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Abstract

Legal case retrieval (LCR) defines relevance
beyond text similarity, judgments may describe
near-identical events yet be decided under dif-
ferent charges. Existing synthesis pipelines
mine training pairs from text similarity and
shared charges, which separates positives from
negatives but leaves the difficulty of each pair
implicit. We present Deka Retrieval, an LCR
benchmark on Thai Supreme Court decisions
with an LLM relevance cases mining pipeline
for a civil-law jurisdiction. We decompose
each judgment into case components (Charge,
Fact, Reasoning, Decision) and split easy/hard
level on exist binary signals and introduce an
anomaly variant a conflict judgment that shares
the anchor’s charge and facts but reaching a
different reasoning and decision. Retriever per-
formance follows query length and legal termi-
nology: Fact > Lawyer expert > Lay people.
Fine-tuning gains most on the weakest type,
lifting Lay R@10 by 2.6 × (7.6 → 19.5)
versus 1.5× on Lawyer and 1.3× on Fact.
Training on the shortest query also transfers
to the longer ones, but not the reverse. Adding
anomaly cases in training as positive degrades
the overall performance, compare with with-
out it. Our dataset and models are available
at https://huggingface.co/collections/
VISAI-AI/deka-retrieval

1 Introduction

Legal case retrieval (LCR) is a fundamental task
in legal research, allowing practitioners to identify
prior judgments related to the matter under con-
sideration. Although this is a document retrieval
problem, LCR has its unique challenges; case doc-
uments are generally long, packed with specific
domain terminology, and governed by a notion of

This work was done as a part of CEDT Internship Program
at VISAI.AI

relevance that extends beyond lexical or semantic
similarity (Shao et al., 2023). While a statute de-
fines the law in abstract way, judgment applies that
abstract rule to what actually happened, recording
the case facts, court’s reasoning and outcome deci-
sion (Mandal et al., 2017). The relevance between
judgments is therefore determined by legal con-
gruity, a shared charge, provision, or rationale, so
that cases with closely similar facts may neverthe-
less be decided differently.

These characteristics make the construction of
training pairs for LCR particularly challenging. Ex-
isting synthesis pipelines mine pairs mainly from
text similarity and shared charges (Deng et al.,
2024b; Gao et al., 2024), this coarsely separates
positives from negatives but does not guarantee le-
gal relevance. In the general domain, grading pairs
by difficulty is known to matter for dense-retrieval
training (Xiong et al., 2020; Zhan et al., 2021) le-
gal pipelines have so far left this grading implicit.
In particular, semantically similar cases may be
legally incongruent when their outcomes turn on
different legal elements. Conversely, cases sharing
the same adjudicated offense may remain relevant
despite substantial differences in their surface facts.
For example, under Thai criminal law, theft1 and
misappropriation2 (embezzlement) are codified as
distinct offenses that turn on whether the property
was already in the offender’s lawful possession, so
a case’s charge set precisely encodes the mode of
the taking despite the scenario being semantically
similar.

We therefore define explicit criteria for what
counts as an easy or hard positive and negative,
stated over case components rather than over sur-
face similarity. Table 1 illustrates them on a set of
embezzlement cases of an entrusted vehicle, both

1https://library.siam-legal.com/thai-law/
criminal-code-theft-sections-334-336-2/

2https://library.siam-legal.com/thai-law/
criminal-code-misappropriation-sections-352-356/
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Anchor — Embezzlement
Fact The defendant hire-purchased a car from the

owner and later dishonestly took the vehicle.
Reasoning The charge is embezzlement, together with a civil

claim for the return of the car; the court held that
the civil claim was connected to the criminal case.

Decision Judgment modified: the lower courts’ rulings on
the civil claim were set aside and the court fees
refunded; the conviction otherwise stood.

Easy Positive — Embezzlement
Fact The defendant collected a road grader that its

owner had left in the victim’s custody at a gas
station and kept it for himself.

Reasoning Although charged as theft, the court re-
characterised the act as embezzlement, since the
victim, who had lawful possession, had asked the
defendant to remove the machine.

Decision Judgment modified: the defendant was found
guilty of embezzlement and sentenced to one
year of imprisonment.

Hard Positive — Embezzlement
Fact The defendant dishonestly took the victim’s

money for himself between August 2013 and May
2014.

Reasoning The charge is embezzlement with a connected
civil claim; the court addressed a single judge’s
authority over the civil claim and the interest
payable on the tort debt.

Decision Judgment modified: the defendant must pay
736,289 baht plus 7.5% annual interest, with an
earlier payment of 250,000 baht credited first.

Hard Negative — Theft & Receiving Stolen Property
Fact The defendants jointly stole a car at night using

another vehicle; the stolen car was subject to a
hire-purchase agreement between the claimant-
owner and the lessee.

Reasoning The dispute concerned the return of the forfeited
car in a case involving theft by vehicle and re-
ceiving stolen property; recovery under Section
36 was available to the owner.

Decision Judgment reversed: the seized car was returned
to the claimant.

Anomaly — Embezzlement
Fact The defendant was entrusted with possession of

the victim’s rice harvester and sold it for personal
gain.

Reasoning On the embezzlement charge, the court found
that the harvester proved to have been sold was a
different machine from the one identified in the
indictment; the proven facts therefore materially
departed from the charge.

Decision Judgment affirmed: the acquittal stood.

Table 1: Heuristic criteria and anomaly examples on
embezzlement cases.

the Easy and Hard Positives share the Embezzle-
ment charge but Easy case is factually closer to the
anchor (also involving a vehicle), while the Hard
case involves money. Hard Negative shares the

topic a vehicle taken yet overlaps in no charge, be-
ing decided as Theft and Receiving stolen property
instead.

