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Abstract

Snapshot-based visual localization is an important prob-
lem in several computer vision and robotics applications
such as Simultaneous Localization And Mapping (SLAM).
To achieve real-time performance in very large-scale envi-
ronments with massive amounts of training and map data,
techniques such as approximate nearest neighbor search
(ANN) algorithms are used. While several state-of-the-art
variants of quantization and indexing techniques have been
demonstrated to be efficient in practice, their theoretical
memory cost still scales at least linearly with the training
data (i.e., O(n) where n is the number of observations in
the database), since each observation must be associated
with at least one code vector. To address these limitations,
we present a novel hierarchical encoding approach that en-
ables sub-linear storage for sequential data, e.g. ordered
frames in a video sequence commonly used in visual local-
ization datasets. The algorithm exploits the widespread se-
quential nature of sensor information streams in robotics
and autonomous vehicle applications and achieves, both
theoretically and experimentally, sub-linear scalability in
storage required for a given environment size. Further-
more, the associated query time of our algorithm is also of
sub-linear complexity. We benchmark the performance of
the proposed algorithm on several real-world benchmark
datasets and experimentally validate the sub-linearity of
our approach, while also showing that our approach yields
competitive absolute storage performance as well.

1. Introduction

In recent years, there has been a rapidly growing demand
for improved capabilities underlying autonomous robot and
vehicle applications, such as Simultaneous Localization
And Mapping (SLAM). This demand has inspired a large
body of work that address the visual place recognition prob-
lem, a key component of SLAM systems, with encour-
aging results [12, 22]. Among the existing approaches,

snapshot-based methods, which primarily rely on image re-
trieval [33, 31, 11], still play a significant role since they are
widely used not only for direct localization but also as an
intermediate step that bootstrap large-scale structure-based
systems. Generally, the underlying mechanism behind most
retrieval-based variants is the utilization of global image de-
scriptors [18, 1, 35, 16] to characterize locations. A query
image can then be localized by searching for representations
in a database that have similar descriptor values. It has been
shown in recent work that the use of source coding tech-
niques, represented by well-known algorithms such as vec-
tor quantization [14] and variants such as Product Quanti-
zation [17], Optimized Product Quantization [13], together
with indexing techniques such as Inverted Index [19, 2]
have enabled efficient approximate nearest neighbor search.
As a consequence, several techniques have been proposed
that can handle datasets containing billions of observations
with real-time performance [4, 6].

In parallel to the development of snapshot-based algo-
rithms, structure-based approaches have also attracted much
attention from researchers [32]. Unlike their counterparts
that provide only a rough location estimate, structured-
based algorithms yield precise localization up to six
degrees-of-freedom (6-DoF). The maps are represented by
3D point clouds, which can be obtained from register-
ing depth sensor output, or built from the training im-
ages using common Structure-from-Motion (SfM) frame-
works [34, 37]. Apart from the location information, each
point in the 3D map also stores the associated local descrip-
tors, so that a query image can be localized by conducting
2D-3D matching to identify the camera location and orien-
tation. However, in order to achieve satisfactory real-time
results, the input data must be of small or moderate size, as
searching over very large point clouds is often computation-
ally expensive.

Although many indexing algorithms in the literature
have achieved sub-linear query time, most approaches re-
quire storing one code vector per image descriptor. Theo-
retically, no matter how short this code vector, for n obser-
vations in the dataset, existing algorithms require O(n) stor-
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age cost, i.e., the required amount of storage scales linearly
with the number of observations. While recent research fo-
cuses on improving the precision-recall metrics, the scal-
ability of the memory footprint is given little attention.
Our work addresses this and introduces a theoretically sub-
linear algorithm that can be used as an alternative for exist-
ing quantization approaches. By conducting experiments
on real-world datasets, we show that our method yields
competitive results on challenging visual place recognition
problems.

