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Asymmetric Effects of Cross-Segment Contextualization
in Long Legal Document Classification: An Empirical
Study on ECtHR Violation Classification

Abstract. Long legal texts require information from distant parts of a document
to be considered together. Overlapping segmentation, cross-segment propaga-
tion, and attention-based weighting address this requirement, but their effects de-
pend on how repeated and contextualized information is aggregated.

This study examines these mechanisms through a controlled empirical analysis
of binary violation classification on the European Court of Human Rights corpus.
Legal-BERT independently encodes each segment, a bidirectional gated recur-
rent unit (BiGRU) provides cross-segment contextualization, and additive atten-
tion performs selective aggregation.

The central finding is that greater contextual connectivity is not uniformly bene-
ficial, and the effect of sequential contextualization depends on the aggregation
strategy. Among the evaluated overlap settings, 100 tokens yield the highest
macro-precision and macro-recall, whereas larger overlaps reduce both metrics.
Under equal-weight aggregation, BiGRU increases macro-recall from 80.4% to
81.3% but reduces macro-precision from 90.2% to 84.5%, lowering macro-F1
from 83.0% to 82.5%. Attention does not improve macro-F1 when applied to
independently encoded segments, with the score decreasing from 83.0% to
82.8%. In contrast, when attention follows BiGRU contextualization, macro-F1
rises to 84.6%.

These results reveal configuration-dependent effects rather than uniformly bene-
ficial components. Sequential contextualization produces a pronounced preci-
sion-recall trade-off under uniform aggregation, while selective aggregation is
associated with recovery in macro-F1 after contextualization. The findings also
motivate a distinction between the computational treatment of repeated and prop-
agated text and its legal evidential role.

Keywords: Long legal document processing; legal text classification; cross-seg-
ment contextualization; overlapping segmentation; attention-based reweighting;
ECtHR

1 Introduction

Automated legal text analysis and long-document classification require models to pro-
cess extensive and structurally complex narratives. Judicial decisions are particularly
challenging because task-relevant information may be distributed across factual narra-
tives, procedural histories, party submissions, and legally significant events. A classi-
fication model must therefore integrate information across multiple parts of a document
rather than rely solely on localized semantic cues.

Expanding the nominal context window does not by itself ensure reliable use of all
input information. Long-context models may exhibit position-dependent degradation
and reduced sensitivity to relevant information located within lengthy inputs (Liu et al.



2024). Moreover, recent memory-augmented architectures continue to process long se-
quences through local blocks and compressed memory mechanisms (Munkhdalai et al.
2024). Segmentation-based processing therefore remains relevant when documents ex-
ceed available context windows, computational resources are constrained, or explicit
evidence aggregation is required.

To operationalize this necessity of chunking and cross-referencing, both conventional
hierarchical classifiers and modern long-document systems rely on three integration
mechanisms, as illustrated in Fig. 1. First, overlapping segmentation duplicates content
near boundaries to preserve local continuity and prevent the artificial truncation of nar-
ratives. Second, sequential contextualization propagates information across segment
representations through recurrent networks, hierarchical Transformers, or compressed
memory states. Third, additive attention-based reweighting adjusts the relative contri-
bution of individual segments to the final document representation. While operating at
different stages of the processing pipeline, their effects may depend on how these mech-
anisms are combined. Overlap determines which textual information is repeatedly en-
coded, sequential modeling determines how information is propagated, and attention
determines how the resulting representations contribute to classification. These mech-
anisms recur across hierarchical and segmentation-based long-document architectures,
although their specific implementations differ across models (Yang et al. 2016; Pappa-
gari et al. 2019; Dai et al. 2022).
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Fig. 1 Three recurring mechanisms in segmentation-based long-document processing. Overlap-
ping segmentation preserves boundary continuity, sequential contextualization propagates infor-
mation across adjacent segment representations, and additive attention-based reweighting adjusts
their contributions to the final document representation

In legal text analysis, these operations raise questions that extend beyond computational
coverage or efficiency. From an evidential reasoning perspective, repeated presentation
of the same underlying information does not create independent corroboration and may
lead to double-counting when dependent observations are treated as distinct evidence
(Shafer 2016; Strittmatter et al. 2024). Yet, at the architectural level, overlapping win-
dows mechanically present the same passage to the classifier through multiple segment-
level inputs. Similarly, legal reasoning is defeasible rather than purely accumulative
(Prakken and Sartor 1996; Hage 2003). A later passage may support an earlier allega-
tion, but it may also qualify, rebut, justify, or legally recharacterize it. A generic se-
quential encoder propagates information without explicitly representing these argu-
mentative functions. Finally, attention weights indicate learned computational salience
but should not be treated as direct explanations of feature importance (Jain and Wallace
2019), much less as direct indicators of legal relevance. A passage may receive a high
weight simply because it contains class-correlated vocabulary, even though it does not
independently satisfy a legal requirement.



In this study, these evidential concepts are used as a conceptual lens for examining
model behavior. The experiments measure changes in computational treatment and
classification performance; they do not measure the legal evidential force of individual
passages or establish that the model reproduces legal evidential reasoning.

