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Abstract
Constructing effective and comparable document representations from the raw textual data of court decisions
remains a challenging task, particularly because of the length of the documents and also the varying importance
of the information. The court decisions can be represented as a heterogeneous graph that captures relationships
between decisions and associated legal concepts such as keywords and law references. This paper investigates the
impact of transformer-based embedding models and aggregation strategies on the construction of court decision
representations. The resulting representations are evaluated in a downstream classification task, complemented
by intrinsic analysis. The results show that modern multilingual embedding models achieve highly similar
performance in the downstream classification task, while the domain-specific model underperforms. Simple
aggregation strategies provide comparable results, whereas weighted variants consistently yield lower perfor-
mance and concatenation-based approaches offer only marginal differences. Intrinsic evaluation further indicates
that different aggregation choices affect the structure of the embedding space, although these improvements
do not consistently translate into downstream performance gains. Overall, the study highlights the robustness
of modern embedding models and the limited impact of more complex aggregation strategies in the evaluated
setting.
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1. Introduction

The growing volume of court decisions has increased the demand for automated methods for legal
document analysis and categorization. A key factor influencing the effectiveness of such methods
is the quality of document representations used in downstream tasks. Constructing informative
representations of court decisions is, however, challenging due to the length of legal documents
and the heterogeneous distribution of relevant information throughout the text.
One approach to addressing this challenge is to represent court decisions through selected docu-

ment attributes rather than their complete textual content. In the adopted tripartite graph structure,
court decisions (CD) are connected to legal references (LR) and keywords (KW), enabling document
representations to be derived from their local graph neighbourhood. Such a representation provides a
structured view of the legal corpus while reducing the amount of information that must be processed
directly from the original documents.

Despite the simplicity of this approach, several important design choices remain open. In particular,
the quality of court decision representations may depend on the selected embedding model, the strategy
used to aggregate neighbouring node representations, and the incorporation of edge weights during
aggregation. Understanding the impact of these factors is essential for constructing effective graph-based
representations of legal documents.

Code and supplementary materials are available at: https://gitlab.science.upjs.sk/martin_baca/cd_3part_graph_embeddings.
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This paper investigates the influence of embeddingmodels, aggregation strategies, and edgeweighting
on the quality of court decision representations derived from a tripartite graph of court decisions,
legal references, and keywords. The resulting representations are evaluated using both intrinsic and
downstream evaluation tasks, providing insights into the effectiveness of different design choices.

2. Related Work

Legal natural language processing (Legal NLP) has become an increasingly active research area, covering
tasks such as legal document summarization, named entity recognition, question answering, argument
mining, text classification, semantic search, and judgment prediction. Recent surveys emphasize that
legal texts pose specific challenges for NLP systems, including long document length, complex domain-
specific language, jurisdiction-dependent terminology, and the limited availability of open legal datasets
[1]. These characteristics make the construction of effective legal document representations a non-trivial
problem, especially in settings where documents need to be compared, retrieved, or classified at scale.
A substantial part of previous work has focused on adapting transformer-based models to legal

document classification. BERT-style models have achieved strong results in many NLP tasks, but their
direct application to legal documents is limited by the maximum input length of standard transformer
architectures. Since legal documents often exceed this limit, simple truncation may remove important
information and reduce classification performance. Limsopatham showed that BERT needs to be explic-
itly adapted for long legal documents and that domain-specific pre-training can improve performance in
legal classification tasks [2]. Similar motivation appears in work on long-document legal encoders and
legal-domain language models, where the main goal is to better capture relevant information distributed
across lengthy legal texts.

Another line of research studies sentence and document embeddings for legal semantic representation.
Sentence-BERT introduced an efficient way to obtain semantically meaningful sentence embeddings
suitable for similarity search, clustering, and retrieval [3]. In the legal domain, this direction has
been further explored through domain-adapted models such as Legal-BERT and Legal-SBERT, which
aim to capture the specific meaning of legal terminology and improve downstream legal NLP tasks
[4, 5]. Recent work also shows the practical relevance of multilingual embedding models in Central
European legal settings. Csányi et al. evaluated multiple embedding models for semantic search over
Hungarian court decisions and identified models such as bge-m3 and multilingual-e5-large among the
strongest candidates [6]. These findings are particularly relevant for low-resource and morphologically
rich languages, where multilingual models may outperform or complement monolingual and domain-
specific alternatives. At the same time, neural embeddings do not universally outperform traditional text
representations. For example, Costa et al. reported that TF-IDF outperformed BERT-based embeddings
on a Brazilian legal text classification task, which motivates empirical comparison rather than assuming
the superiority of any single representation family [7].

