
Proceedings of Machine Learning Research 304, 2025 ACML 2025

GIIM: A Graph Information Integration Method for
Chinese-Kazakh CLIR

Ping Hu huping@xju.edu.cn

He Yang andyanghe@gmail.com

Changle Yin 107552304193@stu.xju.edu.cn

Tao Wang twang@xju.edu.cn

Yuchao Chen 107552403885@stu.xju.edu.cn

School of Computer Science and Technology (School of Cyberspace Security), Xinjiang University

Joint International Research Laboratory of Silk Road Multilingual Cognitive Computing

Editors: Hung-yi Lee and Tongliang Liu

Abstract

Chinese-Kazakh cross-lingual information retrieval (CLIR) aims to search relevant con-
tent from a collection of Kazakh documents using Chinese query statements. The intrin-
sic differences in grammar, vocabulary, and semantic expression between languages pose
significant challenges for semantic alignment in CLIR. Existing CLIR methods that in-
corporate multilingual knowledge graph (MLKG) typically use simple vector stacking ap-
proaches to integrate entity information, failing to leverage deeper entity relationships and
semantic connections. To address these challenges, we propose GIIM, a graph information
integration method for Chinese-Kazakh CLIR that leverages the rich multilingual entity
information embedded in MLKG as semantic bridges to narrow the linguistic gap during
query-document matching process. Unlike previous methods, GIIM unifies query-document
pairs and entity information into a graph structure and employs Graph Convolutional Net-
work to aggregate both direct and multi-hop relations among entities, effectively modeling
complex semantic paths and hierarchical knowledge propagation. To comprehensively eval-
uate GIIM, we construct CKIRD, a Chinese-Kazakh information retrieval dataset contain-
ing approximately 11,820 annotated query-paragraph pairs, and conduct experiments on
both CKIRD and the public CLIRMatrix datasets. Experimental results show that GIIM
outperforms existing baseline models across multiple ranking metrics, demonstrating its
effectiveness on the Chinese-Kazakh CLIR task.

Keywords: Chinese-Kazakh information retrieval, Multilingual knowledge graph, Graph
information integration

1. Introduction

Chinese-Kazakh cross-lingual information retrieval (CLIR) aims to enable users to retrieve
relevant documents from a Kazakh document collection using Chinese queries. In the con-
text of global informatization, Chinese-Kazakh CLIR plays a crucial role in promoting
information exchange between China and Kazakhstan in cultural, technological, and other
domains. In a typical semantic-based CLIR pipeline Nogueira et al. (2019), query-document
pairs from different languages obtain unified representations through cross-encoder-like
model architectures. These representations are then projected to a scalar relevance score
via a linear layer, reflecting the degree of matching between queries and documents. The
main challenge in Chinese-Kazakh CLIR lies in the significant differences between the two
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languages in grammatical structures, vocabulary systems, and semantic expressions Diana
and Assem (2019), which poses a semantic gap challenge for CLIR systems. As illustrated
in Figure 1, the current mainstream solution is to introduce multilingual knowledge graph
(MLKG) into CLIR to bridge semantic differences between different languages through en-
tity information. Although incorporating MLKG has improved the ranking performance
of CLIR systems, traditional methods often overlook the direct associations and multi-hop
connections between entities in knowledge graph (KG), failing to fully utilize their struc-
tured semantic information.

Related Entities

tributary

economic
use

Query (in Chinese)

Search

伊希姆河
Есіл

Моңғолия, Қытай,
Қазақстан және Ресейдегі
өзен

可可托海水电站
Кекетуохай су

электр станциясы
额尔齐斯河

Ертіс

lake on 
canal

斋桑泊
Зайсан

中亚河流

位于额尔齐斯河流域...哈
萨克斯坦境内湖泊...
Қазақстандағы көлдер Ертіс
... төменгі ағысында
орналасқан...