These architectural concerns are particularly pronounced in applied legal document
classification. Prior work has shown that classifiers trained on the European Court of
Human Rights (ECtHR) corpus may exploit shallow signals such as document length,
respondent-state information, paragraph-number artifacts, and vocabulary strongly cor-
related with violation outcomes but with limited substantive legal relevance (Santosh
et al. 2022). In a segmentation-based architecture, overlapping boundaries can expose
the same shallow signal through multiple segment inputs, while sequential contextual-
ization allows information associated with such signals to be transmitted across seg-
ment representations. These mechanisms therefore create the possibility that repeated
computational exposure gives the same underlying information greater computational
influence on classification without any corresponding increase in legal evidential force.
To illustrate this vulnerability, Fig. 2 presents a hypothetical case concerning Article 6
of the European Convention on Human Rights (right to a fair trial). The procedural
safeguards described in the first paragraph support a finding of no violation, whereas
the second paragraph contains superficial, violation-associated expressions without ac-
tual evidential support. Without selective aggregation, a classification model may as-
sign disproportionate computational influence to the class-correlated expressions in the
latter paragraph, despite their lack of additional evidential support.

A
Paragraph 1 (legally relevant facts) Paragraph 2 (class-correlated noise)
The applicant had a lawyer, attended the The applicant repeatedly said that the
hearing, and was allowed to present his proceedings were unfair and that the
arguments. The court also explained why authorities had violated his rights.
his appeal was rejected. However, he provided no new evidence.
v/

Fig. 2 Hypothetical case concerning the right to a fair trial under Article 6 of the European Con-
vention on Human Rights. Although the legally relevant facts support a finding of no violation,
the example illustrates how class-correlated expressions may acquire greater computational in-
fluence through cross-segment propagation despite providing no additional evidential support

Despite these vulnerabilities, existing long-document studies have mainly evaluated
overlap, sequential contextualization, and attention according to aggregate accuracy or
F1-score. Although prior studies have examined these mechanisms individually or as
components of long-document architectures, their configuration-dependent interactions
have received considerably less attention. Overlapping segmentation has been shown
to mitigate boundary fragmentation, but its benefits depend on segment length and da-
taset characteristics rather than increasing monotonically (Dai et al. 2022). Crucially,
less attention has been paid to how these mechanisms interact or whether they produce
uneven changes in macro-precision and macro-recall. By relying on single aggregate
scores, prior research may obscure the precise tradeoffs that matter most in legal rea-
soning. It remains unclear whether cross-segment contextualization improves sensitiv-
ity to distributed information at the cost of classification selectivity. The present study
provides a follow-up analysis of our earlier deployment-oriented framework (Wu and



Liu 2026), re-examining previously reported experimental configurations and results
from the perspective of configuration-dependent classification behavior.

To address this gap, this study examines the configuration-dependent effects of these
mechanisms, including the interaction between sequential contextualization and atten-
tion-based aggregation. The analytical architecture combines independent Legal-BERT
segment encoding with three controlled mechanisms: boundary overlap, sequential
contextualization via a Bidirectional Gated Recurrent Unit (BiGRU), and selective ag-
gregation via additive attention. Controlled ablation experiments are used to examine
the effects of these mechanisms on macro-precision, macro-recall, and macro-F1, as
well as the interaction between sequential contextualization and attention-based re-
weighting.

The empirical results reveal three main observations. First, moderate boundary overlap
provides the best observed balance in the examined configuration, whereas larger over-
laps reduce both macro-precision and macro-recall. Second, under uniform mean pool-
ing, BiGRU-based contextualization produces a pronounced asymmetric effect on the
two metrics. It increases macro-recall from 80.4% to 81.3% but reduces macro-preci-
sion from 90.2% to 84.5%, showing that a modest recall gain is accompanied by a sub-
stantially larger precision loss. Third, in the evaluated configuration, attention does not
improve macro-F1 when applied to independently encoded segments, with the score
decreasing slightly from 83.0% to 82.8%. In contrast, attention increases macro-F1
from 82.5% to 84.6% when applied after BIGRU contextualization.

Accordingly, the study addresses three research questions:

RQ1: Under a fixed segment length, how does overlap size affect macro-precision and
macro-recall across the evaluated settings?

RQ2: Does BiGRU-based sequential contextualization change the balance between
macro-precision and macro-recall under uniform aggregation?

RQ3: Does the contribution of additive attention differ depending on whether it aggre-
gates independently encoded or context-conditioned segment representations?

The contribution of this study is threefold. First, it provides a controlled, mechanism-
oriented analysis of overlap, sequential contextualization, and selective aggregation in
long legal document classification. Second, it identifies a pronounced precision-recall
asymmetry under BiGRU-based contextualization and a conditional interaction be-
tween sequential contextualization and attention-based aggregation. Third, it uses these
observations to distinguish the computational treatment of repeated and propagated text
from the legal evidential force of the underlying information. The study does not claim
that the examined architecture reproduces legal evidential reasoning; rather, the legal
perspective provides a framework for identifying potential mismatches between com-
putational integration and evidential evaluation.

These findings also have conceptual implications for other long-context architectures
that rely on chunking, recurrent memory, selective retrieval, or attention-based aggre-
gation. The central issue is therefore not whether a model can technically access more
text, but whether repeated and propagated information is treated in a manner consistent
with its evidential role. These results motivate further investigation of whether long
legal document models could benefit from mechanisms that account for the common



origin of duplicated passages, distinguish supportive information from defeaters, and
avoid equating statistical salience with legal significance.

The remainder of this paper is organized as follows. Section 2 reviews overlapping
segmentation, cross-segment contextualization, class-correlated signals in ECtHR clas-
sification, and context-conditioned attention. Section 3 presents the analytical frame-
work and experimental architecture. Section 4 reports the ablation results and analyzes
their metric-level effects and component interactions. Section 5 concludes the paper
and discusses implications for the design of classification models for long legal docu-
ments.

