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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].

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.

However, most VPR methods
share the fundamental limitation of
extracting features from a single view.
While multiple views provide broader
scene coverage and a richer vari-
ety of viewpoints, multi-view fea-
ture aggregation has always been
a challenging and relatively unex-
plored topic [26]. The recent de-
velopment of the Visual Geometry
Grounded Transformer (VGGT) [84],
a large ViT backbone encoding 3D-
aware multiview representations, has
opened new possibilities for leveraging
such input modality in various dwon-
stream tasks [45, 75, 76]. Building on
this backbone for feature extraction,
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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