  额尔齐斯河水资源
(Irtysh River Water Resources)

Ертіс – Орталық Азиядағы маңызды
трансшекаралық өзен. Қытайдың ... Моңғолия,
Қазақстан және Ресей арқылы батысқа қарай
ағып, ... Қытайда о рналасқан Кекетуохай
су электр станциясы  өзеннің су ағынын
пайдаланып электр ... Қазақстанның ауыл
шаруашылығы мен қала құрылысын сумен
қамтамасыз ететін Есіл өзені жатады...Сонымен
қатар, алаптағы маңызды көл болып
табылатын Зайсан көлі Шығыс Қазақстанда
орналасқан. Ол Ертіс өзенінің жоғарғы
ағысындағы маңызды реттеуші көл болып қана
қоймай ...

Document (in Kazakh)

流经哈萨克斯坦和俄罗斯
的河流...额尔齐斯河的左
岸支流...
Қазақстан мен Ресей жерін
басып өтетін өзен...Ертіс
өзенінің сол жағалауындағы
саласы...

位于中国新疆...额尔齐
斯河畔的水电站
Қытайдың Шыңжаң ...
Ертіс өзеніндегі су электр
станциясы

Figure 1: An example of using a MLKG for CLIR. The query is in Chinese and the document
is in Kazakh. In the query, we give an English translation for better understanding. The
entities are denoted in circles. The dotted black line presents the descriptions of an entity.
The solid black arrow presents relations between entities.

Based on the above fact, in this paper, we aim to address two problems in Chinese-
Kazakh CLIR. First is the difficulty in aligning semantic information between queries and
documents due to imbalanced corpus resources between the two languages. Second is the
loss of structural semantic information in KG when introducing MLKG into Chinese-Kazakh
CLIR. We believe that modeling query-document pairs and related entities as graph struc-
tures and aggregating them using Graph Neural Networks (GNNs) can leverage graph topol-
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ogy to handle relationships between query-document pairs and entities in MLKG. However,
existing research applying MLKG to CLIR Zhang et al. (2016); Xiong et al. (2017a); Liu
et al. (2018); Zhang et al. (2022); Cao et al. (2024); Zhang et al. (2024a) remains limited,
mainly facing the following challenges. First of all, early methods integrate entities, rela-
tions, and descriptions in MLKG based on rule-based or shallow feature modeling, without
utilizing multilingual pre-trained language models (mPLMs) Pires et al. (2019); Jiang et al.
(2022) that excel in multilingual representation tasks. Second, most models that encode
queries, documents, and MLKG entity information based on mPLMs only adopt simple
representation stacking strategies, treating entity nodes as independent sequential elements
while ignoring the inherent graph structural connections between entities. Last but not
least, research on Chinese-Kazakh CLIR is relatively scarce, which is partly related to in-
sufficiency of Chinese-Kazakh CLIR datasets. Therefore, it is necessary to design a novel
MLKG information aggregation method based on mPLMs. Such an approach can utilize
the structural semantic information among entities in MLKG and effectively bridge the
semantic gap between Chinese queries and Kazakh documents.

To address the aforementioned challenges, we propose GIIM, a graph information in-
tegration method for Chinese-Kazakh CLIR. As shown in Figure 2, we first use mBERT
to separately encode Chinese query-Kazakh document pairs and the corresponding entities
along with their neighboring entities from MLKG in both languages. Next, we construct a
graph structure with query-document pairs and their associated entities as nodes, and ag-
gregate node features through GNNs (e.g., GCN Kipf and Welling (2017)) to obtain graph
information representations of query-document pairs. Unlike existing methods that use
simple stacking strategies to combine knowledge graph information, GIIM achieves direct
associations between query-document pairs and entities through graph structure model-
ing, and supports deep propagation and fusion of multi-hop path semantics. Additionally,
we employ contrastive learning to align representations of the same entities across differ-
ent languages, reducing the representation gap of identical entities between languages and
thereby better aggregating entity information from different languages. Finally, by com-
bining the original query-document representations with graph information representations,
we directly compute matching scores between queries and documents. The combination of
entity alignment and graph information integration effectively utilizes the structured se-
mantic information in MLKG and enhances the matching effectiveness between queries and
documents.

