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Abstract— Robust visual place recognition (VPR) against
significant appearance changes is crucial for the life-long
operation of mobile robots. Focusing on this task, we propose
a Co-Attentive Hierarchical Image Representations (CAHIR)
framework for VPR, which unifies attention-sharing global and
local descriptor generation into one encoding pipeline. The
hierarchical descriptors are applied to a coarse-to-fine VPR
system with global retrieval and local geometric verification.
To explore high-quality local matches between task-relevant
visual elements, a cross-attention mutual enhancement layer is
introduced to strengthen the information interaction between
the local descriptors. Through the proposed selective matching
distillation, the mutual enhancement layer can learn from
state-of-the-art local matchers in a distillation manner. After
weighted cross-matching of the enhanced local descriptors,
geometric verification is applied to evaluate the spatial consis-
tency of the compared image pair. Experiments show CAHIR
outperforms the existing global and local representations for
VPR in terms of performance and efficiency. Quantitatively, it
achieves state-of-the-art results on three city-scale benchmark
datasets. Qualitatively, CAHIR proves to attach great impor-
tance to task-relevant visual elements and excels at finding local
correspondences that are discriminative to the VPR task.

I. INTRODUCTION

Visual Place Recognition (VPR) is one of the core capa-
bilities of mobile robots and autonomous systems, serving
as the foundation for many practical applications, such as
geo-gocalization [1]-[6], topological mapping [7], and robot
navigation [8]-[11]. In large-scale environments, VPR is typ-
ically solved as an image retrieval task [12]-[16], where the
main challenges are significant appearance changes of scenes
caused by different illumination, seasons, and weather.

To effectively address the challenges, researchers have
attempted to present solutions from a variety of perspec-
tives, which can be roughly divided into two categories.
The first type of methods [14], [15], [17]-[19] strives to
construct powerful global image descriptors for fast and
accurate retrieval. By running a nearest neighbor search on
the query image descriptor, candidate reference images with
smaller feature space distances to the query image will stand
out. However, the global approaches are mainly based on
aggregation to obtain compact image descriptors, at the cost
of decoupling spatial information and ignoring local details.
This may cause confusion in the global retrieval of multiple
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Fig. 1. In this work, a coarse-to-fine VPR framework named CAHIR
is proposed. It combines the generation of attention-sharing global and
local descriptors into one encoding pipeline. The hierarchical descriptors
are applied to two-stage retrieval. As can be seen, CAHIR is able to focus
on the static visual elements and discover local correspondences that are
discriminative to VPR tasks (as shown in the figures above). By evaluating
the geometric consistency of the local matches found, CAHIR can robustly
achieve correct retrieval in challenging environments.

scenes with similar appearances. As a result, in addition to
the global approach, the second type of methods [20]-[23]
refocuses on local details. They exploit the spatial consis-
tency of pixels or patches to geometrically verify the candi-
date reference images obtained by the global retrieval. These
methods rely on the cross-matching of hand-crafted [24],
[25] or deep-learned [20]-[22], [26] local descriptors, which
necessitates the local descriptor extraction independent of
the global descriptor encoding pipeline. So far, few studies
[21], [23], [27] have attempted to integrate global and local
descriptor generation within a single forward pipeline. In
addition, the popular local descriptor detectors [24]-[26]
and matchers [28], [29] that can be used for geometric
verification are not specifically proposed for VPR. They may
produce unnecessary dense correspondences on visual cues
that are not important to the task. With the above motivations,
we make the following contributions in this work.

(1) We propose a coarse-to-fine VPR framework with
Co-Attentive Hierarchical Image Representations (CAHIR).
In the CAHIR framework, global and local descriptors are
extracted concurrently, sharing the same encoding pipeline.
By reusing the intermediate features of the global encoding
for local descriptor generation, no separate local descriptor
extraction pipeline as in other SOTAs [23], [30] is needed.
The formulation of the hierarchical descriptors integrates the

6087



triple attention from individual, spatial and cluster saliency
of local features, which conduces to highlighting static
structures while suppressing misleading visual elements in
the image representation.

