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Abstract

Large Language Models (LLMs) are widely used in legal
judgment prediction tasks, which aim to enhance judicial ef-
ficiency. However, the length of legal fact descriptions poses
a significant challenge to the application of LLMs. Long in-
puts not only introduce noise, affecting output quality, but
also increase processing time. While existing text compres-
sion methods, such as generating summaries or training mod-
els to implicitly reduce text dimensionality, can shorten input
length, they often face the slow generation speeds and limited
interpretability issues. To address these issues and inspired by
information bottleneck-based text compression, we propose
the Zipped Information Processor for Legal Judgment Predic-
tion method, ZipLJP. By effectively integrating legal knowl-
edge into the compression process, ZipLJP not only reduces
input length but also improves processing efficiency and pre-
diction quality. Experiments show that our approach achieves
better performance compared to the previous methods on two
widely used open-source and real-world datasets.

Code — https://github.com/77-qiqi-wang/ZipLJP

Introduction
Legal Judgment Prediction (LJP) is a critical research area
in LegalAI (Luo et al. 2017). Its goal is to suggest judicial
results, thus significantly reducing human workload in ana-
lyzing legal cases (Wu et al. 2023), and to enhance judicial
efficiency (Deng et al. 2023). In criminal cases, the LJP task
typically includes three key components: identifying appli-
cable statutory provisions, classifying charges, and predict-
ing sentencing results (Deng, Mao, and Dou 2024).

Previous approaches to LJP can be broadly categorized
into three types: statistical methods (Katz, Bommarito, and
Blackman 2017; Sulea et al. 2017), deep learning meth-
ods (Xu et al. 2020; Yue et al. 2021; Zhao et al. 2022;
Zhang and Dou 2023; Wu et al. 2023), and language model-
based methods (Xiao et al. 2021). Furthermore, previous re-
search has increasingly applied legal knowledge (Wang et al.
2025b) to help models better understand complex factual
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Figure 1: Through comprehensive multi-dimensional com-
parisons among traditional methods, and our ZipLJP model.

scenarios. With the rapid advancement of LLMs, leverag-
ing them for LJP tasks has become common. However, le-
gal texts, particularly criminal fact descriptions, are often
exceedingly long. For instance, the widely used MultiLJP
dataset, which includes multiple defendants, contains crim-
inal fact descriptions that can reach up to 98,688 charac-
ters (Lyu et al. 2023). This length poses significant chal-
lenges for LLMs in terms of comprehension, prediction ac-
curacy, and computational cost (Bai et al. 2024).

Reducing the input text length is thus essential for en-
abling LLMs to process and understand effectively. Com-
mon text reduction methods are data-driven, utilizing data to
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train model compression, fall into two main categories: ex-
tractive summarization(Gu, Ash, and Hahnloser 2022) and
abstractive summarization(Lebanoff et al. 2019). Extractive
methods aim to select important words or sentences to high-
light the core facts while reducing overall length. Common
extractive techniques include sparse attention(Zaheer et al.
2020) and text selection(Liu and Lapata 2019). Sparse at-
tention techniques randomly or strategically select tokens
during the attention mechanism in LLMs, whereas text se-
lection models identify and extract important sentences to
serve as summaries. Extractive methods, though efficient,
often struggle to capture the implicit reasoning and inter-
sentence dependencies in legal texts. Abstractive summa-
rization methods, on the other hand, generate a short para-
graph of the text based on semantic understanding, often us-
ing specially trained summarizers or LLMs. However, these
models are costly to train and often fail to generalize across
diverse legal domains due to the variability in document
types and structures.

To achieve efficient and accurate information compres-
sion, reducing redundant information, we propose Zipped
Information Processor for Legal Judgment Prediction, Zi-
pLJP. This method enables fast and effective text compres-
sion for processing lengthy fact descriptions in LLMs. Un-
like data-driven text compression techniques, such as ab-
stractive or extractive summarization and sparse attention,
ZipLJP is a knowledge-driven text compression method.
Specifically, it leverages statutory provisions to identify sim-
ilar content in the facts and selects the most relevant parts.
As a result, the compressed content is both legally grounded
and interpretable. Figure 1 shows the comparison between
our methods and the previous text compression. Experi-
ments conducted on two real-world, open-source benchmark
datasets for legal judgment prediction demonstrate that Zi-
pLJP achieves better predictive performance.

