores x100 (macro / micro). Best per column in bold.

PTM Model ECHR SCOTUS EURLEX MIMIC
Ma Mi Ma Mi Ma Mi Ma Mi
Embedding + MLP  36.3 556 40.6 61.8 259 514 491 63.0
SimCSE 48.7 61.4 455 61.1 33.4 571 54.6 67.1
ESimCSE 50.8 644 521 641 342 546 57.0 68.1
BERT ArcCSE 521 651 536 654 362 59.0 573 682
SimCSE++ 529 657 538 658 374 602 579 685
DistillCSE 532 66.0 541 660 385 61.0 580 68.6
CPE (ours) 548 670 546 668 41.0 63.7 59.2 69.1
Embedding + MLP 35.3 55.6 32.8 57.9 21.9 35.1 49.6 64.3
SimCSE 49.0 594 483 627 351 536 557 67.0
ESimCSE 453 566 577 679 338 541 575 673
RoBERTa ArcCSE 528 640 56.1 675 379 608 58.0 68.1
SimCSE++ 541 649 573 679 388 617 592 688
DistillCSE 546 650 576 680 39.0 620 593 69.0
CPE (ours) 56.0 656 579 681 419 634 61.0 694
Embedding + MLP 526 65.3 449 654 178 395 -
SimCSE 575 688 576 689 409 616 -
ESIimCSE 56.5 683 56.1 67.8 404 62.6 -
LegalBERT ArcCSE 57.0 68.7 57.9 69.1 411 63.0 -
SIimCSE++ 572 69.0 582 693 415 633 -
DistillCSE 574 69.1 586 694 416 635 -
CPE (ours) 577 694 595 719 422 64.2 -
Embedding + MLP Not applicable to legal datasets 55.8 68.9
SimCSE Not applicable to legal datasets 62.7 711
ESIimCSE Not applicable to legal datasets 60.4 70.9
ClinicalBioBERT  ArcCSE Not applicable to legal datasets 619 712
SimCSE++ Not applicable to legal datasets 623 714
DistillCSE Not applicable to legal datasets 629 715
CPE (ours) Not applicable to legal datasets 639 71.7

 Fine-tuned Architectures: Hi-
LegalBERT (Chalkidis et al.,, 2022b),
LegalLongformer (Mamakas et al., 2022),
HAT (Chalkidis et al., 2022a), and LSG (Con-
devaux and Harispe, 2023).

CPE is evaluated under both frozen-embedding
(representation quality) and full fine-tuning (end-
to-end adaptation) regimes. All hyperparameters,
random seeds, and evaluation scripts will be pub-
licly released for full reproducibility.

5. Results and Analysis

We evaluate CPE across five datasets and
four backbone architectures under two regimes:
(i) frozen-embedding evaluation, where only a
lightweight MLP classifier is trained to assess rep-
resentation quality, and (ii) end-to-end fine-tuning,
where all parameters are optimized jointly. Results
are reported as macro- and micro-F1 scores (x 100)
averaged over five random seeds.

Hierarchical Encoders Table 2 reports results
for hierarchical transformer encoders using four
pre-trained backbones (BERT, RoBERTa, Legal-
BERT, and ClinicalBioBERT). We evaluate frozen
document embeddings and compare CPE against
SimCSE, ESIimCSE, and recent extensions. CPE
consistently outperforms all baselines, improving

over SImMCSE and ESimCSE by +2—4 macro-F1
on average (up to +6 on ECHR) and exceeding
newer variants by +1.5-3 macro-F1 on ECHR and
SCOTUS. These gains hold across both macro-
and micro-F1, showing that CPE benefits rare and
frequent classes alike. The improvements stem
from explicitly modeling chunk—context entailment,
which provides complementary supervision to con-
trastive alignment. While SimCSE-style methods
promote sentence-level similarity, CPE teaches the
encoder to judge whether a text span is semanti-
cally compatible with its document context. This
inductive bias enhances hierarchical coherence, re-
duces embedding fragmentation, and improves rep-
resentation isotropy—key for long-document tasks
such as ECHR, SCOTUS, EURLEX, and MIMIC.
Quantitatively, generic BERT and RoBERTa em-
beddings yield the weakest performance, high-
lighting the difficulty of modeling specialized do-
mains. Self-supervised contrastive learning nar-
rows this gap: SIimCSE and ESimCSE improve
BERT by +12% and +14% macro-F1 on ECHR,
while CPE adds a further +6%, with similar trends
across datasets. Domain-specific encoders fur-
ther enhance results: LegalBERTcpg gains +5
macro-F1 over BERTcpg on SCOTUS and +3 on
ECHR, and ClinicalBioBERTcpg adds +3 on MIMIC.
RoBERTacpe performs comparably, benefiting from
broader subword coverage and larger pretraining
corpora.
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Table 3: Classification performance on document embeddings produced by contrastively trained Long-
former models. Performance is reported in F1 scores x100 (macro / micro). Best per column in bold.

