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As a prevailing post-processing tool for image retrieval, re-ranking typically leverages high-confidence
retrieved samples to refine the initial ranking list. However, a significant challenge persists: existing re-ranking
methods are computationally intensive, leading to impractical time costs for real-world applications. To
overcome this limitation, we first review current re-ranking techniques and then introduce a novel real-
time approach by reformulating the re-ranking process as a highly-parallel Graph Neural Network (GNN).
Specifically, we decompose the traditional neighbor-based re-ranking into two distinct stages: retrieving
high-quality gallery samples and refining neighbor similarity. We propose that the first stage can be effectively
replaced by constructing a k-nearest neighbor (knn) graph, while the second stage can be implemented by
propagating messages within this graph. In practice, since the knn graph is sparse, the GNN only considers a
limited number of vertices and their connected edges, enabling efficient updates of vertex features. We validate
the effectiveness and efficiency of our approach through extensive experiments on five datasets. For example,
on the Market-1501 dataset, our method accelerates the re-ranking process to 9.4ms using a single K40m
GPU. Additionally, we observe similar acceleration results on the other four retrieval benchmarks, Paris-6k,
Oxford-5k, VeRi-776, and University-1652, while maintaining competitive performance.
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1 INTRODUCTION
Re-ranking leverages retrieved samples with high confidence to rank the initial ranking list
again [5, 35, 72] (see Fig. 1), which is usually viewed as a post-processing tool. It has been widely
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Fig. 1. Illustration of re-ranking. The images in green boxes are true matches, and the images in pink
boxes are false matches. From subfigure (a), we observe that the negative sample usually attracts neighbors
of different identities, while the neighbour of true matches are closer to the original query. Therefore, by
comparing the neighbor similarity, re-ranking can filter out the hard negatives from high-confidence retrieved
samples and rank the initial ranking list again (see subfigure (b)).

adopted in various of retrieval tasks [39], such as person retrieval [34], vehicle retrieval [25] and
localization [67]. Re-ranking methods can be divided into two categories according to similarity
criteria, i.e., feature similarity [36] and neighbor similarity [1, 71]. Given a pair of images, feature
similarity is generally evaluated based on the Euclidean distance or cosine distance in the feature
space. In contrast, neighbor similarity measures the number of shared neighbors. If two samples
share more neighbors, they will obtain a higher neighbor similarity score. Generally, the neighbor-
based methods outperform the feature-based methods because they are robust to hard negatives,
which usually present a different neighbor set compared with the true-matches (see Fig. 1). In
this paper, we mainly study the neighbor-based re-ranking methods due to their robustness and
superior performance. However, there remains a common and challenging problem that they are
time-consuming due to the high computational complexity. For instance, the 𝑘-reciprocal re-ranking
[71] adopts a reciprocal-neighbor rule to calculate the Jaccard distance in a sequential manner,
which requires massive set comparison operations.

To address the problem of unaffordable high complexity, we consider the feasibility of the
parallel inference. Graph neural network (GNN) is a powerful tool that can process data with
topology structures in a parallel way. To leverage the effectiveness and efficiency of graph neural
network (GNN), we reformulate the re-ranking process as a high-parallelism GNN to efficiently
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conduct the re-ranking operations, e.g., neighbor calculation and query expansion. Different from
the convolution operation in CNN that computation can only take place within local regions, GNN
propagates the features of vertexes and edges over the entire graph. In particular, the neighbor-
based re-ranking process can be divided into two phases, i.e., retrieving high-confidence gallery
samples and refining neighbor similarity. In the first phase, these methods select the high-confidence
samples according to the initial rank list. For the second phase, local query expansion is used to
refine the neighbor similarity. We argue that the first stage can be replaced by building the 𝑘-nearest
neighbor (𝑘-NN) graph, capturing the topology structure among data. The second phase can be
implemented by propagating the message in the graph. Considering the graph is sparse and GNN
only concerns vertexes with the connected edges, we can efficiently update vertex features. On the
Market-1501 dataset [64], we accelerate the re-ranking processing to 9.4ms on GPU, facilitating the
real-time post-processing for retrieval tasks. Furthermore, we observe similar acceleration results
on other benchmarks while maintaining competitive performance. Overall, the main contributions
of this work are summarized as follows:

• We identify the challenging problem in applying re-ranking approaches to the real-world
scenarios, i.e., large time cost due to high computation complexity. To address this limita-
tion, we revisit re-ranking methods and demonstrate that the re-ranking process can be
re-formulated as a high-parallelism Graph Neural Network (GNN), which facilitates the
real-time post-processing for retrieval tasks.
• Extensive experiments on five datasets, i.e., Market-1501 [64], VeRi-776 [26], Oxford-5k [32],
Paris-6k [33] and University-1652 [67], have shown that the proposed method can signifi-
cantly accelerate the re-ranking process. Compared to conventional re-ranking methods, our
approach achieves competitive or even superior retrieval performance. Additionally, we will
release our code as open-source to benefit the research community.