Our contributions are summarized as follows:
• We propose the Zipped Information Processor for Legal

Judgment Prediction, ZipLJP, to compress legal fact de-
scriptions for using LLMs to predict the article, charge
and prison terms.

• The proposed ZipLJP introduces a compression approach
that leverages statutory provisions to identify and re-
tain legally relevant information in fact descriptions. This
makes the compressed content more interpretable and
legally grounded, distinguishing it from traditional ex-
tractive or abstractive summarization methods.

• We conduct experiments on two open-source LJP
datasets to demonstrate that ZipLJP achieves better pre-
dictive performance compared to existing methods, high-
lighting its practical effectiveness.

Related Work
Legal Judgment Prediction
Legal judgment prediction (LJP) has changed from early
rule-based systems (Segal 1984) to statistical machine learn-
ing approaches (Katz, Bommarito, and Blackman 2017;
Sulea et al. 2017), and more recently to deep learning mod-
els (Xu et al. 2020; Yue et al. 2021; Zhang and Dou 2023).

Current research has been paid attention to the integration
of domain-specific legal knowledge (Zhao et al. 2022) and
the use of precedents (Zhang and Dou 2023; Wu et al. 2023),
both of which contribute to more accurate and context-aware
predictions. The scope of LJP has also broadened, moving
beyond simple multi-class classification to address the com-
plexities of real-world legal cases, such as those involving
multiple defendants (Lyu et al. 2023) or overlapping legal
provisions (Liu et al. 2023).

LLMs become powerful tools for legal reasoning, based
on its reasoning capabilities (Ho, Schmid, and Yun 2023;
Mukherjee et al. 2023; Xu et al. 2024). Recent stud-
ies have shown that prompting techniques can effectively
guide LLMs toward more structured and logical decision-
making (Wei et al. 2022; Press et al. 2023; Deng, Mao, and
Dou 2024; Gao et al. 2025a). In particular, incorporating le-
gal norms has been shown to enhance performance by align-
ing model reasoning with established judicial logic (Jiang
and Yang 2023; Zhang, Wei, and Yu 2024).

Text Compression Strategies
Lengthy input to language models has become an important
issue that affects performance. There are two main types of
methods to address this: sparse attention and text summa-
rization. Sparse attention reduces the length of the attention
process through random (Child et al. 2019) or rule-based se-
lection strategies (Ainslie et al. 2020). In contrast, text sum-
marization is a more effective approach that condenses long
texts into shorter paragraphs (Lee et al. 2025). Text sum-
marization can be categorized into two types: extractive and
abstractive. Extractive methods aim to reduce input length
by selecting salient sentences from the source text, but they
often fail to capture implicit reasoning across sentences (Ro-
drigues et al. 2025; Chuang et al. 2024). Abstractive summa-
rization, on the other hand, uses language models to generate
novel summaries that may not contain any exact sentences
from the original text (Wang et al. 2024, 2025a; Nagar et al.
2025). However, abstractive methods typically involve high
computational costs and limited generalizability, as they re-
quire additional models or LLMs along with reference la-
bels. Despite these advances, most existing methods over-
look the use of legal knowledge to compress text while pre-
serving law-relevant information (Gao et al. 2025b; Mond-
shine, Paz-Argaman, and Tsarfaty 2025; Li et al. 2025).

Methodology
To overcome the aforementioned difficulties, we propose Zi-
pLJP, a plug-in module for LLMs that allows efficient pre-
diction of legal judgment by extracting only essential infor-
mation from lengthy fact descriptions. Meanwhile, we pro-
vided a mathematical proof based on the information bottle-
neck theory. The mathematical symbols and their meanings
are summarized in Table 1, where Y is the representation of
triples: charge, law article, prison term.

