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Abstract

Deep-learning-based methods have achieved signifi-
cant success in the Visual Place Recognition (VPR) task,
which is important for autonomous driving and robetics
systems. Recent advancements primarily focus on the
sophisticated feature aggregation module. This paper
argues for a shift in emphasis toward the backbone fea-
tures. Through an in-depth analysis of GeM, one of
the simplest pooling aggregator based VPR method, we
identify a prevalent issue, termed ’Channel vanishing’.
The issue manifests as a substantial proportion of chan-
nels in both the final GeM descriptor and the backbone
output local features turning zero-valued and inactive
during training, thereby drastically diminishing the rep-
resentational capacity of the model and undermining its
VPR performance. In order to solve this problem, we
propose a regularization branch with a fully connected
layer for the GeM pipeline. This branch successfully
mitigates Channel vanishing and further enriches the
diversity and representation of the backbone output fea-
tures. During inference, our streamlined model, using
only the GeM aggregator, achieves state-of-the-art per-
formance among backbones that are not transformer-
based. Notably, when utilizing the DINOv2-B backbone,
our method derives 99.1% recall@1 and 100% recall@5
VPR scores on the Tokyo24/7 dataset. This result sug-
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gests that strengthening backbone features can substan-
tially narrow the gap between simple GeM pooling and
more complex aggregators; assessing how broadly this
observation transfers to other aggregators is an inter-
esting direction.
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Autonomous Navigation, Robotics, GeM, Channel van-
ishing

1. Introduction

Visual Place Recognition (VPR) has emerged as a cor-
nerstone in the field of robotics and autonomous systems.
It endows robots and autonomous vehicles with the ability
to navigate and interpret their environments with remark-
able precision, akin to human place recognition capabili-
ties. VPR operates by extracting features from visual data
and matching them against a database of known locations,
thus determining the system’s current position. However,
VPR faces considerable challenges. It must contend with
constantly changing conditions, such as shifts in illumina-
tion, weather, and seasons, which can drastically alter the
appearance of scenes. This requires robust and adaptable
algorithms capable of consistent place recognition despite
these variations.

In recent years, Deep Neural Networks (DNNs) have
demonstrated superior performance in VPR tasks [3, 18,

, 2, 10]. DNN-based VPR approaches typically com-
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prise a backbone for feature extraction and an aggregator
for synthesizing these features into discriminative descrip-
tors. Current research predominantly concentrates on de-
vising intricate aggregators, such as MixVPR [2], GeM
[18], CosPlace [4], NetVLAD [3], et al. As reported in
MixVPR, under the premise of using the same backbone
network, although MixVPR demonstrated dominant perfor-
mance, NetVLAD and CosPlace also showed relatively ad-
vanced performance, whereas GeM’s performance lagged
significantly behind the compared methods. Among these
methods, the backbone network occupies most of the pa-
rameters of the entire VPR network, with Mix VPR account-
ing for 90%, NetVLAD for 99%, and GeM nearly 100%.
Moreover, the versatility of the backbone network has been
proven in various vision tasks, reflecting its potent feature
extraction capacity. We have reason to believe that GeM,
using the same backbone and a minimalistic aggregator de-
sign, also has the potential to achieve performance compa-
rable to other methods, although it may be difficult to sur-
pass them.

Therefore, in this paper, we studied GeM to investigate
the reasons for its extremely poor performance. During the
numerical statistical analysis of its final descriptors, we dis-
covered a critical yet under-discussed issue, as illustrated in
Fig. 1. Specifically, during training, numerous channels in
the final descriptors vanish to zero. This makes GeM signif-
icantly hinder the model’s ability to use only a small frac-
tion of descriptor channels to learn varied features, conse-
quently impairing its overall efficacy. Moreover, our further
investigation revealed that the same phenomenon appeared
in the local features output by the backbone after training.
We define this issue as ’Channel Vanishing’. We believe this
is the reason for GeM’s poor performance. We trace this is-
sue to the use of the ReLLU activation function preceding
the GeM pooling aggregator, which confines the GeM de-
scriptor to the non-negative section of the high-dimensional
hypersphere. As training progresses, descriptors of distinct
scenes diverge from each other, causing both the GeM de-
scriptor and local features to converge on the non-negative
section’s border, where most dimensions are zero. This will
be elaborated further in Section 3.