Contributions Our contributions can be summarized as:

e We propose a new encoding algorithm for snapshot-
based localization that theoretically achieves sub-
linear storage scale w.r.t. the number of observations
n, where existing state-of-the-art approaches are at
best linear. The associated time complexity for a query
is also sub-linear in this proposed approach.

e This sub-linearity is achieved through a hierarchical
encoding scheme that exploits the sequential nature of
data prevalent in sensor streams across mobile robotics
and autonomous vehicles.

e Unlike some rigid existing systems, the proposed en-
coding scheme enables the user to explicitly trade pre-
diction accuracy for memory footprint, enabling it to
be tailored to the specific accuracy and memory re-
quirements of different applications.

e We show empirically that the proposed technique
achieves the desired sub-linearity in storage, while
also yielding competitive absolute storage require-
ments compared to existing state-of-the-art techniques.

2. Background

Snapshot-based approaches cast visual localization as a
nearest-neighbor search problem, where for a query image,
we wish to find the most “similar” observation in a database
of images that represents previously observed locations. In-
stead of storing the images directly, it is usually desirable to
store a lower dimensional image descriptor, especially for
this application. Specifically, we are given a dataset D con-
taining n observations D = {x;}"_ ,, where x; € R?is a
d-dimensional image descriptor. Furthermore, we will ex-
plicitly assume that D is sequential visual localisation data,
i.e., a sequence of frames from a video. Specifically, for ¢
close to j, x; is very similar to x;. We will discuss the im-
portance of this assumption in more detail in Section 3.2.
For a query vector q € R?, we wish to find x* € D such
that the distance between q and x* is minimized using some
measure of similarity. Formally, we express this as

x" = argmind(q, x), (1)

where d(-, -) is an appropriate metric that measures the sim-
ilarity between two descriptors. In this paper, we assume

that this metric is the standard Euclidean distance and so
(1) can be rewritten as

x* :argxmei%HQ—XHz, 2)

where || - |2 denotes the Euclidean norm. Naively, we can
solve this problem easily by evaluating ||q — x||2 for every
x € D, however this takes O(nd) operations, which is com-
putationally infeasible for large n. To alleviate this prob-
lem, the nearest neighbor search must be approximated,
thus quantization techniques are employed to map n dis-
tinct observations into £k < n “code vectors”, so that data
can be efficiently queried. Using these approximate search
techniques, the original problem (2) is replaced by

X" = arggggllq—g(X)llm (3)

where g : D — R? maps an observation into a quantized
version of D with k < n distinct values [14, 17, 13]. A
simple example of this is quantizing the dataset by apply-
ing K-means clustering [24] for k < n. Let g(-) map x
to its nearest K-means centroid. This is a specific example
of the vector quantization approach (VQ) [14], which par-
titions the training data D into k clusters, and assign g(x)
as the cluster centroid that is closest to x. With code-books
containing k code-words, a descriptor vector can be stored
using log, k bits, and the distance calculation can be sped
up using pre-computed lookup tables. Due to the compu-
tational hardness of K-Means clustering [24, 25], the use
of VQ is infeasible for large k (e.g., 264). Several variants
of VQ [17, 13, 20, 15, 21] have been proposed to address
such shortcomings. Leveraged from VQ, Product Quantiza-
tion [17] (and its improvements [ 17, 13]) splits observations
into m distinct subvectors, each with dimension d/m. Each
group of subvectors forms a subspace, which is then sepa-
rately quantized using conventional VQ methods, generat-
ing m “code-books”, each containing k£ “code-words”. The
total number of possible code-words (hence quantiles) is
therefore k™, which is substantially larger than the amount
allowed under traditional VQ.

Despite all of this, the use of quantization alone does not
attain real-time performance on consumer hardware for ex-
tremely large n, since a query vector still needs to be com-
pared against all words in the code books which may still be
large. To further speed up the search, indexing techniques
such as IVF [19] or Multi-Index [19] are used. These tech-
niques propose partitioning data into several regions where
each region is associated with a list of indices. A query
vector therefore needs to be compared against this list of
candidates rather than the whole dataset. In addition, ad-
vanced tree indexing methods such as [3, 5, 6] can also be
used to achieve significant improvements in performance.