Furthermore, as mentioned earlier, available datasets for Chinese-Kazakh CLIR are
relatively limited. To our knowledge, currently only the public CLIR dataset CLIRMa-
trix Sun and Duh (2020) contains both Chinese queries and annotated Kazakh docu-
ments. To promote Chinese-Kazakh CLIR research and better validate GIIM’s general-
ization ability across different datasets, we construct a new Chinese-Kazakh information
retrieval dataset named CKIRD based on the Kazakh open-domain question answering
dataset KazQAD Yeshpanov et al. (2024). Specifically, we translate the Kazakh queries in
KazQAD into Chinese, constructing a dataset containing 5,963 Chinese queries and 825,309
Kazakh passages. The training, validation, and test sets of this dataset contain 4,663, 300,
and 1,000 queries respectively, forming a total of 11,820 query-passage pairs with binary
labels.

The main contributions are as follows:
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– We construct a new dataset named CKIRD for Chinese-Kazakh CLIR, which provides
crucial data support for Chinese-Kazakh CLIR research.

– We propose a new framework, namely GIIM, for Chinese-Kazakh CLIR task. GIIM
unifies query-document pairs and entity information from the MLKG into a graph
structure, incorporating structured semantic information into the retrieval process
through GNNs.

– We evaluate GIIM on both our constructed dataset CKIRD and the public dataset
CLIRMatrix. The experimental results clearly demonstrate that GIIM significantly
outperforms existing methods on Chinese-Kazakh CLIR task.

2. Related Work

2.1. CLIR Based on mPLMs

With the success of multilingual pre-trained language models (mPLMs) Pires et al. (2019);
Jiang et al. (2022), dense retrieval based on semantic representations has become a major
research direction for CLIR Zhao et al. (2024). Most existing methods follow a ”retrieval-
then-rerank” pipeline Nogueira et al. (2019); Karpukhin et al. (2020), in which a dual-
encoder retrieves candidate documents in a shared semantic space, followed by a cross-
encoder to optimize ranking. A representative framework is CEDRMacAvaney et al. (2019),
which integrates BERT with neural ranking architectures such as DRMM Guo et al. (2016),
KNRM Xiong et al. (2017b), and PACRR Hui et al. (2017) to enhance query-document
interaction modeling. CEDR includes several variants, where VanillaBERT serves as the
simplest form that directly applies BERT’s classification capability for document ranking.
In addition, OPTICAL Huang et al. (2023) introduces optimal transport distillation to
further improve CLIR performance, especially for low-resource languages. However, most
existing studies focus on high-resource language pairs such as Chinese-English or English-
Russian, while limited work has explored the Chinese-Kazakh scenario. To our knowledge,
this work is the first systematic study that focuses on the reranking stage of Chinese-Kazakh
CLIR.

2.2. Applications of MLKG in CLIR

To enhance retrieval accuracy, MLKG has been increasingly used in CLIR as external se-
mantic resources. Early works such as XKnowSearch Zhang et al. (2016), AttR-Duet Xiong
et al. (2017a), and EDRM Liu et al. (2018) integrated entities, relations, and descriptions
to alleviate limitations of keyword-based retrieval. More recent studies combine MLKG
with mPLMs. For example, Cao et al. Cao et al. (2024) proposed a dual-encoder archi-
tecture that integrates knowledge graphs with text-level structures to improve semantic
disambiguation in word sense discrimination tasks. In CLIR, HIKE Zhang et al. (2022)
adopted hierarchical fusion of MLKG information, and KEPT Zhang et al. (2024a) fur-
ther incorporated contrastive learning to enhance cross-lingual dense retrieval. While these
models leverage entity information effectively, most still rely on simple feature stacking and
overlook deeper entity relationships and multi-hop semantic propagation, limiting the full
potential of knowledge graphs.
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2.3. Application of GNNs in NLP and Information Retrieval

Compared to approaches that integrate entity information through simple vector stack-
ing, GNNs demonstrate stronger capabilities in modeling complex semantic relationships.
GNNs can aggregate information from neighboring nodes in graph-structured data, thereby
optimizing node representations. This makes them widely applicable on tasks such as text
classification and question-answering systems Wang et al. (2024); Vo (2022). BertGCN Lin
et al. (2021) is a typical example, which combines BERT with GCN to perform label prop-
agation and semantic enhancement on document graph structures, significantly improving
text classification performance.