2 Related Work

Long legal document classification is not merely a problem of extending the input ca-
pacity of pretrained language models. Segmenting and aggregating a judgment also
changes how factual allegations, procedural events, supporting evidence, and counter-
vailing information are represented. In legal reasoning, the significance of a passage
depends not only on its textual content but also on its relationship to the legal issue and
to other parts of the case narrative. Repeated computational exposure to the same text
should be distinguished from independent evidential support, while additional context
may corroborate, qualify, or defeat an earlier inference. These characteristics make the
interaction among overlapping segmentation, cross-segment contextualization, and at-
tention-based aggregation particularly important in legal document classification.

2.1  Overlapping Segmentation and Cumulative Evidence

Pretrained language models such as BERT impose a fixed input-length limit (Devlin et
al. 2019). Long-document classifiers therefore commonly divide a document into
shorter segments and integrate the resulting representations at the document level. Pap-
pagari et al. (2019), for example, independently encoded document segments using
BERT and subsequently processed them through recurrent or Transformer-based ag-
gregation layers.

Fixed-length segmentation may separate semantically related content across adjacent
segments. Overlapping windows are commonly used to mitigate this boundary frag-
mentation by presenting tokens near a boundary in more than one input segment. How-
ever, the effectiveness of overlap is not monotonic. Dai et al. (2022) found that the
contribution of overlapping segmentation depended on segment length and dataset
characteristics. In their ECtHR experiments, overlap produced limited or negative gains
when sufficiently long segments were used. Fama et al. (2024) similarly reported that
increasing overlap did not consistently improve legal document classification and also
increased computational cost. Han et al. (2024) further showed that long-document
classification performance varies substantially across document lengths, motivating
length-aware representation strategies.

These findings motivate examining a trade-off between contextual continuity and re-
peated computational exposure. Moderate overlap may preserve locally fragmented in-
formation, whereas excessive overlap repeatedly encodes the same passage. From an



evidential perspective, repeated presentation of the same underlying information does
not constitute independent corroboration and may lead to double-counting when de-
pendent observations are treated as distinct evidence (Shafer 2016; Strittmatter et al.
2024). A computational aggregation mechanism, however, may receive overlapping
segments as distinct observations unless their shared origin is explicitly represented.
Consequently, overlapping segmentation exposes some underlying text through multi-
ple segment representations, although whether this repeated exposure increases its com-
putational influence on classification requires direct investigation.

This possibility is particularly relevant when the repeated passage contains an outcome-
correlated but legally non-decisive expression. Overlap may increase the numerical ex-
posure of such a cue without increasing its evidential relevance. Existing studies have
largely evaluated overlap through aggregate performance and computational efficiency.
They have paid less attention to whether repeated encoding produces uneven changes
in precision and recall or alters the effectiveness of downstream aggregation.

2.2 Cross-Segment Contextualization and Defeasible Legal Reasoning

Independent segment encoding cannot directly represent relations across distant parts
of a document. Hierarchical models therefore introduce recurrent networks or cross-
segment Transformers to update each local representation using information from other
segments. Pappagari et al. (2019) applied recurrent and Transformer layers to BERT
segment representations, while Grail et al. (2021) introduced a hierarchical propagation
mechanism that transmitted information across independently processed windows.
Chalkidis et al. (2022) examined different placements of cross-segment contextualiza-
tion in hierarchical attention Transformers. Their results generally supported architec-
tures that repeatedly integrated local and global information. Such findings demonstrate
that cross-segment modeling can improve access to distributed information. They do
not, however, establish that all propagated information is legally relevant.

A recurrent encoder performs information propagation according to learned statistical
dependencies. It does not inherently distinguish a legally probative fact from a proce-
dural description, repeated allegation, or corpus-specific lexical cue. This limitation is
important because legal reasoning is not purely accumulative. A later passage may cor-
roborate an earlier allegation, but it may also qualify, rebut, or legally recharacterize it.
Legal conclusions are therefore defeasible and may be revised when exceptions, coun-
terarguments, or additional conditions are introduced (Prakken and Sartor 1996; Hage
2003).

For example, being questioned or tried without the assistance of a lawyer may initially
support an inference that the applicant’s rights under Article 6 were violated. However,
a later passage stating that the applicant had been informed of the right to a lawyer and
had voluntarily and unequivocally waived that right may qualify or defeat the initial
inference. Cross-segment contextualization must therefore account not only for cumu-
lative support, but also for information that changes the legal significance of an earlier
fact.

A standard BiGRU does not explicitly encode these argumentative functions. Support-
ing information and defeating information are transmitted through the same hidden-
state mechanism. Although the learned model may capture some distinctions implicitly,



the architecture does not impose a legal structure separating support, rebuttal, justifica-
tion, and exception.

The interaction between overlap and recurrent contextualization may further intensify
this issue. Overlap first places the same textual cue into multiple local segments. The
BiGRU then propagates information from these partially redundant representations
through the segment sequence. A single underlying passage can therefore be repre-
sented in multiple local inputs while information derived from these representations
can also be transmitted through recurrent hidden states.

This mechanism does not imply a class-specific directional effect. However, it provides
a plausible mechanism through which information associated with duplicated or class-
correlated cues can be represented across a broader portion of the segment sequence.
Existing long-document studies generally report overall accuracy or F1-score and rarely
examine whether sequential propagation produces balanced changes in precision and
recall.

2.3 Statistical Correlation and Evidential Relevance in ECtHR Classification

Legal judgment classification models may achieve high performance without relying
exclusively on legally relevant considerations. Statistical relevance should therefore be
distinguished from evidential relevance. A textual feature may correlate statistically
with a violation outcome without materially supporting a constituent legal requirement.
Its legal significance depends on its relationship to the applicable legal test, available
justifications, evidential reliability, and countervailing considerations.