Disclaimer Our system is not a replacement for visual
SLAM and localization systems like [28, 29], since we ab-
stract away the choice of feature descriptors and focus on
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Figure 1. Example of our hierarchical encoding scheme for a
dataset containing n = 12 observations. An ! = 4 level tree
is used here. The numbers of chunks in the levels are given by
hi1 = 3, ha = 2, hs = 2, respectively. The numbers in each
node (rectangle) are the indices of the observations belonging to
that particular node. The blue numbers (in parentheses) denote the
chunk index.

nearest neighbour search. However, we can foresee our
methodology being used for instance as one of the mod-
ules in ORB-SLAM [29] where given an image, we wish
to locate the closest keyframe associated to that image in a
large database of keyframes.

3. Approach

As we have previously discussed, although achieving
promising results, existing methods require the storage foot-
print to scale linearly with n. In this section, we introduce
a new quantization approach that achieves sub-linear stor-
age cost which can be used for real-time visual localization
applications. Our approach is first based on the observa-
tion that in visual localization, given a query vector q, we
only desire the index of the nearest vector x* since this rep-
resents a location in an environment. Specifically, in the
context of (2), we would like find ¢*, where

i* = argmin ||q — x;]|2, Vx; € D. 4)
2

We again argue that existing methods described in Sec-
tion 2 which return the full vector x* are redundant for vi-
sual localization where only the index 7 is sufficient. In Sec-
tion 3.1, we discuss our proposed quantization approach.

3.1. Hierarchical Representation

Similar to other quantization techniques, in our ap-
proach, each data instance x € D is also associated with
a code vector ¢(x). However, in contrast to existing al-
gorithms that store the codes {c(x;)}?; with the training
data (which scales with O(n)) , our approach does not re-
quire this. Instead, we only store information of our model
parameters, which consists of transformation matrices (see
Sec. 3.3) and separating hyper-planes (see Sec. 3.2) learnt
from the training data. Now, given a query vector q, the
code of its nearest neighbor ¢(q) and an estimate of ¢*
from (4) is estimated directly using the model.

In order to obtain the index ¢* of a vector x from a code
vector ¢(x), we employ a hierarchical encoding approach.

Specifically, we recursively divide the database into into
chunks, where each chunk contains a set of consecutive ob-
servations. This partitioning process is performed up to [
levels to form a tree structure as illustrated by Fig. 1. For
each node in the j-th level, the data belonging to that par-
ticular node is divided into h;1; chunks (note that for the
leaf nodes, h; = 1). Note that the order of the observations
in D is left unchanged (i.e., the division into chunks is per-
formed purely based on the indices, as illustrated in Fig. 1).
This process is recursively repeated further down the tree
until the (I — 1)-th level. The values of {h; é;ll are cho-
sen such that iy hg - - - hy = n. Using the example shown in
Fig. 1, the tree has [ = 4 levels, and the values of h; to hy
are hy = 3, hg = 2, hs = 2 and hy = 1 respectively, so
hihahshy = 12. Other choices of [ and {h;} exist, such as
[ = 3, hy = 4 and hy = 3. The effect of different choices
of tree structure and partitioning schemes will be discussed
in the later sections and evaluated in the experiments.

Let C(x) = {cj(x)}é;l1 denote the chunk indices and
code vector corresponding to an observation x € D. For
example, let xo be observation 2 in the example presented
in Fig. 1. In this case, C(x2) = {1, 1,2}, which is given by
following observation 2 through the tree and recording the
sequence of chunk indices. Similarly, C(x12) = {3,2,2}.
We can evaluate the index 7 of observation x given its cor-
responding chunk indices C(x) by evaluating

i=(c1—1) et (g —1)

_1. (6
I 2+Cll()

"
hy ... hi-

For brevity, we use ¢; to represent ¢;(x) in (5). During the
query stage, a query vector q is propagated down through
tree from the root node down to a leaf node. We do this by
feeding q through our proposed model, discussed in more
detail in Sections 3.2 and 3.3, which returns the chunk in-
dices C(q). These are used to compute the index of obser-
vation x* as per (5). In Fig. 1, if x; is the nearest neighbor
of q, the desired values of C(q) should be {1, 1,1}.