To address this challenge, we propose an innovative
training pipeline for GeM, integrating a regularization
branch. Experimental results demonstrate that this branch
prevents the local features from being constrained to the
border during training, thereby rectifying the Channel Van-
ishing issue in GeM descriptors. As a result, the ’liber-
ated’ local features exhibit increased diversity, enhancing
the GeM model’s performance. Moreover, through experi-
ments, we found that this branch does not contribute highly
distinctive information to the final global descriptor during
inference. Therefore, despite considering the inconsistency
between the training and inference pipelines, we still use

only the pure GeM branch for inference to achieve higher
computational efficiency. Furthermore, we attribute the role
of this regularization branch to assisting the backbone in
training highly significant features, enabling the pure GeM
to aggregate and produce high-performance descriptors.

Empirical evidence confirms that incorporating the reg-
ularization branch into the training regimen significantly
improves the pure GeM descriptor’s performance, achiev-
ing competitive results on various public benchmarks, even
with a relatively low descriptor dimension. This perfor-
mance not only underscores the efficacy of our method but
also its capacity for information consolidation and compres-
sion, offering viable solutions for memory-constrained ap-
plications. Further, leveraging the robust DINOv2-B back-
bone [14], our approach achieves recall@1 (99.1%) and
recall@5 (100%) VPR scores on the Tokyo24/7 datasets.
The exceptional performance of our model suggests strong
robustness in complex urban environments. Therefore, we
conclude that our findings suggest a shift in emphasis from
the aggregator to the backbone in VPR models.

2. Related Works

VPR techniques can be broadly categorized into one-
stage and two-stage methods.

One-stage VPR methods generate a global descriptor for
each scene image, enabling image comparisons through de-
scriptor similarity. The emergence of Convolutional Neural
Networks (CNN) has promoted the development of VPR
techniques. Some VLAD-centric methods [3, 17, 16, 7,

, 12, 26] learn a trainable VLAD layer to softly clus-
ter and aggregate local features with modification including
multi-resolution images [ 2], pyramidal feature maps [26],
attention mechanisms [17], and novel loss functions [ 13, 7].
However, these methods pose storage challenges because
of their high-dimensional descriptors. In contrast, sim-
pler pooling-based method GeM [ 18] utilizes generalized-
mean pooling for lower-dimensional descriptor embedding.
However, GeM is quickly surpassed by methods such as
MixVPR [2], which leverages spatial fully connected layers
for feature embedding, and CosPlace [4] and EigenPlaces
[5], which share the same model structure and both trained
on the SF-XL dataset [4] but with distinct training strate-
gies.

Except for GeM[ 18], all of the above methods focus
on developing an effective aggregator or novelty training
strategies to address the VPR problem. Nevertheless, this
paper is dedicated to diversifying the local features derived
from the backbone, demonstrating that even with the simple
GeM, exceptional performance can still be achieved.

Two-stage VPR approaches [8, 19, 23, 27, 6, 28, 15],
which characterize by an initial coarse retrieval phase fol-
lowed by a re-ranking process using local features. Patch-
NetVLAD [&] extends the re-ranking stage for NetVLAD



[3]. CAHIR [15] further develops the APPSVR [17] by in-
corporating the re-ranking stage. ETR [27] leverages at-
tention mechanisms with the Superpoint [19] or DELGJ[6]
features, achieving remarkable performance. Although this
two-stage strategy significantly enhances accuracy and ro-
bustness, especially in environments with diverse and chal-
lenging conditions, the re-ranking stage entails substan-
tial computational overhead due to extensive local feature
matching.

Latest developments utilizing Vision transformers have
exhibited exceptional efficacy in this area.  For in-
stance, Salad [10], reformulates the clustering process of
NetVLAD [3] as an optimal transport problem, leveraging
the robust DINOv2 backbone [14] to set new benchmarks
in VPR performance. TransVPR [23] and R2former [28]
are transformer-based VPR method with outstanding per-
formance, with R%former proposing a comprehensive train-
ing pipeline for the global retrieval and re-ranking stages.
Pair-VPR [9] introduces a place-aware pre-training strat-
egy combined with a contrastive pair classification frame-
work, achieving state-of-the-art results on benchmarks such
as Tokyo24/7 (100% Recall@1 with ViT-G [9]), Pitts30k
(95.4% Recall@1), MSLS-Val (95.4% Recall@1), and
MSLS-Challenge (81.7% Recall@1), outperforming prior
methods like SALAD and EigenPlaces by significant mar-
gins, particularly with larger encoders. Similarly, Ef-
foVPR [22] harnesses foundation models for efficient, low-
dimensional zero-shot or single-stage retrieval, yielding im-
pressive metrics including 97.5% Recall@1 on Tokyo24/7
(1024-dim), 94.8% on Pitts30k, 90.9% on MSLS-Val, and
78.2% on MSLS-Challenge, while maintaining competi-
tiveness in compact representations (e.g., 94.6% Recall@ 1
at 128-dim on Tokyo24/7). These Transformer-based ap-
proaches underscore the potential of large-scale pre-trained
models to enhance VPR robustness, but these methods sig-
nificantly increase the computational demands.