Santosh et al. (2022) demonstrated this problem in the context of ECtHR violation clas-
sification. Their analysis showed that classifiers could exploit document length, re-
spondent-state information, paragraph-number artifacts, and vocabulary strongly cor-
related with violation outcomes but with limited substantive legal relevance. Their find-
ings indicate that ECtHR fact descriptions contain both legally probative information
and shallow class-correlated signals. The present study does not attempt to determine
the legal evidential force of individual passages; this distinction is used to interpret the
computational consequences of segmentation and aggregation.

This distinction has direct implications for hierarchical long-document architecture.
When an outcome-correlated cue appears near a segment boundary, overlap can repro-
duce it in multiple model inputs. Cross-segment contextualization can then extend its
influence on adjacent hidden states. These mechanisms therefore increase the number
of computational pathways through which a cue can enter the document representation,
without implying any corresponding increase in its legal evidential force.

The repeated presence of allegations is especially difficult to interpret computationally.
In legal analysis, the frequency with which an allegation appears does not inde-
pendently establish its truth or legal sufficiency. Multiple references may describe the
same event, repeat a party’s submission, or reflect the procedural structure of the judg-
ment. A classifier may nevertheless treat such repetition as additional evidence because
it is optimized to identify statistical associations with the target class.

Accordingly, the central empirical question is whether broader contextual propagation
produces a balanced improvement in classification performance or an uneven response
across macro-precision and macro-recall. Controlled comparisons of these metrics can



directly reveal whether increased contextual coverage improves sensitivity at a dispro-
portionate cost to classification selectivity.

2.4  Context-Conditioned Attention and Legal Salience

Attention mechanisms assign different weights to document units because not all seg-
ments contribute equally to the final classification. However, attention-based computa-
tional salience should not be assumed to reflect feature importance faithfully (Jain and
Wallace 2019), and computational salience should therefore be distinguished from legal
importance. A passage may be lexically prominent or strongly associated with the pre-
dicted class while remaining legally insufficient. Conversely, a short and linguistically
neutral passage may contain a decisive condition, exception, or procedural fact.

The hierarchical attention network proposed by Yang et al. (2016) illustrates the rela-
tionship between contextualization and attention. In that architecture, sentence repre-
sentations are first processed by a bidirectional GRU. Attention is then applied to the
resulting context-conditioned hidden states. The attention mechanism therefore selects
among representations that already incorporate information from preceding and subse-
quent sentences.

The same distinction applies to segment-level legal classification. When additive atten-
tion is applied directly to independently encoded Legal-BERT segments, it can empha-
size segments containing strong local features. However, it does not explicitly represent
whether one segment corroborates, qualifies, or contradicts another. Its weighting de-
cision is based primarily on each segment’s local representation and a learned attention
context.

When attention follows a BiGRU, each hidden state has already been conditioned on
the wider segment sequence. The attention layer can then assign weights to representa-
tions that encode both local content and inter-segment relations. BIGRU and attention
therefore perform complementary rather than interchangeable functions. The BiGRU
constructs context-sensitive segment representations, whereas attention determines
their relative contribution to the document representation.

Removing the BiGRU does not make attention mathematically inoperative. It removes
explicit sequential contextualization from the attention inputs. This distinction provides
one possible explanation for the observed difference between attention applied to inde-
pendently encoded segments and attention applied after cross-segment contextualiza-
tion.

Previous research also indicates that attention is not independently beneficial under all
architectural conditions. Adhikari et al. (2019) showed that competitive document clas-
sification could be achieved without attention, while Dai et al. (2022) found that ex-
panding global attention coverage did not consistently improve long-document classi-
fication. These findings suggest that the contribution of attention depends on the repre-
sentational structure established before weighting is performed.



3 Experimental Setup for Component Analysis

This section describes the experimental architecture used to isolate the effects of three
common mechanisms in segmentation-based long-document processing: overlapping
segmentation, BiGRU-based sequential contextualization, and additive attention-based
reweighting. All three mechanisms are established techniques and are not presented as
novel model components. The architecture serves as a controlled analytical testbed for
examining whether these mechanisms produce balanced changes in macro-precision,
macro-recall, and macro-F1, and how their effects depend on downstream aggregation.
The processing pipeline consists of fixed-length segmentation, independent Legal-
BERT encoding, optional BiGRU contextualization, optional additive attention, and
binary classification. Fig. 3 presents the overall pipeline. Components shown as op-
tional are activated or removed according to the ablation configuration.

X1 Si 120 e :hl """"""
1
| Overlapping |52, L& |pt Lha | Additive Document
. BERT | BiGRU 1 . Representation
Segmentation . i ! Attention
X, Sx Encoding oy | 'hy lay
— | LEN Y .‘—l_' ___________ \

Fig. 3 Controlled analytical pipeline for the component analysis. The input token sequence
X1, ... , X, is divided into overlapping segments Sy, ... , Sy, which are independently encoded by
Legal-BERT to produce segment representations py, ... , py. Optional BIGRU-based sequential
contextualization generates context-conditioned representations h4, ... , hy, and optional additive
attention assigns normalized weights a4, ... , ay to construct the document representation d.
Dashed outlines indicate optional components used in the ablation experiments, and the shaded
modules denote the mechanisms examined in this study. When attention is disabled, uniform
mean pooling is used instead

3.1 Controlled Analysis Design

Let a legal document be denoted by D. After preprocessing and tokenization, the doc-
ument is represented as a token sequence

D = (x4, %5, ., X1) @)

where L denotes the document length. The sequence is divided into N fixed-length seg-
ments. Each segment is independently encoded by Legal-BERT to obtain a local rep-
resentation. BiIGRU and additive attention are then independently enabled or disabled
to create the four controlled configurations listed in Table 1.