2 RELATEDWORK
Image Retrieval. General image retrieval aims at retrieving an instance of interest across multiple
different cameras from different viewpoints. With the urgent demand for public safety in real-world
scenarios, there has aroused significant interest in the computer vision community. Retrieval is a
challenging task due to the violent viewpoints, image blur, severe occlusions, and varied illumination.
Early research works mainly focus on building discriminative handcrafted features [28]. In recent
years, with the advancement of deep neural networks, retrieval has achieved significant performance
in many benchmarks. Several works design effective loss functions, e.g., triplet loss [12], N-pair
loss [40], instance loss [68], contrastive loss [49] and ranked list loss [50], in deep metric learning
methods to pull images of the same identity close and push different instances far away [11, 65]. For
instance, Zheng et al. [69] combine the cross-entropy loss with widely-used label smoothing [29]
to optimize the model. Characterized by a siamese network, some re-id approaches [44] are also
trained over multiple metric learning objectives. Another popular pipeline for retrieval tasks is
to leverage part-level [4] and multi-level [52] fine-grained features. To obtain better matching
results, Cheng et al. [3] propose a robust fusion strategy by gathering the strengths of various
methods, while several works [48, 70] focus on the local part matching. The fine-grained parts can
be roughly estimated with prior position knowledge [66], keypoint detection [22], and semantic
parsing [16]. The auxiliary information, e.g., attributes [23] and text descriptions [59], further
promotes performance by eliminating hard negatives.
Re-ranking. Different from model pruning [51] during training time, the re-ranking method
is one of the common post-processing acceleration methods for retrieval, which can be divided
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into two categories according to similarity criteria, i.e., feature similarity, and neighbor similar-
ity. Feature similarity-based methods enrich the query feature and re-calculate the one-to-one
similarity. For instance, both Tan et al. [41] and Zhang et al. [63] introduce a contrastive trans-
former to re-rank the top-100 matches, while Lee et al. [18] further leverage multi-layer features.
Wang et al. [46] take advantage of query augmentation to conduct similarity ensemble. The average
query expansion(AQE) [5] directly adopts the averaged feature the top-𝑘 gallery as the new query
feature. Radenovic et al. [36] propose 𝛼-weighted query expansion by assigning different weights
to the gallery samples. Iscen et al. [14] introduce a new retrieval approach by capturing distinct
representations in the feature space. The proposed regional diffusion mechanism can handle one
or more query features at the same cost. Sparse contextual activation (SCA) [1] is proposed to
encode the local neighbor contextual distribution of features with the generalized Jaccard metric.
Zhong et al. [71] design an effective 𝑘-reciprocal re-ranking method, which incorporates the ad-
vantages of 𝑘-reciprocal nearest neighbors [35] into SCA [1]. Shen et al. [37] explore 𝑘-reciprocal
relation to refine the subgraph similarity, especially for few-shot learning. Another line of approach
requires extra image annotations. These algorithms use human interaction or label supervision.
Furthermore, several methods are based on the ensemble of different ranking metrics to refine
the final list. For example, multiple distance measure fusion, rank aggregation, and ranking list
comparison also have proven to be effective in the retrieval tasks. To accelerate the online image
search, Yang et al. [57] propose a new diffusion algorithm using a simple linear combination in
the 𝑘-NN search process. Without the need for label information, Dou et al. [8] directly train the
Graph Diffusion Networks (GRAD-Net) to depict the diffusion process with two loss functions.
In general, most re-ranking algorithms pay attention to the ranking performance but neglect the
computation efficiency for real-world applications. Different from existing methods, we mainly
study the efficiency of re-ranking approaches and intend to simultaneously achieve competitive
performance and high computation efficiency.
Graph Neural Networks. Graphs [60] are the data structure that models plenty of objects (nodes)
and the relationships (edges) [55]. Graph Neural Networks (GNNs) [27] are introduced by [10] to
process the structured graph data. Gori et al. [10] extend GNNs from recursive neural networks
(RNNs) to process graphs without losing the topological information. Specifically, existing graph
construction approaches [2] can be divided into two categories, i.e., the graph Laplacian spectrum-
based method and the hierarchical domain clustering method. Several models also extend the CNNs
to graphs. Kipf et al. [17] propose to directly encode the graph structure and features of vertexes
by a Graph Convolutional Network (GCN). The ability to leverage message-passing mechanisms
enables GCN [54] capture collaborative effects in graph data. Other graph models, such as Graph
Attention Network(GAT), EdgeConv, and GraphSAGE, are proposed to tackle the graph tasks. In
recent years, GNNs are also applied to the computer vision field, including face clustering, 3D
person retrieval, action recognition, and weakly supervised object detection [62]. Some researchers
have also applied graph models to the retrieval tasks. For instance, a similarity-guided graph
neural network (SGGNN) [38] is proposed to produce the similarity estimation and incorporate the
graph building to refine feature representations in one batch. Another popular line is similarity
propagation and diffusion such as applying random walk on the nearest neighbor graph [24].
For example, Iscen et al. [13] propose a hybrid retrieval technique that leverages both temporal
and spectral filtering. Recently, Ji et al. [15] introduce a new Context-Aware Graph Convolution
Network (CAGCN) for Re-ID tasks. By taking a query image and several candidate gallery samples
as inputs, CAGCN [15] can output the relationship between the query and each gallery image
directly. To exploit the training data in the learning process, these graph-based methods integrate
GNN into both the training and testing processes to utilize the relations between vertexes. However,
their performance is not as good as traditional re-ranking algorithms. The major limitation of
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Building a k-NN Graph Propagating Messages

The First Phase The Second PhaseFeature ExtractionInput Images

matrix
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Fig. 2. The pipeline of our approach. In the first phase (left), we build the 𝑘-NN graph and calculate the
vertex features, capturing the topology structure among data. For the second phase (right), we employ the
GNN to aggregate features from high-confidence samples (vertexes inside the dotted circle). The colored
vertexes represent the aggregated features.

this line of methods is that the graph is built on a small set of data points, especially within a
mini-batch, which discards massive contextual information in the total dataset. Therefore, the
messages propagated by GNN are restricted in a local region and unable to make use of the global
information. Similarly, Wang et al. [45] also propose Nformer to calculate the neighbor relation via
the transformer structure. It requires extra training on the target dataset, and the performance is
also largely affected by minority classes. Different from existing methods, we propose a GNN-based
re-ranking method building on the entire dataset, capturing the topology structure of the data.