(2) Unlike latest SOTAs [21], [23], [31] which directly
match extracted local features, we introduce a locally mutual
enhancement layer (ME) to reinforce the local descriptors.
It strengthens the information interaction between local de-
scriptors with high correlation in the compared image pair. In
order for the mutual enhancement layer to perform optimally,
we propose a distillation pipeline with novel selective match-
ing loss, through which the parametric model can be fine-
tuned through distillation learning. After cross-matching the
enhanced local descriptors, only local correspondences with
high task-relevance are preserved for subsequent geometric
consistency assessment.

Extensive experiments demonstrate that our CAHIR out-
performs the existing global and local representations of VPR
on the employed VPR benchmark datasets.

II. RELATED WORK
A. Global image representations

The global approaches seek to create a powerful image
representation of the entire scene. Traditional methods rely
on hand-crafted local features [32], [33] and aggregation-
based encoding strategies [13], [34]-[37]. In recent years,
more high-performance global representations that embrace
the power of deep learning have been proposed. The most
typical one is NetVLAD [14], which generalizes VLAD
into a differentiable pooling layer. Its multiple variants
that integrate contextual re-weighting [15], spatial pyramid
enhancement [18], semantic reinforced local weighting [19],
or attentional pyramid pooling [38] all show considerable
advantages. Cutting in from different angles, SARE [39] and
SFRS [40] improve NetVLAD performance by introducing
novel training strategies and loss functions. In general, the
global approach performs well in terms of retrieval speed.
It can be attributed to the compact image representation
obtained by feature aggregation. However, this also comes at
the cost of decoupling spatial information and ignoring local
details. Therefore, researchers have also been studying local
representations for spatial consistency checks.

B. Local descriptors and matchers

In a general VPR pipeline, global retrieval is usually fol-
lowed by geometric verification. Spatial consistency can be
used to re-rank a list of globally retrieved candidate images.
The most commonly used consistency criterion is the number
of correspondences verified by RANSAC [41]. Early works
use hand-crafted features [25], [32], [33] for local matching.
MagicPoint [42] is a seminal deep learning architecture for
finding local feature matches. SuperPoint [26] propose a
self-supervised framework to jointly computes pixel-level
keypoint locations and descriptors. SuperGlue [28] aug-
ments SuperPoint with a graph neural network to emphasize
true matches and deemphasize outlier matches. Recently,

LoFTR [29] propose a local feature transformer which excels
in producing dense matches in low-texture areas. These
learning-based local descriptors and matchers can robustly
find numerous correspondences between image pairs, which
is suitable for VPR tasks. In [23], a strong baseline for
VPR is set up by using NetVLAD and SuperGlue for global
retrieval and spatial consistency check respectively. However,
these local feature extractors and matchers are not dedicated
to VPR tasks, and therefore may produce unnecessary dense
correspondences on task-irrelevant visual cues.

C. Joint extraction of global and local descriptors

There are serveral works attempting to integrate global and
local descriptors into a unified framework. Targeting mobile
localization, HF-Net [22] distills NetVLAD and SuperPoint
upon a shared MobileNet [43] backbone. DELG [21] is pro-
posed for image retrieval, which can jointly train global and
local descriptors within a unified model. While the above two
models extract global and local descriptors through separate
branches, Patch-NetVLAD [23] derives multi-scale regional
VLAD descriptors from global descriptor encoding pipeline.
However, its post-processing is a non-learning process. Our
CAHIR also unifies global and local descriptor generation in
one encoding pipeline. It additionally incorporates a mutual
enhancement layer to enhance local descriptors via non-local
information interaction. By distillation learning, CAHIR can
learn better correspondences from a SOTA local matcher.

III. PRELIMINARIES

Self-attention layer is the core component in the Trans-
former [44] structure. Through Eq.(1), the input features
F € R¥*P are first projected to the query, key, and value
vectors (Q € RV*S, K ¢ RV*S| v € RV*L) by corresponding
projection matrix Wy € RS*P, Wy € RSP, and Wy, € RE*D.