Query type can change retrieval results (Penha
et al., 2022; Sciavolino et al., 2021), and in the
legal domain, as in the clinical one (Tamine and
Goeuriot, 2021), a meaningful context retrieves
better but may not reflect a real-world search: the
symmetric setting retrieves a document from a doc-
ument (Ma et al., 2021), while recent work instead
poses queries by the user’s legal knowledge (Zhao
et al., 2026; Paul et al., 2026; Choi et al., 2026b).
In our experiment the lengthy query performs best,
but the gap left by layperson keywords is the one
fine-tuning can close, lifting Lay R@10 by 2.6×
against 1.5× on Lawyer and 1.3× on Fact (sec-
tion 5.1). Moreover, lay-query performance trans-
fers to the other query-type benchmarks while the
reverse does not (section 5.2).

This work introduces Deka Retrieval, an LCR
benchmark on the Thai Supreme Court Decisions
(Deka)3 together with a relevance-mining pipeline
for curating LCR data from a civil-law jurisdic-
tion. Our framework builds LCR pairs from judg-
ments published online4 through an LLM-assisted
curation pipeline that decomposes each judgment
into structured case components. For relevance
mining, we curate a heuristic criterion over those
components (Table 2) and drive the mining with an
automated search agent whose candidates are veri-
fied by LLM judges. Beyond hard/easy positives
and negatives, we further isolate a naturally occur-
ring conflict judgment, the anomaly variant, which
shares the anchor’s charge and facts yet reaches a
different reasoning and decision (Table 2).

Our contributions are as follows:
1. Thai Supreme Court benchmark for LCR, pro-

duce another civil-law dataset based on case
component criteria.

2. Study of asymmetric query gap in training and
transfer performance across query types.

3. Empirical study of addition the conflict-
judgment cases in dense-retrieval training.

2 Related Work

2.1 Legal Case Retrieval Datasets

LCR benchmark construction differs partly by legal
tradition. In common-law systems, courts routinely

3We use Deka to refer to decisions of the Thai Supreme
Court.

4https://deka.supremecourt.or.th
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cite prior cases with binding or persuasive author-
ity, allowing citation links to serve as convenient,
though incomplete, relevance signals. FIRE IRLeD
and AILA tracks in Indian law (Mandal et al., 2017;
Bhattacharya et al., 2019), COLIEE on Canadian
case law (Kano et al., 2018; Goebel et al., 2023,
2025), and CLERC on U.S. case law (Hou et al.,
2025) all build queries by masking a case’s citation
sentence and treating the cited case as relevant. In
civil-law systems, prior decisions generally lack
the same formal precedential force, and case cita-
tions may be too sparse or incomplete to define
relevance reliably. Chinese datasets LeCaRD (Ma
et al., 2021), LeCaRDv2 (Li et al., 2024a), and
CAIL2019-SCM (Xiao et al., 2019) grade case rel-
evance through expert-designed criteria rather than
citations (Feng et al., 2024). Most of these adopt
a symmetric setting that uses a long-case Fact as a
query (Li et al., 2023; Ma et al., 2021; Gao et al.,
2024). Gao et al. (2024) move toward an asym-
metric setting by compressing the Fact into a short
query, and recent studies examine how layperson
phrase legal search queries differently from legal
experts (Zhao et al., 2026; Choi et al., 2026b; Paul
et al., 2026).

2.2 Legal Case Retrieval Approaches

Neural retrievers for law adapt the dual-encoder
paradigm (Deng et al., 2024b) to the length and
terminology of judgments. Lawformer (Xiao
et al., 2021) extends attention to long cases, while
SAILER (Li et al., 2023) and DELTA (Li et al.,
2025) inject document structure. The former re-
constructs Reasoning and Decision from the Fact,
the latter aligning key facts for a more discrimi-
native encoder, both motivated by the observation
that semantic similarity does not equal legal rele-
vance. A second line injects explicit legal knowl-
edge: CaseEncoder (Ma et al., 2023) enhances
pre-training with legal signals, KELLER (Deng
et al., 2024b) reformulates cases via charges and
law articles, and other work incorporates legal el-
ements directly (Deng et al., 2024a; Kim et al.,
2025). Graph-based methods such as CaseLink
(Tang et al., 2024) and LEXA (Tang et al., 2026)
model case-to-case structure, and LLM-centric ap-
proaches use reasoning or agents for retrieval and
reformulation (Tang et al., 2025; Tao et al., 2026).

2.3 LCR Cases Pair Mining

Relevance labels in existing LCR datasets rely
on expert annotators scoring each axis numeri-

cally. LeCaRD used material and legal facts (Ma
et al., 2021), then LeCaRDv2 used characterization,
penalty, and procedure (Li et al., 2024a), a scheme
Ma et al. (2024) later automate via LLM scoring
of BM25-sampled pairs. Training-pair construc-
tion is typically driven by text similarity and shared
charges: Deng et al. (2024b) label subfact pairs
positive by shared charge and fall back to cosine
similarity otherwise, while Gao et al. (2024) match
charges and law articles exactly for positive aug-
mentation. Such similarity-driven mining can be
fragile as shown in Table 1 where cases can share
a very similar event yet subtle factual differences
can lead to different charges or decisions. This
motivates Li et al. (2024b) to argue that reliable
hard-negative selection requires domain knowledge
of relevance rather than surface similarity.

3 Methodology

We scrape summarized judgments5 of the Thai
Supreme Court covering 2007–2025 and partition
them chronologically6. Latest case from the past
6 years is considered as Query set and split by
case type stratified sampling (Figure 7; 1,381 cases;
1,176 train, 100 evaluate, 105 test), each acting as
an anchor that mines relevant cases from the older
Corpus set (9,998 cases). This temporal split mir-
rors how a practitioner studies prior judgments to
manage the case in hand and prevents future cases
from leaking into the candidate pool. We further
group case type manually for further case distribu-
tion analysis (Appendix A and Figure 6)

3.1 Curate Case Component

Since a judgment decompose into segment e.g.
fact, judge reasoning, decision (Li et al., 2023;
Ma et al., 2021; Li et al., 2024a), we decompose
the summarized case passage into elements as
shown in the first process of Figure 1. We use
Gemini-3-flash-preview (Google, 2025) for ex-
tracting fields (Fact, Reasoning, and the list of
Charges) the prompt is given in appendix A.1.1,
and regular expressions for the Section, Case Is-
sue, Decision. Unlike the symmetric setting that
queries with the lengthy Fact, we curate two asym-
metric queries per case, for a layperson (length
under 100 character) and legal-worker role from
the case fact (Gao et al., 2024), reflecting how each

5The official Supreme Court judgments are only available
in summarized format.