Therefore, we aim to improve the performance of the
one-stage VPR method, GeM, as much as possible to cir-
cumvent the storage and computation issues.

3. Channel Vanishing
3.1. Phenomenon of Channel Vanishing

Before describing the phenomenon, here we briefly in-
troduce the GeM-pooling function as:

HxW %
DGeM—N(<Z“ (D‘“a“)p) BN €D

In this equation, Diocal = {Diocal, € R*P }fixlw repre-
sent the the local features which are derived by sequential-
izing the feature map F' € RP*H>*W after the ReLU func-
tion, where D is the feature dimension, H and W are the

height and width of F), p is a learn-able exponent that mod-
ulates the pooling behavior, and NV(-) is the L2-normalizing
operation. It is noteworthy that the ReLU function before
the GeM pooling layer is crucial because p and % change
as floating-point numbers that cannot be applied to negative
values.

When training the GeM model !, we notice an interesting
phenomenon: in Dgepy, a notable portion of the embedding
channels are with zero value. For convenience, we denote
these channels as ’zero-valued channels’. For a deeper in-
vestigation, we track the number of these channels through-
out the entire training process, as shown in Fig. 1. We see
that after a few epochs, the zero-valued channel number ex-
hibits a fluctuating increase, then remains stable at around
87.5% of the total channel number. Simultaneously, we can
observe the same pattern on Dyoey for Dgep. Consequently,
after training, nearly 90% channel in both D,y and Dgem
become non-contributory, severely weakening the represen-
tation ability of the model. We refer to this phenomenon as
’Channel Vanishing’, and present a comprehensive analysis
to explain the cause in the following subsection.

3.2. Analysis on Channel Vanishing

In this section, we analyse the phenomenon of Channel
vanishing by illustrating the movement of Dg.y in feature
space during optimization, as shown in the Fig. 2. In this
figure, Dgem are represented as *o’ in various colors, sym-
bolizing descriptors from the same scene (identical color)
or different scenes (distinct colors). For demostration, the
high-dimensional space is projected onto a 3-dimensional
space. Next, we begin with the introduction of the figure
elements in the Fig. 2.

Initially, it is important to note that all Dgep are located
in the non-negative quadrant of the 3-dimensional spherical
space. This positioning is due to two factors:

* The activation of a ReLU function prior to the GeM
pooling layer ensures that each channel value of the
local features, Cjocq is non-negative. Consequently,
based on Eq. 1, the channel values in Dgeym, are also
non-negative, restricting them to the non-negative sec-
tor of the sphere.

* The L2-normalizing function confines Dgepm to the sur-
face of the 3-dimensional sphere.

Furthermore, the arrows in the Fig. 2 symbolize the
forces generated by optimizing the loss function. Here, we
use multi-similarity loss L,,,s as a demonstration for illus-
trating these forces. The loss function is formulated as Eq.
2.
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!Training details can be found in the supplementary material.
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Figure 1. Evolution of zero-valued channel number of the final descriptor when training on pure GeM with ResNet50 on GSV-Cities [1].
We select the left image from the MSLS dataset as a qualitative reference. The right plot shows the training process within 30 epochs. It
can be observed that the zero-valued channel first occurs at the 7t" epoch. Then after a severe fluctuation, beginning at around the 13"
epoch, the number of those channels reaches and stabilizes at 87.5% of the total channel number 2048.

Sz

® ©

Figure 2. The formation process of Channel vanishing.

where m is the number of training samples per batch,
P; and N; are the mined positive and negative candidates
for the t" anchor image, and k is the indices of the candi-
date image, [, 8, A] are three hyper-parameters, and S rep-
resents the similarity between two image descriptors. The
convergence of L, hinges on the reduction of two factors
F} and F5:

F = Z e~ (Sin=A) = Z ePSin=2) (3)
kep; kKEN;

Given that o and (8 are positive, F; is monotonically de-
creasing, and F5 is monotonically increasing. To minimize
L, particularly when .S represents cosine similarity, £,
continually encourages positive pairs to become more alike
[(Sik|k € P;) — 1] and negative pairs more distinct by
decreasing their similarity [(S;x|k € N;) |]. Under the
ReLU-induced non-negativity, the cosine similarity satisfies
Sik € [0,1], so the practical lower bound is 0 (orthogo-
nality). This process is driven by two types of forces: 1)

Pulling the positive pair closer. 2) Pushing the negative
pair further away. The first force narrows the distribution
of descriptors within the same scene, whereas the second
force broadens the distribution of descriptors across differ-
ent scenes.

