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Efficient Visual Place Recognition Through Multimodal Semantic Knowledge
Integration

Sitao Zhang!'* Hongda Mao?

Abstract

Visual place recognition is crucial for autonomous nav-
igation and robotic mapping. Current methods struggle
with perceptual aliasing and computational inefficiency. We
present SemVPR, a novel approach integrating multimodal
semantic knowledge into VPR. By leveraging a pre-trained
vision-language model as a teacher during the training
phase, SemVPR learns local visual and semantic descrip-
tors simultaneously, effectively mitigating perceptual alias-
ing through semantic-aware aggregation without extra in-
ference cost. The proposed nested descriptor learning strat-
egy generates a series of ultra-compact global descriptors,
reduced by approximately 66 x compared to state-of-the-art
methods, in a coarse-to-fine manner, eliminating the need
for offline dimensionality reduction or training multiple
models. Extensive experiments across various VPR bench-
marks demonstrate that SemVPR consistently outperforms
state-of-the-art methods with significantly lower computa-
tional costs, rendering its feasibility for latency-sensitive
scenarios in real-world applications.

1. Introduction

Visual place recognition (VPR) is a cornerstone of au-
tonomous navigation and robotic mapping systems, en-
abling machines to identify and recall locations using vi-
sual cues from their surroundings [26, 34]. Despite sig-
nificant research efforts, state-of-the-art VPR methods still
struggle with the pervasive problem of perceptual aliasing,
where distinct places are incorrectly matched due to similar
low-level visual features. This limitation is exacerbated in
challenging real-world scenarios involving occlusions, illu-
mination variations, and other appearance changes, leading
to failures that can severely compromise the reliability of
autonomous systems [29, 46].

The root cause of this issue lies in the reliance on low-
level visual features only, which inadvertently learn spuri-
ous patterns and fail to capture the true semantic essence
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Figure 1. Comparison of Recall@1 and descriptor dimensional-
ity among SOTA methods on Pitts30k. Two-stage methods are
indicated with *, showing first-stage results for fair comparison.
Our method achieves higher Recall@1 than other methods while
maintaining highly compact global features down to 128 dimen-
sions, incurring no additional inference overhead.

of a scene [11]. While recent approaches have attempted
to mitigate perceptual aliasing through computationally ex-
pensive re-ranking steps [10, 12, 28, 33, 42, 47] or by
employing high-dimensional descriptors [1, 2, 12, 18, 28],
these solutions are inherently inefficient and may be infeasi-
ble for resource-constrained and time-critical applications.

In contrast, humans excel at VPR tasks by leveraging
not only visual observations but also a rich understanding
of the semantic content of the scene. Humans can effec-
tively disregard transient elements like pedestrians and ve-
hicles, identify reliable visual landmarks, and mitigate the
effects of appearance changes by recognizing the underly-
ing semantic similarities between locations. This ability is
facilitated by our capacity to reason about abstract concepts,
draw upon prior knowledge, and integrate multi-modal in-
formation seamlessly [20].

Inspired by this, we propose SemVPR, a novel approach
that seamlessly integrates semantic knowledge into the VPR
framework, aiming to address the limitations of current
methods and deliver an efficient and robust solution for real-
world applications. Our key insight is to leverage the com-
plementary strengths of low-level visual patterns and high-



level semantic knowledge by guiding the feature learning
and descriptor construction processes with semantic cues
derived from state-of-the-art multi-modal models [32].

Specifically, we introduce a pre-trained vision-language
model with rich common sense as a teacher during the
training phase. While learning local visual descriptors, the
model simultaneously learns a high-quality local semantic
descriptor under the guidance of the teacher model. This se-
mantic descriptor encodes the scene’s conceptual informa-
tion, and then contributes to the aggregation of the global
descriptor, enabling the model to concentrate on reliable vi-
sual landmarks and relevant attributes. In contrast to com-
mon unsupervised aggregation methods such as VLAD [18]
and GeM [31], the introduction of semantic knowledge
guidance allows our model to effectively mitigate percep-
tual aliasing by focusing on the most relevant and informa-
tive aspects of the scene.

Furthermore, we propose a nested descriptor training
strategy that allows for learning highly compact global rep-
resentations. By explicitly imposing constraints at multiple
levels of the descriptor construction process, the model is
encouraged to aggregate local features from relevant parts
only. This yields a series of low-dimensional descriptors
that are not only robust to appearance variations but also
computationally efficient, making them well-suited for de-
ployment in resource-constrained environments or time-
critical applications.