Table 1 Controlled configurations for component analysis

Configuration Sequential contextualization Segment aggregation
Independent encoding None Uniform averaging
Attention only None Additive attention
BiGRU only BiGRU Uniform averaging
BiGRU with attention BiGRU Additive attention
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These configurations support three direct comparisons. First, comparing independent
encoding with attention only evaluates whether additive attention is useful without ex-
plicit cross-segment contextualization. Second, comparing independent encoding with
BiGRU only evaluates the effect of sequential message propagation without differential
weighting. Third, comparing BiGRU only with BiGRU plus attention evaluates
whether attention becomes more effective after segment representations have been con-
textually conditioned.

Overlap is treated as a separate input-level factor. Its size is first varied with BiGRU
contextualization and additive attention enabled, after which the selected overlap set-
ting is held fixed for the subsequent component ablations.

3.2  Tokenization and Overlapping Segmentation

Tokenization follows the WordPiece tokenizer used by BERT and its legal-domain ad-
aptation, Legal-BERT (Devlin et al. 2019; Chalkidis et al. 2020). Because BERT-based
encoders accept at most 512 input tokens, each segment contains up to 510 document
tokens, leaving two positions for the [CLS] and [SEP] tokens.

For an overlap size §, the starting position of segment S}, is defined as

ap=1+(k—-1)(M—=96) 2)

and its ending position is

by = min(a; + M —1,L) 3)

The k-th segment is therefore
S = (Xap Xag+1s - r Xp;,) 4)

When § = 0, adjacent segments are disjoint. When § > 0, boundary tokens are re-
peated in adjacent segments. This repetition may preserve locally fragmented context,
but it also causes the same textual content to be encoded more than once.

The units produced by this procedure are referred to as segments, rather than para-
graphs, because they are determined by token length and do not necessarily correspond
to the original paragraph boundaries of the judgment.

The overlap analysis examines how different amounts of repeated boundary content are
associated with macro-precision and macro-recall. Overlap sizes of 0, 50, 100, 150, and
200 tokens are evaluated. The 100-token setting, which yields the highest observed
performance among these settings, is used in the subsequent component analyses.

3.3 Independent Segment Encoding

Each segment is independently encoded using Legal-BERT (Chalkidis et al. 2020).
Special tokens are added before encoding:

Sk = ([CLS], Sk, [SEP]) &)

Legal-BERT produces a sequence of contextualized token representations for each seg-
ment. The final hidden state corresponding to the [CLS] token is used as the segment-
level representation (Devlin et al. 2019):
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Dk = LegalBERT(Sk)[ (6)

CcLS]

where p;, € R%, and d is the encoder hidden size.

At this stage, each segment is processed independently. Consequently, p, contains con-
textual information within segment S, but it does not explicitly incorporate infor-
mation from preceding or subsequent segments. The sequence

P = (p1,p2) -, Pn) (7
provides the common input to the subsequent controlled configurations.

3.4  BiGRU-based Sequential Contextualization

To evaluate the effect of cross-segment message propagation, a bidirectional gated re-
current unit is optionally applied to the sequence of independently encoded segment
representations (Cho et al. 2014; Schuster and Paliwal 1997).

The forward and backward hidden states are computed as

Hk = GRUf(Pk: Hk—l):

8
(f_lk = GRU, (pkizk+1) ®

The context-conditioned representation of segment k is
-
hie = [ e )

Through this operation, each representation can incorporate information transmitted
from preceding and subsequent segments. Direct interaction occurs between neighbor-
ing recurrent states, while information may indirectly propagate across more distant
positions through repeated state transitions.

The BiGRU is used here as a standard sequential contextualization mechanism. It is not
assumed to distinguish legally probative evidence from procedural descriptions, re-
peated allegations, or class-correlated lexical cues. The empirical analysis therefore ex-
amines whether its information propagation produces balanced performance gains or
an asymmetric change in macro-precision and macro-recall.

When the BiGRU is disabled, the independently encoded vectors p;, are directly passed
to the aggregation stage.

3.5 Additive Attention-Based Reweighting
Additive attention is optionally used to assign different weights to the segment repre-

sentations (Bahdanau et al. 2015; Yang et al. 2016). Let 1, denote the representation
received by the aggregation stage:

_ {hk, when BiGRU is enabled 10
T = 1p,, when BiGRU is disabled (10)

Each representation is projected into an attention space:

uy, = tanh(W,r, + b,) (11
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where W, and b, are trainable parameters. A shared trainable context vector u,, is then
used to compute a normalized attention weight:

o = exp(ujuy,) 12)
X, exp (u]TuW)
The document representation is obtained as
N
d= Qg 1 (13)
k=1

Additive attention reweights segment representations during document-level aggrega-
tion. The same scoring function is applied to every segment, and normalization deter-
mines each segment’s relative contribution to the document representation.

The attention weights are task-dependent computational weights and should not be in-
terpreted as faithful explanations of feature importance (Jain and Wallace 2019). Their
computational salience should also be distinguished from substantive legal relevance.
A segment may receive a high weight because its representation is strongly associated
with the target label, even when its substantive legal significance is limited.

When attention is disabled, uniform aggregation is used:

1 N
d= NZ T (14)
k=1

This design allows the attention module to be evaluated against an explicit equal-weight
baseline.