6See case distribution per-year in Figure 2.
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Figure 1: Pipeline for Deka retrieval component curation and relevant case labeling. (1) Component Curation:
Generates each component from publicly summarized documents. (2) Top-k Case Mining: Creates variant queries
from the anchor context and applies mining criteria to retrieve relevant cases. (3) Case Labeling: Utilizes an LLM
as a judge to evaluate the relevance level of mined cases relative to the anchor and assign labels.

Figure 2: Temporal distribution of the Deka retrieval
cases

Criterion Charge Fact Reasoning Decision
Easy positive Same Same Same Same
Hard positive Same Differ Same Same
Hard negative Differ Same any any
Easy negative Non-relevant
Anomaly Same Same Differ Differ

Table 2: Heuristic case criteria across cases component.

role actually searches. All component texts are em-
bedded with Qwen3-embedding-8B (Zhang et al.,
2025) and indexed in a vector database for the min-
ing stage.

3.2 Heuristic Case Criteria
Our heuristic for case relevance criteria jointly con-
sider over the Charge, Fact, Reasoning, and De-
cision components in Table 2. An easy positive

agrees with the anchor on every component and is
trivially relevant. A hard positive keeps the same
charge, reasoning, and decision but differs in mi-
nor factual detail, so it is genuinely relevant yet
looks dissimilar on the surface and is easily missed.
A hard negative is an opposite: fact, reasoning,
and decision resemble the anchor, but the charge
differs, making it deceptively similar while not rel-
evant. An easy negative is unrelated to the anchor
overall. We further isolate a naturally occurring
conflict judgment, which we call the anomaly vari-
ant: a case that shares the anchor’s charge and facts
but reaches a different reasoning and decision.

3.3 Mining and Judging Cases

Variant query generation. To label candidates
by their relevance to each anchor (second process
in Figure 1), we generate one variant query per
anchor and per criterion, using the same LLM as in
Section 3.1 and setting prompt in appendix A.1.2.
The model is prompted with the ‘anchor case com-
ponents’ and the definition of the ‘target criterion’,
so that the query is steered toward candidates stand-
ing in that particular relation to the anchor (Li et al.,
2024b; Thakur et al., 2025; Choi et al., 2026a).

For example, if the anchor case is definition as
figure 3, the hard positive variant difference only
the anchor’s fact while charge, reasoning, and de-
cision are similar, so that can represent in figure 4,
where the underline marks the injected factual dif-
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“Abduction and rape of a girl under 15;
the court refused to suspend the prison
sentence.”

Figure 3: Anchor’s context for variant query generation

ference.

“The defendant arranged to meet the girl
under 15, then abducted and raped her;
the court refused to suspend the prison
sentence.”

Figure 4: Example of hard positive variant query gener-
ation from anchor (figure 3)

Mining. Each variant query searches the corpus
over the Fact and Reasoning embedding spaces sep-
arately, returning a ranked candidate list. We then
apply a charge filter on the positives and anomaly
criterion to keep only candidates that share at least
one charge with the anchor, applying a cosine-
similarity check (≥ 0.96) when an exact match isn’t
possible, to prevent charge mismatches caused by
grammatical variation in the LLM-generated text.

Mined case selection. We traverse the filtered
candidates in ranked order and ask LLM judges
to verify them (third process in Figure 1). Each
judge sees only the anchor case and list of top-10
candidate case, without the criterion used to gener-
ate the query, and is asked to “compare the anchor
and each candidate cases to predict the heuristic
criterion”(prompt in appendix A.1.2). A candidate
is accepted when the judges reach a majority and
that majority label matches the criterion the query
was generated for; otherwise it is discarded and
we advance to the next candidate, stopping once
one candidate is accepted for that criterion or the
top-10 list is exhausted. Each criterion therefore
contributes at most one candidate per anchor.

For the test set we use three judges,
deepseek-chat-v3.1 (Liu et al., 2024),
Qwen3-235b-a22b-2507 (Yang et al., 2025)7,
and Gpt-5-mini (OpenAI, 2025), to reduce
model-family bias. For the training set we use
only Qwen3-235b-a22b-2507 as a judge for
scalability.

7https://huggingface.co/Qwen/
Qwen3-235B-A22B-Instruct-2507

4 Experimental Setup

4.1 Approach
Retrieve 9, 998 case facts from Corpus set un-
der three query type, the two asymmetric persona
queries (Lay, Lawyer) and the Fact string as a
symmetric reference (Ma et al., 2021).

Baseline We set BM25 as the baseline and utilize
PyThaiNLP newmm tokenizer (Phatthiyaphaibun
et al., 2023) for Thai language.

Dense retrieval We evaluate dense encoders in
two settings. Zero-shot: the pretrained Qwen3-
Embedding-0.6B (Zhang et al., 2025). Fine-tuned:
starting from the same checkpoint, we train four
objectives on our mined data. The mining stage
gives each anchor four judged documents, one per
criterion, and the objectives was selected from dif-
ference of sample require for training (Table 5).
Configuration detail in Appendix B.

1. INFONCE (Oord et al., 2018; Karpukhin
et al., 2020) is the baseline and uses polarity alone:
one positive, with the anchor’s mined easy and hard
negatives and all other in-batch documents treated
as negatives of equal status. It consumes all four
slots but distinguishes none of them, and fixes the
level any graded objective has to beat.

2. WEIGHTED HARD-NEGATIVE adapts the α-
weighted term of supervised SimCSE (Gao et al.,
2021), scaling the anchor’s own mined hard nega-
tive and remove easy negative

3. MULTI-POSITIVE modifies supervised con-
trastive learning (Khosla et al., 2020) by treating
the hard positive as relevant alongside the easy one
rather than merely being spared from the negative
pool.