Subsequent to detailing the elements in the Fig. 2, we
illustrate the formation process of Channel vanishing. Ini-
tially, Dgem are dispersed as depicted in Fig. 2(a), influ-
enced by attractive and repulsive forces among the same
and different scenes Dgem, respectively. After a few train-
ing iterations, the same-scene Dgey are gradually grouped
together as shown in Fig. 2(b). In this phase, the repul-
sive forces between different-scene Dgey intensify, causing
the overall distribution to become more disparate. As the
distribution widens, some Dgey inevitably touch the bor-
ders of the non-negative section of the sphere where at least
one channel equals zero, as shown in Fig. 2(c). It can be
seen that one Dgem in the green group reaches the bor-
der. Although individual Dgey might temporarily escape
this border, over time, entire groups tend to converge at this
boundary, exemplified by the red group in Fig. 2(c). This
entrapment is a consequence of the ReLU function’s inhi-
bition of negative values, thereby nullifying any counter-
force that could displace Dgem back into the sphere’s in-
terior, such as the hypothetical purple dashed ’o’ outside
the non-negative sector. We consider Fig. 2(c) illustrates
the reason of the fluctuating zero-valued channel number in
Fig. 1 between the 7*" and 11*" epochs. As more Dgem
accumulate at the border, they exert mutual forces, steer-
ing themselves towards the areas with a higher density of
zero channels, as shown in Fig. 2(d) and (e). Eventually, all
Dagem converge to the state depicted in Fig. 2(f) with most of
the channel values equaling zero, with the majority of chan-
nel values being zero and only a minor fraction remaining
non-zero to maintain force equilibrium. This phenomenon



is known as Channel Vanishing. Moreover, according to the
Eq. 1, when this phenomenon occurs and most channels of
Diem = 0, the corresponding channels of Djoc, must also
be zero, highlighting the occurrence of Channel Vanishing
at the local feature level as well. In the experiments em-
ploying different loss functions (triplet loss and contrastive
loss), the Channel Vanishing issue persists.

3.3. Method
3.3.1 Early Convergence.

In addressing the Channel Vanishing issue inherent in the
GeM method, we initially propose to reduce the learning-
rate before Channel Vanishing to lead an early convergence
of the model. This approach effectively mitigates the Chan-
nel Vanishing problem. Connected to the analyse in Sec.
3.2, we consider that the model is converged prematurely
at a local optimum, at which most of the descriptors have
not been reaching the restricted border. However, the VPR
scores are still undesirable, as reported in Tab. 1.

3.3.2 Regularization Branch

From the above experimental results, in this part, we shift
the researching focus to the approach of enabling the de-
scriptors to escape when they reach the restricted borders.
Meanwhile, we hope to maintain the simplicity of the GeM
model structure, ensuring its potential for widespread ap-
plication. So, we propose a regularization branch to prevent
the local features from Channel vanishing. The regulariza-
tion branch runs parallel to the origin GeM branch and con-
nects after the last ReLU function, as shown in Fig. 3. In
this branch, the local features Dy, are firstly projected to
Dproj using a Fully Connected (FC) layer:

Dproji =M x ,Dlocali (4)

where M denotes the trainable weight matrix of the FC
layer (with matching input/output dimensionality to Djgcar),
and ¢ represents the index of the feature. Subsequently,
the projected features Dy, are simply summarized and L2-
normalized then fused with the GeM descriptor to yield the
final descriptor Dy, as Eq. 5.

HxW
Dfipal = N |:Af ( Z ,Dproji> + DGeM‘| . )
i=1

During inference, we remove the regularization branch to
simplify the model and minimize computational overhead.
Similar to standard GeM, our approach incorporates Prin-
cipal Component Analysis Whitening (PCA-W) for dimen-
sion reduction, aiming for more compact descriptors and
storage efficiency. The working mechanism of this design
is described as Following.

Before adding the regularization branch, in the training
process, Diycal are only influenced by Dgem. Thus, when
Dgem are trapped at the borders, Djoc Would inevitably
suffer from Channel vanishing. However, after integrat-
ing the branch, both Dgem and Digeq are affected by Dpy;.
Eq. 4 tells that because M, Dy, move freely in the entire
real-number space without a border. So, during the back-
propagation optimizing process , Dy can offer new con-
verging forces with different directions from Channel van-
ishing. For this reason, the regularization branch can cor-
rect the local features from the Channel Vanishing state.
Since Dgem are aggregated from Doy by Eq. 1, our branch
also gives Dgem an escaping force, because correcting Diocal
would also rescue Dgeym from Channel Vanishing. More-
over, the other function of the branch is demonstrated in
Fig. 4.