3 METHODOLOGY
ProblemDefinition.Given a query image𝑞 and a gallery set with𝑛𝑔 imagesG = {𝑔𝑖 |𝑖 = 1, 2, ..., 𝑛𝑔},
retrieval is to find relevant images of the query among a large number of candidate images in the
gallery. Generally, we map images to a semantic feature space and sort gallery images according to
the feature similarity. The re-ranking approach is used to further refine the initial retrieval result.

3.1 Neighbor-based Re-ranking
Re-ranking methods usually leverage the extra information based on additional criteria, i.e., the
neighbor similarity between images. In this section, we briefly review this typical neighbor-based
re-ranking method, which consists of two main steps. In the first step, it encodes the weighted
𝑘-reciprocal neighbor set, i.e., high-confidence samples, into a 𝑘-reciprocal feature. In the second
step, the 𝑘-reciprocal feature is improved by the local query expansion, fusing feature representation
of neighbor samples. The final distance is calculated as the weighted sum of the original distance
and the Jaccard distance.
Construction of 𝑘-reciprocal Neighbors.We define N(𝑞, 𝑘) as the 𝑘-nearest neighbors (top-𝑘
samples in the initial ranking list) of the query image 𝑞. R(𝑞, 𝑘) is denoted as the 𝑘-reciprocal
nearest neighbors of 𝑞 in the gallery, which can be formulated as:

R(𝑞, 𝑘) = {𝑔𝑖 | (𝑔𝑖 ∈ N (𝑞, 𝑘)) ∩ (𝑞 ∈ N (𝑔𝑖 , 𝑘))}. (1)

R(𝑞, 𝑘) explicitly considers the neighbors of the nearest samples, enabling the cross-check of
neighbor relations. Therefore, the 𝑘-reciprocal nearest neighbors can effectively reduce the noisy
false matches in the high-confidence candidates. To avoid ambiguity, here we denote the
number of the nearest neighbors for 𝑘-reciprocal feature calculation as 𝑘1. Considering
the severe visual appearance changes due to the pose and the occlusion, Zhong et al. [71] further
introduce a refined expansion set R∗ (𝑞, 𝑘1) by adding the 1

2𝑘1-reciprocal nearest neighbors of each
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candidate in R(𝑞, 𝑘1) as:

R∗ (𝑞, 𝑘1) ← R(𝑞, 𝑘1) ∪ R(𝑔,
1
2
𝑘1)

𝑠 .𝑡 .|R(𝑞, 𝑘1) ∩ R(𝑔,
1
2
𝑘1) | ≥

2
3
|R(𝑔, 1

2
𝑘1) |

∀𝑔 ∈ R(𝑞, 𝑘1),

(2)

where | · | denotes the number of candidates in the set. Given the refined nearest neighbor
set R∗ (𝑞, 𝑘1), the neighbor information can be encoded as one 𝑘-reciprocal feature vector 𝐹𝑞 =

[𝐹𝑞,𝑔1 , 𝐹𝑞,𝑔2 , ..., 𝐹𝑞,𝑔𝑛𝑔 ], where:

𝐹𝑞,𝑔𝑖 =

{
𝑒𝑥𝑝 (−𝑑 (𝑞,𝑔𝑖 )) if 𝑔𝑖 ∈ R∗ (𝑞, 𝑘1)
0 otherwise

, (3)

and 𝑑 (𝑞,𝑔𝑖 ) represents the Mahalanobis distance [6] between query image 𝑞 and gallery image
𝑔𝑖 . Different neighbors are treated distinctively based on neighbor relations and original pairwise
similarities [56].
Local Query Expansion. Now we obtain the 𝑘-reciprocal feature vector for every image. We could
apply the local query expansion [5] to further aggregate the similar features within N(𝑞, 𝑘2). It is
worth noting that 𝑘2 is different from 𝑘1. 𝑘2 represents the number of the nearest 𝑘-reciprocal
neighbors for query expansion. The final feature 𝐹 ∗𝑞 after the local query expansion can be
formulated as:

𝐹 ∗𝑞 =
1
𝑘2

∑︁
𝑔𝑖 ∈N(𝑞,𝑘2 )

𝐹𝑔𝑖 . (4)

We note that each neighbor is treated equally during the aggregating process. After the expansion
of 𝑘-reciprocal feature, the general Jaccard distance is defined as:

𝑑 𝐽 (𝑞,𝑔𝑖 ) = 1 −
∑𝑛𝑔

𝑗=1𝑚𝑖𝑛(𝐹 ∗𝑞,𝑔𝑗 , 𝐹
∗
𝑔𝑖 ,𝑔𝑗
)∑𝑛𝑔

𝑗=1𝑚𝑎𝑥 (𝐹 ∗𝑞,𝑔𝑗 , 𝐹 ∗𝑔𝑖 ,𝑔𝑗 )
. (5)

By calculating the ratio of common neighbors and total neighbors of 𝑞 and 𝑔𝑖 , the Jaccard distance
can measure how dissimilar the two sets are. For example, the distance equals 0 if 𝑞 and 𝑔𝑖 have
exactly the same neighbors.
Finally, distance 𝑑∗ combines the original distance and Jaccard distance to revise the initial

ranking list:
𝑑∗ (𝑞,𝑔𝑖 ) = (1 − 𝜆)𝑑 𝐽 (𝑞,𝑔𝑖 ) + 𝜆𝑑 (𝑞,𝑔𝑖 ), (6)

where 𝜆 ∈ [0, 1] denotes the penalty factor. The refined final distance is subsequently to acquire
the re-ranking list.