3.6  Binary Classification

The document representation d is passed to a fully connected binary classifier:
y=owld+b,) (15)

where w, and b, are trainable parameters, and o is the sigmoid function. The output
¥ € [0,1] represents the classified probability of violation.
The class label is

~_ (1, =05

€= {o, 9 <05 (16)

where 1 denotes violation and 0 denotes non-violation.
The model is optimized using binary cross-entropy:

L=—[ylogy+ (1 —y)log(1 -] (17)

Each controlled configuration is trained separately under the same data split, optimiza-
tion procedure, and model-selection protocol. This design reduces variation arising
from data splits, preprocessing, and optimization settings, thereby supporting con-
trolled comparisons of the activated mechanisms.
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3.7  Analytical Objective

The architecture serves as a controlled testbed rather than a proposed long-document
classification model. The analysis focuses on macro-precision, macro-recall, and
macro-F1 to distinguish aggregate performance changes from asymmetric responses
between precision and recall. In this study, asymmetry refers specifically to differences
in the direction or magnitude of changes in macro-precision and macro-recall. The ex-
periments evaluate observable classification behavior and component interactions; they
do not directly measure the propagation of specific lexical cues or the legal evidential
force of individual passages.

4 Empirical Analysis and Discussion

This section presents a controlled empirical analysis of three mechanisms commonly
used in segmentation-based long legal document classification: overlapping segmenta-
tion, BiGRU-based sequential contextualization, and additive attention-based re-
weighting. Rather than comparing the controlled analytical pipeline with external base-
line models, the analysis focuses on how these mechanisms individually and jointly
affect classification behavior under the same dataset, preprocessing procedure, encoder,
and training protocol.

The evaluation first examines whether increasing segment overlaps improve contextual
continuity or introduces excessive redundancy. It then analyzes the asymmetric effects
of BiGRU-based contextualization on macro-precision and macro-recall under uniform
aggregation. Finally, the interaction between BiGRU and attention is evaluated to de-
termine whether attention is effective independently or primarily when applied to con-
text-conditioned segment representations. The discussion focuses on whether these
mechanisms produce balanced or asymmetric changes in macro-precision, macro-re-
call, and macro-F1. All reported results are averaged over five experimental runs.

4.1 Experimental Setup and Evaluation Protocol

The controlled analytical pipeline is evaluated on the English-language ECtHR corpus
introduced by Chalkidis et al. (2019). Following the binary violation setting, only fac-
tual descriptions are used as model input, and each document is classified according to
whether a Convention article or protocol was violated.

Each document is divided into segments containing up to 510 document tokens, with
two additional positions reserved for the [CLS] and [SEP] tokens. The overlap analysis
evaluates sizes of 0, 50, 100, 150, and 200 tokens. The 100-token setting, which yields
the highest observed performance among the evaluated settings, is subsequently used
for the BiIGRU and attention analyses. The resulting component comparisons are there-
fore interpreted as exploratory analyses under this selected overlap condition. Legal-
BERT produces 768-dimensional segment representations. The BiGRU uses 512 hid-
den units in each direction, producing 1024-dimensional context-conditioned represen-
tations, and the additive attention hidden dimension is also set to 1024. All configura-
tions are trained using AdamW (Loshchilov and Hutter 2019) with an initial learning
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rate of 1 x 1075, a dropout rate of 0.35, a maximum of 10 epochs, and a linear warmup-
and-decay schedule.

Performance is evaluated using precision, recall, and F1-score. Taking violation as the
positive class, precision measures how many documents classified as violations are ac-
tually violation cases. It decreases when more non-violation documents are incorrectly
assigned the violation label. Recall measures on how many actual violation documents
are successfully identified. Unlike precision, recall is not directly reduced by false-pos-
itive violation assignments. Therefore, stronger sensitivity to violation-associated sig-
nals may increase recall, but it may simultaneously reduce precision if the classifier
also assigns the violation label to additional non-violation documents. Examining pre-
cision and recall together reveals whether a mechanism improves classification in a
balanced manner or gains sensitivity at the cost of additional false positives. F1-score
summarizes the two measures but may conceal substantial differences in their individ-
ual changes.

To give equal weight to the violation and non-violation classes, precision, recall, and
F1-score are computed separately for each class and then macro-averaged (Chalkidis et
al. 2019; Sokolova and Lapalme 2009). Unless otherwise specified, the reported values
refer to macro-averaged metrics. In this study, an asymmetric effect refers specifically
to precision and recall changing in different directions or by substantially different mag-
nitudes. All configurations use the same predefined data splits, preprocessing proce-
dure, and optimization settings. Each configuration is executed five times, and the re-
ported values represent the mean performance across the five runs.

4.2  Effect of Overlap Size on Classification Behavior

Fig. 4 presents the effects of overlap size on macro-precision and macro-recall. Increas-
ing the overlap from 0 to 100 tokens improves both metrics. Macro-precision increases
from 88.7% to 89.4%, while macro-recall increases from 80.6% to 82.4%. The highest
observed values for both metrics are therefore obtained with an overlap of 100 tokens.
This pattern is consistent with moderate overlap helping to preserve contextual infor-
mation near segment boundaries.

Precision
Recall

0 50 100 150 200 0 50 100 150 200
Overlap size (tokens) Overlap size (tokens)

(@) (b)

Fig. 4 Effects of overlap size on macro-precision and macro-recall across the evaluated settings

Increasing the overlap beyond 100 tokens does not provide further improvement. At an
overlap of 150 tokens, macro-precision and macro-recall decrease to 89.1% and 81.6%,
respectively. At 200 tokens, they further decrease to 88.6% and 81.3%. Larger overlaps
increase repeated textual exposure without producing a corresponding performance
gain in the evaluated settings. Whether such repeated exposure increases the cumulative
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computational influence of specific cues on classification cannot be determined from
the present aggregate metrics.