Q=FW}, K=FWg, V=FW (1)

Then via Eq.(2), an output vector V/ of the self-attention
layer is the weighted sum of the value vectors {V;}. The
weights are determined by the similarity (typically softmax)
scores between the query Q; and the keys {K}.

Vi Y jsim(Qi, K;)V; _ ZjexP(QinT)Vj
' stim(Q,-,Kj) Zj EXP(QinT)

IV. PROPOSED METHOD

2

A. Overview

As illustrated in Fig.(2), CAHIR is a coarse-to-fine VPR
framework, which encompasses three main steps. (1) The
global and local image descriptors are first generated by
a unified CAHIR extractor (Sec.IV-B). (2) A coarse-level
retrieval is then performed by matching the query with the
database images using global descriptors. (3) A fine-level
geometric verification is finally performed to re-rank the
top K retrieved candidates. For better cross-matching and
geometric consistency assessment, a locally mutual enhance-
ment layer (Sec.IV-C) is introduced and optimized through
a distillation pipeline (Sec.IV-E).
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The illustration of CAHIR inference pipeline. In general, it is a coarse-to-fine VPR framework, which includes three main steps: co-attentive

hierarchical descriptor generation, global retrieval, and local geometric consistency verification.

B. Co-Attentive Global and Local Descriptors

We extend our previously proposed global image repre-
sentation for visual place recognition, APPSVR [38], as a
hierarchical descriptor generator. With the entire encoding
pipeline preserved for global descriptor generation, we reuse
the intermediate local residuals and inferred attention to
formulate patch-level local descriptors.

Global image descriptor. Firstly, a VGG-16 [45] cropped
at the last convolutional layer is used as a backbone to encode
an input image / to feature maps. The spatial activations
x € RP*1>*1 decomposed from the normalized feature maps
X € RP*HXW are regarded as deep local features. Then
soft-assignment [14] measures the probability of each local
feature belonging to the & visual cluster, denoted as o (x;).
Intra-cluster weighting [38] further evaluates the intra-cluster
saliency Bi(x;) of local features, quantifying their signifi-
cance to cluster-wise feature embedding. As in Eq.(3), a local
residual r¢(x;) is calculated as the difference between the
local feature x; and the cluster centroid ¢, double weighted
by soft-assignment weight and intra-cluster saliency.

Ty (x;) = o (x;) Br (x;) (x; — ¢f) 3)

Next, an overlapping pyramid pooling is applied to gener-
ate multi-scale regional features f; by summing the local
residuals in each spatial pyramid grid. Then visual word
vector V is obtained by aggregating the regional features f},
weighted by their relative spatial saliency L. Finally, the nor-
malized visual word vectors rescaled by their corresponding
cluster saliency 7; are concatenated as the global descriptor.
More details can refer to [38]. After PCA whitening and
L2-normalization (denoted as .%pca), a more compact image
descriptor with 4096 dimensions is used for global retrieval.

Local patch descriptors. Owing to task-driven attention
and representation learning, local residuals are inherently
able to characterize the task-relevant local details of the
corresponding image patches. Concurrently, the inferred
local saliency oy f3; and cluster saliency ¥, can quantify
the significance of local patches to the cluster-wise feature
representation. With these in mind, we believe that the local
residuals ry(x;) should already contain the discriminative in-
formation of the image patches. Thus, we define a local patch
descriptor f,e4(X;) € R(PK)*1x1 a5 the concatenation of the

normalized cluster-wise local residuals Fi(x;) weighted by
their corresponding cluster saliency y. Formally, £, (x;)
is expressed as Eq.(4). For cross-matching efficiency, our
local descriptors are reduced to 4096 dimensions by PCA.

fpatch (Xi) = yPCAA‘O% ([/}/1 - (Xi)v YK Fg (Xl)]) C))

According to Eq.(3) and Eq.(4), our local descriptors
are derived only based on the local residuals and attention
weights. They are all intermediate variables for generating
the global image descriptor. It enables our hierarchical
descriptors to share the same encoding pipeline, and no
additional parametric module is required for local feature
extraction. During training, the local descriptors are jointly
optimized with the global descriptor in a task-driven manner,
sharing the same learned attention for VPR.