3.2 GNN-based Re-Ranking
In this section, we introduce the GNN-based re-ranking, which reduces the large time cost of
complicated operations in neighbor-based re-ranking methods. The key idea is that the similarity
between images can be represented as a relation graph. Set comparison operations can be replaced
by building a simple but discriminative graph, while features can be updated by the message
propagation in GNN. The proposed approach consists of the following two stages. In the first stage,
based on the entire image group (query images and gallery images), we construct a graph and
encode local information in edges. In the second stage, the proposed GNN propagates messages by
aggregating neighbor features with edge weights. The re-ranked retrieval list can be calculated
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by comparing the similarity of refined vertex features. The pipeline of our approach is shown in
Figure 2.
Graph Construction and Vertex Feature Calculation. Formally, we denote 𝑋𝑞 , 𝑋𝑔, and 𝑋𝑢

as original features of query set, gallery set, and the union of query, and gallery set, respectively.
There are 𝑛 images in the query and gallery set in total. Let 𝐺 = (V, E) denote the graph where
V = {𝑣1, ..., 𝑣𝑛} are the vertexes and E ⊆ V ×V are the edges. Each image is a vertex on the graph
and connected edges represent the similarity between vertexes.

First of all, cosine similarity matrix 𝑺 is calculated:

𝑺𝑖 𝑗 = 𝑐𝑜𝑠 (𝑥𝑖 , 𝑥 𝑗 ),
where 𝑥𝑖 , 𝑥 𝑗 ∈ 𝑋𝑢, 𝑋𝑢 = 𝑋𝑞 ∪ 𝑋𝑔 .

(7)

We can build the 𝑘-NN graph by connecting the edges of high-confidence samples. The top-𝑘2
samples of each vertex are connected and the weights of edges are defined as:

𝑒𝑖, 𝑗 =

{
𝑺𝑖, 𝑗 if 𝑗 ∈ N (𝑖, 𝑘2)
0 otherwise . (8)

Secondly, the feature of every vertex, considering neighbor relations, is calculated. In 𝑘-reciprocal
re-ranking, Zhong et al. [71] encode 𝑘-reciprocal feature by selecting candidates from a expansion
of 𝑘-reciprocal neighbors. Masses of set intersection and comparison operations are required when
selecting candidates, leading to huge time costs. We overcome this drawback by adopting a simple
but effective strategy to obtain the contextual information of the whole image group. Corresponding
to the 𝑘-reciprocal feature in re-ranking, we aim to encode vertex features by extracting neighbor
information from 𝑺 on the entire graph. Specifically, we first define the adjacent matrix 𝑨 as:

𝑨𝒊,𝒋 =

{1 if 𝑗 ∈ N (𝑖, 𝑘1)
0 otherwise , (9)

where N(𝑖, 𝑘1) is the 𝑘1 most similar candidates according to similarity matrix 𝑺 . Generally, an
ideal adjacent matrix should be symmetric. Further, the symmetric adjacent matrix𝑨∗ is introduced
as: 𝑨∗ = 𝑨+𝑨𝑻

2 . The value of 𝑨∗𝑖 𝑗 is derived as:

𝑨∗
𝒊,𝒋 =


1 if 𝑗 ∈ N (𝑖, 𝑘1) ∧ 𝑖 ∈ N ( 𝑗, 𝑘1)
0 if 𝑗 ∉ N(𝑖, 𝑘1) ∧ 𝑖 ∉ N( 𝑗, 𝑘1)
0.5 otherwise

. (10)

We note that 𝑨∗ encodes more adjacent information. It is because more neighbors are included
and adaptive weights are assigned to high-confidence candidates. The experimental results in the
ablation study also show 𝑨∗ performs better than 𝑨. More importantly, due to the simplicity,
symmetry and sparsity of 𝑨∗, the calculation process can be highly parallelizable and efficient.
Here we define ℎ𝑖 as the feature of vertex 𝑣𝑖 , which can be extracted from the 𝑖-th row of the

symmetric adjacent matrix 𝑨∗:
ℎ𝑖 = [𝑨∗

𝒊,1, ...,𝑨
∗
𝒊,𝒏] . (11)

Such neighbor encoding feature performs better than the original feature because the hard negative
images usually share one different neighbor set with the true matches. Hence we construct vertex
features based on neighbor similarity rather than directly adopting the original features. The
comparison between different features can be found in the ablation study.
Message Propagation. In the second phase, a feature aggregating process is required to further
improve the retrieval performance, which is achieved by a local query expansion in neighbor-based
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re-ranking methods. Similarly, in our GNN formulation, this process can be achieved by the message
propagating approach [9] on the graph. The key formula of this approach is described as below:

ℎ
(𝑙+1)
𝑖

= ℎ
(𝑙 )
𝑖
+ 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 ({𝑓 (𝑒𝑖 𝑗 ) · ℎ (𝑙 )𝑗 }), (12)

where ℎ (𝑙 )
𝑖

represents the feature of 𝑣𝑖 in the 𝑙-th layer, 𝑓 is the function to compute the weight of
propagating message and 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 represents the aggregator types: 𝑠𝑢𝑚,𝑚𝑒𝑎𝑛 or𝑚𝑎𝑥 .
We expect to find a suitable function 𝑓Θ, which can capture the relation between vertexes by

edge weights. With message propagation, high-confidence vertex features are enhanced and the
unreliable vertex features are weakened. Inspired by 𝛼-weighted query expansion (𝛼-QE) [36], we
adopt 𝑓Θ (𝑒𝑖 𝑗 ) = 𝑒𝛼

𝑖 𝑗
, where 𝛼 is a fixed value. Then the formula of our modified GNN can be refined

as below:

ℎ
(𝑙+1)
𝑖

= ℎ
(𝑙 )
𝑖
+ 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 ({𝑒𝛼𝑖 𝑗 · ℎ

(𝑙 )
𝑗
}),

where 𝑗 ∈ N (𝑖, 𝑘2), ℎ (0)𝑖
= ℎ𝑖

(13)

Besides, ℎ (𝑙+1)
𝑖

is regularized with 𝐿2 norm after every message propagation on the graph. The last
GNN layer will output the transformed vertex features ℎ (𝑙

∗ )
𝑖

. Finally, we derive the final ranking list
according to the cosine similarity of refined features. Since the high-parallelism GNN propagates
the message on the sparse graph efficiently, we can update all vertex features simultaneously.

