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ABSTRACT

This paper proposes a novel algorithm to solve the exact r-neighbour
search problem in Hamming space. Existing r-neighbour search
methods typically adopt hash table to index binary codes. Given
a query, existing approaches find the near neighbours by checking
all buckets of a Hamming ball centered at the query. However, the
problem is that these methods spend most of the time visiting NULL
buckets (lookup misses). In this paper, we adopt trie structures to
index binary codes. We consider several continuous bits of a bina-
ry string as a block and use it as an atomic indexing element in trie
structures, which is efficient in both access speed and memory us-
age. Further, our method searches the near neighbours of a query by
utilizing the records of nodes in trie structures to avoid lookup miss-
es. We name the proposed indexing structure as Multi-Block Bitwise
Trie (MBBT). A theoretical analysis is given to indicate that MBBT
has less time cost than other hash-based methods. Moreover, exten-
sive results show that MBBT outperforms state-of-the-art algorithms
over several large scale benchmarks.

Index Terms— Binary Code, Trie, Index, R-Neighbour

1. INTRODUCTION

Binary representation [1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12] for high
dimensional features has attracted a lot of attention in recent years.
The goal of binary coding is to compress features into compact bina-
ry strings which could be beneficial for handling large datasets [13,
5, 2]. Although Hamming distance matching between binary codes
is very fast (more than millions of matching in one second) [8, 14],
when the size of dataset is extra huge, exhaustive searching over the
whole dataset is still too slow for real-time retrieval. Therefore, de-
signing efficient indexing algorithms to speedup the retrieval speed
of binary string is still very necessary for fast retrieval over large-
scale datasets [15].

One way to index binary codes for nearest neighbour search is
using hash tables [16, 17, 3, 6], where binary codes are directly used
as indices (addresses) into hash buckets. Extension evaluations [2,
3, 6] show that this hash approach could yield a dramatic increase
in search speed compared to an exhaustive linear scan. However,
in practice, using hash tables is not necessarily efficient in memory
usage [6], which is essentially trading time for space. Ideally, one
need to set up a hash table with 2d buckets for indexing d-bits binary
codes. When d increases to 64, the memory cost for 264 ≈ 1019

buckets is not affordable.
To handle long codes, Norouzi et.al proposed Multi-Index Hash-

ing (MIH) [15] to use a group of hash tables to index the substrings
of binary codes. Specifically, MIH divides binary codes into multi-
ple disjoint substrings, and then uses a hash table for each substring

instead of the whole binary code. This partition strategy enables effi-
cient indexing long codes. Experimental results show that MIH pro-
vides very promising speedup for retrieval over long-length codes,
say 64, 128, or 256 bits.

One problem of hash-based methods is that, one needs to check
all buckets in a Hamming ball around the query to find nearest neigh-
bours. Given code length d and search radius r, the total number of
buckets that need to examine is

L(d, r) =

r∑
k=0

(
d

k

)
(1)

where L(d, r) grows exponentially with r. When r is large, the
search range increases dramatical . In practice, we notice that most
buckets in hash table are empty. Visiting empty buckets, which we
call lookup misses, is not necessary and wastes a lot of time.

In this paper, we propose a novel data structure, Multi-Block
Bitwise Trie (MBBT), to address the issues of hash-based approach-
es for exact r-neighbour search in Hamming space. Compared to
other methods, we utilize a trie structure to index binary codes to
avoid lookup misses. We summarize the main contributions of this
work as follows:

• We propose to index binary codes with bitwise trie structures
for r-neighbour search in Hamming space. We consider con-
tinuous bits of binary codes, which we call a block, as an
atomic element to generate the trie structure, which is effi-
cient in both access speed and memory cost.

• Given a query, we search the near neighbors by visiting the
nodes in the bitwise trie. As we only check the candidates
which exist in the nodes of trie structure, our method can
avoid lookup misses. Theoretical analysis shows that our
method has a lower time cost than hashing-based methods.

• We evaluate our method on several benchmarks. Experimen-
tal results show that the proposed MBBT outperforms recen-
t state-of-the-art methods. Specifically, MBBT is 2-4 times
faster than Multi-Index Hashing (MIH), and is hundreds of
times faster than exhaustive linear scan in most of the cases.