Our approach promises to deliver efficient and reliable
VPR capabilities, even in challenging scenarios where con-
ventional methods falter, paving the way for more robust
and trustworthy autonomous systems. We summarize our
major contributions as follows:

* We introduce SemVPR, a VPR framework that integrates
multimodal semantic knowledge to address perceptual
aliasing. By using a pre-trained vision-language model as
a teacher, SemVPR learns visual and semantic descriptors
simultaneously at training time, enabling semantic-aware
feature aggregation without additional inference costs.

* We introduce a nested descriptor learning strategy that

generates a series of ultra-compact global descriptors,

reduced by approximately 66x compared to the SOTA
method, in a coarse-to-fine manner, which eliminates the
need for offline dimension reduction techniques such as

PCA or the training of multiple models. To the best of our

knowledge, this is the first time such a strategy has been

explored for VPR, allowing for ultra-compact global de-
scriptors down to 64-dim that maintain high performance
while significantly reducing computational overhead.

SemVPR demonstrates state-of-the-art performance

across various VPR benchmarks, surpassing existing

methods in terms of both accuracy and efficiency.

Notably, our approach achieves remarkable results with

up to 2,000x memory savings compared to SOTA two-
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stage methods and exhibits significantly lower latency.
Detailed analysis reveals the robustness of SemVPR,
highlighting its ability to maintain high performance in
real-world scenarios characterized by severe occlusions,
illumination variations, and other challenges.

2. Related Work

Most early works on VPR employed handcrafted features
for matching queries against references in the database [26].
With the rise of deep learning, feature extraction using neu-
ral networks gradually became the mainstream approach [2,
4,5, 12]. Recently, researchers began exploring the use of
Vision Transformers (ViTs) [9] for VPR, replacing Convo-
lutional Neural Networks (CNNs) [13, 36]. Visual foun-
dation models (VFMs) [6, 8, 22, 30, 32] have gained sig-
nificant traction, demonstrating remarkable generalization
capabilities across various downstream tasks. Most recent
works have incorporated pre-trained VFMs as backbones.
AnyLoc [21] investigated the performance of various VFMs
on the VPR task with frozen pre-trained models [6, 8, 30,
32] and classic aggregation strategies [2, 18, 31], where the
DINOv2-based [30] model exhibited potential under ultra-
high-dimensional descriptors. SelaVPR [28] attempted to
fully unleash the capability of pre-trained models for VPR
using Parameter Efficient Fine-Tuning (PEFT) [16]. Al-
though it achieved promising performance, it relied on a
computationally inefficient re-ranking step based on local
feature maps [10, 33]. CricaVPR [27] introduced cross-
image correlation-aware representation learning on top of
PEFT [16]. However, this method depends on batch con-
struction and exhibits significant performance fluctuations
when the test set is shuffled or under different partitions.
SALAD [17] proposed an optimal transport aggregation
method designed for ViTs, improving upon NetVLAD and
achieving excellent results across various benchmarks. No-
tably, similar to NetVLAD, SALAD’s method relies on the
clustering and concatenation of local feature maps. Even
with an off-line dimensionality reduction approach like
PCA [44], its descriptors remain highly inefficient, being
an order of magnitude larger than other methods.

There are a few works that attempt to introduce other
forms of external knowledge to enhance scene understand-
ing or train descriptors. StructVPR [35] attempts to use seg-
mentation maps to introduce structural knowledge into the
pixel space. However, segmentation maps only contain sim-
ple scene layouts without any details and conceptual seman-
tics, which is not helpful for dealing with some situations
such as occlusion and perspective changes. Textplace [15]
proposes to leverage high-level semantic information with
the help of scene texts in the wild, which are naturally ro-
bust and under extreme appearance changes and perceptual
aliasing. However, this method lacks generalization and
cannot be used in scenarios without scene text. We propose



to use a vision-language model [32] to guide the model to
learn local semantic descriptors, which can be seen as im-
plicitly learning textual descriptors of the scene. This makes
our method not only robust but also highly generalizable,
allowing it to be used for recognition in any scenario.

