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Abstract. Visual Place Recognition (VPR) has been traditionally for-
mulated as a single-image retrieval task. Using multiple views offers clear
advantages, yet this setting remains relatively underexplored and existing
methods often struggle to generalize across diverse environments. In this
work, we introduce UniPR-3D, the first VPR architecture that effectively
integrates geometry-aware information from multiple views. UniPR-3D
builds on a VGGT backbone capable of encoding multi-view 3D represen-
tations, which we adapt by designing feature aggregators and fine-tuning
them for the place recognition task. To construct our descriptor, we
jointly leverage VGGT’s 3D tokens, but also intermediate 2D ones. Based
on their distinct characteristics, we design dedicated aggregation modules
for 2D and 3D features, allowing our descriptor to capture fine-grained
texture patterns while also reasoning across viewpoints. To further en-
hance generalization, we incorporate both single- and multi-frame aggre-
gation schemes, along with a variable-length sequence retrieval strategy.
Our experiments show that UniPR-3D sets a new state of the art, out-
performing both single- and multi-view baselines and highlighting the
effectiveness of geometry-grounded tokens for VPR. Our code and mod-
els will be made publicly available on Github. We will release the code
and datasets publicly on https://github.com/dtc111111/UniPR-3D.

1 Introduction

Visual Place Recognition (VPR) is a core problem in robotics and computer
vision, targeting the recognition of previously visited locations from visual ob-
servations [31,49,59,61,69,71,93]. VPR plays a key role in fundamental tasks such
as SLAM [13,22,23,28,82] and absolute pose estimation [44,67,79,95], which
underpin a wide range of applications, including autonomous driving, robotic
navigation, virtual and augmented reality.
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VPR is typically formulated as a single-view retrieval task, in which a query
image is used to retrieve an ordered list of the top-k matching candidates from a
database. Existing approaches generally rely on neural backbones to extract fea-
tures, which are then aggregated using various strategies to form global image
descriptors. Images are then represented by their aggregated appearance pat-
terns, which are compared at test time via nearest-neighbor search. Backbone
architectures have evolved from ResNet-based [4, 36, 65] to Vision Transform-
ers (ViTs) [41, 85, 96]. Task-specific fine-tuned foundation models, in particu-
lar DINOv2 [64], achieve nowadays state-of-the-art performance [7,38,39]. Fea-
ture aggregation strategies have also advanced considerably, from the seminal
NetVLAD [4], inspired by the handcrafted VLAD aggregation [40], to pooling-
based methods such as GeM [65], MLP-based aggregations like MixVPR [2], and
approaches leveraging optimal transport [39].

However, most VPR methods
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Fig. 1: Illustration of a typical single-
view VPR model (top) and our multi-
view model (bottom). Single-view VPR
extracts image features with a deep back-
bone and aggregates them into an im-

age descriptor. In contrast, our multi-view
VPR model employs a VGGT backbone
to jointly extract both 2D and 3D to-
kens from multiple views, followed by tai-
lored aggregation strategies for each token
type. Our framework supports both single-
frame and variable-length sequence match-
ing, and achieves state-of-the-art perfor-
mance across standard VPR benchmarks.

we introduce in this paper UniPR-3D,
the first 3D token-based VPR frame-
work supporting both single-frame
and sequence-level place matching.

Our developments work as follows.
For single-frame retrieval, we jointly
utilize VGGT’s 3D tokens and inter-
mediate 2D tokens to construct the
place descriptor. Based on the differ-
ences between token types, we design

distinct aggregation strategies. For 2D tokens, we select the 2D CLS token, 2D
register tokens, and 2D patch tokens for aggregation. For the 3D tokens, we dis-
card the camera token (as VPR should be robust to viewpoint changes) and only
use the 3D register tokens and 3D patch tokens to ensure stability under view-
point changes. For patch tokens, we adopt an optimal transport approach [39]
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to derive local patch descriptors, while for register tokens, we employ GeM pool-
ing [65] to generate their local descriptors.

For sequence-level retrieval, we define an anchor frame and multiple sup-
port frames, and construct a multi-frame feature aggregation method. We use
SALAD in order to aggregate both 2D and 3D patch tokens across frames. For
3D register tokens as well as 2D CLS and register tokens, we design an aggre-
gation that combines GeM pooling with an MLP-based projector. The token
projector aligns the feature dimensions across different modalities and frames,
enabling our network to process input sequences of arbitrary length. This de-
sign allows the model to generalize effectively to sequences with varying lengths
during inference.