C. Locally Mutual Enhancement

Taking into account the representation deviation between
a query image and its positive reference image caused by
appearance changes, we introduce a mutual enhancement
layer to obtain better cross-matching. It strengthens the
correlation between the local descriptors of the compared
image pairs through mutual information interaction.

Mutual enhancement layer. Via the self-attention layer
in Eq.(2), an output vector V/ aggregates multiple highly
correlated value vectors {V;} retrieved by the similarity
function. The core idea of mutual retrieval and fusion is
in line with the essence of local information interaction.
Therefore, a self-attention layer can be inherently used to
strengthen the cross-matching ability of local descriptors.
Following [29], we extend Eq.(2) as a cross-attention layer
to mutually enhance the local descriptors {Fy,Fp} of the
compared image pair.

Specifically, as in Eq.(5), the queries Q4 are projected
from the first set of local descriptors Fy, while the keys
Kp and values Vp are projected from Fg. Then the encoded
vectors V; are generated by Eq.(6), which is formally the
weighted average of the values Vj. Intuitively, an encoded
V(i) integrates information from all value vectors whose
keys have a high correlation with the query Q4(i). To
combine relevant information into the local representation,
the encoded vectors V; are first Lp-normalized (L,) and
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concatenated with the original local descriptors Fy. Then a
multilayer perception (MLP) network projects the concate-
nated vectors into the residual features, which are normalized
and added on Fj to formulate the final descriptors F AO.

Qu=FWj, Kg=FsW¢, Vg=FWy (5)

OaK} )
Vi = Softmax V 6
A ( /D B (6)

EFP =Ly (Fy +Lo(MLP(Concat(Fy, Ly (V1)) (7)

Eq.(5)~(7) can be unified into a one-way cross-attention
enhancement layer .Zcg: FC = Zcg(Fy, Fp), where Fy en-
codes the interactive information from Fg. To realize the
mutual enhancement between the local descriptors of a
query image and its compared reference image, the two
sets of descriptors {Fy,F,} are fed into the cross-attention
enhancement layer .%#cg and mutually enhanced in sequence.
Formally, the mutual enhancement is expressed as Eq.(8).

quzfngE(Fq7Fr>7 FrOZg\CE(FthO) (8)

D. Cross-Matching and Geometric Consistency

Relative local saliency. According to Eq.(3)~(4), the
contribution of a local feature x; to the cluster-wise local
representation 7 - Fx(x;) is determined by its intra-cluster
saliency oy (x;)Bk(x;) and the cluster saliency ;. Therefore,
the overall saliency 1 of a local descriptor f; is defined as
the accumulation of its cluster-wise saliency weights:

K
n(E) =Y ow(x:)Bi(xi) % ©)
i=1

To amplify the difference in the significance of local de-
scriptors to geometric consistency assessment, we introduce
a contrast enhancement strategy based on standardization.
As in Eq.(10), the relative local saliency of each descriptor
fi(f;) is calculated as the standardized local saliency 7 (f;)
across all local descriptors F € RFW>*40% Tt can be seen
from Fig.(I) that the relative local saliency can well quantify
the varying significance of visual elements to the task.

n(f) = (n(fi) = minn (£;))/(paxn f;) —minn(f;)) (10)

Correspondence mining. The enhanced local descriptors
FO € RAW=40% and FO € RHW>40% are two sets of unit
vectors, so the cross-matching similarities between local de-
scriptors can be intuitively obtained by matrix multiplication
of the descriptors, weighted by the binary term 7 (F¢) > ¢
indicating if their local saliency exceed the threshold ¢. To
mine potential correspondences from the cross-matching,
we follow the latest SOTAs [23], [29], [46] to use dual-
softmax (%ps) and mutual nearest neighbor search (%ynN)
strategies. By defining a confidence matrix .#, as Eq.(11),
a set of mutual matches &, ches can be filtered based on
the criteria in Eq.(12). The constant £ in Eq.(11) is chosen
to be a large positive number, so that each element in .Z,
tends to be binary after dual-softmax.