In the field of information retrieval, Li et al. Li et al. (2020) proposed a neural informa-
tion retrieval model based on user behavior graphs such as click graphs and conversation
graphs. By leveraging graph structures to uncover latent semantic associations, this ap-
proach enhances retrieval effectiveness. Liu et al. Liu et al. (2022) introduced GNN-Encoder,
constructing graph structures between queries and documents and fusing interaction infor-
mation, which notably improves the performance of dense paragraph retrieval. Although
GNNs have shown excellent performance on monolingual tasks, their application in CLIR
remains in its early stages, particularly for low-resource language pairs like Chinese-Kazakh,
where exploration is still lacking.

3. Methodology

Figure 2: The overall framework of GIIM.

This section introduces the proposed GIIM framework for Chinese-Kazakh CLIR. The
core idea is to leverage MLKG to enhance cross-lingual semantic alignment by modeling
entity information as graph structures and integrating it into the query-document matching
process. GIIM consists of four main components: multilingual encoding of queries, docu-
ments, and entities; cross-lingual entity alignment; graph-based information integration;
and the final matching and optimization procedure. The details of each component are
described below.
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3.1. Multilingual Encoder

The objective of the multilingual encoder is to encode query-document pairs, and the cor-
responding entities along with their neighboring entities in the MLKG into vector represen-
tations.

For a given Chinese query q and a Kazakh document d, we first link q to its corresponding
entity eq and neighboring entities nei, obtaining their labels L and descriptions P . The
query-document pair and the entity label-description pairs are then encoded separately
using a multilingual encoder to obtain their vector representations, as follows:

vqd = Multi-Encoder([[CLS], q, [SEP ], d]) (1)

velq
= Multi-Encoder([[CLS], Ll

eq , [SEP ], P l
eq ])

vnl
ei
= Multi-Encoder([[CLS], Ll

nei
, [SEP ], P l

nei
])

(2)

We employ mBERT as the Multi-Encoder and extract the embedding of the [CLS] token
from the final layer as the vector representation vqd, velq

, vnl
ei
for the query-document pair

and the entity label-description pairs. Where l ∈ {s, t} indicates the source language
(Chinese) or target language (Kazakh). Ll

eq and P l
eq represent the label and description

of eq, while Ll
nei

and P l
nei

represent the label and description of nei, i = {1, 2, 3, ..., N}. For
each query, we use the BGE1 embedding model to compute the cosine similarity between the
query and all neighboring entities of the corresponding entity, selecting the top N similar
neighboring entities. Here, vqd,velq

,vnl
ei
∈ R1×dim. We define vel = (velq

⊕vnl
e1
⊕...⊕vnl

eN
) ∈

R(N+1)×dim, where⊕ denotes the horizontal concatenation operation of vectors. vel provides
the key input for entity alignment.

3.2. Entity Alignment

Entity alignment aims to reduce the distance between entity representations of different
languages in the semantic space, thereby providing higher-quality entity node representa-
tions for graph information integration. We employ contrastive learning to perform entity
alignment, bridging the semantic gap between Chinese and Kazakh entity representations.

For each entity, we define the source language and target language representations of
the same entity as positive pairs, while representations of different entities in the target
language serve as negative samples within a batch. We optimize the entity information
alignment using the InfoNCE He et al. (2020) loss function, defined as follows:

LSCL = − 1

N + 1

N+1∑
i=0

log
exp(sim(vesi

,v+
eti
)/τ)∑N

j=0 exp(sim(vesi
,vetj

)/τ)
(3)

Where vesi
represents the i-th row vector of ves . When i = 0, ves0

is the vector rep-
resentation of the query’s corresponding source language entity information vesq . When

i = {1, 2, 3, ..., N}, vesi
represents vns

ei
. The same applies to veti

. v+
eti

represents the positive

sample corresponding to the source language entity vector, i.e., the vector representation

1. https://huggingface.co/BAAI/bge-base-zh-v1.5
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of the same entity in the target language. The function sim(, ) denotes the cosine simi-
larity between samples, and τ is the temperature coefficient, serving as a hyperparameter
to control the smoothness of the similarity distribution. The aligned entity information
representations, denoted as v′

esi
and v′

eti
, along with vqd, serve as inputs for the subsequent

graph information integration.