A further pattern can be observed by comparing the 200-token setting with the no-over-
lap setting. At 200 tokens, macro-recall remains 0.7 percentage points above the no-
overlap result, whereas macro-precision falls slightly below it. Excessive overlap there-
fore retains part of the recall benefit but no longer improves balanced classification.
Within the evaluated range, the relationship between overlap size and classification
performance is non-monotonic, with the highest observed macro-precision and macro-
recall occurring at 100 tokens.

4.3 Asymmetric Effects of BIGRU-Based Sequential Contextualization

A central empirical finding of this study is the asymmetric effect of BiGRU-based se-
quential contextualization on macro-precision and macro-recall under uniform mean
pooling. As shown in Fig. 5, introducing BiGRU increases macro-recall from 80.4% to
81.3% but reduces macro-precision from 90.2% to 84.5%. Thus, a modest recall gain
of 0.9 percentage points is accompanied by a substantially larger precision loss of 5.7

percentage points.
84.5

Without BIGRU With BiGRU

80.4

® Precision M Recall

Fig. 5 Asymmetric effect of BiGRU-based sequential contextualization under uniform mean
pooling. BiGRU produces a modest recall gain accompanied by a substantially larger precision
loss

This asymmetric change corresponds to a more recall-oriented metric profile. BIGRU
contextualization is associated with a slight increase in macro-recall, while macro-pre-
cision decreases substantially under uniform mean pooling. The observed pattern there-
fore indicates that broader cross-segment contextualization does not produce a balanced
improvement under this aggregation strategy.

One possible interpretation is that contextualizing many segment representations to-
gether changes the relative contribution of diagnostically strong and weak information.
This interpretation is consistent with the broader dilution effect associated with the in-
troduction of non-diagnostic information (Nisbett et al. 1981; Zukier 1982), although
the present experiments do not directly measure such a mechanism. Similarly, prior
ECtHR research has identified shallow class-correlated signals in legal text (Santosh et
al. 2022). The observed precision loss is therefore consistent with the possibility that
cross-segment propagation increases the computational contribution of weak, redun-
dant, or class-correlated cues. Direct verification would require cue-level intervention
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or representation analysis. The present result establishes the precision-recall trade-off,
rather than its underlying causal mechanism.

4.4  Conditional Effectiveness of Attention-Based Reweighting

Table 2 summarizes the performance of the four controlled aggregation configurations.
The comparison shows that the effect of attention differs depending on whether the
segment representations have first been contextualized by BiGRU.

Table 2 Performance of the four controlled aggregation configurations.

Configuration Macro-Precision | Macro-Recall | Macro-F1
Independent encoding + mean pooling 90.2 80.4 83.0
Independent encoding + attention 89.5 80.3 82.8
BiGRU + mean pooling 84.5 81.3 82.5
BiGRU + attention 89.4 82.4 84.6

Without BiGRU, attention does not improve macro-F1, with the score decreasing
slightly from 83.0% under mean pooling to 82.8% under attention-based aggregation.
By contrast, when BiGRU contextualization is used, replacing mean pooling with at-
tention increases macro-F1 from 82.5% to 84.6%.

Fig. 6 further illustrates this interaction. As shown in Fig. 6(a), under attention-based
aggregation, introducing BiGRU increases macro-recall from 80.3% to 82.4%, while
macro-precision remains nearly unchanged, decreasing from 89.5% to 89.4%. Fig. 6(b)
shows the corresponding macro-F1 pattern across the four configurations.

91 89.5 89.4 85 84.6
89
87 S84
& =
=85 E o 8 o
S 83 824 < 82.5
a 80.3 g
81 - =82
", []
77 81
Without BIGRU With BiGRU Without BIGRU With BiGRU
® Precision M Recall W Without Attention ™ With Attention
(@) (b)

Fig. 6 Conditional interaction between BiGRU contextualization and attention-based aggrega-
tion. (a) Macro-precision and macro-recall under attention-based aggregation with and without
BiGRU. (b) Macro-F1 across the four aggregation configurations, showing that the highest ob-
served macro-F1 occurs when attention follows BiGRU contextualization

This interaction suggests that BIGRU and attention perform different but complemen-
tary functions. BiGRU propagates information across the segment sequence and ena-
bles distributed cues to influence one another. However, uniform aggregation assigns
equal contribution to all contextualized representations, including those containing
weak, redundant, or non-diagnostic signals. The observed recovery in macro-F1 is con-
sistent with selective reweighting altering the relative contribution of contextualized
segment representations during document-level aggregation.
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Accordingly, the results suggest that attention is more beneficial as an aggregation
mechanism over BiGRU-contextualized representations than over independently en-
coded segment representations. Under attention-based aggregation, the recall increase
associated with BiGRU is retained while the large precision reduction observed under
uniform aggregation is largely absent. Full configuration consequently achieves the
highest macro-F1 among the four aggregation settings.

This conditional effect is consistent with hierarchical attention architectures in which
attention operates over representations that have already been sequentially contextual-
ized (Yang et al. 2016).

These results do not establish that attention weights correspond to legally important
evidence. In this experiment, additive attention serves as a learned reweighting mecha-
nism that controls the contribution of propagated information to document representa-
tion. Attention weights therefore reflect the relative computational contribution of text
segments, which should be distinguished from their legal importance. They should not
be treated as faithful explanations of the classification process (Jain and Wallace 2019).