3. Method

3.1. Preliminary

A series of recent works have revealed the powerful rep-
resentation capability of VFMs in VPR tasks. Inspired by
this, we use a pre-trained DINOv2 [30] model as our back-
bone. DINOV2 uses a ViT minimally adapted as the en-
coder. Specifically, given an image x € R"®WX3 | the
ViT first extracts [ non-overlapping patches from the im-
age and projects them into d-dim tokens x € R**?, where
l = Z—;" be the number of patch tokens extracted from the
the image, p be the patch size, and d be the dimensional-
ity of the hidden feature space. The input token sequence
x' € R"*4 is formed by prepending a learnable [CLS] to-
ken and several optional [REG] tokens to patch tokens [8].
After adding corresponding positional embeddings to pre-
serve the positional information, x’ is fed into a series of
transformer blocks to produce the feature representation. A
standard transformer block in ViT, including multi-head at-
tention (MHA) [40], a multi-layer perception (MLP) and a
Layer Normalization (LN), is formulated as:

X; = MHA(LN(XZ)) + X;—1
x; = MLP(LN(x})) + x!,

(1
2)

where x; is the output of the i-th block and the input of
(7 + 1)-th block.

3.2. Semantic-Aware Aggregation

Since DINOV?2 is trained solely on visual data, the resulting
representation captures rich low-level visual information
but lacks an understanding of high-level semantic concepts.
Conventional approaches that directly apply an aggregation
module to DINOvV2’s feature map to obtain a global de-
scriptor are suboptimal because the feature map itself does
not possess a conceptual understanding of objects or enti-
ties within the scene. For instance, the feature map cannot
conceptually distinguish between buildings, pedestrians, or
other elements, which could lead to shortcut learning where
the model learns spurious relationships or patterns due to
data bias rather than meaningful associations.

In contrast, humans do not rely solely on visual observa-
tions for place recognition but also leverage common sense
knowledge to comprehend the abstract information within
a scene, facilitating spatial reasoning by identifying reliable
visual landmarks and focusing on relevant attributes. There-
fore, we propose introducing a pre-trained vision-language
model [37] as a teacher during the training phase. This
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teacher model has already acquired concept-level knowl-
edge through multi-modal pre-training on both visual and
textual data. By distilling the semantic knowledge from
the teacher model into our backbone network [14], we can
guide the model to focus on reliable visual landmarks and
their relevant attributes when aggregating low-level local
visual descriptors. Crucially, once the training process is
complete, the teacher model is no longer required during
inference, minimizing computational overhead and ensur-
ing efficient performance.

Specifically, we introduce a separate branch in the k-th
block of the backbone to learn semantic concepts. This is
formulated as

s = Conv(os(Conv(xg_1))), 3)
where Conv is 1D-convolution operator, o, is a non-linear
activation function, and s is the local semantic descriptors
with the same shape as xj,. We use a fine-tuned CLIP model
as the teacher model to provide semantic-level guidance.
The details of this teacher model will be discussed in a later
section.
Given the image x, we obtain the target semantic feature
map by extracting from the teacher model F;
s = Fy (.13) 4
We discard the [CLS] token from the teacher’s outputs
such that the target semantic feature map s; has the same
shape with s. The feature-level distillation loss is formu-

lated as:
1 p p Sij . Sij
Lqg=— 1——— (5
o ZZ ( i - |s?>

where p is the patch size and s%/, s/? are the features of the
corresponding patches.

In contrast to most works that introduce extra layers for
global descriptor aggregation, including popular GeM [31]
and NetVlad [2], we stick to the ViT design and use the
[CLS] token and attention mechanism for aggregation.
Specifically, let x,,_1 be the output of the penultimate block
as the local visual descriptors, the semantic-aware aggrega-
tion is formulated as

X:L = Ua(Was + ba) *Xn—-1 (6)
x! = MHA(LN(x")) + x* %
Xn = MLP(LN(X:@)) + X;u 3

where W, b, are learnable parameters and o, is an acti-
vation function. The full-size global descriptor is defined as
the [CLS] token of the output sequence

g = xx[0]. )



“ii7 Candidates
1 mOC !
5 Omm T -
1] CLS tokens —]
)= e - BB -—
c Cropped images Semantics i alignment S I Da-tabase
© v 2
— —
s o m
£ e« Fm
& — — I
S DD e
Y S —
\ Whole image Regional feature maps / k Global descriptors in various dimensions /
H 4
T T
( t : \
1
1
[©]
[s]
o / \
(O]
—
L
= Local semantic descriptors
~ 2 e
(oY) o
£
£ \ /
g Query image
Full-size
. . lobal descript
\ Local visual descriptors global descriptor )