Me = yDS(é((ﬁ(qu) > Z)qu)((ﬁ(FrO) > t) ~rO)T)
gzmatches = {(17])|V(l,]) € yMNN(%c }

Y
(12)
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Fig. 3. The diagram of local correspondence distillation pipeline.

After obtaining the mutual matches £2,,,ches, the geomet-
ric consistency of the compared image pair can be evaluated
by the number of inlier matches verified by RANSAC.

E. Selective Matching Distillation

In order for a positive reference I7 to have better geometric
consistency with the query I, than any negative reference
I'', there should be more potential correspondences between
a truly matched image pair. To this end, we propose a
distillation pipeline as in Fig.(3), through which the model
can learn from SOTA local matchers.

The latest SOTAs [26], [28], [29] for feature matching
excel at finding dense correspondences, although they may
focus on areas that are not discriminative for VPR. (e.g.,
repetitive building structures). To enable CAHIR to selec-
tively learn more potential matches, we introduce the pre-
trained LoFTR [29] as a teacher model for distillation.
Specifically, the three batches of RANSAC-verified matches
predicted by LoFTR (Wé,), off-the-shelf CAHIR (@gt” ), and
CAHIR in training (9’;’,) are first fused in the order of
priority through Eq.(13)~Eq.(14).

Fruse(P1, P2) =21 U{(i,))|(i,]) € P> and

13

()¢ P and ()¢ 2y

@; = yfuse(yfuse(y‘énygtm)w@gr) (14)
‘@;:{(i,k)7<lvj>|(iaj)€'@;a k#j, 1 #i} (15)

We treat 5”:, as the positive matches for distillation

supervision. The corresponding negative matches &7, can
be obtained by Eq.(15). Considering that not all true matches
can be found by LoFTR and retained by RANSAC filtering,
to avoid CAHIR being restricted by BZ;, we propose a
selective matching distillation loss Zsyp as in Eq.(16). In
Zsmp, the predicted matches that are not contained in @gf
and &, will not be penalized by the distillation. This
allows the model to explore more potential matches with

transformation patterns similar to the ground-truth @; .

1 ..
Zsmp = _W( Z log%canf(la./)
8t (i,j)ezy (16)
+ Z log(1 *///conf(kvl»)
(kD)€ Py
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TABLE I
PERFORMANCE COMPARISON WITH STATE-OF-THE-ART METHODS. GV IS AN ABBREVIATION FOR GEOMETRIC VERIFICATION, WHICH INDICATES
WHETHER A METHOD INCLUDES ADDITIONAL GEOMETRIC CONSISTENCY ASSESSMENT TO RE-RANK THE TOP K=20 RETRIEVED CANDIDATES.

Method GV Pitts30k-test Pitts250k-test Tokyo24/7 Mapillary-val
r@l r@5 r@l0 | r@l r@5 r@l0 |r@l r@5 r@l0|r@l r@5 r@l0
NetVLAD [14] x | 852 928 950 |86.5 938 955 [679 784 813 |627 753 79.7
APPSVR [38] x | 874 943 958 | 888 956 968 |77.1 857 895 |637 77.6 819
SuperGlue [28] v [ 882 949 959 |90.7 956 967 |825 832 838 |784 824 832
LoFTR [29] v | 884 941 953 |91.1 956 964 |8l.6 838 84.1 |77.6 816 832
PatchNetVLAD [23] | / | 89.8 951 96.5 | 91.6 959 965 | 794 835 835 |745 80.1 822
CAHIR v 1901 954 960 | 923 969 975 |90.5 92.1 924 | 819 882 90.3
TABLE II

V. EXPERIMENTS
A. Datasets and Evaluation Metric

Four benchmark datasets for city-scale VPR are used
to evaluate our method: Pittsh250k [47], Pitts30k [14],
Tokyo24/7 [13], and Mapillary [48]. Following the latest
SOTAs [18], [23], [38], we use Pitts30k as the training
set for evaluation on Pitts30k, Pitts250k, and Tokyo24/7.
Models trained on Mapillary are tested on the validation
set, Mapillary-val. We use the recommended configuration of
datasets for benchmarking, where the performance of models
is evaluated by the Recall @N metric.