3.3. Graph Information Integration

In the graph information integration process, query-document pairs and query-related en-
tities are modeled as a graph structure, which is then processed through GCN Kipf and
Welling (2017) to integrate structured knowledge.

For each query-document pair, a graph G = (X,A) is constructed, where nodes corre-
spond to the vectors vqd, v

′
esi
, and v′

eti
. The total number of nodes is n = 2(N+1)+1. These

node representations are stacked to form the node feature matrix X ∈ Rn×dim, with each
row representing a node. The adjacency matrix A ∈ Rn×n encodes the node connections:
the query-document node connects to its corresponding entities in both languages; each
entity connects to its cross-lingual counterpart; and within each language, the query’s en-
tity connects to all neighboring entities. This design results in a star-shaped topology that
bridges textual and knowledge graph information while preserving cross-lingual alignment.
Self-loops are added to form Ã = A+ In. Finally, we employ an l-layer GCN to aggregate
node information, as follows:

X(l) = σ(D̃
− 1

2 ÃD̃
− 1

2X(l−1)W (l)) (4)

Where l = {1, 2, 3...}. D̃ is the degree matrix of Ã, X0 = X = [vqd
T ⊕ v′

esi

T ⊕ v′
eti

T ]T with

the superscript T denoting the transpose operation, ⊕ denotes the horizontal concatenation
operation of vectors and W (l) is the weight matrix of the l-th layer. The function σ(·)
denotes the ReLU activation function.

After the GCN operations, we obtain the final node representations X(l). As shown in
Equation (5), to generate the graph representation vg that captures the aggregated semantic
information from all nodes, we apply mean pooling across all node representations.

vg =
1

n

n∑
i=1

X
(l)
i (5)

Where X
(l)
i represents the i-th node representation from the final GCN layer, and vg ∈

R1×dim.

3.4. Query-Document Matching and Loss Function

As shown in Equation (6), before computing the query-document score, we integrate the
graph-based semantic information by passing vqd and vg through a k-layer multi-layer per-
ceptron (MLP) to obtain the query-document representation that aggregates graph infor-
mation vqdg.

vqdg = h(k) = tanh(h(k−1)W (k) + b(k)) (6)
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Where h(0) = [vqd ⊕ vg] ∈ R1×2dim, h(k) represents the hidden representation at layer k,

and W (k) and b(k) are the weight matrix and bias vector for layer k, respectively. The tanh
function serves as the activation function for each layer. We take the output of the final
MLP layer to obtain vqdg .

The final relevance score between the query and document is computed as follows:

f(q, d) = [vqd ⊕ vqdg ]W + b (7)

Where f(q, d) represents the relevance score between query q and document d, [vqd⊕vqdg ] ∈
R1×2dim denotes the concatenation of input vectors,, W ∈ R2dim×1 is the weight matrix,
and b ∈ R1×1 is the bias vector.

During training, for the positive document d+ and negative document d− of the current
query q, we can obtain their relevance scores f(q, d+) and f(q, d−). As shown in Equa-
tion (8), we apply the softmax operation to map the scores to the (0, 1) interval, obtaining
the normalized scores Sqd+/Sqd− between the query and positive/negative documents.

Sqd+ , Sqd− = softmax(f(q, d+), f(q, d−)) (8)

Where d+ ∈ D+
q and d− ∈ D−

q , and the sets D+
q and D−

q represent relevant and irrelevant
documents for query q, respectively.

We adopt the standard pairwise hinge loss to optimize the model’s ranking capability,
defined as follows:

LHinge =
∑

d+∈D+
q

∑
d−∈D−

q

max(0, 1− Sqd+ + Sqd−) (9)

The overall training objective combines the InfoNCE loss for entity alignment and the
pairwise hinge loss for ranking optimization, as follows:

L = λLSCL + (1− λ)LHinge (10)

Where the hyperparameter λ ∈ [0, 1) controls the trade-off between these two objectives,
allowing GIIM to balance the emphasis on cross-lingual entity alignment and document
ranking optimization during training.