3.3 Relation to Existing Methods
Our work is closely related to two primary methodologies in the literature: re-ranking techniques
and Graph Neural Networks (GNNs). We provide a novel perspective on the neighbor-based re-
ranking process by interpreting it through the lens of GNNs. Specifically, we decompose the
traditional neighbor-based re-ranking into two key phases: (1) retrieval of high-quality gallery
samples and (2) refinement of neighbor similarity.
Phase 1 - Retrieval of High-Quality Gallery Samples. In conventional re-ranking, such as 𝑘-

reciprocal re-ranking [71], the first phase involves identifying the 𝑘-reciprocal neighbors, which
are critical for computing Jaccard distance. This set of high-confidence samples is then expanded
by incorporating shared neighbors between the query and candidate images. However, these
operations, including the cross-checking and varying number of 𝑘-reciprocal candidates, are not
amenable to hardware acceleration due to their irregular nature and computational complexity In
contrast, our method leverages a 𝑘-Nearest Neighbor (𝑘-NN) graph to model relationships, enabling
efficient implementation via GPU-friendly matrix operations. This allows for significant speedups
and scalability, while maintaining or even improving the quality of the retrieved samples.
Phase 2 - Refinement of Neighbor Similarity. The second phase, often referred to as local query

expansion, can be viewed as a single-layer GNN with 𝛼 = 0 (in Eq. 13) and the aggregator type
sets to𝑚𝑒𝑎𝑛. Conventional methods spread the query expansion message uniformly within a local
region, without considering the relative importance of different edges. In contrast, our approach
introduces a more sophisticated message-passing mechanism, where vertex features are propagated
along with edge weights, effectively integrating both global and local information. This allows
for more nuanced and context-aware feature aggregation. Furthermore, our framework supports
various types of aggregators, providing flexibility in how information is combined. As shown in
our experiments, increasing the number of GNN layers (e.g., two layers) further refines the vertex
features, leading to improved performance.
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Before re-ranking After re-ranking

Fig. 3. Comparison of the feature distribution before and after re-ranking. We randomly select 9
identities and plot the corresponding features with t-SNE visualization [42]. The different color dots denote
different identities. We observe that the feature clusters become more compact after re-ranking.

4 EXPERIMENT
We conduct experiments on five retrieval datasets of different application scenarios, including a
person retrieval dataset Market-1501 [64], a vehicle retrieval dataset VeRi-776 [26], two landmark
retrieval datasets, i.e., Oxford-5k [32] and Paris-6k [33], and a drone-based geo-localization dataset
University-1652 [67].

We mainly report mean average precision (mAP) and Recall@K.
Implementation Details. When testing, we deploy a two-layer GNN and set the aggregator
as 𝑠𝑢𝑚 function. The parameter 𝛼 in Eq. 13 is fixed as 2. For a fair comparison, we adopt the
open-source baseline models to verify the effectiveness of the proposed method. In particular,
we employ the open-source person retrieval networks1 as the Market-1501 [64] baseline, which
adopts a strong backbone, i.e., ResNet-50-ibn [31], and fuses multi-branch information to enhance
the representation. The final feature dimension is 1536. For VeRi-776 [26], we deploy a vehicle
retrieval model2 with the 2048-dimension feature. For Oxford-5k [32] and Paris-6k [33], we extract
2048-dimension feature from the open-source ResNet101-GeM3 [36]. For University-1652, we follow
the official implementation [67] 4 with a 512-dim visual feature. All experiments are conducted on
the same machine with one Intel CPU E5-2620 v2 @ 2.10Ghz, 164GB memory, and one K40m GPU
with 12GB memory.

1https://github.com/douzi0248/Re-ID
2https://github.com/BravoLu/open-VehicleReID
3https://github.com/filipradenovic/cnnimageretrieval-pytorch
4https://github.com/layumi/University1652-Baseline
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More Layers

Fig. 4. t-SNE visualization of the feature distribution. We use different color dots to represent different
identities. When the number of GNN layers reaches 256, we observe features of several different identities
converging to the same value, and different clusters become indistinguishable. (Best view when zooming in.)

Baseline

k-reciprocal

Ours
Fig. 5. Top-K retrieval results from (1) the baseline method, (2) the classic k-reciprocal re-ranking method,
and (3) our proposed method. The new qualitative results clearly illustrate that our method retrieves more
identity-consistent and visually relevant samples compared with the baselines.

4.1 Ablation Studies and Further Discussion
Effect of Different Components. We study the mechanism of the proposed method on the
Market-1501 [64] dataset. We gradually add different components and choose different input
vertex features to analyze the contribution of each part. As shown in the first two columns of
Table 1, we can see that the symmetric adjacent matrix 𝑨∗ brings an improvement of 3.07% in
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Table 1. Ablation study.We study different feature inputs, i.e., original feature 𝑥𝑖 , adjacent matrix feature𝑨𝒊

and symmetric adjacent matrix feature 𝑨∗
𝒊 . Message propagation means aggregating the feature of neighbor

vertexes by Eq 12. Edge weights represent the weights of propagating message in Eq 13. Two-layer GNN
denotes the number of layers is 2.