3.2. Learning Separating Hyperplanes

We describe our model for estimating C(q) for any given
query vector q. In other words, we aim to learn a parame-
terized function f which takes a query vector and returns its
corresponding code vector, specifically f(q) = C(q). Our
predictions from this learned f, denoted C(q) will be used
to estimate i* as per (5)). We choose to fit multi-class Sup-
port Vector Machine (SVM) classifiers to D for each level
to learn separating hyperplanes that divides D into the de-
sired chunks. Specifically, for each level j € {1,...,l—1},
an SVM classifier is fitted to the collection of observa-
tion/chunk index pairs {x;,c;(x;)}7_;. Subsequently, we
end up with a collection of [ —1 SVM classifiers { f;(+) é;ll,
where f;(q) € {1,...,h;} Vq is the SVM classifier that
predicts the corresponding chunk index of a query vector in
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level j. From this, we can exress f as f(q) = {f;(q) 5;11
For example, using Level 2 from Figure 1, we wish to train
an SVM on D that classifies q similar to observations 1 to
4 into chunk 1, q similar to observations 5 to 8 into chunk 2
and so on. This is repeated for all other levels. In total, we
will end up with 3 SVM classifiers fitted to D with the class
labels used to train each SVM given by the chunk labels
shown. Note that each level has only one SVM, and SVMs
are not fitted separately for each node. This is required to
maintain the sub-linearity of our approach.

We choose to utilize the framework of the Linear Support
Vector Machine (LSVM) [7] and forego any kernel based
methods [9]. This is because kernel based methods typi-
cally involve storing storing a Gram matrix with complex-
ity O(n?), violating the sub-linearity required. From [10],
training f;(-) with h; classes amounts to finding a set of h;
separating hyperplanes {w{C}ZJ: , that satisfies

h; n
1 < 9
min = wil|*+C» B
{wi{8:} 2 ; Ihwel ; (6)
s.t. wgz_xi - wz,;xi > ein — B; Ym, i,

where C' > 0 is a regularization parameter, e, = 1—I(y; =
m) and I(+) is an indicator function. We used LIBSVM [£]
to solve (6), although other libraries can also be used.

A crucial assumption for the applicability of LSVMs is
that the observations are linearly separable in the original
input space according to the corresponding labels. Given
that the labels are given by the chunking indices, this as-
sumption does not hold for any general unordered dataset
since these labels may not reflect any “natural” clustering
present in the dataset. However, the majority of sensory
streams received from mobile robots and autonomous ve-
hicles consist of consecutive observations that are locally
similar; our allocation of chunk indices gives the same la-
bel to sequences of consecutive observations, hence corre-
spond to “natural” clusters in the data. However, for levels
closer to the leaf nodes, labels no longer correspond to co-
herent sequences (indeed, for the leaf nodes, chunk labels
alternate for each consecutive observation) and we would
expect classification performance to be worse here.

3.3. Data Transformation and Subspace Clustering

In practice, LSVMs yield poor performance in practice
when applied directly to the raw observations and chunking
indices. This is because data in the original input space is
rarely ever linearly separable, even with inherent structure,
motivating kernel methods that aim to find a separating hy-
perplane in a higher dimensional “feature space” instead.
Since we are avoiding the use of kernel methods here to
maintain sub-linearity, we instead find an explicit transfor-
mation of the data at each level L; such that the transformed

Figure 2. [llustration of the data transformation and classification
process visualized using a t-SNE embedding [23] in 2D. Left:
Original data that is not linearly separable. Right: The transformed
data which is easily divided using a set of hyper-planes.

observation/label pairs {L;x;, c;(x;)}}; are more easily
separable, allowing the use of an LSVM. For our approach,
we propose learning a linear transformation L; € TR
where m; < d.