ZipLJP Process
Figure 2 illustrates the overall framework of the proposed
method. ZipLJP consists of two stages: in the information
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Figure 2: Overview of our framework. ZipLJP includes the text compression part and fine-tuning part.

compression stage, we apply embedding models and lever-
age legal knowledge to identify and select critical informa-
tion; in the judgment prediction stage, we utilize LLMs with
a structured output design to generate accurate predictions
based on the compressed input.

Information Compression We first divide the criminal
facts X into sentences {S1, S2, . . . , Sn}, then input both
the sentences Si and all charge statutory provisions τ =
{τ1, τ2...τm} into the embedding model. The embedding
model subsequently outputs vectors Eacu and Etext, where,

Etext = Emb(Si), i = {1, 2...n},
Eacu = Emb(τj), j = {1, 2..m}. (1)

The similarity calculation is performed between the vec-
tors using the function: sim(Eacu, Etext). Based on the sim-
ilarity scores, we select the top k sentences as a summary.
Guided by the legal knowledge derived from statutory pro-
visions, these k sentences are identified as the most legally
relevant. We therefore define the compressed representation
as T = TopK(sim(Elaw, Etext)), with a compression rate
of k.

Judgment Prediction After compressing the information,
we input it into the LLMs. Inspired by prior work on struc-
tured generation with LLMs (Lu et al. 2025), we design
the output format as a complete contextual template with
blanks, such as: “In conclusion, the defendant violated ar-
ticle [Specific Provision] of the Criminal Law of the Peo-
ple’s Republic of China, committed the crime of [Specific
Charge], and is sentenced to [Specific Duration] months of
imprisonment.” We compute the loss on the structured out-
put segment. Mathematically, this is implemented using a
masked cross-entropy loss function,

L = − 1

N −m

N∑
i=m+1

logP (wi | T,w1, . . . , wi−1) , (2)

where, N and m are the total lengths of the input sequence
and factual part, respectively. wi represents the i-th token.
The summation range only covers the judgment prefix part
i > m.

Theory Proof for ZipLJP
Inspired by the Information Bottleneck (IB) theory (Tishby,
Pereira, and Bialek 2000), we prove our design is effective

Notation Definition

X Space of raw factual texts
Y Space of legal judgments
X ∈ X Input text of length
T Compressed text representation
L Knowledge of Law

Table 1: Notations and Definitions

through:(1) Once k reaches a certain threshold, further in-
creasing it does not yield additional gains in effective infor-
mation. (2) The more informative the input, the better the
model performs across all prediction metrics.

Theorem 1. There exists a threshold k∗ such that for all
k ≥ k∗, the improvement in I(T ;L) becomes negligible.
This point approximately corresponds to the optimal solu-
tion of the objective function min I(X;T )− I(T ;L).

Proof. To characterize how I(T ;L) accumulates with the
number of selected elements, we define an information ac-
cumulation function:

F (k) = I(T ;L) =
k∑

i=1

I(Si;L)−
∑

m<n<k

I(Sm;Sn | L),

(3)

where S is the output of sim(Elaw, Etext), sorted in descend-
ing order of similarity. Here, F (k) is a heuristic approxi-
mation of the mutual information between the compressed
representation T and the label L.

Since more similar samples (i.e., higher-ranked Si) are
likely to contain more information about L, we assume
I(Si;L) decreases as i increases. Meanwhile, larger indices
m,n correspond to more similar and redundant pairs, in-
creasing I(Sm;Sn | L), and reducing the marginal gain of
information. As a result, the function F (k) increases with
k, but exhibits diminishing returns; that is, the incremental
change ∆F (k) = F (k) − F (k − 1) decreases as k grows.
Therefore, F (k) is a convex Function. Now consider the ob-
jective:

min I(X;T )− I(T ;L), (4)
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Figure 3: The Impact of Input Text Length on Model Predic-
tive Performance

where both I(X;T ) and I(T ;L) increase with k, but at
different rates. Although I(T ;L) increases rapidly at first,
it eventually saturates and approaches its upper bound
I(X;L) because of the data processing inequality. In con-
trast, I(X;T ) continues to grow as more features from X
are retained in T , introducing redundancy and harming the
objective.