3.3.3 Visualization on Local Features.

In this subsection, we underscore the benefits of our regular-
ization branch through a visual analysis of Djyc,, as shown
in Fig. 5. Firstly, since the exponent p of the GeM-pooling
layer emphasizing the Djo, With higher norm-value, these
features prominently influence the Dgen. The norm values
of the local features are calculated and demonstrated by the
superimposed heat-maps, as shown in the upper portion of
each sub-figure in the Fig. 5. Moreover, we aim to discern
the difference of the local features distribution training with
and without the proposed regularization branch. Nonethe-
less, directly observing high-dimensional (high-dim) fea-
tures poses a challenge. To solve this, we employ the PCA
operation and use the foremost three principal components
to represent the features in a three-dimensional (3D) space,
demonstrated by 3D distribution-maps at the lower portion
of each sub-figure in the Fig. 5. Moreover, we paint the
thermal colors on the 3D scatter points in order to better
clarify the corresponding relationship of the local features
between the distribution-maps and the heat-maps.

From the Fig. 5(a), it’s evident that on pure GeM, the
Channel Vanishing causes numerous local features converg-
ing tightly in a dense group, rendering the discrimination of
Dgem dominated by few outlier local features. Although,
from the heat-map we can find that these outliers are with
relative higher norm value and fell on the task-relevant ele-
ments, the loss of distinctive representation toward different
scene elements results the ineffective for the discrimination
of Dgem. Conversely, as Fig. 5(b) demonstrates, integrating
our regularization branch results in a more scattered fea-
ture distribution, resembling a cone. The features closer
to the cone tip have smaller norm values and extensive
longer-norm features spread sparsely. The conical shape is
the PCA projection of the high-dim features, which are lo-
cated in the non-negative space and form a high-dim cone.
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Figure 4. Forces and potential moving directions of the descrip-
tors. The ball is a simplified demonstration of the entire high-
dimensional hyper-sphere. The square and circle symbols indi-
cate the final descriptor Dsnas and the GeM descriptor Dgems, on
which the different colors represent different-scene images. The
black arrows point out the force conditions and the blue arrows
show the potential moving directions. Here, it is not Dgem but
Diinal that directly receive the repulsive force between different-
scene descriptors. And with the new force given by the regular-
ization branch, Dgem are now able to leave the Channel Vanishing
state.

With gem pooling layers, such a distribution ensures that
the dispersed, longer-norm features significantly influence
Dgem- Therefore, from the heat-map, we can also find that
these feature are typically align with the recognizable VPR
task-relevant objects [ 17], such as buildings and streetlights.
While the shorter-norm features are more concentrated, and
mostly correspond to the unrecognizable elements, such as
sky and roads. This phenomenon accentuates informative
elements in Dgepy, thereby enhancing our method’s overall
descriptiveness. Moreover, The effectiveness of the regu-
larization branch is further confirmed as it offers new con-
verging directions to Djyeq1, not only averting Channel Van-
ishing, but also fostering more distinctive learning for the
VPR task. In addition, Fig. 5(c) also visualizes local fea-
tures of early-converging GeM, where we indeed see a suc-
cess in avoiding Channel vanishing. However, the heat-map

reveals the non-optimality of the convergence and exposes
its inability to effectively distinguish the important objects.
The enhanced representation of local features suggests that
inferencing with solely the GeM aggregator could suffice to
achieve satisfactory performance.

4. Experiment

We train® our method on the GSV-Cities dataset [1], a
comprehensive collection of urban street-view images, and
employ five renowned benchmarks for evaluation: Pitts-
30k and Pitts-250k [21], Tokyo24/7 [20], MSLS-val and
MSLS challenge [25]. Note again that we remove the regu-
larization branch for inference, using only the pure GeM
model structure. Adhering to the VPR community stan-
dards [3, 17, 4, 2, 28], we utilize a 25-meter threshold to
categorize positive and negative matches, and our primary
evaluation metrics are the recall rates at the top 1, 5, and
10 ranks (R@1, R@5, and R@10). Because we agree that
these metrics can effectively quantify the ability of a VPR
method to correctly identify a location from a set of candi-
dates, reflecting both accuracy and reliability in real-world
applications.