We now discuss how we learn this optimal transforma-
tion L;. Our approach is inspired by [26], with specific
modifications to allow supervised clustering with class la-
bels. We wish to find an orthogonal matrix V € R?*4 to
solve the following optimization problem:

h;
| 2
min 303 [PLVTx - PLV
VeR™{u} 1T xers

N N 2> ()
D | ACETES A I

s.t. vTv =1,

where L}, represents the set of data points with label £, i.e.,
Ly = {xi|x; € D,c(x;) = k}, {Nk}Zj:l are cluster cen-
troids corresponding to the each of the h; labels, while p1q is
the centroid associated with the so-called “noise” subspace
that does not contain structural information. The main dif-
ference to [26] is that we fix £ while optimizing (7) as
opposed to updating the cluster allocations using K-means
at each iteration. Furthermore, the matrices P,,, and 13m are
subspace projection matrices given by

_ Im D _ Idfm
oo ez o

d—m)xXm Omx(dfm,)

Here we use the notation I,,, to denote the identity matrix
of size m x m, and 0, denotes a matrix of size a x b that
contains all zeros. From this, L = PT VT,

The intuition behind optimizing (7) is that we aim to find
an orthogonal matrix V € R?*? that transforms observa-
tions {x;} in such a way that the first m dimensions of the
transformed observations, i.e., {PL VTx} form h; clusters
according to the corresponding chunk indices. Observe that
the objective function in (7) is designed to minimize the
within cluster sum of squares (WCSS) of all data points.
This scheme is analogous to several distance metric learning
approaches [38, 36] that learn a Mahalanobis distance that
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optimally clusters “similar” observations (e.g., class labels)
under this new distance. These methods come with a cor-
responding linear transformation, such that the transformed
data is much more easily separable. Due to the availability
of this transformation, metric learning techniques are also
applicable to our algorithm. We tested Large Margin Near-
est Neigbours (LMNN) [36] as an alternative to our method,
however we found that this performed poorer overall. We
believe this is because there is no natural dimensionality re-
duction built into LMNN, and specifying m < d involves
applying dimensionality reduction techniques such as Prin-
cipal Components Analysis (PCA) to the data as a prepro-
cessing step. PCA does not necessarily optimally reduce
dimensionality based on the clusters we desire given by the
chunk labels, since it is unsupervised.

Note that since we are restricting ourselves to linear
transformations, there is no guarantee of separating obser-
vations in general. For instance, data dispersed along a line
will be mapped to another line under a linear transforma-
tion and cannot be separated using this method. We find
that in practice, we can find reasonable transformations for
sequential data due to the “natural” clustering present in the
data. In Section 3.3.1, we outline the solutions to (7).

3.3.1 Solve for {p;,}

The optimal values of {,U,;;}ZJ: , in (7) can be computed in
closed-form. This is performed by computing the gradi-
ent of the objective function in (7) w.r.t pt, and setting this
to the 0 vector (see the supplementary materials for a full
derivation). This yields

1
uk:mZx, Vk=1,---,hj. )
k xELy

Note that the solution is independent of V and m.

3.3.2 Finding the optimal transformation matrix

Following [26], we can rewrite the optimization problem

w.r.t. 'V given a fixed {H}Z; , and m (see supplementary
material for more details) as

rr{i/n trace(P,,PT VI'SV) + trace(VIS,V),  (10)
where the Sy and 3 are given by

So = > (x — po)(x — po)”, (11

x€D

and

h;
=Y (x—m)x— )=S0 (12)

k=1x€Ly

Using the fact that V is orthogonal along with the in-
variance of the trace operator under cyclic permutations,
trace(VTSyV) = trace(VVTS,) = trace(Sy), and hence
the second term in (10) does not depend on V.

Furthermore, observe that PmPff1 is a diagonal matrix
with the first m diagonal elements being 1, with the rest 0.
From this, trace(P,,,P7 VI'XV) is the trace of the leading
principal submatrix of dimension m of VXV, Using the
fact that 32 is symmetric, we can use a well-known result
from constrained optimization to show that a solution for
columns of the optimal V are simply the eigenvectors of
3 sorted by their corresponding eigenvalue from lowest to
highest (see the supplementary materials for a full deriva-
tion). Specifically, the first column of V corresponds to the
eigenvector associated with the lowest eigenvalue of 3.