4. GRADED TRIPLET extends margin rank-
ing loss (Schroff et al., 2015) to all four
levels, giving easy negatives a larger mar-
gin than hard ones so the levels are encoded
as distances rather than collapsed to polar-
ity. It is the only objective with no in-batch pool
every trained pair has been seen under our criteria

Legal PLMs pretrained on Chinese or English
corpora (SAILER, DELTA, CaseEncoder) are ex-
cluded as trainable baselines, since our data is too
small to re-pretrain.

4.2 Implementation Detail
We fully fine-tune across three NVIDIA V100
32 GB GPUs, and max token was setting to avoid
text truncation (Figure 15). Asymmetric queries
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(Lay, Lawyer) setting at 256 max tokens due to
shorter queries, while the symmetric query and
the corpus case facts use 1, 300 max tokens. The
anomaly variant asks what happens when relevance
is defined by text and charge agreement alone,
ignoring how the case was decided. Under the
anomaly setup, we count the mined anomalies as
positives as 89% of training anchors (1,058 of
1,176, Figure 11) contain anomalies, so counting
them as positives is the cheapest way to enlarge the
training set. We do this by duplicating the train-
ing batch and swapping the easy positive for the
anomaly (Table 6). This setup was added to test
whether including the anomalies as a training pair
would result in retrieval degradation or not as this
anomaly sometimes appeared in the real data dis-
tribution.

Early stop training on R@10 over the 100 eval-
uation anchors. Easy and hard positives count as
relevant in evaluation and testing. The anomaly
trained models additionally count anomalies as rel-
evant during evaluation but the test-set never does
for compare with normally training.

5 Results

5.1 Performance Under Symmetric Setup

Table 3 shows retriever performance. Under a sym-
metric setting, where the same input type is used
for training and evaluation, retrievers trained and
evaluated on Fact contexts generally achieve the
strongest performance. However, simpler query
type such as Lawyer and Lay shows lower scores
across all metrics. This result is consistent with
the intuition that more information-rich inputs are
easier to align with the relevance labels during
training. BM25 remains a competitive baseline:
it outperforms zero-shot Qwen3-Embedding-0.6B
on the Lawyer queries, although the dense retriever
performs better on the Lay queries and Fact con-
texts. Across the standard fine-tuning objectives,
in-domain fine-tuning generally yields substantial
improvements over the zero-shot dense baseline.
However, no single objective consistently performs
best across all input types and evaluation metrics.
Among the models trained without anomaly aug-
mentation, the INFONCE-trained retriever achieves
the best performance on four of the nine evaluation
settings: R10 and NDCG10 for Lay queries, and
NDCG10 and MRR for Fact contexts. Neverthe-
less, its performance remains broadly competitive
with that of WEIGHTED and MULTIPOS.

5.2 An asymmetric setup Shows Opposite
Direction

Table 3 shows the results under the asymmetric
setup, in which the input type used for training
differs from that used for evaluation. The results
indicate that matching the training input type to the
test input type does not always produce the best
retriever. Across objectives, retrievers trained on
Lay queries often remain competitive when evalu-
ated on the more information-rich Lawyer queries
and Fact contexts. Retrievers trained on Lawyer
queries also often transfer well to Fact contexts,
whereas their performance on Lay queries is con-
sistently lower than that obtained by training di-
rectly on Lay queries. In contrast, retrievers trained
on Fact contexts generally transfer poorly to Lay
queries. These results reveal an asymmetric pattern:
training on less informative queries can gener-
alize well to more informative inputs, whereas
transfer in the opposite direction is less effective.
We hypothesize that this behavior arises because
training on Lay queries presents a harder align-
ment problem, as these queries retain only the min-
imal information needed to express the information
need. This constraint may force the retriever to
learn more robust representations of relevance. By
contrast, Fact contexts contain substantially more
information, allowing the retriever to rely on cues
that may be unavailable in shorter queries. This
reliance may result in poorer generalization to less
informative Lawyer and Lay queries.

5.3 Anomaly cases addition effect

As courts sometimes have anomalous cases where
the same fact and charge yet final decision differ
(see Table 2). We conduct an experiment to see
what happens if we also incorporate these anoma-
lies into the training data, reflecting the noise in the
real-world distribution. This way we almost double
the positives of all cases while, enrich the training
data with noise.

According to the result in Table 3, the trade is
usually not worth taking. Of 36 evaluation cells (4
objectives × 3 training query types × 3 test query
types), 27 fall, 7 rise, and 2 are unchanged rela-
tive to the normally fine-tuned counterpart. The
added pairs teach the retriever to rank conflicting
judgments alongside true positives but the test set
counts only easy and hard positives as relevant. The
extra data acts as label noise and the larger training
set does not compensate for it. The retriever cannot
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Objective Train on An. Lay query Lawyer query Fact context
R@10 NDCG@10 MRR R@10 NDCG@10 MRR R@10 NDCG@10 MRR

BM-25 - 6.19 4.31 6.6 22.86 15.23 18.43 26.19 16.34 20.48
ZERO-SHOT - 7.62 4.58 7.45 20.0 11.94 15.46 26.67 17.46 24.63

INFONCE

Lay 19.52 11.83 13.79 26.19 16.05 18.64 31.90 21.09 28.27
Lawyer 12.86 8.89 12.31 27.14 15.73 17.92 34.76 23.06 27.06
Fact 8.57 5.23 7.39 25.24 14.53 16.33 33.81 22.43 27.57
Lay ✓ 15.71 9.63 12.25 24.29 15.87 19.64 28.10 18.65 23.88
Lawyer ✓ 16.19 10.06 11.02 24.76 16.33 19.20 24.76 17.64 22.70
Fact ✓ 10.48 6.35 8.56 21.43 13.55 15.67 29.05 20.02 23.65