Components Performance
Vertex features (𝑥𝑖 ) ✓ ✓
Vertex features (𝑨𝒊) ✓
Vertex features (𝑨∗

𝒊 ) ✓ ✓ ✓ ✓
Message propagation ✓ ✓ ✓ ✓ ✓
Edge weights ✓ ✓ ✓ ✓
Two-layer GNN ✓ ✓ ✓
mAP (%) 88.26 91.33 94.20 94.53 93.83 94.51 94.65
Recall@1 (%) 95.28 93.97 95.64 96.29 95.81 95.56 96.11

mAP from 88.26% to 91.33%. With the help of message propagation, we achieve another 2.87%
improvement in mAP and 1.67% improvement in Recall@1 because the relevant samples are pulled
much closer. Moreover, we observe that introducing edge weights improve the mAP from 94.20%
to 94.53% and the Recall@1 from 95.64% to 96.29%, since vertexes are treated differently according
to the similarity. Besides, using two-layer GNN further increases the mAP accuracy by 0.12%.
This suggests that aggregating more vertex features appropriately can improve the performance.
Finally, we study different input features in the last three columns. It shows that vertex features
derived from 𝑨∗ outperform 𝑨 and original features 𝑥𝑖 . It is because the symmetric adjacent matrix
feature contains the neighbor similarity instead of the original feature, which is more robust to the
hard-negative. To better illustrate the effect of the proposed method, we also provide the t-SNE
visualization [42] of the feature distribution before and after re-ranking. We randomly select 9
identities from the Market-1501 dataset and plot the feature embeddings. As illustrated in Fig. 3, we
observe that the proposed method produces more compact feature clusters, where the intra-class
variance is minimized and the inter-class variance is maximized. We also provide a qualitative case
comparison that presents several representative query examples (see Fig. 5). For each query, we
show a side-by-side comparison of the Top-K retrieval results from (1) the baseline method, (2) the
classic k-reciprocal re-ranking method, and (3) our proposed method. The new qualitative results
clearly illustrate that our method retrieves more identity-consistent and visually relevant samples
compared with the baselines
Effect of the GNN Layer Number. To take one step further, we study the impact of different GNN
layer numbers 𝑙∗ on the Market-1501 dataset. In Figure 6, we report the Recall@1 and mAP with
GNN from 1 layer to 256 layers. Over-smoothing is a common phenomenon when stacking more
layers into graph neural networks [19, 21]. As illustrated in Fig. 4, we notice that the features of the
same identity are gradually gathered with the number of layers increasing. When the number of
GNN layers reaches to 256, we observe the features of several different identities converging to the
same value, and different clusters become indistinguishable. As a result, the Recall@1 reduces from
96.29% to 93.91%, and the mAP increases from 94.53% to 94.65% then reduces to 93.21%. In Fig 6, the
mAP converges to 93.21%, when the GNN layers increase to 256. In this case, the proposed method
is approximately equal to the average query expansion (AQE) [5]. Because messages propagate
again and again, yielding the over-smoothing result. In contrast, our method has achieved the
highest Recall@1 and mAP when using 1 and 2 GNN layers respectively.
Hyper-parameter Sensitivity. To analyze the impact of two hyper-parameters (𝑘1 and 𝑘2), we
conduct experiments on Market-1501 [64] and VeRi-776 [26] datasets. The hyper-parameter 𝑘1 is
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Fig. 6. Effect of the GNN Layer Number.We conduct experiments with different number of GNN layers on
the Market-1501 [64] dataset. With the number of layers increasing, the mAP accuracy converges to 93.21%.
In this case, the proposed method is approximately equal to the average query expansion (AQE) [5].

（a）

（b）

Fig. 7. The hyper-parameter analysis on 𝑘1 and 𝑘2. We analyze hyper-parameters on Market-1501 [64]
and VeRi-776 [26]. For Market-1501 [64], following [43], we empirically fix 𝑘2 = 7 in (a) to study 𝑘1, and fix
𝑘1 = 26 in (b) to study 𝑘2. As for VeRi-776 [26], we fix 𝑘2 = 10 in (a) and 𝑘1 = 60 in (b) to study the impact of
hyper-parameters. (Best view when zooming in.)
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Table 2. Two-phase running time. We provide the running time of each phase and compare the proposed
method with the 𝑘-reciprocal method. The one-layer GNN is to make a direct comparison with 𝑘-reciprocal
re-ranking, saving 58.6s on CPU. Since our method is GPU-friendly, we also report faster GPU results, while
𝑘-reciprocal re-ranking is not available on GPU.

Methods Platform Time Performance
Phase 1 Phase 2 total Recall@1 (%) mAP(%)

𝑘-reciprocal [71] CPU 49.0s 40.2s 89.2s 95.90 94.38
Ours(1 layer) CPU 1.2s 29.4s 30.6s 96.29 94.53
Ours(2 layers) CPU 1.2s 58.7s 59.9s 96.11 94.65
Ours(2 layers) GPU 3.8ms 5.6ms 9.4ms 96.11 94.65

Table 3. Time cost. We compare the proposed method with other post-processing methods on five datasets.
Our method finds one balance between speed and performance. For time cost, it is worth noting that the
proposed re-ranking method costs the similar average time as SCA. Besides, our method achieves a similar
speed with alpha-QE and AQE on GPU, but with a larger accuracy boost (Please see Table 4).