Model ECHR SCOTUS EURLEX MIMIC
Ma Mi Ma Mi Ma Mi Ma Mi

Embedding + MLP 359 504 274 50.3 258 545 446 621
SimCSE 35.1 468 368 526 320 536 454 60.8
ESIimCSE 329 463 353 533 354 559 46.1 61.4
ArcCSE 39.2 521 418 562 386 589 488 625
SimCSE++ 425 543 449 584 39.7 59.7 499 632
DistillCSE 433 55.0 465 59.6 405 604 503 636
CPE (ours) 489 59.7 475 626 432 646 53.1 64.9

Sparse-Attention (Longformer) Results Ta-
ble 3 reports results for the sparse-attention Long-
former encoder, which efficiently processes se-
quences up to 4k tokens. While block attention
improves scalability, it lacks explicit supervision for
modeling dependencies across distant spans. CPE
addresses this limitation through its chunk—context
prediction objective, enforcing document-level co-
herence and long-range consistency. The vanilla
Longformer + MLP classifier performs poorly be-
cause it cannot capture inter-paragraph relation-
ships. Self-supervised variants (SImCSE, ESim-
CSE, CPE) markedly improve performance, with
CPE achieving the largest gains: +12% and +14%
macro-F1 over SimCSE and ESIimCSE on ECHR,
+10% and +12% on SCOTUS, and +8% and +7%
on MIMIC. On the shorter EURLEX corpus, im-
provements are smaller but consistent. These re-
sults show that CPE is most effective on long, struc-
tured documents where discourse coherence is
crucial. Its wider receptive field (4096 tokens) also
narrows the gap to the hierarchical CPE encoder
on long ECHR cases. Across architectures, hierar-
chical transformers still lead on ECHR, SCOTUS,
and MIMIC, while Longformer slightly outperforms
them on EURLEX due to shorter input lengths. This
reflects a clear trade-off: sparse attention efficiently
captures full context for medium texts, whereas hi-
erarchical models remain better suited for deeply
structured documents. Nonetheless, CPE yields
strong and stable gains in both regimes, confirming
that chunk—context entailment generalizes across
encoder designs.

End-to-End Fine-Tuning We further analyze
how CPE performs when all model parame-
ters are fine-tuned for downstream tasks. Ta-
ble 4 reports results on the ECHR and SCOTUS
datasets. Despite its simplicity, CPE matches or
surpasses the strongest fully fine-tuned architec-
tures—including Hi-LegalBERT, LegalLongformer,
LSG, and HAT—while requiring fewer parameter up-
dates and shorter training time. Compared to Legal-
Longformer, CPE achieves a gain of +2.1 macro-
F1 on ECHR and +0.8 on SCOTUS, confirming
that its self-supervised initialization provides richer

Table 4: End-to-end fine-tuning results on ECHR
and SCOTUS datasets (macro / micro F1 x100).
Best in bold.

Model ECHR SCOTUS
Hi-LegalBERT (Chalkidis et al., 2022b) 64.0/70.0 66.5/76.4
LSG (Condevaux and Harispe, 2023) 60.3/71.0 63.7/73.3
LegalLongformer (Mamakas et al., 2022) 63.6/71.7 66.9/76.6
HAT (Chalkidis et al., 2022a) 59.1/79.8 59.1/70.5
CPE (ours) 66.1/72.6 67.3/77.5

document-level representations that remain bene-
ficial during supervised adaptation. Notably, CPE
also accelerates convergence and improves stabil-
ity: models initialized with CPE reach comparable
validation performance in fewer epochs and exhibit
lower variance across random seeds. This behav-
ior suggests that entailment-based pretraining or-
ganizes latent representations into smoother man-
ifolds, facilitating gradient flow during fine-tuning
and reducing overfitting to dominant classes. Over-
all, these results demonstrate that CPE not only
improves frozen embeddings but also serves as an
effective pretraining strategy for robust and efficient
task-specific adaptation.

6. Ablation and Generalization
Analysis

We conducted an ablation study to evaluate the
impact of different chunk sizes, visualize the quality
of the embedding space, and examine the perfor-
mance of the CPE framework on short documents.

Evaluation of Advanced Hierarchical Represen-
tation We hypothesise that the performance of
CPE improves when using an advanced docu-
ment encoder. To test this, we conducted experi-
ments using Transformer over BERT (ToBERT) and
Recurrence over BERT (RoBERT). For classifica-
tion tasks, we kept the parameters of BERT fixed
(frozen), and only the Transformer and LSTM en-
coder with MLP layer were learned during training.
The results in Table 5 show indeed that TOBERT im-
proved the performance of the generalized HBERT
by 6% in macro F1 and 1.5% in u F1-score. On
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Table 5: Performance of hierarchical transformer
CPE encoders applied on BERT for ECHR and
SCOTUS datasets (macro/micro F1 x100).