Graph-based representations form another relevant direction for modeling textual and legal informa-
tion. Earlier work on graph-based text classification represented documents as graphs of terms and
showed that graph-derived features can outperform frequency-based representations in some classi-
fication settings [8]. In the legal domain, graph structures naturally arise from citations, references,
argumentative relations, and links between legal entities. Recent work on legal argument mining has
represented legal documents as graph structures and applied graph neural networks, graph augmenta-
tion, and collective classification to improve the identification and classification of argumentative text
segments [9]. More generally, graph representation learning methods such as Graph Convolutional
Networks and GraphSAGE provide a foundation for constructing node representations by combining
node features with information from their neighborhoods [10, 11]. These methods are closely related to
the idea of representing a target node through the aggregation of neighboring node information.

Our work is positioned at the intersection of these research directions. Unlike approaches that embed
entire court decisions directly, we construct court decision representations from semantically enriched
attributes extracted from an existing heterogeneous legal graph. The graph connects court decisions



to legal references and keywords, which are first embedded using multilingual, Slovak-specific, and
legal-domain language models. Court decision embeddings are then obtained through simple and
weighted pooling, concatenation of legal reference and keyword information, and principal component
removal. The latter is related to post-processing methods that remove dominant common directions
from embedding spaces, such as the all-but-the-top approach [12]. However, we do not apply the
full SIF sentence embedding pipeline; instead, principal component removal is treated as a separate
post-processing variant.
While previous work has studied legal document classification, long-document transformers, legal

sentence embeddings, and graph-based legal NLP, less attention has been paid to the systematic
evaluation of simple aggregation strategies for constructing court decision embeddings from attributes in
an existing heterogeneous legal graph. This paper addresses this gap by comparing multiple embedding
models and aggregation strategies in a supervised classification task over Slovak court decisions.

3. Methodology

This section outlines the methodology for constructing court decision representations and evaluating
them through the downstream classification task described in Section 4.

The methodology is based on a heterogeneous graph representation of court decisions and consists
of three main components: dataset construction, node representation using embedding models, and
aggregation of neighboring nodes embeddings into court decision representations.

3.1. Dataset

The experiments were conducted on a dataset of Slovak court decisions represented within a tripartite
graph structure (see Figure 1.a) adopted from the work of Horvát et al. [13] The graph consists of
three node types: court decisions (CD), legal references (LR), and keywords (KW). Edges connect court
decisions to legal references and keywords, while no direct connections exist between nodes of the
same type. Edge weights were computed according to the methodology proposed in the original work
and were retained without modification.

(a) Overview of the tripartite graph struc-
ture with nodes representing court deci-
sions (CD), legal references (LR), and key-
words (KW), and weighted edges captur-
ing connection strength. Reproduced from
Horvát et al. [13].

(b) Illustrative subgraph of three court decisions
(CD) and their neighborhood (LR and KW
nodes) connected via weighted edges.

Figure 1: Tripartite graph representation of the court decision dataset. The left panel depicts the full graph
structure, while the right panel illustrates a local neighborhood with weighted connections.



Table 1
Overview of embedding models used for LR and KW node representation.

Model Type Dim Description

BGE-M3 [17] Transformer embedding model 1024 General-purpose multilingual re-
trieval model.

EmbeddingGemma-300M [18] Transformer embedding model 768 Lightweight multilingual embed-
ding model.

multilingual-e5-large [19] Transformer embedding model 1024 Sentence embedding model opti-
mized for retrieval tasks.

SlovakBERT [20] BERT-based encoder 768 Monolingual Slovak language
model.

SlovakBERT-STS-STSB [20] Sentence embedding model 768 Fine-tuned for semantic textual
similarity.

Legal-Slovak-RoBERTa [16] RoBERTa-based model 768 Domain-specific model trained on
legal Slovak texts.