2. RELATED WORKS

There are two related nearest neighbour search problem in Ham-
ming space, K-th nearest neighbour search [18] and r-neighbour
search [19, 20]. The first is to find the K codes in dataset that are
closest in Hamming space to a given query. The second problem
is to find all codes in the dataset that are within a fixed Hamming
distance of a query. Actually, these two problems are interconvert-
ible [15]. In this paper, we focus on the latter one, i.e., r-neighbour
search problem, where the formal definition is presented as follows,



Definition 1 Given a dataset B = {bi}ni=1 and a query q where
bi, q ∈ {0, 1}d, the r-neighbors Dr(q,B) is defined as all codes in
B which differ from q in r or less bits:

Dr(q,B) = {bi ∈ B : H(bi, q) ≤ r}.

Here H(.) denotes the Hamming distance.

In hash methods [16, 17, 3, 6], binary codes are directly used as
addresses in hash table. Given a query q and search radius r, one
needs to enumerate all r-neighbours of q and then check correspond-
ing hash buckets to see if they exist. This method needs a big hash
table with 2d buckets to index d-bits binary codes. When d becomes
large, such as 64 bits or more, the memory requirement is become
infeasible [15].

To address this issue, Multi-Index Hashing (MIH) [15] partitions
every binary code into m disjoint substrings, where each substring
has a length of s = d/m bits. According to the pigeonhole principle,
if two binary codes p and q differ by r bits or less, at least one of their
m substring must differ by at most r′ = br/mc bits. Therefore,
MIH builds a hash table Tj for each j-th substring. Give a query
q with substrings q1, . . . , qm, MIH firstly searches the r′-neighbors
of qj from Tj , denoted as Dr′(qj). Then, combines the sets of all
r′-neighbors as a candidate set S =

⋃
j Dr′(qj), and finally, test all

elements in S and remain r-neighbors of q.
Consider the search cost of MIH. We first calculate the time cost

for each substring, and then multiply it by m to get total result. As-
sume binary codes are uniformly distributed over the Hamming s-
pace. For each substring, the number of buckets to lookup is

lookupMIH(s) = L(s, r′). (2)

Let n denote the number of binary codes in the database. As there
are 2s buckets in the hash table, the average entries that each bucket
has should be n/2s. The total number of candidates that need to be
tested is

ctestMIH(s) =
n

2s
lookupMIH(s). (3)

Then, the total time cost for searching r-neighbours of a query q is

costMIH(s) = m(lookupMIH(s) + ctestMIH(s)) (4)

=
d

s
(1 +

n

2s
)lookupMIH(s) (5)

=
d

s
(1 +

n

2s
)L(s, r′). (6)

In most scenarios, we have n � 2s which means that item lookup
dominates the cost function. On the other hand, there are many emp-
ty buckets in hash table since n typically is much less that 2s. Check-
ing empty buckets is not necessary and waste time. This observation
motivates us to adopt trie structures to avoid lookup misses to reduce
the cost at the lookup stage.

We notice that there are also several papers [21, 22, 23] for
approximate nearest neighbour (ANN) search in Hamming space.
But in this paper we focus on the exact r-neighbour search prob-
lem which means we must exactly all nearest neighbours of a query
within Hamming distance r.

3. MULTI-BLOCK BITWISE TRIE STRUCTURE

In this section, we present our method, Multi-Block Bitwise Trie
(MBBT) structure, to address the r-neighbor search problem in Ham-
ming space. Our method uses the partition strategy proposed in MI-
H [15] to handle long-length binary strings. We divide each binary

Algorithm 1 r-neighbor Search in Hamming Space.

Given query substrings {q(j)}mj=1, MBBT {Tj}mj=1, query radius
r and block parameter c, set r′ = r/m. Initiate D ← ∅.
for i← 1 to m do

D = D∪ QueryMBBT(root(Ti), 0, q
(i), 0)

Test and remove all non r-neighbors elements in D.
return D

function QUERYMBBT(u, dep, q, d)
if d > r′ then return ∅
if u is leaf node then

return lookup (r′ − d)-neighbors from container
else

ans← ∅
for all v is child of u do

h← Hamming distance(q[dep..dep+ c− 1], v)
ans = ans∪ QueryMBBT(v, dep+ c, q, d+ h)

return ans

string in dataset into m disjoint substrings and index each of them
individually. Next, we focus on how to design efficient indexing
structure for each substring.