WEIGHTED

Lay 16.19 10.72 14.57 26.67 16.01 18.55 31.90 19.81 26.62
Lawyer 13.33 8.90 11.81 26.67 15.37 18.06 32.86 21.94 26.25
Fact 8.57 5.41 7.65 24.76 14.26 15.97 32.86 21.95 27.14
Lay ✓ 15.24 8.21 9.98 23.33 14.04 15.36 28.10 18.15 22.32
Lawyer ✓ 11.90 7.14 8.27 21.90 13.61 15.03 28.57 19.53 23.73
Fact ✓ 8.57 4.95 6.90 20.48 12.53 14.96 28.10 19.29 23.52

MULTIPOS

Lay 16.67 9.60 13.23 25.24 16.34 20.31 30.95 20.30 25.65
Lawyer 13.33 7.93 9.53 29.52 17.18 19.74 32.38 22.88 29.09
Fact 11.90 6.26 6.52 21.90 13.57 16.64 31.43 20.88 23.87
Lay ✓ 21.43 11.47 12.66 21.43 15.09 19.28 28.57 18.56 23.09
Lawyer ✓ 12.38 7.03 8.83 25.24 14.80 16.87 27.62 18.06 23.68
Fact ✓ 9.52 5.77 8.05 26.19 15.51 18.09 33.33 22.11 26.60

GRADED TRIPLET

Lay 12.86 7.73 10.74 25.24 15.60 18.46 29.52 19.71 25.46
Lawyer 11.90 6.21 8.24 24.76 14.34 16.68 32.86 22.16 27.40
Fact 10.95 5.88 7.41 23.33 14.99 18.64 34.76 21.88 27.01
Lay ✓ 12.38 8.16 11.72 26.67 14.15 15.46 30.00 19.22 24.19
Lawyer ✓ 11.90 6.53 8.20 20.00 11.19 13.93 28.10 17.96 21.18
Fact ✓ 10.00 5.82 7.15 21.43 13.32 16.45 30.48 18.89 22.56

Table 3: Main performance on Deka Retrieval: zero-shot and fine-tuned retrievers evaluated on each query type.
Lay is a short everyday query with no legal terms, Lawyer is a query written in legal terms, and Fact is the full
case-fact passage. Cyan cell indicate settings trained and tested on the same query type

learn the distinction from what it is given: a pos-
itive and an anomaly share the anchor’s facts and
charge, and differ only in reasoning and decision,
which the candidate’s Fact does not carry. Fig-
ure 13 helps explain why explicit anomaly super-
vision is needed. Before task-specific fine-tuning,
anomaly cases have similarity and overlap values
close to those of positive cases across several le-
gal components. The pretrained encoder therefore
does not clearly distinguish anomaly cases from
positive cases on its own.

6 Ablation Study

6.1 Reranking as Post-processing

A reranker is commonly applied as a second stage
to improve the ranking produced by a first-stage
retriever (Nogueira and Cho, 2019; Rosa et al.,
2022), including in legal case retrieval (Ngo
et al., 2026). To determine whether reranking also
improves fine-tuned dense retrievers, we rerank
the top-100 retrieved cases using four rerankers:
Qwen3-Reranker-0.6B, Qwen3-Reranker-8B,
bge-reranker-v2-m38, which is based on BGE-
M3 (Chen et al., 2024), and the Gemma-2B-based
bge-reranker-v2-gemma9. Figures 16, 17, and
18 show the changes produced by these rerankers

8https://huggingface.co/BAAI/
bge-reranker-v2-m3

9https://huggingface.co/BAAI/
bge-reranker-v2-gemma

in R10, MRR, and NDCG10, respectively.
Across the three retrieval metrics,

Qwen3-Reranker-8B produces the strongest
and most consistent improvements. It improves
R@10 and NDCG@10 in every setting and
improves MRR in all but two settings, where the
decreases are only 0.1 percentage points. The
Gemma-based BGE reranker generally improves
R10, but its effects on MRR and NDCG@10 are
more dependent on the first-stage retriever and
test input type. The smaller bge-reranker-v2-m3
and Qwen3-Reranker-0.6B models show more
mixed results, particularly for Fact contexts. These
findings indicate that Qwen3-Reranker-8B is
the most robust reranker across first-stage
retrievers and input types in our legal case
retrieval setting.

Reranking also partially offsets the perfor-
mance loss caused by anomaly training. Under
Qwen3-Reranker-8B, the anomaly-trained model
obtains a larger average R10 improvement than its
non-anomaly counterpart in 9 of the 12 objective–
training-input pairs, where each improvement is
averaged over the three test input types. This result
is consistent with Section 5.3, which shows that
anomaly-trained retrievers place more anomaly-
labeled cases in the top 100. The cross-encoder can
reassess these candidates and demote those that are
not relevant.

After reranking with Qwen3-Reranker-8B, the
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performance differences among BM25, the zero-
shot dense retriever, and the fine-tuned retrievers
become smaller for Lawyer queries and Fact con-
texts. For example, the reranked zero-shot retriever
reaches 36.19 R10 on Lawyer queries, making it
competitive with many of the reranked fine-tuned
models. The advantage of first-stage fine-tuning
remains clearest for Lay queries. This pattern is
consistent with the asymmetry described in Sec-
tion 5.1: task-specific fine-tuning contributes most
when the query is expressed in short, everyday lan-
guage, whereas a strong reranker can compensate
for much of the first-stage difference when the in-
put already contains legal terminology or detailed
facts.

6.2 Relevance case mining report
At first, we curate a 296 sample with a stratified
partition that preserves the proportion of each case
type in the test set. After running the mining in
Section 3.3,however 191 of the 296 test cases pro-
duced an incomplete mining result. Figure 9 plots
the case-type distribution of these incomplete an-
chor. As the bar chart shows, they are dominated by
financial cases such as Property, Contract & Debt,
and Loan & Guarantee. We attribute that finan-
cial cases narratives are brief and structurally near-
identical (e.g., a party borrows a sum at an agreed
rate and then defaults), so two cases differ only in
fine legal elements such as the guarantee type or
the interest-rate band rather than in the fact narra-
tive itself, this challenge is frame in private-lending
task (Xiao et al., 2019).