Firstly, we compare our method against the Channel
Vanishing and early-converging versions of GeM, with the
same backbone ResNet50 [11].The statistics are reported
in Tab. 1. These VPR scores clearly exhibit the advan-
tage brought by the regularization branch. Especially on
Tokyo24/7, our method surpasses the Channel vanishing
version of GeM by 37.1% on the R@1 performance (all the
%’ in the comparisons represent the absolute percentage
point), which strongly proves the effectiveness of our de-
sign. Although the early-converging GeM also shows a cer-
tain performance enhancement, its VPR scores are notably
lower than ours. Therefore, we confirm it is the Channel
vanishing issue that results in the poor VPR scores of GeM,

2Implementation details can be found in the supplementary material.



Figure 5. Visualization on local features. The three groups from left to right correspond to three versions of GeM: pure GeM, ours, and
early-converging GeM. All the three version are with ResNet50 and trained on GSV-Cities. The upper row shows the heat-maps of the
norm value, and the color bar indicates the numerical level. The lower row exhibits the feature distribution in the 3D space, where the
colors are aligned with those on the heat-maps. The original image can be found in Fig. 1, and examples on more images are provided in

the supplementary material.

Table 1. Performance of the three versions of GeM with the backbone ResNet50.

2*Methods Pitts250k

Tokyo24/7

MSLS-val MSLS challenge

R@l R@5 R@10 R@1

R@5 R@10 R@l

R@5 R@10 R@1 R@5 R@I10

GeM (Channel Collapse) | 81.1 914 93.4 50.8
GeM (Early Converging) | 86.5 94.2 96.0 59.7
GeM (Assitive Branch) 924 975 98.3 87.9

743  76.6 86.1 88.5 - - -
787 834 897 918 556 694 749
943 891 935 957 639 764  80.0

because after solving this issue, no matter with the branch
or early-converging strategy, we all see an obvious perfor-
mance improvement. In addition, compared with the early-
converging version, our more rational local feature repre-
sentation does bring a stronger VPR capability for the final
descriptors of GeM.

Furthermore, in order to more thoroughly evaluate our
method, we compare it with the recent state-of-the-art VPR
technologies, including both the one-stage and two-stage
methods.

4.1. Comparison with One-stage Methods

For the one-stage methods, we select the recent bench-
mark methods for comparison, namely EigenPlaces [5],
MixVPR [2], Salad [10], and our baseline GeM [I&].
Firstly, we compare our model with these methods with the
same backbone ResNet50 [11]. Secondly, we extend the
experiments on the models with the backbone DINOv2-B

[14]. This decision is informed by SALAD [10], which
verifies that fine-tuning the potent backbone DINOv2 can
significantly enhance the performance of the VPR methods.
The experimental results are shown in Tab. 2. The public-
available codes of above methods enable us to re-train the
models on the same dataset with an identical hardware, en-
suring a fair comparison. All the methods are trained on
GSV-Cities [ 1] with Multi-Similarity-Loss [24], which have
been proven as a powerful combination for the VPR task
[2, 10]. The model architectures of the methods adhere to
the corresponding papers [5, 2, 18, 10].

4.1.1 With ResNet50

In the comparisons outlined in the upper section of Table 2,
our model with a 1024-dim descriptor outperforms all other
methods in average VPR scores across the four datasets,
with 84.1% R@1 score, 1.4% higher than the second-best
MixVPR. When further reducing the descriptor dimension



Table 2. Comparison of our method with the one-stage SoTAs. Note that here the GeM model uses the early-converging version.

2*Methods | 2*Backbone | 2*Dim. Pitts250k Tokyo24/7 MSLS-val MSLS challenge Average
R@l R@5 R@10 R@l R@5 R@]0 R@] R@5 R@10 R@] R@5 R@l0 R@] R@5 R@I0