Legal references were extracted from court decisions using the approach proposed by Varga et al.
[14], which combines rule-based extraction with similarity-based matching techniques. The textual
content associated with legal reference nodes was obtained from the Collection of Laws of the Slovak
Republic. Keywords were extracted using the TF-IDF-based method proposed by Szoplák et al. [15]

For the downstream classification task, a balanced subset of 20,000 court decisions was constructed
from the criminal law domain. The objective is to classify court decisions into four criminal-law
subcategories: Property, Life and Health, Family and Youth, and General Threats and to the Environment,
with 5,000 randomly selected decisions per category.

The adopted graph contains textual information associated with legal reference (LR) and keyword
(KW) nodes. It consists of 19,490 court decision (CD) nodes, 19,065 legal reference (LR) nodes, and
689 keyword (KW) nodes connected by 169,701 edges. The difference between the number of court
decisions in the classification dataset and the number of CD nodes results from the graph construction
procedure[13], in which decisions without any retained connections are not included in the graph
The adopted graph contains textual information associated with legal reference (LR) and keyword

(KW) nodes. The resulting graph consists of 19,490 court decision (CD) nodes, 19,065 legal reference (LR)
nodes, and 689 keyword (KW) nodes connected by 169,701 edges. Legal reference nodes are linked to
the corresponding parts of the law text, while keyword nodes correspond to key phrases extracted from
court decisions. These textual attributes are used to generate node embeddings, which subsequently
serve as the basis for construcruction of court decision representations described in the following
subsection.
For each of the six transformer-based language models listed in Table 1, embeddings were indepen-

dently generated for LR and KWnodes. The selectedmodels cover three groups of representationmodels:
general-purpose multilingual embedding models, Slovak-specific models, and legal-domain models.
This selection allows us to compare whether multilingual retrieval-oriented models, monolingual Slovak
models, or a legal-domain Slovak model provide more suitable representations for the downstream court
decision classification task. Legal-Slovak-RoBERTa is included as a Slovak legal-domain RoBERTa-based
model from the MultiLegalPile/LegalLMs model family [16]. For sentence-transformer models, the
corresponding model-specific encoding interface was used, while encoder-only transformer models
were represented using mean pooling over token embeddings.

3.2. Court Decision Embedding Construction

Court decision representations are constructed by aggregating embeddings of neighboring legal refer-
ence and keyword nodes in the adopted graph illustrated in Figure 1.b. Simple pooling is included as a
baseline aggregation strategy. Weighted pooling methods are evaluated to assess whether incorporating
graph edge weights improves representation quality. Concatenation-based aggregation is used to



examine whether explicitly separating legal reference and keyword information is beneficial. Finally,
principal component removal is considered as an optional post-processing step to investigate potential
improvements in embedding quality.

For each court decision 𝐶𝐷𝑖, let 𝑁(𝐶𝐷𝑖) denote the set of neighboring nodes connected to 𝐶𝐷𝑖. Each
node 𝑣 ∈ 𝑁(𝐶𝐷𝑖) is represented by an embedding vector 𝑒𝑣 ∈ ℝ𝑑, obtained using a selected embedding
model.

3.2.1. Simple Pooling Aggregation

Let {𝑒1, 𝑒2, … , 𝑒𝑛} denote embeddings of neighboring nodes of a given court decision 𝐶𝐷𝑖.
Mean pooling is defined as:

𝑒𝐶𝐷𝑖 =
1
𝑛

𝑛
∑
𝑗=1

𝑒𝑗

Sum pooling is defined as:

𝑒𝐶𝐷𝑖 =
𝑛
∑
𝑗=1

𝑒𝑗

Max pooling is applied element-wise across embedding dimensions:

𝑒𝐶𝐷𝑖 = max(𝑒1, 𝑒2, … , 𝑒𝑛)

3.2.2. Weighted Pooling Aggregation

Let 𝑤𝑗 denote the weight associated with the edge connecting 𝐶𝐷𝑖 and node 𝑗.
Weighted mean pooling is defined as:

𝑒𝐶𝐷𝑖 =
∑𝑛

𝑗=1 𝑤𝑗𝑒𝑗
∑𝑛

𝑗=1 𝑤𝑗

Weighted sum pooling is defined as:

𝑒𝐶𝐷𝑖 =
𝑛
∑
𝑗=1

𝑤𝑗𝑒𝑗

3.2.3. Concatenation

Let 𝑁𝐿𝑅(𝐶𝐷𝑖) and 𝑁𝐾𝑊(𝐶𝐷𝑖) denote the sets of legal reference and keyword neighbors, respectively.
Let Agg(⋅) denote either mean pooling or sum pooling, as defined above.
Aggregation is performed independently for each set:

𝑒𝐿𝑅 = Agg (𝑁𝐿𝑅(𝐶𝐷𝑖)) , 𝑒𝐾𝑊 = Agg (𝑁𝐾𝑊(𝐶𝐷𝑖))

The final representation is obtained by concatenation:

𝑒𝐶𝐷𝑖 = 𝑒𝐿𝑅 ‖ 𝑒𝐾𝑊

where ‖ denotes vector concatenation.