Figure 2. Overview of the proposed SemVPR. During pre-training, Local Semantic Alignment (LSA) is applied to a pre-trained vision-
language encoder to enhance the quality of its local feature maps. For the training phase, the backbone model simultaneously learns local
semantic descriptors and local visual descriptors, guided by the vision-language teacher model, and performs Semantic-Aware Aggregation
(SAA) to create global descriptors. Nested Descriptor Learning (NDL) strategy is deployed, producing a set of descriptors with varying
capabilities from the same model output, which can be directly utilized for retrieval tasks.

3.3. Local Semantics Alignment

The original CLIP encoder was trained on image-text pairs,
where the objective was to establish a holistic correspon-
dence between the entire image and its textual descrip-
tion, without imposing explicit constraints on local regions
within the image [32]. Consequently, the quality of CLIP’s
local feature map, which captures region-specific represen-
tations, is known to be suboptimal, thereby not ideal for our
purpose. To overcome this challenge, we finetune the CLIP
model focusing on refining its local feature map. Let F. be
the visual encoder of the original CLIP model, we initial-
ized F; with the same weights from F.. Given an image,
we divide it into a grid of H x W local regions, denoted
as R = {RY|0 < i < H,0 < j < W}. The goal is
to align the region representations within the local feature
map from F; with the image-level representations of the
corresponding image crops from .. This is formulated as
a self-alignment pre-training process with loss:

) ) (10)

AW
Lpre = HW zl: ZJ: (1
where t% is the average pooling of the patch features within
region R% from model F;, and c¥/ is the [CLS] token of
the output from model F, with input image crop R*. This
process can be seen as implicitly aligning the regional fea-
tures with the textual description of the image crop, such

i . Gl
] e
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that the local feature map could be equipped with rich
semantic-level information.

3.4. Nested Descriptor Learning

Obtaining high-performance and efficient descriptors has
long been a crucial challenge in VPR tasks. Current meth-
ods suffer from the drawback of producing descriptors with
excessively high dimensions, often reaching tens of thou-
sands, resulting in inefficiency. This stems from their na-
tures of clustering and concatenation operations on local
features [2, 12, 17], which can be regarded as simulating
the local matching of two-stage methods using retrieval.

We introduce a nested descriptor learning strategy to ad-
dress this issue. With the help of concept-level semantic
knowledge, our approach encourages the model to extract
information from the most relevant parts of the image rather
than exhausting all of them, thereby learning a series of ex-
tremely compact descriptors. In particular, this set of de-
scriptors with varying capabilities is derived from the same
global vector output by a single model, eliminating the de-
pendence on offline dimensionality reduction methods such
as PCA [44], or the necessity of training multiple models of
different sizes.

Specifically, we follow the map partitioning of Eigen-
Places [5] and adopt classification as a proxy training task
using the Large Margin Cosine Loss [41], formulated as:



Dataset Name Pitts30k MSLS-val Tokyo 24/7 SPED SF-XL SF-XL SF-XL SF-XL

[38] [43] [39] [7] test-v1 [4] test-v2 [4] test-occlusion [3] test-night [3]
# queries 6.8k 740 315 607 1000 598 76 266
# database 10k 19k 76k 607 2.8M 2.8M 2.8M 2.8M
Orientation panorama frontal-view multi-view  frontal-view panorama panorama panorama panorama
Scenery urban urban, suburban urban country mostly urban mostly urban mostly urban mostly urban
Domain Shift none day/night day/night season viewpoint, day/night viewpoint severe occlusion  extreme day/night

Table 1. Summary of the evaluation benchmarks.

‘Cl'rnc('x; VV7 m, 8) =

1 es(cos(Oy% )—m) (1)
— —log ,
N ; es(cos(gyi)—m) 4 Z’L;éj es cos(6;)
subject to
cos(b;) = WJ»T@
= W P kS (12)
Wi )"

where IV is the number of training samples, x; is the ¢ — th
feature vector corresponding to the ground-truth class y;, W
is a learnable weight matrix, and s, m are hyperparameters
for scaling and margin respectively.