3.3.3 Finding the optimal m

We now select the optimal m. Note that our solution for
V does not depend on m, and so we can optimize m sep-
arately. Recall that the trace of a square matrix is equal to
the sum of its eigenvalues, and using the fact that V corre-
sponds to normalized eigenvectors of 3 we can easily show
that

trace(P,, PL VIEV) =) "\, (13)
i=1

where \; corresponds to the i-th lowest eigenvalue of X.
We wish to select m that minimizes (13). Note that if 3
contains no negative eigenvalues, then m = 0, whereas if
there are k£ negative eigenvalues of X, then m = k. While
Sp and the first sum in (12) are symmetric positive semi-
definite (hence only has positive eigenvalues), there is no
guarantee that 3 is too, due to the subtraction of Sy in (12).
In practice, we find that the optimal m typically corresponds
to hj, the number of chunks.

3.3.4 Storage Analysis

Based on the discussions in the previous sections, the stor-
age requirements for our models include:

e The transformation matrices {L; ;;11, where each
L; € R¥™i is the learned transformation and m; is
the optimal value of m at the j-th level of the tree. For
each L;, we store O(Zi_zl1 m;d) parameters (see sup-
plementary material for more details).

Note that for [ = 1, Zl];ll m; = n, hence stor-

age scales linearly with n. However, if we struc-
ture the hierarchical model to be a binary tree, then
25;11 m; = 2logy(n), yielding O(dlog, n) storage.
Setting [ > 1 will guarantee sub-linear storage require-
ments.
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e The support vectors characterising the SVM classifiers
ateach level {W }é-;ll, where W; = {w? }/9" " is the
collection of m ;-dimensional support vectors for level
Jj. In this case, we must store O(Zé;ll m;h;) values.
Similar to the above, this scales linearly with n for one

level but is sub-linear for [ > 1.

Overall, our method is sub-linear for [ > 1, and we will
discuss how to select [ in Section 4.2.2.

4. Experimental Results

In this section, we evaluate the performance of our
proposed algorithm against other approaches for retrieval-
based localization. The performance of our method under
various hyperparameter configurations are also analyzed
and discussed.

Datasets: Two large-scale visual localization datasets are
used:

e Nordland Dataset': Nordland consists of four video
sequences captured in each season (Fall, Summer,
Spring, and Winter) by a camera mounted on a moving
train over 10 hours. The video frames are resized and
extracted to ensure an equal distance between frames,
generating around 20,000 images per season.

e Brisbane Day and Night [27]: Similar to Nordland,
this dataset contains video sequences captured from a
camera mounted in front of a car traveling in an urban
area. We selected two traversals, one captured during
the day and the other captured at night.

For each dataset, we extract DenseVLAD [35] d = 4096
dimensional descriptors from the training and test data and
use these as our image descriptors. We chose DenseVLAD
as it is considered state-of-the-art for image retrieval. Other
types of descriptors [1, 18, 30] can also be used with our
proposed approach with similar performance characteris-
tics. Note that our proposed methodology is purely a means
to retrieve the approximate nearest neighbor of a query un-
der the Euclidean metric. For challenging visual localisa-
tion datasets where standard image descriptors can result in
substantial perceptual aliasing, it is possible to have distant
locations with very similar descriptors. The performance of
our methodology is bottlenecked by the choice of image de-
scriptor used and how effective that descriptor is in finding
unique representations for different locations.

Metric evaluation: Unlike other methods that returns a list
of nearest neighbors, our algorithm predicts a single index
for a particular query vector. Therefore, in order to eval-
uate the localization accuracy, we measure and report the
percentage of correctly localized query images. A query

Thttps://nrkbeta.no/2013/01/15/nordlandsbanen-minute-by-minute-
season-by-season/

is regarded as correctly localized if its predicted location
is less than ¢ frames away from the ground-truth location.
Throughout the experiments, we test the methods with for
t € {1,5,10,20,40,80,160}. Note that for existing ANN
approaches, we use the best nearest neighbor match to mea-
sure accuracy. As we focus on a storage-efficient encoding
algorithm, we also report the amount of memory required
(in MB) for the storage of the methods’ parameters.