By incorporating 2D and 3D tokens, UniPR-3D achieves universal VPR ca-
pabilities across complex environments. Overall, our contributions are as follows:

— We develop the first 3D token-based VPR method with tailored 2D and 3D
feature aggregation methods, enabling universal generalization across diverse
environments and supporting both single frame and sequence matching.

— We propose distinct aggregation strategies for different types of tokens.
Specifically, register tokens are GeM-pooled, as their number is relatively
small, while patch tokens are aggregated using optimal transport to capture
fine-grained spatial correspondences across frames.

— We introduce a sequence-level retrieval strategy, with an anchor frame and
multiple support frames, and construct a multi-frame feature aggregation
method, enabling our network to process input sequences of arbitrary length.

We evaluate UniPR-3D on a comprehensive and diverse set of public datasets
under challenging conditions, including temporal variations, spatial changes, and
viewpoint shifts. Our results show that our method effectively leverages multi-
view information and sets a new state of the art across these benchmarks.

2 Related work

VPR has made remarkable progress in recent years and has become a key compo-
nent in tasks such as localization [21,24,35,48,72], planning and control [46,47,
53,54,87], autonomous driving [19,88,91,92] and vitual reality [16,55-57]. Below,
we review the most relevant advances in feature extraction, feature aggregation,
and sequence-based retrieval.

Feature Extraction. Early VPR methods relied on handcrafted visual de-
scriptors, using either aggregated local features [40] or holistic global represen-
tations [63,78]. Geometric and temporal consistency checks were often employed
to improve robustness in practical systems [29,62]. With the advent of deep
learning, ResNet-based architectures became the standard for feature extrac-
tion [4]. More recently, Vision Transformer (ViT)-based foundation models [20]
have shown superior representational power and generalization. For example,
AnyLoc [41], SALAD [39], UniLGL [73] and so on [50,52] leverage DINOv2 [64]:
AnyLoc uses it directly, while the rest of them fine-tune it for the VPR task.
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Fig. 2: Overview. We propose the first VPR method that supports both single-frame
and sequence-level place retrieval. Specifically, we use DINOv2 as our visual feature
extractor and then utilize the alternating attention blocks of VGGT to derive 3D to-
kens. The resulting 3D tokens are divided into different groups, each processed with
a dedicated aggregation strategy to form the final descriptor. In particular, cls tokens
and register tokens are aggregated using GeM pooling, while patch tokens are pro-
cessed through an optimal transport module, where the Sinkhorn algorithm is applied
to compute the assignment matrix. The outputs from these modules are finally con-
catenated to produce the global descriptor.

These models have demonstrated enhanced robustness to variations in illumina-
tion, weather, and viewpoint. Nevertheless, the vast majority of existing meth-
ods extract features from a single view, thus failing to exploit the spatial in-
formation available across multiple observations. The recent development of the
3D foundation model has opened new opportunities for geometry-aware visual
representation learning and has shown strong potential in various downstream
tasks [14,27,30,83,90].

Feature Aggregation. Seminal VPR aggregation schemes include Bag of Vi-
sual Words (BoW) [74] and Vector of Locally Aggregated Descriptors (VLAD) [40],
both based on clustering handcrafted local descriptors. NetVLAD [4] extended
VLAD by embedding it within a deep architecture that jointly learns the con-
volutional features and the aggregation process. The Generalized Mean Pooling
(GeM) [65] of features, proposed later, was a widely used aggregation method
combining simplicity and strong retrieval performance. MixVPR [2] introduced a
MLP-based aggregation module to capture more expressive feature interactions.
Recently, SALAD [39] proposed an aggregation based on optimal transport [12],
achieving the current state of the art in feature aggregation for VPR.
Sequence Retrieval. Most existing approaches [25, 62, 70] perform sequence-
level retrieval as a post-processing step on top of frame-level similarity scores.
In contrast, several learning-based methods explicitly model temporal depen-
dencies by learning sequential descriptors [34,60] or by aggregating consecutive
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reference and query features into unified sequence-level representations [5, 33].
Other works, such as [37], introduce supervised strategies to estimate per-frame
sequence-matching confidence, enabling selective fusion of temporal cues. Ca-
seVPR [43] further proposes a hierarchical sequence-to-frame retrieval pipeline
that combines coarse sequence retrieval with fine-grained frame alignment for
accurate correspondence estimation. Recent methods like CricaVPR [51] and
SeqVLAD [60] show promising results. Nevertheless, all of these methods learn
to aggregate single-view features without geometric awareness. Despite advances,
sequence retrieval methods still exhibit two main limitations. First, they are typ-
ically designed with strong inductive biases, whereas our UniPR-3D, built upon
VGGT and our learned aggregation modules, adopts a more data-driven formu-
lation, resulting in greater flexibility. Second, their aggregation strategies operate
purely along the temporal dimension, which makes them sensitive to variations in
speed, frame rate, or sequence sparsity. In contrast, VGGT’s features are geomet-
rically grounded in a 3D-aware multi-view representation, enabling UniPR-3D
to achieve greater robustness under such variations. Differently from the existing
VPR literature, our architecture is novel in that it demonstrates for the first time
an effective and principled fusion of both 2D single-view and 3D geometry-aware
multi-view tokens. This allows our framework to process a variable number of
images without strong architectural bias.