3.2.4. Principal Component Removal

Neural language model embeddings can exhibit anisotropy, with vectors concentrated along dominant
direction in the embedding space [21, 22]. Suppressing this direction may reduce the influence of
common structure and improve class discrimination.

As an additional experimental setting, first principal component removal (PCR) is applied to selected
configurations of the aggregated embedding as an exploratory analysis, aiming to assess whether
removing the dominant direction improves downstream classification performance.



Given a set of raw court decision embeddings {𝑒𝐶𝐷1 , … , 𝑒𝐶𝐷𝑚}, principal component analysis is per-
formed to obtain the first principal component vector 𝑢.
Each embedding is then transformed as:

𝑒PCR𝐶𝐷𝑖
= 𝑒𝐶𝐷𝑖 − (𝑢⊤𝑒𝐶𝐷𝑖)𝑢

This transformation removes the projection of the embeddings onto the dominant global direction in
the embedding space.

The resulting court decision embeddings are used as input features for supervised classification
models evaluated on a labeled dataset of court decisions.

4. Experimental Setup

This section describes the evaluation protocol used to assess the generated court decision embeddings.
We evaluate the embeddings from two complementary perspectives. First, we measure their downstream
usefulness in a supervised classification task. Second, we perform an intrinsic evaluation based on cosine
similarity to analyze whether the embedding space preserves the expected class structure independently
of a classifier.

4.1. Supervised Classification Evaluation

For each embedding model and aggregation strategy, document-level embeddings of court decisions
were constructed and evaluated on a supervised classification task. The dataset was divided into training
and test subsets using stratified sampling to preserve the original class distribution. The test set was
reserved exclusively for final evaluation.

The quality of the generated embeddings was assessed using five classification algorithms: Logistic
Regression, Linear Support Vector Machine (Linear SVM), Support Vector Machine with a radial basis
function kernel (RBF SVM), Random Forest (RF), and Multilayer Perceptron (MLP).

For each combination of embeddingmodel, aggregation strategy and classification algorithm, hyperpa-
rameter optimization was performed on the training set using grid search with five-fold cross-validation.
The best hyperparameter configuration was selected according to the mean cross-validation score and
subsequently evaluated on the held-out test set.

Performance was measured using mean cross-validation score, test accuracy, and macro-averaged F1
score. Since the evaluation dataset contains an equal number of instances in each category, accuracy
was used as the primary evaluation metric, while macro F1 score was reported as a complementary
measure of class-balanced performance.

4.2. Intrinsic Evaluation of Embedding Space

In addition to the supervised classification evaluation, we performed an intrinsic evaluation of the
generated court decision embeddings. This evaluation assesses whether the embedding space preserves
the expected class structure independently of a downstream classifier. All intrinsic metrics were
computed using cosine similarity.
Let 𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑛} denote the set of court decisions, 𝐸 = {𝑒1, 𝑒2, … , 𝑒𝑛} the corresponding embed-

dings, and 𝑦𝑖 the class label of decision 𝑑𝑖. Cosine similarity between two decision embeddings is defined
as:

sim(𝑑𝑖, 𝑑𝑗) =
𝑒⊤𝑖 𝑒𝑗
‖𝑒𝑖‖‖𝑒𝑗‖

.

We used four complementary intrinsic evaluation perspectives. First, the cluster margin metric
compares the average similarity of a decision to decisions from the same class with its average similarity
to decisions from different classes. For each decision 𝑑𝑖, the margin is computed as:



𝑚(𝑑𝑖) = 𝑠in(𝑑𝑖) − 𝑠out(𝑑𝑖),

where 𝑠in(𝑑𝑖) denotes the average cosine similarity to decisions with the same class label and 𝑠out(𝑑𝑖)
denotes the average cosine similarity to decisions from other classes. The reported mean margin is
then:

Marginmean(𝐸) =
1
𝑛

𝑛
∑
𝑖=1

𝑚(𝑑𝑖).