6.3 Limited of candidate cases context
Following the standard setting in prior LCR work
(Ma et al., 2021; Xiao et al., 2019; Bhattacharya
et al., 2019), our retriever and reranker observe
only the Fact section of each candidate case. As
Table 2 shows, anomaly cases are difference from
positives by their Reasoning and Decision which
are never seen by retriever. This gap explaining
why anomaly augmentation degrades performance.
Including reasoning/decision context in retrieve
and training to learn case-component level is left
as future work.

7 Conclusion

We introduced Deka Retrieval, an LCR benchmark
on Thai Supreme Court decisions, and a mining
pipeline that stakes relevance over case components
rather than over surface similarity. The criteria

make two properties of LCR measurable. The first
query type is retrieving different results; lengthy
text contains legal terms, while laypeople’s queries
do not. This gap is also asymmetric, since training
on the lay rise score the most and perform well on
the longer query benchmark, while the reverse fails.
Second, conflicting judgments are not free super-
vision; counting them as positives lowers perfor-
mance for 27 of 36 trained models. We hypothesize
that a civil-law corpus such as Thai supreme court,
without citation links may contain such conflicting
pairs by construction, and that a pipeline defining
relevance through text and charge agreement alone
would have no signal by which to separate them.
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Limitations

Labels are LLM-derived and unaudited by legal
experts Case components, variant queries, and
relevance labels all come from LLMs, the test set
uses three judges from different model families.
Human expert agreement is not explored, so the
criteria are validated by construction.

Source text is summarized The publicly avail-
able Deka contains only long/short summaries,
which retain the legal issues, facts, and rulings
but omit witness lists and detailed circumstances.
Retrieval the summarized text can overlook case
detail that not publicly in website.

Model and compute scope Data curate and eval-
uate training objective was adopt retriver by only
Qwen3-Embedding which can be causing a bias re-
trieve. Utilize cross model family is left to future
work.

Test-set cannot evaluate every cases type Sec-
tion 6.2 report that there is a financial and property
case type unsuccessful mining. Therefore we ex-
clude this group in test-set and report the challenge
of define heuristic criteria on financial domain.
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Figure 5: Examples of query inputs in child sexual
assault cases, categorized by case facts, lawyer queries,
and layperson queries
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Figure 6: Clustering case type in query and corpus,
query-set(top) and corpus-set(bottom)

Figure 7: Clustering case type in Query-set: compare
train and eval(top) and test set(bottom)

Figure 8: Top frequency charge overlap between anchor
and hard negative cases in test-set.

Figure 9: The distribution of test-set cases across classes
became uneven, as some were dropped due to the diffi-
culty of mining them

Figure 10: The distribution of case-issue from cases
regex extraction across case-types
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Figure 11: The distribution of mining anomaly cases
varies across case types

Figure 12: the distribution of charge overlap across cri-
teria variants : test-set distribution visualizes charge
relevance with anchor charge amounts across each crite-
ria variant based on majority judge consensus

Anchor — Drink driving, Negligent Homicide
Fact Driving while drunk, the defendant

lost control and caused a crash that killed
another road user on the spot.

Reasoning The charge is causing death by negligence, to-
gether with drink-driving; the intoxicated, care-
less driving was the direct cause of the fatal acci-
dent, with no intent to harm anyone.

Decision Judgment affirmed: guilty of negligent homi-
cide, one year after a guilty plea.

Hard Negative — Drink driving, Attempted Murder
Fact Enraged after a horn exchange, the

drunk defendant chased a motorcycle,
deliberately rammed it, and dragged it be-
neath his car, gravely injuring both riders.

Reasoning The charge is murder; deliberately ramming with
a far heavier vehicle showed intent to kill, and
voluntary intoxication was no defence.

Decision Judgment modified: guilty of attempted murder
together with drink-driving, eleven years in total.

Table 4: Pair of drink-driving anchor and hard negative
case

Fact generation

You are a legal expert. Summarize the "fac-
tual circumstances" of the entire case into
a single passage. Rules: - Replace all per-
sonal names with roles, e.g. defendant, vic-
tim, deceased, co-offender - Remove the
court’s legal reasoning and verdict - Focus
only on the circumstances that constitute
the core elements of the offense: state the
motive, process, outcome, time, and place
of the defendant’s conduct - Cover every
charge in the case within the single passage,
in chronological order Answer as a single
passage (one paragraph) – no labels, head-
ings, markdown, or bullet lists. Example:
"The defendant deceived the victim by mak-
ing false statements, contacting the victim
directly via a messaging app, persuading
the victim to co-invest in an imported fash-
ion clothing business, while showing forged
purchase-order document photos and guar-
anteeing a 15

User message: Case text: {long_text}
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(a) Fact (cosine) (b) Court Reasoning (cosine)

(c) Final Decision (overlap) (d) Charge/Section (overlap >=1)

Figure 13: Distribution of pairwise similarity between anchor and candidate cases in test-set, across the four
legal case components used in our relevance criteria. Fact (a) and Court Reasoning (b) are measured by
Qwen3-Embedding-8B embedding cosine similarity, whereas Final Decision (c) and Charge/Section (d) are mea-
sured by token/label overlap.

Charge generation

Read the Supreme Court judgment and ex-
tract the core "charges (CRIMES)" – ev-
ery one, in Thai, separated by ; - Use short
charge names with no modifiers, e.g. "theft"
not "jointly committing theft by..." - No du-
plicates – if the same charge applies across
multiple counts, write it only once
Answer in a single line only: CRIMES:
<charge1>;<charge2>

User message: Judgment: {long_text}

Reasoning generation

You are a Thai legal expert. Read the full
Supreme Court judgment and summarize
"the reasoning the court used to decide the
case" (legal fact). Rules: - Use only the
Supreme Court’s ruling. If the case went
through multiple court levels, consider only
the most recent (highest) level’s ruling. -
Anonymize proper names such as names

of people, organizations, places. - Include
only what the court actually ruled in the
judgment – do not reason on your own. If
the court’s decision goes against common
sense, write it exactly as the court decided.
- Write it as applying the facts to the ele-
ments of the law: which conduct does/does
not fall under which section, and why. - Al-
ways state the case’s main charge/dispute,
even if the Supreme Court did not argue
that point (already settled in lower courts) –
then follow with the point(s) the Supreme
Court actually decided. Output only the le-
gal fact text – no heading, no preamble, no
numbering.