3 Method

We propose UniPR-3D, a universal visual place recognition framework that sup-
ports both frame-to-frame and sequence-to-sequence matching. The input to our
method consists of an image sequence {I;}, and for sequence-level matching, we
define an anchor frame and multiple support frames. Our model is capable of
predicting visual descriptors for both individual frames and entire sequences.
The framework is composed of three main modules: (i) Local 3D feature extrac-
tion (Sec. 3.1); (ii) Feature assignment and aggregation (Sec. 3.2). (iii) Sequence
matching (Sec. 3.3). We elaborate on the entire pipeline of our system in the
following subsections.

3.1 Local 3D Feature Extraction

Effective local feature extraction should remain robust under seasonal or day-to-
night illumination changes, as well as viewpoint variations. This requires captur-
ing sufficiently stable structural information. However, the most reliable cues for
stability lie in the 3D structural information of the scene, whereas existing
methods primarily focus on texture-level feature extraction from a single image.

Existing models such as AnyLoc [41] and SALAD [39] adopt DINOv2 [64]
leverage the exceptional representational capabilities of foundation models to
extract local features. However, these approaches can only capture 2D image
patterns. In UniPR-3D, we propose the first VPR framework based on the 3D
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tokens of a VGGT [84] backbone. Our framework follows a ViT-based architec-
ture, in which every input image {I;} is first divided into patches m x m X ¢,
which are sequentially processed through transformer blocks to generate different
tokens.

Each image is first processed by the DINOv2 encoder to extract the 2D cls
token, register token, and patch tokens, which primarily capture the texture-level
characteristics of this image. Then we retain only the patch tokens as input to
the subsequent alternating attention blocks and initialize two additional tokens:
a camera token, which encodes the camera extrinsics and intrinsics (including
{R,T}, and the field-of-view parameters), and a register token. Through the
alternating blocks composed of frame attention and global attention, the model
produces three types of 3D tokens: a 3D camera token (n x 1), 3D register tokens
(n x 4), and 3D patch tokens (m x m). To ensure viewpoint invariance of the
final descriptor, we only preserve the 3D register and 3D patch tokens to capture
both geometric and structural information of the environment, forming our 3D
geometric descriptor.

It is important to note that UniPR-3D does not require any camera intrinsics
or extrinsics as input. All descriptors, including the geometry-aware 3D tokens,
are computed exclusively from pure RGB images. By leveraging the intermediate
VGGT tokens through spatial alternating attention blocks, our representation
naturally captures viewpoint-consistent and temporally stable scene structures
without relying on external geometric priors.

3.2 Feature Assignment and Agggregation

Due to the heterogeneous nature of 2D and 3D tokens, we adopt tailored ag-
gregation strategies for each type. In particular, the 2D cls tokens (feqm), 2D
register tokens (freg2q), and 3D register tokens (fycg3q4) are limited in number,
rendering complex aggregation schemes unnecessary. Instead, we employ Gener-
alized Mean (GeM) pooling [65], preceded and followed by lightweight MLPs, to
generate compact and robust global descriptors:

N 1
P
dclde = MLP (( MLP (fg;m)> ) ) (1)
=1

dregaa = MLP ((117 ﬁ: MLP (frig2d)>p) ) (2)

=1

2|~

1
N P
1
dyeg3a = MLP ((N > MLP (f:’em)) ) : (3)
i=1

where p is a learnable pooling parameter controlling the degree of selectivity.
This simple yet effective aggregation captures the dominant semantic cues of
camera and register tokens with high stability.
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In contrast, patch tokens are aggregated using an Optimal Transportation
(OT) scheme, which computes a soft matching plan to preserve structural corre-
spondences, following the design of SALAD [39]. We use two randomly initialized
fully connected layers to learn each row of the score matrix S from scratch for
2D and 3D patch token toq4, t3q4:

s2d = Wag, (0 (Waa, (t24) + bad,)) + baa, (4)

s3d = Wad, (0 Wad, (t34) + bad,)) + bad, (5)

where Wag,, Wag,, Waq,, Waq, are the weights and biases of the layers for 2D
tokens, and o is a non-linear activation function. The parameters for the 3D
token layers are defined in a similar manner.