EigenPlaces | ResNet50 512 91.7 973 97.9 740 842 88.8 85.7 919 92.9 613 715 76.5 782  86.2 89.3
EigenPlaces | ResNet50 2048 935 973 98.6 754 872 89.3 848 91.8 92.9 62.0 745 71.3 785 87.6 89.8
MixVPR ResNet50 4096 943  98.0 99.0 84.7 92.1 94.1 877 927 94.6 635 756 79.9 82.6 89.6 919
Ours ResNet50 512 916 97.0 97.9 84.1 927 95.2 87.8 935 94.7 639 764 80.0 819 899 92.0
Ours ResNet50 1024 924 975 98.3 879 927 94.3 89.1 935 95.7 66.8 79.2 82.7 84.1 90.7 92.8
GeM DINOv2-B 384 893 96.3 97.7 73.0 86.7 91.8 849 920 934 652 798 83.9 78.1  88.7 91.7
EigenPlaces | DINOv2-B 512 95.0 984 99.1 946  98.1 98.4 90.4  96.1 96.6 752 86.7 89.8 88.8  94.8 96.0
EigenPlaces | DINOv2-B 768 95.1 984 99.0 956 984 984 912 958 96.5 752 875 90.4 893 950 96.1
MixVPR DINOv2-B 3072 949 98.6 99.3 940 965 96.5 90.5 954 964 725 852 88.2 88.0 939 951
Salad DINOv2-B 8448 949 98.6 99.2 927  96.8 97.5 92.0 957 962 749 869 89.7 88.6 945 95.7
Ours DINOv2-B 384 95.0 98.6 99.1 97.1 984  98.7 91.1 96.1 96.5 75.0 88.6 90.8 89.6 954 963
Ours DINOv2-B 2048 96.0 98.7 99.3 99.1 100 100 927  96.8 97.4 80.1 90.4 92.4 920 96.5 97.3

to 512, our method still maintains a competitive average
performance, with the highest R@5 and R@10 scores for
89.9% and 92.0% on average. Besides, although surpassed
by the 4096-dim MixVPR and 2048-dim EigenPlaces on
Pitts250k, our 1024-dim version achieves the best perfor-
mance on all the other datasets, with the R@1 scores of
87.9%, 89.1%, and 66.8% on Tokyo24/7, MSLS-val, and
MSLS challenge. These scores indicate a significant margin
over MixVPR and EigenPlaces, with differences of more
than 3%, 1%, and 3%.

4.1.2 With DINOv2-B

In experiments utilizing DINOv2-B as the backbone, our
method achieves outstanding performance, leading the av-
erage score of the four datasets. Our 384-dim descrip-
tor yields VPR scores comparable to the 768-dim Eigen-
Places and 8448-dim Salad on Pitts250k, MSLS-val, and
MSLS challenge, while on Tokyo24/7, our method outper-
forms these two methods by a notable gap of no less than
1.5% R@1 score. Furthermore, we also conduct experi-
ments with raising our final descriptor dimension to 2048 3.
This results in a further improvement in VPR performance.
One point is worth mentioning that, with 2048-dim final de-
scriptors, our method surprisingly achieves 99.1% R@1 and
100% R@5 scores on the Tokyo24/7 dataset. Such high
scores imply that our method is robust against the variabil-
ities and complexities inherent in real-world urban scenes,
such as changes in illumination, weather, and urban dynam-
ics. With these results, we believe that our model demon-
strates a level of accuracy in place recognition that may ap-
proach strong practical performance in rapidly identifying
and distinguishing complex urban scenes.

4.2. Comparison with Two-stage Methods

In Tab. 3, we compare our method against two-stage
VPR methods, namely Patch-NetVLAD [8], TransVPR
[23], CAHIR [15], SP-SuperGlue [19], ETR [27], DELG

3Dimension expansion details are provided in the supplementary mate-
rial.

[6], and R?Former [28]. The VPR performance of the com-
parison methods are as reported in their respective papers
[8, 27, 19,6, 23, 28, 15]. These methods depend on a sec-
ond stage to re-rank the selected candidates with local fea-
tures, thus resulting in high VPR performance. Nonethe-
less, our method still retains a leading position. From the
table, we can see that with the ResNet50 backbone, our
method shows competitive performance within this com-
parison group, attaining VPR scores on the MSLS chal-
lenge of 66.8%, 79.2%, and 82.7% on R@1, 5, and 10.
When switching to DINOv2-B (2048-dim), the proposed
method demonstrates an absolute leading advantage. Our
R@1 scores surpass the second-best R?Former by margins
of 7.1% and 10.5% on these two datasets. In summary, our
method proves to be both simple and effective, outperform-
ing more complex re-ranking methods with just a backbone
and a GeM-pooling layer. This may indicate a significant
stride in VPR technology, demonstrating that the simple and
streamlined approaches can also yield superior results.

4.3. Performance on Dimension Reduction

We also delve into the impact of the dimension reduction
on the VPR performance, as depicted in Fig. 6. It can be
seen that across all tested dimensions and regardless of the
backbone used, our method consistently surpasses the early-
converging GeM. We attribute this superiority again to the
more targeted local feature representation of our method.