User message: {long_text}

Lay query generation

You are an “ordinary person” with no legal
knowledge, typing a search query about a
case you encountered. From the given case
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(a) Fact (cosine) (b) Court Reasoning (cosine)

(c) Final Decision (overlap) (d) Charge/Section (overlap >=1)

Figure 14: Distribution of pairwise similarity between anchor and candidate cases in train and eval-set, across
the four legal case components used in our relevance criteria. Fact (a) and Court Reasoning (b) are measured
by Qwen3-Embedding-8B embedding cosine similarity, whereas Final Decision (c) and Charge/Section (d) are
measured by token/label overlap.

(a) Distribution of train and eval set (b) Distribution of test-set

(c) Distribution of corpus

Figure 15: Distribution of token counts using the qwen3-embedding-8b tokenizer
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facts, produce a “search query” the way a
layperson would.
Principle: ordinary people only remem-
ber the “surface-level circumstances” and
don’t know which details matter legally, so
they tend to unknowingly drop them. “Col-
lapse or omit” the following decisive ele-
ments: - Exact age → use a broad term
(child/teenager/adult), don’t state whether
it is over/under a legal threshold - The le-
gal relationship between the parties (par-
ent/guardian, employer) → omit or state
broadly - Consent/non-consent → do not
state it - Whether acting alone or with oth-
ers → do not distinguish - Intent/negligence,
use of force/weapons → do not state unless
an ordinary person would mention it
Format: - Very short, 1 declarative sen-
tence, spoken/colloquial language - Remove
proper names (people/places/brands/dates)
→ replace with generic terms - No legal jar-
gon, no charge names or section numbers -
No questions/requests, and do not end with
polite particles (khrap/kha)

User message: Case facts: {fact}

Lawyer query generation

You are a "legal worker" (lawyer or law
clerk) searching for prior cases relevant to a
matter in hand. From the given case facts,
produce a "search query" the way a legal
professional would. Principle: legal work-
ers search by the decisive legal elements,
because they know which details determine
the charge and the outcome. "Preserve and
make explicit" the following elements: - Ex-
act age relative to the legal threshold (e.g.
under 15) when relevant - The legal relation-
ship between the parties (parent/guardian,
employer, custodian, lessor/lessee) - Con-
sent / non-consent - Acting alone or jointly
with others - Intent vs. negligence, and
use of force or weapons Format: - Concise
but complete, using precise legal terminol-
ogy - Refer to conduct by its legal charac-
terisation where clear (e.g. embezzlement,
theft, negligent homicide) - Remove proper
names (people/places/brands/dates) -> re-

place with generic terms - No questions/re-
quests, and do not end with polite particles
(khrap/kha)

User message: Case facts: {fact}

A.1.2 Mining and Judging Cases

Variant definition

easy_pos: same facts, same charge, same
court reasoning and same verdict
hard_pos: slightly different facts, same
charge, but same court reasoning and same
verdict
anomaly: same facts, same charge, but dif-
ferent court reasoning/verdict
hard_neg: same facts/circumstances, but
clearly decided under a different charge
easy_neg: completely unrelated, a differ-
ent matter entirely

Variant query generation

You are a retrieval assistant for Supreme
Court judgments. Design "semantic search
queries" from the main case (Anchor).

{Variant definition}

Do the following:
1) Pick exactly one type from the remain
list above (the group you think you can
write the best-matching queries for)
2) Generate 5-8 search queries for that
one chosen type only -- every query's
target must be the same single group,
never mixed
Each query must choose a field: fact
(event/circumstances) | legal reasoning
(legal principle)
Answer as a JSON array only: [{"field":" ⌋
fact","query":"...","target":"<chosen
group>"}]

User message:

{anchor_context}

{anchor_context} field format:

case no.: {deka}
charge(s): {charge}
law section(s): {laws}
facts: {fact}
issue(s): {issue}
legal reasoning: {reasoning}
verdict: {decision}
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Mined case selection

You are a Thai judge. Compare the "main
case (Anchor)" against a "comparison case
(Candidate)" and classify which group it
belongs to.
Classify into 1 of 5 groups -- decide
using 3 axes: (a) facts (b) charge (c)
court reasoning/verdict

{Variant definition}

The axis that separates anomaly from
hard_pos = the facts -- facts that match
almost entirely but the court ruled
differently = anomaly (a
self-contradicting body of precedent).
If the facts have a difference that
explains the different verdict = hard_pos.

If the "charge is the same" it must always
be easy_pos / hard_pos / anomaly -- never
classify it as hard_neg just because the
case was decided on a procedural or
secondary issue.
hard_neg must come from "a different
charge" only.

Answer as a JSON array only, covering
every id given, with no other fields or
explanation:
[{"id":1,"quadrant":"easy_pos"}]

User message:

=== Anchor ===
{anchor_context}
=== List of comparison case ===
[ {candidate1_context}
.
.
.
{candidate10_context} ]

A.1.3 Inference LLM

Embedding instruction

Given a legal case search query, retrieve
relevant prior Supreme Court cases

User message:
[Your text goes here]

Reranker instruction

Given a legal case search query, retrieve
prior Supreme Court cases whose facts
match the query

Configuration Data batch

InfoNCE cpe, cnh, cne

Weighted cpe, cnh

Multi-positive cpe, cph, cnh, cne

Graded triplet cpe, cph, cnh, cne

Table 5: The training batch ,pe/ph = easy/hard positive
and ne/nh = easy/hard negative

Query:
[Your text goes here]

Fact:
[Your text goes here]

B Training Objectives

B.1 Shared setup
All configurations share one backbone, batching
scheme, and optimiser, and differ only in which
mined slots an anchor carries and how the loss con-
sumes them. Queries and documents pass through
the same encoder, with last-token pooling over left-
padded inputs followed by L2 normalisation; a task
instruction is prepended on the query side only
(Appendix A.1.3).