Inspired by SALAD [39], we also introduce a dustbin entry for 2D and 3D
patch tokens, to which non-informative features can be assigned. We augment
the score matrix from S to S = [S,8; m+1] € RZS ™+ by appending the column
S;m+1 representing the feature-to-dustbin relation. Similar to SuperGlue [68],

this score is modeled with a single learnable parameter z € R.
§i,Tn,Jrl = Z]-n (6)

where 1,, = [1,...,1]T € R" a n-dimensional vector of ones. We follow Super-
Glue [68] and SALAD [39], and use the Sinkhorn Algorithm [17] to obtain the
optimal assignment P € R™*(m+1).

Pl,,.1=p and ?Tln = K. (7)

The Sinkhorn Algorithm finds the optimal transport assignment between the
distributions p and k by iteratively normalizing the rows and columns of the
score matrix. Finally, we drop the dustbin column to obtain the assignment
P = [pi1,.--,Ps,m]- We use a MLP to reduce the dimensionality of the patch
tokens for efficiency.

Then the patch descriptor can be computed as: d; ;, = Z?:l P 1. - fix, where
fix corresponds to the k' dimension of f;, with k € {1,...,1}. The final de-
scriptor is composed of the 2D CLS descriptor, 2D register descriptor, 2D patch
descriptor, 3D register descriptor and 3D patch descriptor. These five compo-
nents are concatenated to form the final unified descriptor.

(8)

_qT T T T T T
d_[ cls2d dreg2d dpatch2d dreng dpatch3d]

3.3 Sequence Matching

For frame-to-frame matching, we directly process a single image to extract its
corresponding 3D tokens. For sequence-to-sequence matching, we instead define
an anchor frame together with multiple support frames. In the VGGT archi-
tecture, the first frame defines the world coordinate system, and all tokens are
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registered with respect to this anchor. This design, coupled with the training
pipeline, makes the first frame essential for preserving spatial consistency across
the sequence.

Our multi-frame aggregation strategy is as follows. Existing multi-frame fu-
sion approaches typically operate on fixed-length sequences, requiring identical
sequence lengths during training and inference, which limits their generaliza-
tion. To overcome this constraint, we propose a variable-length sequence fusion
framework. Specifically, we design a multi-frame projector based on Generalized
Mean (GeM) pooling to aggregate the 2D CLS tokens, 2D register tokens, and
3D register tokens across frames, enabling flexible sequence-level feature fusion.

N P
1
dM . = MLP (NE 'MLP ({fﬁg?)d,ff;g?)d,...,ffeggd}>> )
=1

For the multi-frame patch tokens, we adopt an optimal transport formulation
for feature aggregation. Unlike the single-frame case, we first cluster the patch
tokens belonging to different frames and then compute the assignment matrix
using the Sinkhorn algorithm. The final patch descriptor is computed as:

n
M M 1 2 M
dpatcth = ZPi,k : {fi,kv fi,lw s Jik (10)
i=1

3.4 Training

We follow the experimental setups of two recent works: SALAD [39] for single-
frame retrieval and SeqMatchNet [34] for sequence-level retrieval.

For single-frame training, we use GSV-Cities [1] as it is standard prac-
tice in the field. GSV-Cities is a large-scale collection of urban locations from
Google Street View. For optimization, we adopt the multi-similarity loss [86] to-
gether with the AdamW optimizer [42]. For sequence-level training, since GSV-
Cities does not support multi-frame training, we follow the setting of SeqMatch-
Net [34] and train our model on the Mapillary Street-Level Sequences (MSLS)
dataset [89]. MSLS contains over 1.6 million images collected from the Mapillary
collaborative mapping platform, covering diverse cities and exhibiting significant
variations in viewpoint, weather, and illumination conditions. The training pro-
cess consists of two stages: in the first stage, we train only the descriptor head; in
the second stage, we jointly train the alternating attention blocks of VGGT and
the DINOv2 encoder. To ensure a fair and accurate comparison, especially with
strong foundation model-based baselines like SALAD [39], we train our models
using full-precision (float32). Furthermore, we align the input image resolution
across models, which not only standardizes the evaluation but also optimizes the
inference latency of our framework.
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4 Experiments

To rigorously evaluate the effectiveness of our proposed method, we conduct
extensive experiments following the standard evaluation protocols established in
SALAD [39] for single-frame retrieval and follow SeqMatchNet [34] for sequence
retrieval.