4. Experiments

In this section, we present a comprehensive evaluation of the proposed GIIM framework on
Chinese-Kazakh CLIR tasks. We describe the datasets and evaluation metrics used, detail
the implementation settings, and report results in terms of overall ranking performance,
ablation studies, and parameter sensitivity analysis. These experiments are designed to
assess the effectiveness, robustness, and generalizability of GIIM across different retrieval
scenarios.
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4.1. Datasets and Evaluations

4.1.1. Datasets

We evaluate GIIM on two datasets: (1) CLIRMatrix Sun and Duh (2020), a large-scale
CLIR benchmark that includes the CLIR subset BI-139 and the multilingual retrieval sub-
set MULTI-8. In this work, the BI-139 subset is used for Chinese-Kazakh CLIR, where
the query language is Chinese and the document language is Kazakh. The training set
contains 10,000 queries, with 1,000 queries each in the validation and test sets. Each query
is associated with 100 candidate documents, and labels are multi-level relevance scores in
{0, 1, 2, 3, 4, 5, 6}, where higher scores indicate stronger relevance. (2) CKIRD, a Chinese-
Kazakh information retrieval dataset constructed based on the Kazakh open-domain ques-
tion answering dataset KazQAD Yeshpanov et al. (2024). The original Kazakh queries
were translated into Chinese using Google Translate2, and the dataset was re-split into
4,663 queries for training, 300 for validation, and 1,000 for testing. Similar to CLIRMatrix,
100 candidate passages were constructed for each query, with binary relevance labels {0, 1}
for reranking.

Table 1: Statistical Comparison of CLIRMatrix and CKIRD Datasets

Attribute
Dataset CLIRMatrix CKIRD

Train Test Dev Train Test Dev

Chinese Queries 5,087 1,088 387 4,653 1,000 298
Annotated query-document pairs 508,700 108,800 38,700 9,531 1,748 518
Avg. Relevant Docs/Passages 10.57 10.74 11.31 1.19 1.41 1.41
Candidate Docs/Passages - 100 100 - 100 100
Relevance Label Multi-level Binary
Task Type Document Retrieval Passage Retrieval

Wikidata Vrandečić and Krötzsch (2014) is used as the MLKG in this study. We man-
ually annotated all Chinese queries in both CLIRMatrix and CKIRD with corresponding
entities and retrieved their Chinese, Kazakh, and English labels and descriptions via the
Wikidata API 3. Missing information in Chinese or Kazakh was supplemented through En-
glish translation. Queries without matching entities were removed. Table 1 presents the
statistics of the two datasets after preprocessing. It is worth noting that the number of
Chinese queries in the table is lower than that in the original datasets due to the removal
of queries without matched entities.

4.1.2. Evaluation Metrics

To evaluate GIIM’s performance, we employ Mean Reciprocal Rank (MRR@n) and Nor-
malized Discounted Cumulative Gain (NDCG@n) at cutoff points n ∈ {1, 5, 10}. MRR@n
measures the ability to rank relevant documents higher, especially important for precision-

2. https://translate.google.com/
3. https://www.wikidata.org/w/api.php
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focused retrieval scenarios, while NDCG@n evaluates the quality of ranking considering
both relevance and position.