We optimize the global descriptor in a coarse-to-
fine manner by directly imposing constraints in multi-
granularity [23]. The CosFace loss is applied on multiple
nested sub-vectors of the full-size global descriptor g and
aggregated together. This is formulated as:

Lo=" B Lime (s WH m® s0) . (3)
ke

Here K is a collection of nested dimensions and gy.; rep-
resents a k-dimensional global descriptor consisting of the
first k£ elements of the full-size global descriptor g. For
the optimization of each k-dimensional global descriptor,
a separate linear projector, parameterized by W(¥)_ is used,
as well as the corresponding scaling factor s(*) and margin
m(¥). Specifically, we would have

{

The first constraint sets a larger decision margin for higher-
dimensional descriptors in classification tasks, forcing them
to capture more nuanced patterns, thereby learning repre-
sentations in a coarse-to-fine manner. The second constraint
ensures the stability of metric learning. All classification
losses are aggregated with corresponding weight 3.

The final training objective is formulated as the weighted
sum of distillation loss and classification loss:

mki) < mki)

sk > s(ky) a4

L=coqlqg+ a.L, (15)
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4. Experiments
4.1. Datasets

To rigorously evaluate the effectiveness of the proposed
method, we conducted comprehensive experiments on a va-
riety of VPR benchmarks, as summarized in Table 1.

4.2. Implementation Details

Training strategy. For the pre-training, we initialize the
F; model with weights from EVA-CLIP ViT-L [37] and
fine-tune it on the COCO dataset [24] using L. loss. We
train for 5 epochs using the AdamW [25] optimizer with a
learning rate of le-5 and a weight decay of 0.1 [45]. For
the training, we initialize our backbone with the weights
from DINOv2 ViT-L [30] and fine-tune the last 4 blocks
of the model on the training set of SF-XL [4]. We follow
the map partitioning design of EigenPlaces [5] to split the
map into mesh with 15 x 15-meters and use non-adjacent
cells as classes. We train the model for 20 epochs with
5000 iterations each using the AdamW optimizer [25]. The
learning rates of the backbone, semantic branch, and pro-
jection layer in CosFace loss [41] are set to le-5, le-4,
and le-3, respectively. The nesting dimension C is set
to {1024,512,256,128,64}, and we use m(10?Y) = 0.4
and decay by 0.5 for the remaining dimensions. We use
s*) =100 and 5(k) = 1. For the final loss, we have o, = 1
and ooy = 5.

Evaluation protocol. We evaluate the recognition per-
formance using Recall@N (R@N), following the standard
evaluation procedure [4, 5, 17, 28]. We also report detailed
computational costs, including descriptor dimensions, la-
tency, and memory footprint [19].

4.3. Comparisons with State-of-the-Art Methods

Comparisons with single-stage baselines. We compare
our SemVPR with a single-stage baseline [2] and several
single-stage SOTA methods [1, 4, 5, 17]. These methods
use only one global descriptor for retrieval, which is the
same as our setting. In addition, we also compare with
a ViT-based SOTA method proposed recently [28]. How-
ever, this method includes a time-consuming re-ranking
stage relying on local feature maps. For a fair compar-
ison, we report its first-stage retrieval results here. As



Method Venue Desc. Pitts30k [38] Tokyo024/7 [39] MSLS-val [43] SPED [7]

Dim | R@l R@5 R@]l0 | R@l R@5 R@l0 | R@l R@5 R@I0 | R@l R@5 R@I0
NetVLAD [2] CVPR’16 || 32768 | 819 912  93.7 60.6 689 746 53.1 665 71.1 787 883 912
CosPlace [4] CVPR’22 512 88.5 945 95.2 828 90.0 927 795 872 89.4 672 804 878
MixVPR [1] WACV’23 || 4096 | 91.5 955 96.3 851 91.7 943 88.0 927 946 852 921 94.6
EigenPlaces [5] ICCV’23 2048 | 92.5 96.8 97.6 | 93.0 962 975 89.1 938 950 699 829 887
SelaVPR* [28] ICLR’24 1024 | 90.2  96.1 97.1 819 959  96.5 87.7 958  96.6 86.6 93.1 95.2
SALAD [17] CVPR’24 8448 | 922 963 976 | 946 969 978 | 912 963 96.6 | 909 957 964
SemVPR (ours) - 1024 | 942 97.7 985 96.8 98.1 98.7 | 89.7 947 959 | 914 959 972
SemVPR (ours) - 512 940 976 983 | 971 981 984 | 893 946 954 | 911 962 97.0
SemVPR (ours) - 256 93.5 970 979 | 959 978 987 889 942 955 | 8.0 956 @ 96.7
SemVPR (ours) - 128 926 967 974 | 921 952  96.8 869 928 939 88.6 942 956
SemVPR (ours) - 64 90.1 958 97.0 829 905 939 822 908 924 804 89.6 942