Therefore, there exists a value k∗ such that:

∀ϵ > 0, ∃k∗ :
F (k∗)

I(X;L)
≥ 1− ϵ, (5)

indicating that most of the relevant information in X about
L has been captured. Beyond this point, further increasing k
yields negligible improvement in I(T ;L) while continuing
to increase I(X;T ), thereby worsening the objective.

Thus, a finite threshold k∗ exists which effectively bal-
ances informativeness and redundancy, serving as an ap-
proximate solution to the optimization problem.

Theorem 2. As the number of selected sentences in the
set X increases, the mutual information between the text
and the label, I(X;L), is non-decreasing, and the predic-
tion performance metric A improves accordingly. However,
due to the upper bound exists, proved by Theorem 1, both
the mutual information and prediction performance have a
maximum limit, and the marginal gains diminish as more
sentences are added.

Proof. Let X be the current set of selected sentences. When
a new sentence Sm+1 is added, if it is relevant to the label
L, i.e., I(Sm+1;L) > 0, then by the chain rule of mutual
information:

I(X ∪ {Sm+1};L)
= I(X;L) + I(Sm+1;L)− I(X ∩ Sm+1;L)

≥ I(X;L),

(6)

where, the overlap term I(X∩Sm+1;L) ≤ I(Sm+1;L), and
is strictly less when the new sentence is not fully redundant
with the existing set.

Therefore, the mutual information I(X;L) is non-
decreasing as more sentences are selected. On the other
hand, the mutual information is upper bounded by the en-
tropy of the label, i.e., I(X;L) ≤ H(L), which implies

the existence of an upper limit. According to the corollary
of Fano’s inequality (Cover and Thomas 2005), the predic-
tion accuracy A is a monotonically increasing function of
I(X;L). Hence,

I(X;L) ≤ I(X ′;L) =⇒ A(X) ≤ A(X ′). (7)

We conduct a simple experiment by incrementally adding
input tokens to observe changes in prediction accuracy on an
LJP dataset. The results are shown in Figure 3. We observe
that as more tokens are used, prediction accuracy generally
increases. However, beyond 6000 tokens, the improvement
becomes marginal or even slightly decreases.

In summary, selecting more sentences leads to better pre-
diction performance. However, as established in Theorem 1,
the improvement exhibits diminishing returns and eventu-
ally saturates.

We further validate these theoretical findings and the ef-
fectiveness of our proposed method through experiments.

Experiments
Datasets and Evaluation Metrics
Following previous works (Deng et al. 2024), we conducted
experiments on two open-source and real-world datasets,
including both single-defendant and multi-defendant cases.
For single-defendant scenarios, CAIL2018 (Xiao et al.
2018) serves as the foundation benchmark in the legal judg-
ment prediction task. For multi-defendant cases, we utilize
the MultiLJP dataset (Lyu et al. 2023). The dataset contains
lengthy and complex criminal facts, which are significantly
difficult than CAIL2018. The average text length is 441 and
3041 for the CAIL2018 and MultiLJP datasets. To evalu-
ate our proposed model and baselines, we also use multiple
metrics, including Accuracy (Acc.), Macro Precision (Ma-
P), Macro Recall (Ma-R), and Macro F1 score (Ma-F).

Baselines
We evaluate three categories of methods: LJP-specific ap-
proaches, traditional language models, and LLMs. For
LJP-specific methods, we select several well-known and
representative approaches. TopJudge (Zhong et al. 2018)
models explicit topological relationships among the three
constituent subtasks within its prediction framework.
LADAN (Xu et al. 2020) introduces a specialized graph dis-
tillation mechanism to distinguish semantically similar legal
provisions. NeurJudge (Yue et al. 2021) adopts a hierarchi-
cal representation learning strategy to process textual case
facts across different subtasks.