4.2. Ranking Performance Comparison

Table 2 presents the ranking performance of GIIM compared to various baseline models
on the CLIRMatrix and CKIRD datasets. The results demonstrate that GIIM achieves
the best performance across all MRR and NDCG metrics. On the CLIRMatrix dataset,
GIIM improves MRR@1 and NDCG@1 scores by 2.39% and 2.65% respectively compared
to the HIKE model, which also enhances CLIR through MLKG. These results validate that
graph-based information integration approaches offer significant advantages over traditional
vector stacking methods, particularly in identifying highly relevant documents. Moreover,
even when compared against advanced models specifically designed for multilingual text
retrieval such as BGE-reranker-v2-m3 and mGTE-reranker, GIIM maintains its leading
position across all metrics. This further demonstrates that incorporating entity information
from MLKG relevant to the query effectively narrows the semantic gap between Chinese
and Kazakh, thereby enhancing the model’s semantic understanding of queries. On the
CKIRD dataset, despite the challenges of binary passage-level classification and sparse
relevant passages, GIIM still maintains its leading performance across all evaluation metrics.
This fully demonstrates the method’s strong adaptability and robustness in low-resource
and label-sparse scenarios. Considering the experimental results from both datasets, it is
evident that GIIM significantly enhances semantic alignment between Chinese and Kazakh
by deeply aggregating structured semantic information from MLKG, thus achieving more
stable and efficient ranking performance on CLIR tasks.

Table 2: Retrieval performance comparison between GIIM and other models on CLIRMatrix
and CKIRD datasets (%)

Dataset Model MRR@1 MRR@5 MRR@10 NDCG@1 NDCG@5 NDCG@10

CLIRMatrix

VanillaBERT MacAvaney et al. (2019) 68.38 77.92 78.57 49.40 58.91 64.63
CEDR-DRMM MacAvaney et al. (2019) 72.06 79.78 80.35 51.48 58.91 64.00
CEDR-KNRM MacAvaney et al. (2019) 77.02 83.48 84.10 57.23 63.05 68.15
CEDR-PACRR MacAvaney et al. (2019) 73.35 81.37 81.81 53.75 60.48 64.62
HIKE Zhang et al. (2022) 79.41 85.90 86.27 58.79 65.82 70.59
BGE-reranker-v2-m3 Chen et al. (2024) 78.95 85.12 85.48 58.46 65.04 70.21
mGTE-reranker Zhang et al. (2024b) 79.10 85.97 86.31 58.92 66.10 70.82
GIIM(ours) 81.80 87.09 87.43 61.44 67.25 71.76

CKIRD

VanillaBERT MacAvaney et al. (2019) 66.10 78.05 78.41 66.10 80.28 81.97
CEDR-DRMM MacAvaney et al. (2019) 59.90 71.47 72.30 59.90 72.63 75.78
CEDR-KNRM MacAvaney et al. (2019) 78.10 86.18 86.42 78.10 87.05 88.28
CEDR-PACRR MacAvaney et al. (2019) 66.70 78.49 79.00 66.70 81.30 83.16
HIKE Zhang et al. (2022) 77.40 86.03 86.26 77.40 87.25 88.46
BGE-reranker-v2-m3 Chen et al. (2024) 77.20 85.79 86.07 77.20 86.98 88.02
mGTE-reranker Zhang et al. (2024b) 77.90 86.11 86.32 77.90 87.31 88.47
GIIM(ours) 78.40 86.20 86.46 78.40 87.54 88.71

4.3. Ablation Study

To validate the contributions of each module in the GIIM model to retrieval performance, we
conducted ablation experiments. We analyzed the impact of entity alignment (EA), graph
information integration (GII), and adjacent entity information. The specific experimental



GIIM

settings are as follows: (1) Removing the EA module to study its effect on GCN’s integration
of graph information; (2) Removing the GII module to analyze its impact on retrieval
performance; (3) Deleting adjacent entity information to investigate its contribution to
retrieval performance. The experimental results are shown in Table 3.

Table 3: Ablation study results of GIIM on CLIRMatrix and CKIRD datasets (%)

Dataset Model MRR@1 MRR@5 MRR@10 NDCG@1 NDCG@5 NDCG@10

CLIRMatrix

w/o EA + GII 68.38 77.92 78.57 49.40 58.91 64.63
w/o GII 79.78 86.07 86.38 58.94 65.48 70.20
w/o EA 79.96 85.81 86.26 58.99 65.49 70.38
w/o neighboring entities info 81.37 86.81 87.25 60.92 66.82 71.45
GIIM(ours) 81.80 87.09 87.43 61.44 67.25 71.76