Table 2. Comparison against retrieval-only baselines. Two-stage methods are marked with *, and report results from the first-stage for fair
comparison. The best results are bolded, and the second bests are underlined.
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Figure 3. Comparison of performance against single-stage methods under same descriptor dimensions.

shown in Table 2, our SemVPR achieves SOTA or com-
parable performance across various benchmarks. Despite
using a much more compact global descriptor for retrieval,
SemVPR significantly outperforms other single-stage meth-
ods on Pitts30k and Tokyo 24/7. It’s worth noting that our
method remains SOTA even with an ultra-compact descrip-
tor in 128 dimensions on Pitts30k and 256 dimensions on
Tokyo 24/7, which is 66x and 33 x more efficient com-
pared to the most recent SOTA method SALAD [17] with
a 8448-dimensional descriptor. The global descriptor of
SALAD is constructed by concatenating clustered local fea-
ture maps and global features. Using such a concatenated
ultra-high-dimensional descriptor for retrieval can actually
be regarded as a simulation of the re-ranking based on lo-
cal features. Meanwhile, the descriptor of SemVPR is ag-
gregated under semantic guidance, making it capture the
most relevant semantic information while discarding use-
less local information, thereby achieving good performance
while maintaining compactness. Compared to CosPlace [4]
and SelaVPR [28] which have relatively compact descrip-
tors, SemVPR achieves a substantial improvement in per-
formance in the same dimensionality, rendering the supe-
riority of the proposed method. Furthermore, SemVPR
can still achieve competitive results against SOTAs on all
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benchmarks while using an ultra-compact descriptor as low
as 64 dimensions. For a more fair comparison, we further
evaluate the performance of these methods by truncating
the descriptors to the same dimension. Figure 3 intuitively
demonstrates the superiority of SemVPR.

To the best of our knowledge, our work is the first to ex-
plore such low-dimensional descriptors and achieve com-
petitive performance, rendering the efficiency and robust-
ness of SemVPR. It is worth noting that unlike previous
methods that rely on training multiple models to obtain
descriptors of different sizes or use offline dimensional-
ity reduction methods such as PCA, all SemVPR descrip-
tors come from the output of a single model, i.e., the 128-
dimensional descriptor is simply a truncation of the 1024-
dimensional descriptor. This makes SemVPR seamlessly
adaptable to different scenarios without any overhead.

Comparisons with baselines with re-ranking. We com-
pare our SemVPR with the best two-stage SOTA meth-
ods. All these methods have a re-ranking stage that re-
lies heavily on local feature maps, which leads to huge
latency and memory overhead. Patch-NetVLAD [12] and
TransVPR [42] deploy RANSAC-based geometric verifica-
tion on patch descriptors [10]. R2Former [47] introduces an



Method Venue ‘ Desc. Dim Memory Latency (ms) Pitts30k [38] Tokyo024/7 [39]
‘ Global Local (GB) Retrieval ~ Re-ranking R@l R@5 R@I10 R@l R@5 R@I10

Patch-NetVLAD [12] CVPR’21 4096 2826 x 4096 908.30 0.35 12642.55 88.7 945 95.9 86.0 88.6 90.5
TransVPR [42] CVPR’22 256 1200 x 256 22.72 0.18 4642.17 89.0 949 96.2 79.0 822 85.1
R2Former [47] CVPR’23 256 500 x 131 4.70 0.18 249.73 91.1 952 96.3 88.6 914 91.7
SelaVPR [28] ICLR’24 1024 256 x 128 2.47 0.25 197.81 928 96.8 97.7 94.0 96.8 97.7
SemVPR (ours) - 1024 0 0.76 0.25 0 942 977 98.5 96.8 98.1 98.7
SemVPR (ours) - 256 0 0.54 0.18 0 93.5 97.0 97.9 959 978 98.7
SemVPR (ours) - 128 0 0.48 0.14 0 92.6  96.7 97.4 92.1 952 96.8