Methods Platform Market-1501 VeRi-776 Oxford-5k Paris-6k University-1652 Average Time
AQE [5] GPU 3.4ms 3.5ms 1.8ms 1.7ms 8.3ms 3.7ms
𝛼-QE [36] GPU 3.6ms 3.7ms 1.9ms 1.6ms 9.1ms 4.0ms
Diffusion [57] GPU 55.4ms 30.8ms 75.2ms 40.1ms 69.6ms 54.2ms
SCA [1] GPU 568.3ms 230.7ms 289.6ms 278.3ms 100.3ms 67.4ms
𝑘-reciprocal [71] GPU 934.9ms 478.9ms 712.9ms 589.3ms 236.8ms 99.3ms
Ours GPU 9.4ms 5.2ms 3.2ms 3.5ms 10.2ms 6.3ms
SCA [1] CPU 43.2s 18.4s 25.6s 25.6s 89.7s 40.5s
𝑘-reciprocal [71] CPU 89.2s 36.7s 64.1s 64.4s 135.9s 78.1s
Ours CPU 60.0s 21.3s 17.1s 23.2s 85.5s 41.4s

used to calculate the adjacent matrix 𝑨∗, while 𝑘2 is the number of neighbors in message passing.
Increasing the value of 𝑘1 moderately introduces more neighbors. According to the previous
work [43], the average number of images per class can be empirically estimated by [ 𝑛

𝐶
] (𝐶 represents

the number of classes, [·] indicates round down operation) and it is reasonable to construct neighbor
relations based on this value, thus we set: 𝑘1 = [ 𝑛

𝐶
] . 𝑘2 is estimated by a much smaller number

than 𝑘1 because a large value may bring noisy vertexes. This selection rule is used in all following
experiments. We first study the effect of 𝑘1 by fixing the value of 𝑘2. 𝑘2 is set to 7 and 10 on
Market-1501 [64] and VeRi-776 [26] respectively. As shown in Fig. 7 (a), our approach is insensitive
to 𝑘1 in a wide range from 20 to 40 on Market-1501 [64]. For VeRi-776 [26], the proposed method
maintains a relatively high performance when 𝑘1 changes from 50 to 70. To evaluate the influence
of parameter 𝑘2, we fix 𝑘1 to 26 and 60 on Market-1501 [64] and VeRi-776 [26] separately. Fig. 7 (b)
shows the performance of our approach is stable on Market-1501 [64] when 𝑘2 changes from 5 to
10. Similar results can be achieved on VeRi-776 [26] when keeping 𝑘1 as 60 on VeRi-776 [26] and
changing 𝑘2 from 10 to 15. In general, the proposed method can achieve comparable results and is
relatively robust to a large range of 𝑘1 and 𝑘2.
Time Cost Comparison. We evaluate the efficiency of our method. We analyze the time cost
of two phases on the Market-1501 [64] dataset and compare our method with the conventional
𝑘-reciprocal re-ranking. Here we adopt the official implementation5. As shown in Table 2, we test
the running time and performance of two methods on the CPU. We can see that both the one-layer
and two-layer GNN are faster than 𝑘-reciprocal re-ranking in terms of the total time cost. To further
5https://github.com/zhunzhong07/person-re-ranking
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Table 4. Retrieval performance. We compare the proposed method with various post-processing methods
on five datasets. We observe that the proposed method achieves the best or second-best performance on
most datasets.

Methods year Market-1501 VeRi-776 Oxford-5k Paris-6k University-1652
mAP (%) R@1 (%) mAP (%) R@1 (%) mAP (%) mAP (%) mAP(%) R@1 (%) R@5 (%) R@10 (%)

baseline - 88.26 95.28 78.94 95.59 88.21 92.62 63.13 58.49 78.67 85.23
CAGCN [15] 2020 91.70 95.90 79.60 95.80 - - - - - -
AQE [5] 2007 93.33 95.64 82.49 89.22 90.63 96.04 71.23 67.62 83.32 86.36
𝛼-QE [36] 2018 93.51 96.08 82.77 89.72 91.07 95.45 71.69 68.18 83.66 86.71
Diffusion [57] 2019 93.52 95.72 86.98 95.77 92.60 97.10 72.23 70.04 85.49 86.46
SCA [1] 2016 94.14 96.08 87.48 96.54 92.58 95.45 74.11 70.52 86.22 90.34
𝑘-reciprocal [71] 2017 94.38 95.90 88.44 96.36 92.31 96.49 73.67 70.71 83.86 85.65
MGK [53] 2023 92.89 78.13 - - - - - - - -
Cheb-GR [58] 2025 93.00 96.00 - - - - - - - -
Pose2ID [61] 2025 93.01 95.52 - - - - - - - -
FusionTexReIDNet [30] 2025 93.50 98.50 - - - - - - - -
Ours - 94.65 96.11 88.61 96.42 92.95 96.21 74.11 70.30 87.53 91.21

reduce the time cost, we extend the GPU-version of our method, which can accelerate the re-ranking
process to 9.4ms. To the best of our knowledge, there is no available GPU implementation of
𝑘-reciprocal re-ranking due to the sequential operations. Therefore, we do not include the GPU
comparison with [71] but other methods [5, 36, 57]. As shown in Table 3 and Table 4, the proposed
method finds one balance point between speed and performance. In general, our method achieves
better performance on most datasets. In terms of the time cost on CPU, it is worth noting that
the proposed re-ranking method achieves a similar speed to SCA [1]. As for the GPU version,
our method achieves a competitive speed with the vanilla methods including alpha-QE [36] and
AQE [5], while achieving a better performance improvement.