Second, the cluster ranking evaluation treats each decision as a query and ranks all other decisions
by decreasing cosine similarity. A retrieved decision is considered relevant if it belongs to the same
class as the query. The ranking quality is measured using mean average precision:

𝑀𝐴𝑃(𝐸) = 1
𝑛

𝑛
∑
𝑖=1

𝐴𝑃(𝑑𝑖),

where 𝐴𝑃(𝑑𝑖) is the average precision of the ranking produced for query decision 𝑑𝑖.
Third, the pairwise evaluation treats cosine similarity as a score for distinguishing same-class decision

pairs from different-class pairs. All evaluated pairs are ranked by decreasing cosine similarity. Pairwise
average precision is computed as:

𝐴𝑃pairwise(𝐸) =
1
𝑃

𝑀
∑
𝑘=1

Prec(𝑘) ⋅ rel(𝑘),

where 𝑀 is the number of evaluated pairs, 𝑃 is the number of same-class pairs, rel(𝑘) equals 1 if the
pair at rank 𝑘 is a same-class pair and 0 otherwise, and Prec(𝑘) is the precision among the top 𝑘 ranked
pairs. Higher 𝐴𝑃pairwise indicates that same-class pairs tend to receive higher similarity scores than
different-class pairs.

Finally, the centroid-based evaluation compares each decision to class centroids. For each class 𝑐, the
centroid is computed as the mean embedding of all decisions belonging to that class:

𝜇𝑐 =
1

|{𝑖 ∶ 𝑦𝑖 = 𝑐}|
∑
𝑖∶𝑦𝑖=𝑐

𝑒𝑖.

Each decision is assigned to the class with the most similar centroid:

̂𝑦𝑖 = argmax
𝑐

sim(𝑒𝑖, 𝜇𝑐).

Centroid accuracy measures the proportion of decisions whose nearest class centroid matches their
true class label:

Acccentroid(𝐸) =
1
𝑛

𝑛
∑
𝑖=1

𝕀( ̂𝑦𝑖 = 𝑦𝑖),

where 𝕀(⋅) is the indicator function.
Cosine similarity ranges from −1 to 1, where 1 indicates maximum similarity. Consequently, the

mean cluster margin theoretically ranges from −2 to 2, with higher values indicating stronger separation
between same-class and different-class decisions, and 2 representing the theoretical optimum. MAP,
pairwise AP, and centroid accuracy range from 0 to 1, with 1 representing perfect performance in each
case.



Table 2
Impact of Embedding Models in Downstream Classification (test accuracy averaged over aggregation
strategies)

Embedding model Mean (%) Std (%) Min (%) Max (%)

multilingual-e5-large 83.4 1.2 82.0 84.8
SlovakBERT-STS-STSB 83.3 1.0 81.8 84.2
BGE-M3 83.2 1.1 81.6 84.3
SlovakBERT 83.1 1.0 81.5 83.9
EmbeddingGemma-300M 82.9 1.0 81.4 83.7
Legal-Slovak-RoBERTa 79.4 1.4 77.5 81.5

5. Results

This section presents the experimental results of our study. We organize the evaluation into two com-
plementary parts: extrinsic (downstream) and intrinsic analysis. The extrinsic evaluation is based on a
multi-class classification task over 20,000 court decisions and uses test set accuracy as the primary metric.
The intrinsic evaluation examines the structural properties of the embedding space independently of
the downstream task.
Downstream Evaluation Results
We present the results of the extrinsic evaluation, focusing on classification performance under

different representation strategies. The analysis is structured according to the three research questions
addressing

(i) The impact of embedding models

(ii) The impact of aggregation strategies

(iii) The effect of weighting schemes in document construction

5.1. Impact of Embedding Models

This research question investigates how the choice of underlying embedding model influences the
quality of document representations in the downstream classification task (Section 4.1).
The reported results, summarized in Table 2, are obtained by averaging performance across all

aggregation strategies for each embedding model mentioned in Section ??, so that results are not tied to
a single aggregation strategy.