4.1 Implementation Details

Our model architecture follows VGGT [84] with L = 24 alternating frame and
global attention layers. To accelerate inference, we incorporate FlashAttention-
2 [18]. The model is initialized using pre-trained VGGT weights, and is trained
for VPR using the AdamW optimizer with a hybrid learning rate schedule: a
linear warm-up over the first 0.5 epochs, followed by cosine decay, with a peak
learning rate of 1 x 10~%. All training are conducted on a NVIDIA A100 GPU.
The inference speed is tested on a single NVIDIA RTX 4090 GPU. For the 3D
backbone, we adopt a LoRA-based fine-tuning strategy, where both the frame
attention and global attention blocks are refined. For the cls descriptor and
register descriptor, we employ dimensionality reduction, compressing the feature
token dimensions to 256. In contrast, the patch descriptor is represented with a
dimension of 128 x 64 = 8192, with 64 clusters.

Dataset and Metrics For single-frame evaluation, we conduct experiments on
a wide range of benchmarks to verify the generalization of our method. We use
the validation and challenge partitions of MSLS [89], which consists of dashcam
images, Pittsburgh250k-test [81], which images urban scenarios, NordLand [77]
for its seasonal variations in train-front imagery in Norway, SPED [15] which
records with surveillance cameras, Tokyo 24/7 [80] including differences in light
between day and night, and SF-XL [6,8], containing heavy illumination changes
and substantial occlusions. We use Recall@k (RQk) as the evaluation metric
for all experiments, following standard practice in the literature. We follow the
MixVPR evaluation protocol [2], where retrieval is considered correct if at least
one image within 25 meters of the query location (or within two frames for the
NordLand dataset) appears among the top-k candidates.

For multi-frame evaluation, we conduct experiments on the Nordland [77],
MSLS [89], Oxfordl [58], and Oxford2 [58] datasets. Specifically, for Oxfordl
we use 2014-12-16-18-44-24 (winter night) to 2014-11- 18-13-20-12 (fall day),
sampled every 2 meters. And for Oxford2, 2014-11-14-16-34-33 (fall night) to
2015-11-13- 10-28-08 (fall day), sampled every 2 meters. We adopt Recall@k
(RQKk) as the evaluation metric for all experiments. Differently from the single-
frame setting, for the Oxford datasets, directly using a retrieval threshold of
25 meters often leads to saturated results (close to 100%) for existing methods.
Therefore, we perform a more detailed evaluation using thresholds of 2m and
25m. For the Nordland dataset, retrieval is considered correct if the ground-
truth frame within ten frames from the query appears among the top-k retrieved
candidates. Following CaseVPR [43], the sequence length S is set to be 5.
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MSLS Chall. MSLS val  Pitts250k ~ Nordland SPED SF-XL vl SF-XLv2 SF-XL ni. SF-XL occ. Tokyo 24/7

Method

R@1 R@10 R@1 R@10 R@l R@10 R@1 R@10 R@l R@10 R@l R@10 R@l R@10 R@l R@10 R@l R@10 R@1 R@10
NetVLAD [4] 351 517 545 704 859 950 326 533 787 914 40.1 57.7 769 91.1 6.7 142 92 224 69.8 829
AP-GeM [66] 35.9 536 56.0 729 80.0 935 229 421 646 835 379 541 664 846 7.5 167 53 145 575 775
CosPlace [9] 67.2 764 850 926 923 984 442 544 759 89.1 766 855 888 968 23.6 328 30.3 447 873 956
MixVPR [2] 64.0 80.7 832 91.9 943 989 584 80.0 852 946 725 809 886 950 195 305 30.3 382 87.0 94.0
EigenPlaces [10] 67.4 817 859 93.1 941 98.7 542 739 824 947 840 90.7 90.8 96.7 23.6 345 329 526 93.0 97.5
AnyLoc [11] 40.2  51.3 58.7 745 89.4 980 69.5 849 80.5 925 827 885 889 948 205 319 293 399 876 975
SALAD [39] 75.0 913 922 972 952 992 76.0 90.5 921 97.2 909 959 951 987 50.3 684 51.8 741 951 983
CricaVPR [51]  69.3 859 76.7 87.2 926 983 70.2 855 831 935 626 789 863 96.0 258 40.6 27.6 474 829 93.7
BoQ [3] 712 869 912 961 950 99.1 70.7 875 86.5 957 87.9 93.7 885 949 274 372 347 541 975 987
MegaLoc [7] 734 887 91.0 958 96.4 99.3 76.7 90.9 920 959 953 980 948 985 528 73.8 51.3 750 96.5 99.4
UniPR 3D 755 914 929 97.6 96.5 99.5 784 914 926 97.7 938 969 957 99.1 52.1 728 52.1 758 97.6 99.5