4.2 Retrieval Performance
Experiments on Market-1501 and VeRi-776. As shown in Table 4, we compare the proposed
method with other post-processing approaches on the two retrieval datasets, i.e., Market-1501 [64]
and VeRi-776 [26]. There are two main observations. On the one hand, our method can improve
mAP and Recall@1 by a large margin on the baseline. Specifically, our approach increases mAP by
6.39% and Recall@1 by 0.83% on Market-1501 [64]. On VeRi-776 [26], we observe that the proposed
approach gains 9.67% improvement on mAP and 0.83% improvement on the Recall@1. On the other
hand, we compare our approach with a variety of post-processing methods, including four feature
similarity-based methods: AQE [5], 𝛼-QE [36], CAGCN [15], and Diffusion [57], two neighbor
similar-based methods: SCA [1] and 𝑘-reciprocal [71]. Results show that our approach outperforms
all other methods both in mAP (94.65%) and Recall@1 (96.11%) on Market-1501 [64]. As for
VeRi-776 [26], our approach has achieved the highest mAP of 88.61% and second-best Recall@1
of 96.42%. Besides, we also compare the time cost of different post-processing methods both on
CPU and GPU platforms in Table 3. The AQE [5], 𝛼-QE [36], CAGCN [15], and Diffusion [57] are
implemented on GPU, while SCA [1] and 𝑘-reciprocal re-ranking [71] operate on CPU due to the
restriction of complex operations. The proposed method only takes 9.4ms and 5.2ms to update
Market-1501 [64] and VeRi-776 [26] respectively, which is significantly better than traditional
neighbor-based re-ranking methods, and competitive to methods based on feature similarity.
Experiments on Oxford-5k and Paris-6k. The proposed method is further evaluated on two
small-scale landmark retrieval datasets, i.e., Oxford-5k [32] and Paris-6k [33]. The performances
of different post-processing methods on ResNet101-GeM [36] are reported in Table 4. The feature
dimension is 2048. Our approach has achieved the highest mAP accuracy of 92.95% on Oxford-
5k [32], and competitive results 96.21% mAP accuracy on Paris-6k [33]. The experiment verifies the
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scalability of the method on small-scale datasets. As shown in Table 3, the re-ranking process only
consumes 5.2ms, which is faster than other re-ranking methods, i.e., SCA, and k-reciprocal, and
achieves a similar speed with the vanilla query expansion methods.
Experiments on University-1652. We also provide experimental results on the drone-based
geo-localization dataset [67]. Given one drone-view image, the drone-view target localization task
aims to find the corresponding satellite-view image to localize the target building on the satellite
platform. From Table 4, we observe that our method can increase Recall@1 by 11.81%, Recall@5
by 8.86%, Recall@10 by 5.98%, and mAP by 10.98%. Comparing to other methods, our approach
achieves the highest performance on Recall@5, Recall@10 and mAP with 87.53%, 91.21%, and
74.11% respectively. From Table 3, we can see that the proposed method only consumes 10.2ms on
GPU and 85.5s on CPU.

5 DISCUSSION
5.1 Message passing
In graph-network–based re-ranking, information propagation (message passing) is the mechanism
that turns pairwise similarities into a globally consistent ranking. Concretely, it lets the score of
each candidate be influenced not only by its direct similarity to the query, but also by the structure
of its neighborhood (and higher-order neighborhoods) in the similarity graph.

The Key roles it plays are as follows.

(1) Neighborhood/context aggregation (k-reciprocal and manifold effects). Each node
updates its representation/score by aggregating signals from connected nodes (top-𝑘 neigh-
bors). This captures higher-order similarity: two items can become more relevant if they are
supported by many shared neighbors, even if their direct query similarity is modest.

(2) Noise suppression and robustness. Spurious high-similarity matches (false positives) tend
to have weak support from the local graph structure. Propagation dampens isolated matches
and strengthens candidates embedded in a coherent cluster, improving robustness to feature
noise and distractors.

(3) Similarity refinement and smoothing. Propagation effectively performs a smoothing oper-
ation over the graph, refining affinities so that items in the same underlying identity/instance
manifold move closer in score. This reduces “ranking jitter” caused by local, unreliable
distances.

(4) Global consistency and transitive reasoning Message passing enables transitive cues:
if 𝑞 is close to 𝑎, and 𝑎 is strongly connected to 𝑏, then 𝑏 can be promoted even if 𝑞 and 𝑏
are not initially strong. This improves consistency across the retrieved set and helps recover
hard positives.

(5) Learned weighting of evidence. Attention/gating in propagation can learn to prioritize
reliable neighbors and downweight hubs or ambiguous nodes. This is an advantage over
hand-crafted diffusion: the model can adapt propagation strength based on feature quality,
edge confidence, or node density.

5.2 Research significance
In this paper, our contribution focuses on re-ranking, a post-processing stage that is orthogonal
to feature learning. While [7, 20, 47, 54] aim to generate robust feature embeddings to improve
pairwise distinctiveness, they do not explicitly exploit the underlying manifold structure of the
data distribution during retrieval. In contrast, our method leverages this neighborhood structure
to refine the ranking list regardless of the input features. Consequently, our approach is not a
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competitor to [7, 20, 47, 54] but a complement; it is model-agnostic and can be applied on top of
the features generated by these methods to yield further performance gains.

6 CONCLUSION
In this paper, we revisit re-ranking methods and identify the primary challenge, i.e., high computa-
tional complexity. To address this, we reformulate the re-ranking process using a Graph Neural
Network (GNN). Specifically, we leverage a neighbor-based representation and employ a two-layer
GNN to aggregate information from neighboring nodes. The inherent properties of GNNs enable
efficient parallelization, making our approach hardware-friendly and suitable for acceleration. Ex-
tensive experiments on five benchmarks show that our method achieves competitive performance
in both retrieval precision and running time compared to state-of-the-art approaches. We believe
this work will contribute to the advancement of real-time retrieval tasks.
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