In terms of language models, we choose a diverse set of
architectures, including BERT (Devlin et al. 2019), Law-
former (Xiao et al. 2021), mT5 (Xue et al. 2021), and
HRN (Lyu et al. 2023). For LLMs, we select models of vary-
ing sizes and training corpora, including LLaMA3.2-3B,
LLaMA3.2-8B(Touvron et al. 2023), Qwen2.5-3B (Qwen
et al. 2025), Qwen2-7B (Bai et al. 2023), and the le-
gal domain-specific fine-tuned model LawyerLlama(Huang
et al. 2023). For each LLM, we compare the LoRA fine-
tuned version (Hu et al. 2022) with our proposed ZipLJP-
enhanced variant. Then, we use the best-performing one to

32305



0.05 0.1 0.15 0.2 0.4 0.6 0.8 1.0

88

90

92

94

A
C

C

(a) Article Accuracy

0.05 0.1 0.15 0.2 0.4 0.6 0.8 1.0
65

70

75

80

F1

(b) Article F1 Score

0.05 0.1 0.15 0.2 0.4 0.6 0.8 1.0
82.5

85.0

87.5

90.0

92.5

A
C

C

(c) Charge Accuracy

0.1 0.2 0.4 0.6 0.8 1.0

40

60

80

G
P

U
 U

sa
ge

 (
G

B
)

(d) GPU Memory Usage

0.05 0.1 0.15 0.2 0.4 0.6 0.8 1.0

70.0

72.5

75.0

77.5

80.0

F1

(e) Charge F1 Score

0.05 0.1 0.15 0.2 0.4 0.6 0.8 1.0

50

55

60

65

A
C

C

(f) PTP Accuracy

0.05 0.1 0.15 0.2 0.4 0.6 0.8 1.0

45

50

55

F1

(g) PTP F1 Score

0.1 0.2 0.4 0.6 0.8 1.01

2

3

4

5

Ti
m

e 
(h

ou
rs

/e
po

ch
)

(h) Time Cost

Figure 4: Performance metrics across different top-k values. The bar at top-k=0.2 is highlighted with colored slashes.

Methods
CAIL2018 MultiLJP

Charge Law Article Prison Term Charge Law Article Prison Term

Acc. Ma-F Acc. Ma-F Acc. Ma-F Acc. Ma-F Acc. Ma-F Acc. Ma-F

TopJudge 65.5 74.1 68.2 74.3 32.1 32.4 67.6 55.7 73.9 54.1 36.1 33.1
LADAN 63.1 71.8 62.5 71.0 30.1 31.2 60.4 43.2 68.2 49.0 35.1 34.6

NeurJudge 65.7 71.4 67.4 70.9 29.6 33.2 64.8 51.2 71.8 55.7 33.9 32.0
BERT 64.6 74.6 68.3 73.5 31.7 33.5 66.3 54.2 73.6 54.0 35.6 32.9

Lawformer 66.2 73.1 67.5 74.4 30.4 30.7 68.1 53.8 76.2 53.8 36.1 34.7
mT5 72.3 77.5 73.2 74.4 33.9 30.8 78.4 44.6 82.9 44.1 30.7 20.3
HRN - - - - - - 83.5 60.9 84.3 62.1 34.3 33.4

Base model: Qwen2-7B
Finetune-LoRA 74.1 78.6 74.0 75.5 32.0 31.3 85.4 65.2 87.7 63.5 32.0 31.3
Finetune-CoT 74.8 79.3 75.6 77.7 31.5 31.9 86.2 66.7 88.0 64.8 32.4 32.7

ADAPT 77.9 83.0 78.3 80.0 37.9 35.8 90.3 73.1 91.1 75.4 37.3 35.2
ZipLJP (ours) 87.7 85.7 88.5 85.9 63.9 36.1 91.7 79.2 93.6 79.6 64.5 55.0
Improvements 12.6% 3.2% 13.0% 7.4% 68.6% 0.8% 1.5% 8.3% 2.7% 5.6% 72.9% 56.3%

Base model: Other LLMs
LLaMA3.2-3B Finetune 77.4 65.4 74.3 68.9 55.6 31.2 85.3 63.4 81.3 72.3 51.2 33.1
LLaMA3.2-3B ZipLJP 78.3 67.0 73.5 71.5 54.3 30.5 87.2 62.4 82.4 73.8 53.4 36.9
Qwen2.5-3B Finetune 81.2 76.1 81.3 74.9 59.1 35.4 88.7 74.3 91.9 72.5 51.9 33.0
Qwen2.5-3B ZipLJP 83.1 75.9 83.9 76.7 61.0 34.3 90.1 76.7 92.1 74.4 54.8 33.4