UniPR 3D* 75.9 91.8 93.2 97.9 96.6 99.7 78.9 92.4 92.8 97.9 96.3 98.5 95.9 99.3 54.8 74.5 53.9 77.4 97.9 99.7
Table 1: Single-frame matching results. We compare our UniPR-3D against exist-
ing single-frame VPR baselines. Our method achives a noticeable improvement in the
recall, highlighting the benefit of combining 2D and 3D tokens for the place retrieval.
* indicates same training setting as MegaL.oc.

Method Backbone  Desc. size MSLS Val (pos=25m) NordLand (pos=10f) Oxfordl (pos=2m) Oxford2 (pos=2m)
R@l R@5 R@10 R@l R@5 R@I0 R@l R@5 RQ@10 R@1 R@5 RQ@10
SeqSLAM [62] VGG-16 4096 45.9 58.2 70.4 53.1 67.4 71.9 34.7 51.1 70.2 26.5 36.9 44.0
SeqMatchNet [34] VGG-16 4096 65.5 T77.5 80.3 56.1 71.4 76.9 36.8 43.3 483 279 385 453
Delta Descriptors [32] VGG-16 4096 43.0 58.4 68.6 53.1 67.4 70.2 36.9 552 741 26.5 46.3 62.8
NetVLAD + FC [4] ResNet-18 4096 68.5 79.1 84.6 59.3 75.5 80.0 50.1 60.4 71.3 181 285 35.2
NetVLAD + FC [4] ResNet-50 4096 71.0 80.5 84.8 64.6 67.2 78.4 58.1 724 783 20.1 315 39.2
SeqPool + CAT CCT224 384-SL 742 83.5 87.9 62.6 65.2 76.4 52.5 65.4 733 139 264 33.2
SeqPool + CAT CCT384 384-SL  77.8 85.0 88.1 63.5 65.9 76.6 53.5 66.6 743 145 274 34.2
GeM + CAT [65] ResNet-18 1280 76.8 84.4 89.8 61.2 63.1 4.7 57.5 71.6 793 19.5 30.4 38.2
GeM + CAT ResNet-50 5120 68.6 78.9 84.7 62.2 64.1 75.9 59.6 73.1 81.4 204 304 381
SeqNet [33] ResNet-18 4096 68.0 77.6 82.5 60.4 62.5 73.1 52.4 65.8 748 141 259 33.3
SeqNet [33] ResNet-50 4096 71.1 80.2 85.0 61.9 64.4 75.8 57.4 69.8 768 16.5 27.9 36.3
JIST [11] ResNet-18 512 86.6 89.4 91.5 62.3 724 88.1 57.2 69.8 778 17.1 279 353
sVPR [94] ResNet-50 24576 87.6 90.4 92.1 63.5 73.9 88.9 58.3 704 784 17.8 284 36.5
SeqVLAD [60] CCT384 24576 89.9 92.4 94.1 65.5 75.2 80.0 584 728 80.8 19.1 299 373
CaseVPR [43] DinoV2 Vit-B 10752  91.2 94.1 95.0 84.1 89.9 922 905 952 96.5 72.8 85.8 89.9
UniPR-3D (ours) VGGT 17152 93.7 95.7 96.9 86.8 91.7 93.8 95.4 98.1 98.7 80.6 90.3 93.9

Table 2: Sequence matching results. We compare our UniPR-3D against existing
sequence-level VPR baselines. Our method achieves significantly higher recall that
competing approaches, highlighting the advantages of our 3D token—based framework
in aggregating image patterns across multiple views. Note that for the Oxford datasets,
the retrieval distance is set to 2m.

4.2 Experimental Results

Single-Frame Matching. We compare against a diverse set of baselines, in-
cluding NetVLAD [4], AP-GeM [66], CosPlace [9], MixVPR [2], EigenPlaces [10],
AnyLoc [41], SALAD [39], CricaVPR [51], BoQ [3], and MegaLoc [7]. As shown in
Tab. 1, UniPR-3D outperforms all baselines on most datasets and across most
metrics. All compared methods are trained under the same setting using the
GSV-Cities dataset, and the results of the baseline models are obtained by re-
training the official implementations released by the authors. We further evaluate
our approach on challenging datasets, including MSLS Challenge, characterized
by its large scale, diversity, and closed-set labeling, and Nordland, known for
its extreme visual similarity and severe seasonal variations. The experimental
results demonstrate that our 3D token—based descriptor is capable of capturing
stable 3D structural information within the scene, rather than relying solely on
texture cues, leading to significantly improved robustness and generalization. As
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Oxfordl (pos=2m) Oxfordl (pos=25m)