We compare our proposed technique against commonly
used state-of-the-art quantization approaches, including
PQ[!17],ITQ[15], OPQ [13], and LO-PQ [20]. In addition,
the method proposed in [39] (RYTH), which also achieves
sub-linear storage scale, is also evaluated. Our implementa-
tion is in Python? and was tested on a 4.2GHz machine run-
ning Ubuntu with 32GB of RAM. LIBSVM was run with
the recommended parameter settings.

4.1. Localization Accuracy

In this section, we conduct experiments to benchmark
the accuracy of our proposed algorithm against existing ap-
proaches. The experiments are conducted with n = 20, 000
training and test frames (we extract n frames for training
and n corresponding frames for testing), where for Nord-
land, the systems are trained on the Fall sequence and tested
on the three remaining sequences. To simulate limited stor-
age settings, all methods are tuned such that their storage
footprint cannot exceed 10MB.

Fig. 3 (top) shows the results produced by the bench-
marks, where we plot the localization accuracy with vary-
ing error tolerance ¢ as per above. The same experiment is
repeated where the system is trained on Summer and tested
on the other three sequences, and the results are plotted in
Fig. 3 (bottom). The average accuracy across all datasets is
summarized in Fig. 4.

As shown in Fig. 3, for a given amount of storage,
HESSL produces competitive results compared to state-
of-the-art algorithms such as PQ, OPQ and LOPQ. When
tested on the Spring and Winter sequences (which are con-
sidered challenging, even for state-of-the-art algorithms),
our results are comparable to PQ and OPQ for small ¢. If
high error tolerance is allowed, as demonstrated in Fig. 3,
we outperform other approaches by a large margin. More-
over, compared to [39], we achieve significantly better re-
sults, while attaining the sub-linear storage growth w.r.t. n.
The above experiment is repeated for the Brisbane Day and
Night dataset and the results are plotted in Fig. 5, where the
same conclusions apply.

4.2. Ablation Studies
4.2.1 On the System’s Scalability

In this experiment, we investigate the performance of our al-
gorithm when n grows given a fixed amount of storage. For

2Qur source code is available at https:/github.com/intellhave/HESSL
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Figure 5. Results of the Brisbane Day
Night (n = 3600, storage 5 MB).
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Figure 6. Evaluations of the scalability of our method compared to OPQ and ITQ for a
storage budget of 5 M B, with n ranging from 1000 to 12000. Left to Right: Accuracy for

different values of error tolerance ¢.

Nordland, we use Spring for training and Fall for testing.
Fixing the storage available at 5 MB, we gradually increase
the training and test size n and run the methods. The results
are shown in Fig. 6, where we demonstrate that given a fixed
amount of storage, our approach yields better scalability. In
particular, for small n, all methods produce comparable ac-
curacy. However, as the database size grows, although the
performance of all methods drop, our technique consistently
outperforms existing methods.

4.2.2 On the Choice of Tree Levels [

Table 1 shows the performances of our system with differ-
ent system configurations, including the number of levels [
and the number of chunks in each level. For each config-
uration, we report the amount of memory required to store
the parameters and the corresponding accuracy for a dataset
containing n = 10, 000 points. Observe that as [ increases,
less storage is required by our method. This is because a
tree with higher levels requires smaller values for {h;} (i.e.,

12 3 45 6 7 8 9101112

5
Error Tolerance (#Frames)

Figure 7. Accuracy for various m forn =
2500 on the Nordland dataset. The opti-
mal value m™ is 50 for both levels.

nx107%

the number of chunks per level), resulting in smaller trans-
formation matrices {L; }. Also, a smaller h; requires fewer
hyper-planes to be stored for chunk classification, thus the
overall storage can be further reduced. This is the explicit
accuracy/storage cost alluded to earlier in the text.

l 3 4 5
i) {100,100}  {20,22,23} {10,10,10, 10}
Storage 6.40MB 2.04MB 1.25MB
Accuracy (t = 5) 5.2% 2.8% 1.3%
Accuracy (t = 10) 8.4% 4.5% 2.1%
Accuracy (t = 20) 13.4% 7.3% 3.2%
Accuracy (¢t = 160) 34.2% 19.2% 11.9%

Table 1. Analysis of system performance with different tree par-
titioning schemes for a dataset containing n = 10,000 images,
trained on Spring and tested on Summer.
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Figure 8. Visualization of transformed data for sequential and non-
sequential data.