4.5 Integrated Discussion

The experiments reveal configuration-dependent effects across the three mechanisms,
including a conditional interaction between BiGRU contextualization and aggregation
strategy. Within the evaluated overlap range, performance varies non-monotonically
with repeated boundary content. Under uniform aggregation, BIGRU contextualization
produces a pronounced precision-recall asymmetry rather than balanced improvement.
Attention is beneficial when applied after BIGRU contextualization, but not when ap-
plied directly to independently encoded segment representations. These results show
that the effects of greater contextual connectivity depend on how the resulting repre-
sentations are aggregated.

From a legal reasoning perspective, these findings highlight the distinction between
computational integration and evidential evaluation. Repeated presentation of the same
information does not constitute independent corroboration when the observations de-
rive from the same underlying source (Shafer 2016; Strittmatter et al. 2024). Broader
propagation also does not ensure that supporting, qualifying, and defeating information
is treated according to its legal function (Hage 2003; Prakken and Sartor 1996). Like-
wise, attention can control the relative contribution of textual segments, but its weights
should not be interpreted as direct indicators of legal importance (Jain and Wallace
2019). These observations suggest that long legal document processing should distin-
guish between increasing computational access to information and determining how
that information should contribute to a legal classification.

4.6  Scope and Limitations

The findings should be interpreted within the scope of the controlled experimental de-
sign. First, the analysis is limited to English-language ECtHR documents under a binary
violation classification setting. The observed component interactions therefore cannot
be assumed to generalize directly to other jurisdictions, languages, legal tasks, or multi-
label settings. Second, the reported results are meant over five runs without estimates
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of dispersion or statistical significance. The numerical differences are consequently
treated as observed performance patterns rather than statistically established effects.
Third, the experiments measure changes in classification metrics but do not directly
trace the propagation of individual lexical cues, quantify the influence of duplicated
content, or inspect the information encoded in BiGRU hidden states. Explanations in-
volving dilution, repeated exposure, or class-correlated signals should therefore be un-
derstood as plausible interpretations of the observed metric patterns rather than directly
measured causal mechanisms. Similarly, attention weights are learned aggregation
weights and do not establish legal relevance, satisfaction of legal requirements, or ex-
planation faithfulness.

Finally, the analysis focuses on model performance under a fixed classification protocol
rather than calibration or decision-theoretic behavior. Future experiments could directly
test the proposed mechanisms through cue masking, counterfactual duplication, source-
aware aggregation, and annotations of legal roles or support-defeat relations. The re-
ported results should therefore be interpreted as descriptive patterns under the present
experimental protocol.

5 Conclusion and Future Work

This study examined three recurring mechanisms in segmentation-based long legal doc-
ument classification: overlapping segmentation, BiIGRU-based sequential contextual-
ization, and additive attention-based reweighting. Rather than proposing a new compo-
site architecture, the study used a controlled analytical pipeline to investigate the indi-
vidual and interactive effects of these mechanisms in a binary ECtHR violation classi-
fication setting.

Within the evaluated range, overlap shows a non-monotonic relationship with classifi-
cation performance, with the highest observed macro-precision and macro-recall at 100
tokens. The result does not establish a universally optimal overlap size but shows that
increasing repeated boundary content does not produce monotonic performance gains.
BiGRU-based sequential contextualization produces an asymmetric effect on macro-
precision and macro-recall under uniform mean pooling. It increases macro-recall from
80.4% to 81.3% but reduces macro-precision from 90.2% to 84.5%. Macro-F1 conse-
quently decreases from 83.0% to 82.5%, showing that the modest recall gain is insuffi-
cient to compensate for the substantially larger precision loss. Under uniform mean
pooling, BiGRU contextualization is therefore associated with a more recall-oriented
metric profile and substantially lower macro-precision.

In the evaluated configuration, attention does not improve macro-F1 when applied to
independently encoded segments; the observed score decreases slightly from 83.0% to
82.8%. In contrast, attention is associated with higher macro-F1 when applied after
BiGRU contextualization.

From a legal reasoning perspective, these results highlight the distinction between com-
putational integration and evidential evaluation. Repeated presentation of the same pas-
sage does not create independent corroboration, and broader contextual propagation
does not ensure that supportive, qualifying, and defeating information is treated
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according to its legal function. Likewise, attention weights show which text segments
contribute more to the model’s classification. They do not establish that those segments
are legally decisive. The observed effects of overlap and the interaction between
BiGRU and attention therefore show that increasing computational access to context
does not necessarily improve alignment with evidential relevance.

Taken together, the findings indicate that the effects of overlapping segmentation, se-
quential contextualization, and attention depend on their configuration and interaction.
Increasing overlap does not produce monotonic gains, BIGRU contextualization under
uniform aggregation produces a pronounced precision-recall trade-off, and attention is
associated with higher macro-F1 when applied after contextualization. These observa-
tions concern computational treatment and classification behavior. They do not estab-
lish that repeated or propagated information receives greater legal evidential force.
Future work should examine whether the observed precision-recall asymmetry and
component interactions generalize across other legal datasets, jurisdictions, languages,
and long-context architectures. More targeted experiments could directly test the mech-
anisms suggested by the present analysis. Counterfactual duplication and source-aware
aggregation could examine whether repeated exposure increases the contribution of du-
plicated information to classification; cue masking and segment deletion could identify
the information associated with precision loss under sequential contextualization; and
legal-role or support-defeat annotations could evaluate whether selective aggregation
aligns with legally relevant discourse relations. Such analyses would help distinguish
observed performance interactions from the underlying mechanisms that produce them.
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