LLaMA3-8B Finetune 83.0 79.2 85.1 79.0 57.8 33.7 90.5 63.0 91.9 65.3 57.6 38.7
LLaMA3-8B ZipLJP 85.0 83.4 84.0 82.0 55.1 30.9 90.9 60.0 92.9 62.6 58.8 41.8

LawyerLLaMA-13B-V2 Finetune 82.4 76.9 85.2 80.1 56.8 32.2 86.7 74.3 87.9 76.1 59.7 39.8
LawyerLLaMA-13B-V2 ZipLJP 86.4 81.9 86.7 83.1 59.2 34.4 91.3 78.2 92.1 75.5 57.4 47.1

Table 2: Experimental results on the baselines and our model. The best results are in bold.

further compare the Chain-of-Thought (CoT) reasoning(Ho,
Schmid, and Yun 2023), which involves a two-phase pro-
cess: generating preliminary reasoning paths and then op-
timizing the model using the synthesized chains. We also
evaluate the best one in ADAPT (Deng et al. 2024) enhanced
version, which introduces an Ask-Discriminate-Predict rea-
soning framework to improve the LLMs capabilities in legal
judgment prediction.

Implementation Details
We apply the BAAI General Embedding (BGE)1 as the em-
bedding model to encode criminal charges and legal provi-

1https://huggingface.co/BAAI/bge-base-zh-v1.5

sions. For efficient parameter-efficient fine-tuning, we fol-
low the previous work settings (Deng et al. 2024) to im-
plement LoRA (Low-Rank Adaptation) (Hu et al. 2022)
across all linear modules. These LLMs are fine-tuned on five
epochs with batch size of 1. The learning rate is initialized at
1e-5 and dynamically adjusted using the Adam optimizer to
ensure optimal convergence. All experiments are conducted
on a NVIDIA A100-SXM4-80GB GPU.

Overall Comparison
Table 2 shows the comparison results.

Compared to traditional methods ZipLJP achieves bet-
ter performance across all LJP-specific baselines and pre-
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Figure 5: Performance comparison across different propor-
tions of retained text. For example, 0.6–1.0 means removing
the top 60% most relevant portion of the text.

Model Params. Law Article Charge

Acc. Ma-F Acc. Ma-F

Qwen2-7B - 87.7 63.5 85.4 65.2
+ ZipLJP w Legal-Bert 110M 79.7 55.4 75.5 52.1
+ ZipLJP w LawFormer 149M 89.2 63.9 85.6 60.3
+ ZipLJP w LaBSE 110M 90.1 68.8 87.0 70.1
+ ZipLJP w Erlangshen 110M 91.4 70.3 88.4 70.2
+ ZipLJP w M3E 110M 93.3 75.8 91.1 74.2
+ ZipLJP w BGE 110M 93.6 79.6 91.7 79.2

Table 3: The parameter size and predictive performance of
different embedding models.

trained language models in all sub-tasks and datasets. On
CAIL2018, ZipLJP achieves about 12.65% improvements in
predicting charge, law article, and prison term. Similarly, on
MultiLJP, there is 8.21% gain compared to traditional mod-
els by a Macro-F1.

Compared to different LLMs We compare ZipLJP-
enhanced LLMs with their LoRA fine-tuned counter-
parts across various models, including LLaMA3.2-3B/8B,
Qwen2.5-3B, Qwen2-7B and LawyerLLaMA-13B-V2. No-
tably, smaller models like Qwen2.5-3B with ZipLJP out-
perform larger fine-tuned models. Specifically, Qwen2.5-3B
with ZipLJP achieves a 12.8% increase in prediction accu-
racy and a 3.2% improvement in Macro-F1 compared to the
fine-tuned Qwen2-7B. On the domain-specific fine-tuned
model, ZipLJP achieves a 4.7% improvement in accuracy.