The results show that modern multilingual embedding models such as multilingual-e5-large and
bge-m3, and SlovakBERT-based variants achieve highly similar average performance, with differences
below one percentage point. This indicates that within this group, the choice of embedding model has
a limited impact on downstream classification performance.

In contrast, the legal-domain-specific model (Legal-Slovak-RoBERTa) consistently underperforms all
other models. Despite being trained on legal-domain data, it achieved the lowest average classification
performance among the evaluated embedding models.

Overall, the results in Table 2 suggest that the evaluated multilingual and Slovak-specific models per-
form comparably in our experimental setting, while Legal-Slovak-RoBERTa consistently underperforms
the remaining models.

5.2. Impact of Aggregation Strategy

We evaluate the effect of different aggregation strategies on downstream classification performance.
We compare multiple pooling methods for constructing document representations, as described in
Section 3.2.



Table 3
Impact of Aggregation Strategies on Classification Performance (test accuracy averaged over embedding
models)

Aggregation type Mean (%) Std (%) Min (%) Max (%)

max pooling 83.7 1.2 81.5 84.8
concat_sum 83.3 1.6 80.0 84.3
mean pooling 83.2 1.8 79.6 84.3
sum pooling 83.1 1.6 79.9 83.9
concat_mean 82.4 1.5 79.4 83.2
weighted_mean pooling 81.0 1.7 77.6 82.2
weighted_sum pooling 81.0 1.7 77.5 82.0

Table 4
Effect of Principal Component Removal (PCR) on test accuracy of downstream task

Embedding model Aggregation Before (%) After (%) Δ (p.p.)

slovakbert-sts-stsb concat_sum 84.2 84.1 -0.10
multilingual-e5-large sum pooling 83.9 83.9 -0.08
slovakbert-sts-stsb sum pooling 83.9 83.8 -0.10
bge-m3 concat_sum 83.9 83.5 -0.46
embeddinggemma-300m concat_mean 83.2 83.2 -0.03
slovakbert-sts-stsb concat_mean 83.1 83.0 -0.10
slovakbert-sts-stsb weighted_mean pooling 81.8 81.8 -0.05
legal-slovak-roberta-base weighted_mean pooling 77.6 77.5 -0.03

The results, summarized in Table 3, are obtained by averaging classification accuracy across all
embedding models for each aggregation strategy.
We observe that simple pooling strategies, namely max, mean, sum, and concat-sum, achieve very

similar average performance, ranging from 83.1% to 83.7%. These methods form a group of high-
performing aggregation strategies.

When comparing sum pooling and its concatenation-based variant, concat-sum shows slightly higher
average performance; however, the difference remains small. In contrast, concatenation-based mean
pooling achieves lower average performance compared to standard mean pooling.

A consistent performance difference is observed between weighted and non-weighted variants. For
both mean and sum pooling, the weighted versions achieve lower average accuracy compared to their
counterparts, with a gap of approximately two percentage points.
Overall, the results indicate that performance differences are most pronounced between weighted

and non-weighted aggregation strategies, while simple pooling methods without weighting exhibit
highly similar performance.

5.3. Exploratory Analysis of Principal Component Removal

Table 4 summarizes the effect of principal component removal (PCR) on selected embedding and aggre-
gation configurations. Across all evaluated configurations, PCR results in a decrease in classification
accuracy. The observed reductions are generally small, typically around 0.1 percentage points, with the
largest decrease of 0.46 percentage points observed for the combination of BGE-M3 and concat-sum
aggregation.

5.4. Intrinsic Evaluation

The intrinsic evaluation provides a complementary view of the generated embedding spaces by mea-
suring whether the embeddings preserve the expected class structure under cosine similarity. Table 5
summarizes the best-performing configurations according to the main intrinsic criteria.



Table 5
Best configurations according to intrinsic evaluation metrics.

Criterion Configuration Marginmean 𝑀𝐴𝑃 𝐴𝑃pairwise Acccentroid
Best average rank BGE-M3 + PCR concat mean 0.0609 0.3885 0.6264 0.7227
Best centroid accu-
racy

multilingual-e5-large + PCR con-
cat mean

0.0598 0.3810 0.6181 0.7271

Best mean margin BGE-M3 + PCR sum 0.0745 0.3827 0.6174 0.6955

The results show that no single configuration dominates all intrinsic metrics. BGE-M3 with PCR-
enhanced sum pooling achieves the strongest global class separation, reaching the highest mean margin.
However, this configuration is not the most robust across the remaining criteria.
The most consistent configuration is BGE-M3 with PCR-enhanced concatenated mean pooling. It

achieves the best average rank across the evaluated intrinsic metrics and also obtains the highest MAP
and pairwise average precision. This suggests that separately aggregating legal references and keywords
and then concatenating their representations provides a better balance between global class separation
and local neighbourhood structure.