4.2.3 On the Reduced Dimension m

To analyze the effect of m on the performance of HESSL ,
we run the same experiment for m € {10,25,50,100}
with n = 2500 observations taken from Nordland Spring as
training and Summer for testing, [ = 2 and h; = he = 50.
Fig. 7 shows the results. Interestingly, for this particular
setting, the optimal value of m obtained as described in
Sec. 3.3.3 is given by m* = h; = hy = 50, which is con-
sistent to in 7. Specifically, when m < m*, the dimension-
ality of the transformed space is insufficient for the system
to separate observations adequately. However, if m > m*,
the overall performance also drops, possibly due to redun-
dancy in the training data that degrades the accuracy of the
LSVMs. At m = m™* = 50, the system attains best accu-
racy. This validates that the parameter m should be opti-
mized using our learning technique.

4.2.4 On the Effect of Non-sequential Data

As we have previously discussed, sequential data admits
some form of natural clustering, which yields our strong
empirical results. To illustrate the effect of non-sequential
data, we plot in the first column of Fig. 8 the t-SNE embed-
ding of an n = 100 frame long video sequence where the
frames have been shuffled (top row) along with the orig-
inal ordering (bottom row), where the frames are divided
into {hy,ho} = {10,10} chunks. It is clear from Fig. 8
that observations that are near each other w.r.t. Euclidean
distance are also given the same labels. In the second and
third columns we show the t-SNE embedding of the trans-
formed data in the first and second layer of the tree, respec-
tively. Observe that for sequential data, the transformed
data in both levels show a tendency to be linearly separated,
while this is not the case for non-sequential data. This also
demonstrates that if the data is sequential, our data map-
ping technique is able to transform data such that they can
be classified using LSVMs.

4.2.5 Sequence Filtering

Many robotic and autonomous vehicle applications offer
the potential to temporally filter data over multiple frames

to improve performance, while not requiring any notable
growth in storage requirements, but at some cost in in-
creased compute requirements and latency in matching. Al-
though filtering is not the primary purpose or expectation of
our proposed method, to represent what performance may
be achievable with filtering, we implemented a lightweight
filtering technique, which can be performed for a window
of size w, where the localization of a new query vector is
corrected if its predicted index is off by w/2 + a frames
from the median of its immediate window. Fig. 9 shows ex-
ample results for the proposed filtering scheme for a dataset
containing 1000 frames, with two variants of window sizes
w € {5,20}, and a = 3 frames. As expected, sequence
filtering has considerably improved the overall accuracy of
our algorithm, demonstrating that filtering is another tool by
which a user could choose the balance between accuracy,
compactness, and latency.

Train : spring - Test: summer Train : fall - Test: summer
80 100 A

—=-SLQ —a-SLQ
——SLQ + SF (w=5) 90 ||—4—SLQ + SF (w=5)
||~ ~SLQ + SF (w=20) SLQ + SF (w=20)

80

70 -
60 -

Accuracy (%)
5
Accuracy (%)

50

30
1 5 20 80 160 1 5 20 80 160
Error Tolerance (#Frames) Error Tolerance (#Frames)

Figure 9. Performance with Sequence Filtering (SF).

5. Conclusions

We have presented a new quantization approach for
snapshot-based visual localization, where the required stor-
age footprint scales sub-linearly with the training data. Our
method works well for datasets consisting of coherent se-
quences. Such datasets are typical in many snapshot-based
visual localization problems such as autonomous driving.
The method is developed around a hierarchical encoding
scheme and a learning approach that jointly transforms the
data and performs subspace clustering. Experimental re-
sults on large-scale datasets show that we achieve competi-
tive performance in term of localization accuracy compared
to existing state-of-the-art. Our work is one of the first
proof-of-concepts for further work on sub-linear encoding
methods. A prominent direction for future work is to ex-
tend and improve our method to enable it to work with
non-sequential data. Such an extension can be achieved by
replacing the current linear transformation with non-linear
mappings where the parameters of the mapping do not vio-
late sub-linearity.
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