Methods Latency

R@l R@5 R@10 R@l1 R@5 R@10
SeqMatchNet [34] 115  36.8 43.3 48.3 47.2 54.7 634
SeqVLAD [60] 129 584 728 80.8 722 80.3 86.1
CaseVPR [43] 75 90.5 95.2 96.5 97.8 98.8 99.3

UniPR-3D (ours) 140  95.4 98.1 98.7 99.3 99.5 99.6
Table 3: Comparison against baselines under varying distance thresholds
(2m and 25m) in the Oxford dataset [58]. Our method consistently outperforms
all baselines across all settings.

Query Sequence

UniPR 3D

CaseVPR

UniPR 3D

CaseVPR

Fig. 3: Qualitative sequence matching results on the Oxford dataset [58]. The
left column shows two query sequences, while the three right columns present the top-3
candidates retrieved by our UniPR-3D and the baseline CaseVPR [43]. Successful re-
trievals are framed in green, while erroneous ones are shown in red. UniPR-3D retrieves
the correct place even under seasonal, weather, viewpoint, and day-night variations.

expected, our method incurs in higher latency compared to existing approaches
due to the incorporation of additional 3D information.

Sequence Matching. We compare against a diverse set of existing sequence-
matching VPR methods: SeqSLAM [62], SeqNet [33], SeqMatchNet [34], Delta
Descriptors [32], JIST [11], sVPR [94], SeqVLAD [60] and CaseVPR [43]. We
retrain all competing models on the MSLS dataset to ensure a fair comparison.
As shown in Tab. 2, our method delivers superior performance on multi-frame
matching tasks, consistently outperforming prior approaches across all datasets
and evaluation metrics. In Tab. 3, we additionally report results on the Oxford
dataset under different retrieval distance thresholds (2m, 25m). We find that
the stricter 2m threshold more clearly exposes performance differences among
methods. Under this setting, UniPR-3D surpasses the previous state of the art
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) paper images nearby images
Fig.4: An illustration explicitly showing the viewpoint-reversed behavior. The two

sequences involved are captured under daytime and nighttime conditions, respectively,
with the vehicle traversing the same route in opposite directions. As a result, the re-
trieved images naturally exhibit viewpoint reversal with respect to the queries, leading
to front—back flipped perspectives in the visualization.

by more than 10%. These results clearly show the effectiveness of UniPR-3D in
capturing 3D structural cues from multiple views, and maintaining robustness
against variations in illumination, weather, and viewpoint. By leveraging spa-
tial information across frames in a geometry-aware manner, our sequence-level
framework highlights the significant benefits and future potential of incorporat-
ing 3D tokens into VPR systems.

Besides the quantitative results, we also visualize several sequence match-
ing examples in Fig. 3, where we show the query frames together with their
top-3 sequences retrieved by UniPR-3D. We further compare our method with
the current SOTA sequence matching method CaseVPR [43]. UniPR-3D is able
to retrieve correct matches even under challenging conditions, such as severe
illumination changes and large viewpoint variations, further confirming the ro-
bustness of our 3D token—based descriptor. As visualized in Fig. 3, some re-
trieved images naturally exhibit a flipped front-back perspective with respect to
queries, as shown in Fig. 4. This occurs because the corresponding sequences
in the Oxford dataset are captured under daytime and nighttime conditions
with the vehicle traversing the same route in opposite directions. Importantly,
this viewpoint-reversed behavior does not indicate incorrect retrieval; on the
contrary, it strongly reflects the robust place recognition capabilities of our
3D geometry-grounded descriptor under extreme viewpoint and illumination
changes. As shown in Fig. 6, we provide t-SNE visualization. Our method pro-
duces well-separated and compact clusters, indicating strong discriminative ca-
pability and consistent feature structuring. This qualitative comparison further
demonstrates the superiority of our 3D token—enhanced representation in cap-
turing robust geometric and semantic information for visual place recognition.