Table 3. Comparison against baselines with local re-ranking. The best results are bolded. Latency refers to the average retrieval time and
re-ranking time for a single query image. Memory refers to the peak memory footprint during the retrieval process.

additional transformer module for correlation-based rerank-
ing while SelaVPR [28] performs local matching based on
mutual nearest neighbor. As shown in Table 3, despite us-
ing global descriptors solely, SemVPR surpasses all two-
stage methods by a large margin on both Pitts30k and Tokyo
24/7. We also report the latency and memory footprint of
each method. Note that the computational cost of two-stage
methods is usually dominated by the re-ranking stage, as it
requires storing huge local feature maps and performing a
time-consuming matching algorithm. However, SemVPR
does not rely on re-ranking, making its computational over-
head several orders of magnitude smaller. This result ren-
ders the efficiency of SemVPR, with up to 2,000 x mem-
ory savings and 100,000x latency reduction compared
with two-stage baselines, making SemVPR adaptable to a
wider range of application scenarios, such as edge devices
with limited computing power and latency-sensitive naviga-
tion scenarios.

Comparisons on large-scale benchmarks. We evaluate
SemVPR on SF-XL [3, 4] and compare against several SO-
TAs [4, 5, 17, 28]. We intentionally compare only with
single-stage methods, partly for fairness and partly because
the computational overhead of re-ranking-based methods
is unacceptable on such a large dataset. As shown in Ta-
ble 4, SemVPR achieves the best on all the test sets, includ-
ing challenging ones with severe occlusions and extreme
day/night changes. It is worth noting that although the recall
rates of SALAD [17] seem promising, its high-dimensional
descriptor hinders its practicality in large-scale applications,
as its huge latency and memory overhead of nearly 200GB
make it infeasible for usage in real-time applications or de-
ployment on common devices. Instead, SemVPR achieves
competitive results using descriptors as low as 256 dimen-
sions. Note that even with a large-scale database at the city
level and without extra engineering optimization, SemVPR
can seamlessly run on a device with 8GB memory with
decent latency and performance, while all baselines fail
to do so [19]. This result demonstrates the superiority of
SemVPR in real-world applications.

Image Pre-trained model SemVPR (ours)
- -

e

Figure 4. Example queries and attention map visualizations of
the pre-trained backbone model (DINOv2) and SemVPR. The re-
gions attended to by the pre-trained model have no relevance to
place recognition while SemVPR focuses on the most discrimina-
tive parts such as the attic (1st example), the shaped building (2nd
example), and the unique roof and traffic signs (3rd example).

4.4. Ablation Studies

We perform a series of ablation experiments to validate the
effectiveness of the proposed SemVPR both quantitatively
and qualitatively. We first evaluate the performance of pre-
trained models as the borderlines using their [CLS] to-
ken. As shown in Table 5, DINOv2 achieves decent results
because of its powerful representation capability while the
CLIP performs poorly as its [CLS] token contains merely
high-level semantics but lacks low-level visual features es-
sential for VPR tasks. Fine-tuning DINOv2 on SF-XL
training set bridges the gap between pre-training and down-
stream VPR tasks, significantly improving the performance
of the model. Equipped with the semantic-aware aggrega-
tion, the 1024-dimensional full-size descriptor has reached
the level of SOTAs. Local semantic alignment plays an im-
portant role in this because it makes the local feature map
of the teacher model F; have rich semantic information,
thereby guiding the backbone to learn useful local seman-
tic descriptors. We note that the nested descriptor learning
strategy does not improve the performance of the full-size
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Method Venue H Desc. ‘ Latency Memory | SF-XLtest-vl[4] | SF-XLtest-v2[4] | SF-XL Occlusion[3] |  SF-XL Night [3]
Dim | (ms) (GB) [R@I R@5 R@I0 | R@I R@5 R@I0 | R@I R@5 R@I0 | R@I R@5 R@I0