Model Law Article Charge Persion Term

Acc. Ma-F Acc. Ma-F Acc. Ma-F

Qwen2-7B 87.7 63.5 85.4 65.2 32.0 31.3
+ BIGBIRDS 78.1 56.2 73.6 54.5 48.3 39.1
+ LLMLingua 79.1 69.1 82.5 68.3 47.2 37.4
+ LongLLMLingua 78.2 71.2 84.3 71.3 51.7 37.2
+ LLMLingua-2 83.1 70.3 87.3 74.4 50.1 40.1
+ ExSum 90.1 60.0 88.9 62.6 58,7 47.8
+ Qwen-Plus 92.2 78.1 90.6 75.8 57.3 50.7
+ ZipLJP 93.6 79.6 91.7 79.2 64.5 55.0

Table 4: The prediction effect of the model through com-
pressing texts in different ways.

Compared to different tuning methods We also com-
pare ZipLJP with several tuning strategies, including LoRA
fine-tuning, Chain-of-Thought (CoT) prompting, and the
ADAPT reasoning framework. ZipLJP consistently outper-
forms all these methods across all sub-tasks on both datasets.
For example, on CAIL2018, ZipLJP improves the Macro-F1
score for law article prediction by 5.9% over ADAPT, which
was previously a strong baseline.

These results demonstrate that ZipLJP is effective by
highlighting legally essential information during compres-
sion, enabling downstream LLMs to make better predic-
tions.

Ablation Study
Embedding Strategies Comparison In the first step, Zi-
pLJP requires encoding both case facts and legal knowl-
edge. We compare several widely used legal context embed-
ding strategies, and the results are shown in Table 3. These
embedding methods include Legal-BERT (Chalkidis et al.
2020), LawFormer (Xiao et al. 2021), LaBSE (Feng et al.
2022), Erlangshen (Zhang et al. 2023), M3E (Wang, Sun,
and He 2023), and BGE (Xiao et al. 2024).

According to the results, we select the BGE model due to
its superior performance in Chinese legal tasks. This is be-
cause unlike traditional pre-trained models that primarily fo-
cus on language modeling, BGE is trained for the retrieval-
enhanced objective, aiming to bring semantically similar
sentences closer in the embedding space. This makes it par-
ticularly suitable for our scenarios, where semantic connec-
tion between fact descriptions and legal provisions.

Hyperparameter Comparison To determine the appro-
priate compression rate, we conduct ablation experiments
with k = {0.05, 0.1, 0.15, 0.2, 0.4, 0.6, 0.8, 1.0}. Figure 4
shows the results on the MultiLJP dataset. From the results,
we observe that settings with k < 0.2 have low performance,
while k > 0.2 leads to similar high performance levels.
Since providing more content to LLMs increases compu-
tational cost and inference time, we choose k = 0.2 as it
make a balance between performance and input length. As
shown in Fig. 5, we also removed the top 20% and top 60%
of the most similar text and fed the remaining context into
the model. The results indicate that the removed text nega-
tively affects the model’s performance.
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Item Details

Facts On November 6, 2014, Defendant [Defendant A] ...(About 200 words)... Defendants [Defendant A] and [Defendant B] appeared in court to participate in the proceed-
ings. The trial has now concluded. The [LOC] Procuratorate alleged that at approximately 9:00 PM on November 5, 2014, Defendants [Defendant A] and [Defendant
B] went to [LOC] and sold a small bag containing 11.2 grams of ketamine (a.k.a ”K powder”) to a drug buyer for 500 RMB. After completing the drug transaction, the
two defendants were immediately apprehended by public security officers. ...(about 150 words)...the drug seizure certificate, identification transcripts and photos, the
list of seized items, the account of the arrest, and household registration documents. These pieces of evidence are sufficient to establish the facts.