Each anchor training with L2-normalised embed-
dings, sij = q⊤

i dj and Sij = sij/τ with τ = 0.05,
where i indexes anchors and j indexes slots in
the pool. Because the pool is shared, a document
mined as a positive for anchor i can appear as an-
other anchor’s slot and be scored as a negative for
i. Before every softmax we set S̃ij = −∞ when
docid(j) ∈ Ri and j /∈ Pi, and S̃ij = Sij other-
wise, following the observation of Moreira et al.
(2024) that mined hard negatives contain a substan-
tial fraction of false negatives. Since mining retains
only anchors with all four criteria populated (§3.2),
no slot is ever filled at random.

B.2 Objectives
InfoNCE The baseline uses polarity only: one
positive, and every other slot in the pool a negative
of equal status.

L =
1

B

B∑

i=1

− log
exp(S̃i,pi)∑M
j=1 exp(S̃ij)

This is the standard formulation (Oord et al., 2018)
in the instantiation of hard-negatives with one mine
plus batch-negatives of DPR (Karpukhin et al.,
2020).
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Weighted hard negative Drops the mined easy
negative and instead up-weights the anchor’s own
hard negative by α, implemented by adding log α
to that logit before the softmax.

L =
1

B

B∑

i=1

− log
exp(S̃i,pi)∑

j ̸=hi
exp(S̃ij) + α exp(S̃i,hi

)

where hi indexes that slot. Hard negatives con-
tributed by other anchors enter unweighted: their
relation to query i has never been judged, so up-
weighting them would amplify the false negatives
the masking step removes. We use α = 2.0 which
counts the mined hard negative twice in the denom-
inator. This is the weighted hard-negative variant
of supervised SimCSE (Gao et al., 2021), whose
one positive and hard negative structure follows
from NLI data, where a premise admits an entail-
ment and a contradiction but no third unrelated
sentence (Gao et al., 2021), we retain that struc-
ture rather than adding our mined easy negative to
it. This configuration therefore differs from the In-
foNCE baseline in three respects at once the mined
easy negative is absent rather just α addition.

Multi-positive Splits the positive side instead:
both easy/hard cases are treated as positives, testing
whether the hard positive carries signal rather than
merely being spared from the negatives.

L =
1

B

B∑

i=1

−1

|Pi|
∑

p∈Pi

log
exp(S̃ip)∑M
j=1 exp(S̃ij)

The average over positives sits outside the loga-
rithm, so every positive must rank highly rather
than only one of them, giving the Lsup

out form of
supervised contrastive loss (Khosla et al., 2020).10

Graded triplet Uses all four levels and unlike
the above this approach don’t enable in-batch pool:
every scored pair has been judged under our cri-
teria. Scores are raw cosine similarities, since the
margins are defined on that scale. With [·]+ =
max(0, ·)

L =
1

n

B∑

i=1

( [
mh − sepi + snhi

]
+

+
[
me − sepi + snei

]
+

+
[
mh − shpi + snhi

]
+

)

10This is not SupMPNRL (Dehghan and Amasyali, 2022),
whose denominator excludes the anchor’s other positives and
whose positives are copies of the anchor; ours are distinct
mined documents at two graded levels.

Configuration Data batch

InfoNCE canom, cnh, cne

Weighted canom, cnh

Multi-positive canom, cph, cnh, cne

Graded triplet canom, cph, cnh, cne

Table 6: The training batch of anomaly variant, canom
mean mined anomaly cases

where n is the number of active terms. Each term
is the margin ranking loss (Schroff et al., 2015)
in similarity form, equivalent under D = 1− cos.
Setting me > mh (0.30 and 0.10) is our extension:
an unrelated case should end up further from the
query than a hard negative that is superficially simi-
lar but legally distinguishable. The margins induce
this ordering by capping the two negative levels
at different distances below the positive; no term
constrains snh against sne directly.

C Qualitative Validation of Hard
Negatives

For positive and anomaly mining, we require each
candidate to share at least one charge with the an-
chor to satisfy the criteria described in Section 3.3.
However during hard-negative mining, we do not
filter candidates based on charge overlap. Instead,
hard-negative selection relies the majority of LLMs.
We find that LLMs consider some candidate cases
as hard negative even they might share charges with
the anchor. Figure 8 shows the charges most fre-
quently shared by anchors and hard negatives in the
test set. Most of these charges represent broad le-
gal categories and therefore cannot, by themselves,
establish that two cases concern the same legal sit-
uation. Table 4 illustrates this distinction using
two drink-driving cases from the test set. In the
anchor case, the defendant lost control of the ve-
hicle, caused a fatal crash, and was charged with
negligent homicide. In the hard-negative case, the
defendant deliberately rammed a motorcycle and
was therefore charged with attempted murder. Al-
though both cases involve drink-driving, a majority
of the LLM judges determine that the difference in
intent and the resulting charges make the two cases
legally distinct.
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Figure 16: Heatmap of the performance difference (∆) in R@10 before and after applying the reranker to the
top-100 retrieved documents. Each row corresponds to a trained approach, in the format approach/training
query type; each column is the test-set query type.
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Figure 17: Heatmap of the performance difference (∆) in MRR before and after applying the reranker to the top-100
retrieved documents. Each row corresponds to a trained approach, in the format approach/training query type;
each column is the test-set query type.
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Figure 18: Heatmap of the performance difference (∆) in nDCG@10 before and after applying the reranker to
the top-100 retrieved documents. Each row corresponds to a trained approach, in the format approach/training
query type; each column is the test-set query type.
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