Model ECHR SCOTUS
HBERT+MLP 54.8/67.0 54.6/66.8
RoBERT+MLP 55.0/67.1 58.3/69.6
ToBERT+MLP  60.3/68.5 58.8/70.1

Table 6: Performance of hierarchical transformer
encoders with varying chunk sizes (macro/micro F1
x100). Results use LegalBERT for ECHR, SCO-
TUS, EURLEX and ClinicalBioBERT for MIMIC.

Chunk Size ECHR SCOTUS EURLEX MIMIC

64 57.6/69.1 58.8/71.1 421/63.8 63.1/70.7
128 57.7/69.4 62.7/73.3 422/64.2 63.4/70.8
256 56.9/67.7 59.2/71.8 39.0/59.2 61.5/70.3
512 55.6/67.3 59.5/719 29.3/43.6 60.6/68.9

the SCOTUS dataset, TOBERT achieved a perfor-
mance gain of approximately 4% in both macro and
1 F1-scores.

Impact of chunk length: Table 6 and Figure 1 sum-
marize the CPE classification performance mea-
sured by macro-F1 using a hierarchical Transformer
encoder with chunk sizes of 64, 128, 256, and
512 tokens across four datasets: ECHR, SCOTUS,
EURLEX, and MIMIC. Fig 1 illustrates how perfor-
mance varies with chunk size. For the ECHR data
set, on small chunk size of 64 produce 57.64 macro
F1 score and remains stable for chunk size 128 and
produce 57.74 micro F-1 score. The model perfor-
mance then gradually decreases for large chunk
sizes of 256 and 512. On the other hand, for SCO-
TUS dataset, there is a notable improvement when
moving from a chunk size of 64 to 128, after which
the performance slightly drops for larger sizes. The
scores for MIMIC show a modest decline, on chunk
size 64 to chunk size 512. This demonstrates rela-
tive robustness with only a slight decrease as the
chunk size increases. Conversely, the EURLEX
dataset exhibits its best performance at the smaller
chunk sizes of 64 and 128, but shows a sharp de-
cline at chunk sizes of 256 and 512. This suggests
that EURLEX is highly sensitive to the chunk size
parameter, likely because its shorter average text
length means that larger chunks incorporate too
much irrelevant detalil.

Performance on short document corpus To eval-
uate our CPE framework on short documents, we
perform experiments on the BIOASQ dataset. We
followed the method outlined in Section 3.2, but in-
stead of using the Longformer encoder, we utilized
ClinicalBioBERT and BERT features, setting the
length of the positive chunk to 64 tokens. Table 7
reports classification results. The top rows show
the performance of models using BERT embed-

Macro-F1 vs Chunk Size
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Figure 1: Macro-F1 Scores vs. chunk size via hi-
erarchical transformer encoders applied on Legal-
BERT for ECHR, SCOTUS, EURLEX, and Clinical-
BioBERT for MIMIC.

Table 7: Performance on the short-document
BioASQ dataset (macro/micro F1 x100) using
BERT and ClinicalBioBERT encoders.

PTM Baseline BioASQ
Emb + MLP  68.6/83.3
SimCSE 68.1/82.7
BERT ESIimCSE 68.0/82.7
CPE (ours) 70.5/84.1
Emb + MLP  68.1/83.6
. . SimCSE 69.1/83.3
ClinicalBioBERT ESIMCSE 68.8/83.2
CPE (ours) 71.3/84.4

ding and the bottom rows display the performance
of models using ClinicalBioBERT embedding. The
ClinicalBioBERT Embeddingcpz + MLP model pro-
duces the highest macro and micro F1 scores,
achieving 71.28 and 84.43 macro F1 and micro
F1-scores, respectively. This indicates that self-
supervised CPE learning produces high-quality em-
beddings. Conversely, the state-of-the-art Clinical-
BioBERT Embg;,,csk + MLP and ClinicalBioBERT
Embgrsimcse + MLP models does not enhance the
performance of the baseline model Embedding +
MLP. This suggests that using only dropout aug-
mentation or basic word repetition to form positive
pairs for generating text embeddings yields little
benefit for document- or paragraph-level represen-
tations, even though these techniques perform very
well for sentence embeddings. Results demon-
strate that the proposed CPE method improves em-
bedding derived from ClinicalBioBERT by around
4% macro-F1.