B. Implementation Details

We implement CAHIR in Pytorch framework. The VGG16
backbone is initialized with MatConvNet pretrained weights.
Since our hierarchical image descriptors are generated
through the shared encoding pipeline, we first train the
CAHIR feature extractor using the same protocol as in [38].
After training and freezing the feature extractor, other para-
metric modules in CAHIR are then fine-tuned through the
distillation pipeline in Sec.IV-E. A Stochastic Gradient De-
scent optimizer is used to minimize the loss function Eq.(16)
for 30 epochs, where the learning rate 0.001 is reduced by
a factor of 10 every 15 epochs.

C. Comparison with State-of-The-Arts

Among global descriptors for VPR, we compare against
NetVLAD [14] and APPSVR [38]. As for local representa-
tions, we adapt SuperGlue [28] and LoFTR [29] to the VPR
task. Equipped with NetVLAD for global retrieval, they are
used to re-rank the retrieved candidates through RANSAC
scoring. We also compare with PatchNetVLAD [23], which
fuses multi-scale locally global descriptors and achieves the
SOTA performance on benchmark datasets.

Table I compares the performance of CAHIR to other
benchmark models. Provided with the top K =20 globally
retrieved candidates, geometric verification (GV) re-ranks
these candidates according to either the number of verified
matches or the customized geometric consistency score. It
can be seen that the methods with additional geometric ver-
ification (SuperGlue, LoFTR, PatchNetVLAD, and CAHIR)
unsurprisingly outperform the global descriptors (NetVLAD,
APPSVR). Besides, the local feature matchers SuperGlue
and LoFTR set up strong baselines when adapting to the

ABLATION STUDY. ‘GV’ DENOTES GEOMETRIC VERIFIATION. ‘ME’
DENOTES MUTUAL ENHANCEMENT BEFORE CROSS-MATCHING.

Method Components Pitts30k-test Tokyo24/7
GV ME |r@l r@5 r@l10|r@] r@5 r@10
NetVLAD X x 852 928 949 [679 784 813
CAHIR-G X x 882 941 957 [794 892 914
CAHIR-OTS | / x 894 951 96.2 {904 91.7 924
CAHIR v Vo 1901 954 96.0 |90.5 92.1 924
TABLE III

EVALUATE THE DISTILLED LOCAL MATCHING. N,, REPRESENTS THE
AVERAGE NUMBER OF VALID MATCHES FOUND FOR EACH IMAGE PAIR.

Off-the-shelf | Distilled
Method |  Dataset

etho aset TN 1@l | N, rel
CAHIR | Pitts30k-test | 122 89.4 | 178 90.2

VPR task, especially on Tokyo24/7 and Mapillary where the
appearance of scenes changes drastically. PatchNetVLAD
eliminates the computational overhead of performing local
feature extraction separately, while still obtaining remarkable
results on par with SuperGlue. Our CAHIR steadily sur-
passes all other baselines, which demonstrates the compre-
hensive advantages of the proposed components. Compared
with our base global descriptor APPSVR, an increase in
Recall@1 of 2.7%, 3.5%, 13.4%, and 18.2% can be observed
on Pitts30k, Pitts250k, Tokyo24/7, and Mapillary.