CKIRD

w/o EA + GII 66.10 78.05 78.41 66.10 80.28 81.97
w/o GII 75.60 83.97 84.37 75.60 85.07 86.74
w/o EA 72.50 82.79 83.16 72.50 84.56 86.06
w/o neighboring entities info 76.30 85.01 85.37 76.30 86.72 87.77
GIIM(ours) 78.40 86.20 86.46 78.40 87.54 88.71

From Table 3, it is evident that GIIM achieves the best retrieval performance compared
to the other incomplete model variants, indicating that each module contributes significantly
to ranking performance. Specifically, removing the entity alignment module hinders the
GCN from effectively aggregating structural information across cross-lingual entities, lead-
ing to a notable performance drop. Eliminating the integration module prevents the model
from fully leveraging the semantic structure of the knowledge graph, making it rely solely
on alignment information from contrastive learning, which also limits retrieval accuracy.
Furthermore, the results of removing adjacent entity information suggest that, although its
contribution to performance improvement is limited, it still offers certain value in enhancing
the contextual semantics of queries. This is particularly evident in the CKIRD dataset—a
low-resource, passage-level binary classification retrieval task—where the absence of any
single module results in varying degrees of performance degradation. These findings further
validate the critical role of structured semantic fusion in supporting Chinese-Kazakh CLIR
tasks.

4.4. Parameter Sensitivity Analysis

To further investigate the impact of hyperparameters on the performance of the GIIM
model, we evaluated the effects of the number of neighboring entities N and the contrastive
learning loss weight λ on ranking performance. The results are shown in Figure 3. On
the CLIRMatrix dataset, a moderate increase in N provides additional semantic support,
while an excessive number of neighbors may introduce noise. For λ, a balance must be
struck between enhancing entity alignment and optimizing the ranking objective; overly
large values of λ can weaken the model’s ability to match queries with documents. On
the CKIRD dataset, the observed parameter sensitivity trends closely align with those on
CLIRMatrix, with optimal performance consistently achieved at N = 4 and λ = 0.3. This
consistency across datasets demonstrates GIIM’s robustness and transferability in diverse
retrieval scenarios. Overall, proper configuration of these two key parameters plays a crucial
role in improving model performance and offers valuable guidance for real-world deployment.
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Figure 3: Performance trends of GIIM under varying numbers of neighboring entities (N)
and contrastive learning weights (λ) on CLIRMatrix and CKIRD datasets. (a)–(d) show
MRR@n and NDCG@n scores on CLIRMatrix under fixed λ ((a), (b)) and fixed N ((c),
(d)); (e)–(h) present the corresponding results on CKIRD. The results indicate that model
performance is stable within a moderate range of N and λ, with optimal performance
achieved at N = 4 and λ = 0.3.

5. Conclusion

In this paper, we propose GIIM, which leverages structured knowledge from MLKG to
integrate query-document and related entity information through graph reconstruction.
It effectively overcomes the limitations of simple vector stacking approaches and enables
deeper modeling of entity relationships and semantic connections, thereby enhancing seman-
tic alignment in Chinese-Kazakh CLIR. To support evaluation, we constructed CKIRD, a
new Chinese-Kazakh paragraph retrieval dataset containing 5,963 Chinese queries, 825,309
Kazakh passages, and approximately 11,820 annotated query-paragraph pairs. Comprehen-
sive experiments on CLIRMatrix and CKIRD datasets demonstrate that GIIM consistently
outperforms the strong CLIR baseline HIKE, achieving an average improvement of 1.58% in
MRR and 1.75% in NDCG. These results validate the effectiveness of our graph information
integration method.

The core innovation of GIIM lies in its heterogeneous graph structure that unifies query-
document pairs and multilingual entities, enabling deep semantic propagation through
GCNs and cross-lingual alignment via contrastive learning. Unlike traditional vector stack-
ing approaches, GIIM models complex semantic paths and hierarchical knowledge propaga-
tion. The framework demonstrates transferability to other low-resource language pairs such
as Chinese-Mongolian and Chinese-Uyghur. While depending on MLKG quality, future
work will explore leveraging large language models to enhance entity information robust-
ness.
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