A noteworthy observation is the impressive performance
of our method even with significantly reduced descriptor di-
mensions. For example, with the DINOv2-B backbone, our
192-dimensional descriptor already attains competitive re-
sults among the methods listed in Tab. 2, with R@1 scores
of 94.2%, 90.7%, and 95.2% on the Pitts250k, MSLS-val,
and Tokyo24/7 datasets. These scores are remarkable, con-
sidering that the descriptor dimension is 16 X lower than
MixVPR and 44 x lower than the heaviest SALAD. Such
good performance under the drastic dimension reduction
underscores the efficiency of our approach in terms of in-
formation consolidation and compression, which is particu-
larly advantageous for applications in memory-constrained



Table 3. Comparison of our method with the two-stage Methods. The ResNet50 and DINOv2-B versions of our model are with descriptor

dimension 1024 and 2048.

2*Methods Pitts30k Tokyo24/7 MSLS-Val MSLS challenge
R@l R@5 R@]10 R@] R@5 R@]10 R@] R@5 R@l0 R@l R@5 R@I10
Patch-NetVLAD-s | 87.5 945 94.8 702 787 822 77.8 843 86.5 48.1 594 623
Patch-NetVLAD-p | 88.7 945 95.9 86.0 88.6 905 795 86.2 877 48.1 576 605
TransVPR 89.0 949 962 790 822 85.1 86.8 912 927 639 740 775
CAHIR 90.1 954 960 905 92.1 92.4 819 882 903 - - -
SP-SuperGlue 872 948 96.4 882 902 902 784 828 842 506 569 58.3
ETR-S 83.1 91.1 93.8 90.1 93.0 946 80.5 865 88.9 539 628 66.1
ETR-D 842 916 938 89.2 943 952 793 88.0 89.6 506 62.1 65.8
DELG 89.8 953 96.6 86.4 924 930 832 893 89.5 522 619 65.4
R?*former 91.1 952 963 88.6 914 917 89.7 950 962 730 859 88.8
Ours (ResNet50) 90.6 95.6 96.8 879 927 94.3 89.1 935 95.7 66.8 79.2 82.7
Ours (DINOv2-B) | 925 96.6 97.6 991 100 100 927 968 974 801 904 924
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Figure 6. The R@1 performance on ours and early-converging GeM with different dimension reduction levels from the PCA-W operation.

environments like mobile robotics and embedded systems.

5. Discussion

5.1. Integrating the Regularization Branch in the infer-
ence process.

As illustrated in the previous section, the regularization
branch is introduced as a training-time mechanism to pre-
vent Channel vanishing by shaping the intermediate local
features and providing additional gradients. During in-
ference, we remove this branch to keep the deployment
pipeline identical to standard GeM and to minimize com-
putational overhead. Since the branch is optimized jointly
with the backbone as a regularizer, it is not intended to act as
an additional inference head; retaining it at test time would
change the descriptor computation and complicate deploy-
ment. A dedicated quantitative study of the accuracy—
efficiency trade-off when integrating the branch at inference
is left for future work.

5.2. The function of the linear layer in the Regularization
Branch.

The initial purpose of the linear layer in the Regulariza-
tion Branch is to project the local features from the non-
negative section to the whole feature space. The experi-
mental results prove its effectiveness. However, the signif-
icant improvement of the VPR performance is more than
expected. Therefore, we believe that the linear layer also
has other positive functions during the training process.
In addition to this projection-based regularization, alterna-
tive remedies for feature collapse in deep networks include
using leaky/non-saturating activations, adding dropout, or
adjusting normalization. We focus on the FC projection
branch because it is a minimal, plug-and-play modification
that directly enlarges the reachable feature space while pre-
serving the GeM inference architecture. A systematic com-
parison and potential combinations with these alternatives
are left for future work. In the future work, we will further
investigate the mathematical logic of this feature.



6. Conclusion

We revisited the GeM-based Visual Place Recognition
framework and uncovered a critical but overlooked issue,
termed Channel Vanishing, where a large portion of descrip-
tor channels become inactive during training. This phe-
nomenon weakens the backbone’s representational power
and ultimately limits recognition performance. To address
it, we introduced a lightweight regularization branch that
co-trains with the GeM path to maintain channel activity
and prevent feature collapse on the hypersphere bound-
ary. The branch is removed during inference, preserving
the model’s efficiency while enhancing feature diversity
and discriminability. Extensive experiments demonstrate
that our approach consistently improves various backbones
and achieves state-of-the-art results among non-transformer
models, with further gains when integrated with DINOv2.
These findings suggest that the main bottleneck of modern
VPR may lie in under-activated backbone representations
rather than the aggregation design. We hope this work moti-
vates future studies to reconsider backbone optimization as
a central direction for advancing robust and generalizable
visual place recognition.
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