CosPlace [4] ~ CVPR'22 || 2048 | 5325 4528 | 764 836 853 | 888 942 959 | 263 382 461 | 238 290 315
EigenPlaces [5] ICCV’23 || 2048 | 5325 4528 | 841 89.1 907 | 907 957 967 | 329 486 526 | 236 307 345
SelaVPR* [28]  ICLR’24 || 1024 | 3247 2277 | 749 807 821 | 893 957 962 | 355 474 553 | 384 509 554
SALAD[17]  CVPR'24 || 8448 | 196.67 1864 | 88.6 93.5 944 | 948 973 983 | 507 628 662 | 46.6 589  62.2
SemVPR (ours) - 1024 | 3247 2277 | 938 969 977 | 949 980 985 | 566 618 671 | 562 7TL7 758
SemVPR (ours) - 512 | 2115 1182 | 93.0 962 972 | 940 983 985 | 500 579 632 | 528 678 73.0
SemVPR (ours) - 256 | 1570 635 | 894 938 949 | 926 977 982 | 395 526 579 | 481 603 659
SemVPR (ours) - 128 | 1139 361 | 818 867 888 | 830 955 968 | 316 355 421 | 335 444 506

Table 4. Comparison on large-scale datasets and their challenging variants. Two-stage methods are marked with *, and report results from
the first-stage for fair comparison. The best results are bolded, and the second bests are underlined. Latency refers to the average retrieval
time for a single query image. Memory refers to the peak memory footprint during the retrieval process.

Method d=64 d =256 d=1024

ctho R@I R@5 | R@l R@5 | R@l R@5
Frozen CLIP 350 616 | 463 719 | 496 742
Frozen DINOv2 676 871 | 767 91.1 | 780 92.1
SemVPR w/o SAA || 774 892 | 863 940 | 91.7 962
SemVPR wo LSA || 803 912 | 87.8 945 | 935 973
SemVPR wioNDL || 82.6 924 | 914 963 | 944 97.9
SemVPR 90.1 958 | 93.5 97.0 | 942 977

Table 5. Ablation on components on Pitts30k. LSA: Local Se-
mantics Alignment. SAA: Semantic-Aware Aggregation. NDL:
Nested Descriptor Learning.

descriptor. Instead, the performance of low-dimensional
nested descriptors has been significantly enhanced (+9%)
at the cost of only a small sacrifice in the performance of
full-sized descriptors (—0.3%), which is within expectation.

To further analyze the effect of the semantic-aware ag-
gregation, we visualize the attention maps of [CLS] to-
ken in SemVPR by averaging the channel dimension, and
compare them with the ones generated from the pre-trained
backbone model. As shown in Figure 4, the attention of the
pre-trained model tends to be scattered and lacks focus in
most scenarios, sometimes biased towards the foreground.
However, we can clearly see that the SemVPR pays strong
attention to the buildings and moderate attention to the veg-
etation, as they are reliable visual landmarks for VPR tasks.
Moreover, we notice that the attention of SemVPR is highly
concentrated: it always focuses on the most discriminative
parts of the scene, such as the attic (in the first example),
the shaped building (in the second example), and the unique
roof and traffic signs (in the third example).

We also noticed that the pre-trained model has a strong
tendency to over-focus on some common objects in daily
life such as vehicles. This may be a bias introduced by
visual-only pre-training tasks [30]. As shown in Figure 5,
our model is able to correct this bias with the help of se-
mantic guidance and stays focused on reliable landmarks,
which greatly improves the robustness of descriptors.
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Figure 5. Example queries (a) and attention map visualizations
of the pre-trained DINOv2 model (b) and SemVPR (c). The pre-
trained model tends to focus on common objects such as vehicles
while SemVPR corrects this bias and extracts features from reli-
able landmarks such as buildings.

5. Conclusions

We introduce SemVPR, an efficient and robust visual place
recognition framework. By integrating a VLM during train-
ing, SemVPR learns both local visual and semantic de-
scriptors. The semantic-aware aggregation approach mit-
igates perceptual aliasing and enhances robustness. Our
nested descriptor learning strategy further enables a sin-
gle model to produce extremely compact descriptors with-
out additional overhead, eliminating the need for multiple
models or offline dimensionality reduction. SemVPR out-
performs previous state-of-the-art methods, including two-
stage re-ranking approaches, across various benchmarks
while maintaining lower latency and memory requirements.
Its performance on large-scale and challenging datasets fur-
ther demonstrates its efficiency and robustness. SemVPR
offers a promising solution for latency-sensitive and com-
putationally constrained scenarios.
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