Embeddings Quality Figure 2 shows the t-SNE
projections of the CPE embeddings compared to
the SIimCSE baseline using the LegalBERT en-
coder on SCOTUS. As we can see, CPE demon-
strates a higher quality of legal act encoding, as
evidenced by more compact clusters. To quantify
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Figure 2: t-SNE visualization on the SCOTUS dataset with corresponding legal class

the comparison of visualized embeddings, we ap-
plied the DBScan clustering algorithm to the t-SNE
projections. We evaluated clustering quality us-
ing completeness and homogeneity measures. As
shown in Figure 2, the completeness and homo-
geneity scores for CPE are 0.31 and 0.38, respec-
tively, compared to 0.23 and 0.32 for SimCSE. This
indicates a clear improvement in topic separation
using the projected embeddings from CPE.
Training Time Table 8 presents the training time
required by each model on the ECHR and SCO-
TUS datasets. Self-supervised contrastive learning
using a CPE encoder requires approximately 3 h on
ECHR and 1.5 h on SCOTUS dataset. In contrast,
SimCSE and ESimCSE training takes place 4.5 on
ECHR and 2.5 h on SCOTUS dataset. SimCSE,
and ESimCSE require significantly longer training
times due to their document-level postive pair and
negative pair. Our CPE training is more efficient
because each positive and negative pair involves
a single sampled chunk paired with an aggregated
document context rather than encoding the entire
document twice, reducing both computation and
memory overhead. Furthermore, for the evaluation
of the document embedding in the downstream
with an MLP head (1.78M trainable parameters),
the training is light, taking less than 10 minutes per
epoch on our hardware.

Table 8: Training time (per seed) across datasets.

Model ECHR(T) SCOTUS (T)
CPE 3h 15h
SimCSE 45h 25h
ESIimCSE 45h 25h

Prompting LLAMA on long legal documents Ta-
ble 9 demonstrates that the zero-shot prompting
model LLAMA-3 (8B) underperforms compared to
embedding models (HBERT+MLP), primarily due
to the extensive length of its prompts. Although the
literature suggests that few-shot demonstrations
can enhance model performance, the limited con-
text window presents significant challenges when

Table 9: Classification performance of the
zero-shot LLAMA-3 8B model on the ECHR
and SCOTUS datasets (same token budget as
HBERT+MLP).

ECHR SCOTUS

Model
macro-F1 p-F1 macro-F1 p-F1
HBERT+MLP 54.77 66.98 5456 66.78
LLaMA3-8B-Instruct 15.39 2254 0.369 24.91

handling long documents, each averaging 4,096
tokens. Incorporating even one-shot examples into
the prompt consumes nearly all available space,
leaving insufficient room for the actual query. Fur-
thermore, the LLAMA model tends to over-predict
a limited number of classes while rarely predicting
others, leading to imbalanced classification out-
comes, as indicated by a low macro-F1 score.

7. Conclusion

We propose the Chunk Prediction Encoder (CPE),
a self-supervised method for long-document rep-
resentations via chunk—context entailment. CPE
combines contrastive learning with entailment pre-
diction to capture both local and global seman-
tics, and yields consistent gains over strong con-
trastive baselines (SimCSE variants) and fine-
tuned long-text models (Hi-LegalBERT, LegalLong-
former, HAT). Across five legal and biomedical
benchmarks, CPE improves macro-F1 by up to
4 points on average while remaining efficient and
architecture-agnostic.

Analyses indicate that chunk—context compatibil-
ity induces richer document semantics and trans-
fers well to short texts, supporting directional entail-
ment learning as a robust representation strategy.
Code, configs, and checkpoints will be released
under an open license for reproducibility and down-
stream use.
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Limitations

While CPE offers substantial gains in long-
document representation, several limitations re-
main. First, the approach assumes that document
segmentation into coherent chunks is meaningful;
performance may degrade on noisy or unstructured
texts (e.g., social media, OCR). Second, the compu-
tational efficiency—though improved—still scales
linearly with the number of chunks, which may limit
applications to documents exceeding 10k tokens.
Third, the current evaluation focuses on English-
language corpora; multilingual and cross-lingual
extensions will require adaptation of pre-trained
backbones and chunking heuristics. Finally, CPE
is evaluated primarily on classification tasks; apply-
ing it to retrieval or generative settings remains an
open direction.

Ethics Statement

Our study relies exclusively on publicly available,
de-identified datasets in the legal and biomedical
domains: ECHR, SCOTUS, EURLEX, MIMIC-III,
and BioASQ. All data usage complies with the li-
censes of the original repositories. Although these
datasets have been widely adopted in NLP re-
search, they may still reflect historical or societal
biases. We emphasize that CPE is a general rep-
resentation learning framework and should not be
used to automate legal or medical decisions with-
out expert oversight. Model outputs should be inter-
preted as assistive signals rather than authoritative
judgments. We encourage the community to audit
models trained with CPE for fairness, bias propa-
gation, and potential misuse in sensitive contexts.
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