D. More Results and Discussions

Ablation Studies. To validate the integrated components
in our proposed method, we compare CAHIR variants that
gradually enables each functional module. CAHIR-G re-
tains only the global branch of CAHIR, disabling candidate
re-ranking based on geometric verification. CAHIR-OTS
performs geometric verification by cross-matching off-the-
shelf local descriptors without mutual enhancement. CAHIR
is our proposed model with all components enabled. As
shown in Table II, applying each component incrementally
results in steady performance improvements. CAHIR-OTS
convincingly outperforms CAHIR-G, which demonstrates
the benefits of exploiting the spatial relationships of visual
elements that are ignored in the global descriptor genera-
tion. Further enabling the mutual enhancement layer brings
another improvement on all three datasets, proving that the
local information interaction can enhance the cross-matching
ability of their local descriptors.
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the correspondences on saliency heat map shows that CAHIR prioritizes finding high-quality correspondences between task-relevant visual elements. For
example, in the first row, matching between repetitive patterns on buildings is suppressed by CAHIR.

TABLE IV
COMPUTATIONAL AND MEMORY COST FOR PROCESSING AN IMAGE PAIR.
Method Extraction | Matching | Memory
SuperGlue [28] 87.48 ms | 2933 ms | 2.0 MB
LoFTR [29] 168.52 ms | 78.43 ms | 9.8 MB
PatchNetVLAD [23] | 516.66 ms | 37.19 ms | 37.0 MB
CAHIR 1731 ms | 27.23 ms | 3.8 MB

Distilled local descriptor matching. The mutual enhance-
ment layer coupled with distillation learning is dedicated to
finding local matches suitable for the VPR task. Rather than
exploring as many matches as possible, it puts emphasis
on finding the high-quality correspondences between task-
relevant visual elements. From this perspective, it is destined
that CAHIR cannot predict dense matching like its teacher
model LoFTR. Nonetheless, Table.IIl shows that the trained
CAHIR is able to find more valid local matches for each
image pair than the off-the-shelf local descriptors. The per-
formance improvement brought also verifies the rationality of
the mutual enhancement of local descriptors and the distilled
descriptor matching.

Inference latency and memory footprint. Table IV
presents a comparison between local approaches in terms
of computational time and memory footprint for processing
an image pair. For full local descriptor extraction directly
from images, CAHIR is 5.1 times faster than the second best
SuperGlue. The extraction latency of CAHIR can be further
reduced to negligible if reusing the intermediate features
cached in the global encoding pipeline, while other models
require separate local feature extraction or post-processing.
CAHIR also has the best matching latency, which is 2.9 times
faster than the teacher model LoFTR. In terms of memory
footprint, CAHIR is slightly inferior to the best SuperGlue
due to the different local descriptor dimensions. Overall,
CAHIR shows strong competitiveness in model efficiency.

E. Qualitative Results.

Fig.(4) depicts a few challenging queries sampled from
the three employed datasets, and the top retrieved image by
different methods. It can be noted that in the case of failure
of other benchmark models, CAHIR can still achieve correct

Student CAHIR Teacher LoOFTR

-

Reference

Reference

Query ]
Fig. 5. Selective matching distillation allows CAHIR to explore more
potential correspondences (left) and selectively ignore bad supervision from
the teacher model (right).

retrieval. In addition, the visualized local saliency indicates
that CAHIR prioritizes long-term static objects that are more
stable and discriminative for VPR. The local matches found
by CAHIR shows that our method places great emphasis on
the correspondences between task-relevant visual elements.
Fig.(5) illustrates two typical cases of the selective matching
distillation, where CAHIR is able to selectively learn from
the teacher model and further improve on this basis.

VI. CONCLUSIONS

In this paper, we propose a coarse-to-fine VPR framework
named CAHIR. It unifies global and local descriptor genera-
tion into one encoding pipeline. The hierarchical descriptors
can be used for global retrieval and geometric verification
progressively. To obtain high-quality local matching for
geometric verification, a locally mutual enhancement layer is
introduced to strengthen the information interaction between
the local descriptors to be compared. By introducing a
distillation pipeline with novel selective matching loss, the
parametric model can further learn from the SOTA local
matcher. Extensive experiments demonstrate that CAHIR
outperforms the SOTA global and local image representa-
tions for VPR on benchmark datasets.
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