The strongest alternative is multilingual-e5-large with PCR-enhanced concatenated mean pool-
ing, which achieves the highest centroid accuracy. Overall, the intrinsic evaluation supports the use
of concatenation-based aggregation, especially in combination with strong multilingual embedding
models, as a stable strategy for constructing court decision representations.

6. Discussion

This section discusses the main findings of the experimental evaluation and their implications for
document representation in legal classification tasks.

6.1. Embedding Models

The results indicate that modern multilingual embedding models achieve highly similar performance
on the evaluated classification task. Differences between the best-performing models, including
multilingual-e5-large, bge-m3, and SlovakBERT variants, are relatively small. In contrast, the domain-
specific legal-Slovak-RoBERTa model consistently underperforms compared to the other evaluated
embeddings.
These observations suggest that, for the considered dataset and task, modern sentence embedding

models already provide a relatively saturated level of semantic representation quality, where further
differences between architectures or training strategies have limited impact on downstream classification
performance.

6.2. Aggregation Strategies

The evaluation of aggregation strategies shows that simple pooling methods, such as mean, sum, and
max pooling, achieve highly comparable performance. Concatenation-based variants provide only
marginal differences in accuracy, without a consistent improvement over simpler approaches. Weighted
pooling methods, in contrast, consistently yield lower performance compared to their non-weighted
counterparts.
Overall, these results indicate that simple aggregation strategies are sufficient for constructing

effective document representations in this setting, while introducing weighting schemes does not lead
to performance gains and may negatively affect classification accuracy.



6.3. Principal Component Removal and Intrinsic Analysis

As a supplementary exploratory analysis, principal component removal (PCR) was evaluated on a subset
of embedding configurations. Across all tested cases, PCR does not improve downstream classification
performance and results in a slight decrease in accuracy.

In parallel, intrinsic evaluation of the embedding spaces reveals a different pattern. Representations
enhanced with PCR achieve strong performance in terms of cluster-based metrics, including margin,
ranking-based measures, and centroid accuracy. However, no single configuration consistently domi-
nates across all intrinsic metrics, and the best-performing setups vary depending on the evaluation
criterion.
This discrepancy suggests a partial decoupling between intrinsic embedding space structure and

downstream task performance in the evaluated setting. Due to the limited scope of the PCR experiments,
these findings should be interpreted as preliminary and indicative of a potential direction for further
investigation.

6.4. Summary of Findings

Overall, the results show that modern embedding models provide robust and largely comparable
performance for legal document classification, simple aggregation strategies are sufficient and generally
outperform more complex weighted variants, and intrinsic improvements in embedding space structure
do not necessarily translate into improved downstream classification performance.

7. Conclusion

This paper presented a comparative study of embedding models and aggregation strategies for represent-
ing legal court decisions in a multi-class classification setting. We evaluated multiple state-of-the-art
multilingual embedding models combined with various pooling-based aggregation methods, and further
analyzed their performance using an additional post-processing step based on principal component
removal (PCR) as well as intrinsic evaluation metrics.
The results show that modern multilingual embedding models achieve highly similar performance

on the downstream classification task, while the domain-specific model consistently underperforms.
Regarding aggregation strategies, simple pooling methods such as mean, sum, and max pooling perform
comparably, with weighted variants consistently yielding lower accuracy. Concatenation-based aggre-
gation provides only marginal differences in performance without clear and consistent improvements.

An additional analysis using principal component removal indicates a slight decrease in downstream
classification performance across all evaluated configurations. In contrast, intrinsic evaluation suggests
that PCR-based representations may improve certain structural properties of the embedding space,
although no single configuration dominates across all intrinsic metrics.
Future work may focus on a more comprehensive study of principal component removal across

a wider range of embedding configurations, as well as a deeper investigation into the relationship
between intrinsic embedding space properties and downstream task performance. Further extensions
may also include evaluation on additional datasets and exploration of learned aggregation mechanisms.
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