Results Label: {“Charge”: Crime of drug trafficking, “Article”: 347, “Term”: 5}, ADAPT: {“Charge”: Crime of drug trafficking, “Article”: 348, “Term”: 12},
ZipLJP: {“Charge”: Crime of drug trafficking, “Article”: 347, “Term”: 8}

Facts In October 2013, Y sought to fraudulently obtain bank acceptance bills. He approached L, the legal representative of Company A; K, the legal representative of Com-
pany B; and W1, the legal representative of Company C. After discussion, they agreed to apply to a certain bank for a total of 18 million yuan in bank acceptance
bills—6 million yuan under the name of each of the three companies—using a “three-party joint guarantee” arrangement. [Defendant], along with K and W1, con-
sented to the plan, agreeing that the acceptance bills would be used solely by Y, who would also be responsible for the required deposits and repayment obligations. On
October 22, 2013, ...(about 100 words)... credit line of 3 million yuan. Between October 22, 2013, and October 23, 2014, under Y’s actual control, the three companies
submitted falsified purchase and sales contracts on three occasions to conceal the true purpose of the funds. They obtained 6 million yuan in bank acceptance bills
respectively from the bank. All of these bills were actually controlled and used by Y. The first two sets of acceptance bills were repaid on time. ...(about 200 words)...
Also submitted were witness testimonies from fifteen individuals, as well as the confessions and defenses of [Defendant]. The public prosecutor holds that since
[Defendant] voluntarily confessed in court, a lenient punishment may be considered at discretion. However, as [Defendant] is a recidivist, a heavier punishment shall
be imposed according to the law. The prosecutor requests this court to convict and sentence [Defendant] in accordance with the relevant provisions of the Criminal Law
of the People’s Republic of China.

Results Label: {“Charge”: Crime of obtaining loans and negotiable instruments by fraud, “Article”: 175, “Term”: 8}, ADAPT: {“Charge”: Crime of obtaining loans and
negotiable instruments by fraud, “Article”: 175, “Term”: 18}, ZipLJP: {“Charge”: Crime of negotiable instrument fraud, “Article”: 175, “Term”: 12}

Table 5: Case study on MultiLJP and CAIL2018. The underlined text represents the compressed part generated by our proposed
method, ZipLJP.

Model Law Article Charge Persion Term

Acc. Ma-F Acc. Ma-F Acc. Ma-F

DeepSeek 89.1 78.7 90.8 76.3 60.8 41.2
w/ ZipLJP 91.1 77.3 92.7 78.4 61.2 40.1
GPT-4 87.3 76.1 89.7 77.5 58.6 37.2
w/ ZipLJP 90.6 78.2 93.1 76.9 59.7 39.8

Table 6: Comparison of zero-shot prediction performance of
large-scale LLMs with and without incorporating ZipLJP.

Text Compression Comparison To demonstrate the ef-
fectiveness of the proposed method in text compression, we
compare it with several approaches, including sparse atten-
tion, BIGBIRD (Zaheer et al. 2020), extractive summariza-
tion, ExSum(Zhou, Ribeiro, and Shah 2022) and LLMLin-
gua Series (Jiang et al. 2023, 2024; Pan et al. 2024), and
abstractive summarization using the Qwen-Plus API2. The
results are presented in Table 4.

Zero-Shot LLMs Comparsion To validate ZipLJP’s
plug-in capability, we conducted zero-shot experiments on
two large-scale LLMs: Deepseek-V3.2-Exp (DeepSeek-AI
2025) and GPT-4 (OpenAI, Achiam, and et al. 2024).

The results show that the proposed method achieves
higher prediction accuracy. Moreover, compared to extrac-
tive and abstractive summarization methods, ZipLJP also of-
fers better computational efficiency, as it does not require
training additional models or using extra resources.

Case study
We select examples from both datasets to illustrate the com-
pressed text and the corresponding prediction results. Ta-

2https://qwen.ai/apiplatform

ble 5 presents these examples.
We observe the compressed part, is the crucial portion of

the factual description. For instance, in the first example, the
underlined text directly describes the criminal act and sup-
porting evidence. This indicates that our proposed method,
ZipLJP, can effectively extract key information.

Conclusion
In this work, we present ZipLJP, an information compres-
sion framework for legal judgment prediction using LLMs.
By integrating legal knowledge into the compression pro-
cess, ZipLJP effectively shorts fact descriptions into concise
and legally meaningful representations. Our structured out-
put scheme further enhances performance and reduces hal-
lucinations in model predictions. Experimental results on
two real-world LJP datasets demonstrate that ZipLJP out-
performs existing methods. In future work, we aim to au-
tomatically determine the optimal threshold k or develop a
stopping criterion for sentence selection.
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