MSLS val  Oxford 1 Oxford 2 Nordland
R@1 R@5 R@l R@5 R@1 R@5 R@1 R@5

2D cls 2D regis. 2D patch 3D regis. 3D patch OT 3D patch GEM 3D Pose

v 84.9 87.7 86.8 90.1 71.6 80.2 75.6 79.5

v v v 90.4 91.6 91.5 929 759 88.1 80.4 84.5
v v 91.9 93.1 92.1 938 764 88.7 82.5 87.7

v v v 93.7 955 95.5 97.6 80.3 89.8 86.4 91.2

v v v v v 92.2 945 943 954 788 89.4 85.4 89.8
v v v v v v 93.9 959 96.1 97.4 783 89.3 85.8 90.3
v v v v v 941 96.2 96.3 98.9 814 91.5 874 925

Table 4: Ablation studies on 2D-3D token selection, aggregation strategies, and 3D
pose injection, and analyze their impact on the final results on additional datasets.



Reference Image 3D Feature 2D Feature Reference Image 3D Feature 2D Feature

Fig. 5: Activation heatmaps of 3D and 2D features in the Oxford dataset [58].
The left column shows reference images, and the two right columns their corresponding
3D and 2D feature heatmaps. Note how the different feature types fire at different
locations in the image, illustrating their complementary nature.

. Oxford2
#frames at test time RG@I R@5 ROT0
3 70.3 87.2 91.7
5 (training setup) 80.6 90.3 93.9
10 89.1 93.1 95.3
15 92.4 94.9 96.6

Table 5: Results with varying sequence length at test time. UniVPR-3D gen-
eralizes for sequence lengths differing from the training setting, maintaining strong
performance.

4.3 Ablation Studies

Effect of the different descriptors. Our final descriptor consists of both a
texture descriptor and a 3D geometric descriptor. Each descriptor further inte-
grates five distinct types of tokens. To validate the contribution of each token, we
first conduct ablation experiments on the 2D and 3D patch descriptors, shown in
Tab. 4. The results indicate that both 2D and 3D patch tokens have a significant
contribution to the final performance. Specifically, the 2D patch tokens capture
rich texture details of the environment, which are particularly beneficial in scenes
with sparse structural cues, while the 3D patch tokens encode geometric struc-
tures, offering stronger robustness under illumination and weather variations. In
addition, the 2D cls and register tokens provide semantic and category-level
information that produces an additional slight improvement of the recall.

Effect of 3D Pose Injection. Beyond token selection and aggregation strate-
gies, we also investigated the explicit injection of 3D pose information. Specif-
ically, we experimented with a pose projector using an MLP with Fourier po-
sition embeddings to inject relative pose information for sequence matching.
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Fig. 6: t-SNE visualization comparing our UniPR-3D descriptor against CaseVPR
across different datasets.

However, as shown in Tab. 4, we observed that this design does not improve
retrieval performance and even slightly degrades the results. This suggests that
our geometry-aware 3D tokens already implicitly capture sufficient spatial rela-
tionships, making explicit pose injection redundant.

To further analyze the complementary roles of 2D and 3D tokens, we visual-

ize their relative importance in Fig. 5. The figure illustrates the weights of tokens
not assigned to the “dustbin,” revealing the regions that the network deems infor-
mative. We can see that the network effectively discards uninformative regions
such as skies, roads, and dynamic objects. Moreover, when comparing the two
heatmaps, we observe that 2D features primarily focus on texture-rich areas,
such as posters, kiosks, and bicycles, whereas 3D features attend more to ge-
ometric and structural elements like walls and buildings, reflecting a stronger
spatial understanding.
Effect of sequence length. We evaluate the impact of the sequence length to
assess the adaptability of our multi-frame feature aggregation module to varying
input sizes. The results are presented in Tab. 5. Although UniPR-3D is trained
only with sequences of length 5, it generalizes effectively to sequences of dif-
ferent lengths at test time, consistently achieving strong performance across all
settings. Moreover, recall consistently improves as more images are aggregated,
even beyond the original training length, showing that our aggregation design
scales robustly to arbitrary numbers of frames.

4.4 Conclusion

In this paper, we propose UniPR-3D, the first 3D token-based VPR method
that supports universal scene recognition and outperforms previous baselines
by a substantial margin. Moreover, our framework is capable of handling both
frame-to-frame and sequence-level retrievals. We design 2D and 3D feature ag-
gregation strategies tailored to the characteristics of different types of 2D and
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3D tokens. For sequence-level retrieval, we further propose a multi-frame feature
aggregation method for variable-length sequence matching. The final descriptor
is constructed by combining the 2D and 3D descriptors. Our extensive experi-
ments demonstrate the effectiveness of the proposed method, achieving strong
performance in both single frame and sequence matching. This work provides
new insights for the VPR community, highlighting the potential of transitioning
from conventional 2D token—based descriptors to 3D token—based representa-
tions.
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