3.1. Indexing Binary Strings with Trie

A trie is a tree data structure where all the descendants of a node
have a common prefix of the string associated with that node, and
the root of the trie is associated with the empty string. For the node
at depth l of a trie, it represents the set of all strings that begin with
the same first l characters, and its branches are defined based on the
l+1 character of strings. A special case of a trie for binary strings is
a binary tree since the branches at each node are either 0 or 1. Figure
1(a) shows an example of a binary trie.

The MBBT structure considers c continuous bits, denoted block,
as an atomic element for indexing. More precisely, given a binary
string with n bits, each continuous c bits is treated as a block where
it totally has n

c
blocks and each block can represent 2c symbols. As

a special case, if we set c = 1, the MBBT structure is become a
binary trie. The reason why we combine multiple bits into a block
for indexing is to make the access speed and memory usage efficient
in the trie structure, since a binary trie for n-bits strings has n layers,
which could be very deep when the string length is large.

After that, for each leaf node of the trie, we build a container
which contains all binary strings in dataset that have common prefix
corresponding to the leaf node. In practice, we only utilize the first b
bits (b ≤ n) for indexing in a trie to reduce the memory usage. Both
c and b impact the performance of our proposed algorithm. We will
discuss the effect of b and c in the section 3.3. Figure 1(b) shows
an example of the proposed Multi-Block Bitwise Trie where dataset
B = {000000, 000010, 000011, 000101, 010010, 011000, 011101,
011111}. In this example, we set b = 4 and c = 2.

3.2. Searching the r-Neighbors with MBBT

Given query q and search radius r, we search the r-neighbors of q by
traversing the nodes in MBBT. The traversal starts from root node
with initial Hamming distance d = 0. When visiting one node at the
l-th layer, we calculate the Hamming distance between the binary
string associated with the node’s path and the first l query blocks.
If the path’s binary string has more than r bits difference from the
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Fig. 1. Suppose we have eight 6-bits binary strings B = {000000, 000010, 000011, 000101, 010010, 011000, 011101, 011111}. (a) Exam-
ple of indexing binary strings with binary trie structure. (b) Example of our proposed Multi-Block Bitwise Trie structure. (c) Example of
searching r-neighours in MBBT where query q = 111101 and search radius r = 2; The traversal paths in MBBT are colored in red. This
figure is best viewed in color.

query, the traversal is discarded. On reaching a leaf node, we check
the candidates in the container and return binary strings with Ham-
ming distance d ≤ r. Figure 1(c) shows an example of r-Neighbors
search in MBBT. Algorithm 1 shows the pseudo-code.

3.3. Theoretical Analysis

Given size b, the Multi-Block Bitwise Trie (MBBT) mostly has p =
2b leafs. Assume the distribution of binary strings is uniform, and
we totally insert n items into trie. Then, the probability that one leaf
doesn’t exist in MBBT should be 1

(
p− 1

p
)n ≈ e−n/p. (7)

Therefore, the expected density of leaf equals to

density(b) = 1− e
− n

2b . (8)

Let lookupMIH(s) denote the total lookup number of the exhaust-
ed enumeration for r-neighours of query. The expected number of
lookup in MBBT is

lookupMBBT (b, s) = density(b) ∗ lookupMIH(s) (9)

= (1− e
− n

2b ) ∗ lookupMIH(s) (10)

where 1/density(b) denotes the speedup rate of our proposed
MBBT for lookup stage compared with hash table. When s =
32, b = 30, n = 108, we have density(b) ≈ 0.045. That is to say,
95.5% lookup items would be discarded by our MBBT algorithm.

3.4. Implement Details

In practice, we adopt a static structure, full c-ary tree, to save the
proposed Multi-Block Bitwise Trie (MBBT). A 1-bit boolean flag is
used to indicate whether each node truly exists. The container is im-
plemented by a static array. Parameter b is chosen to be multiples of
c. Large b could be helpful to further reduce the density of leaf node
but also increases the access time in trie. In addition, we noticed that
setting c more than 3 is not beneficial for performance. In practice,
we set b = 30, c = 3 or b = 28, c = 4 for 32-bit substrings.

1(1− 1/p)p ≈ 1/e since p is quite large.

4. EXPERIMENT

We run our experiments on Intel Xeon CPU with 2560KB L2 cache
and 128GM RAM. The MBBT is implemented in C++.

4.1. Dataset and Baseline

We evaluate our method on three large scale benchmarks SIFT-50M,
SIFT-200M and GIST-79M, where SIFT-50M and SIFT-200M are
subsets of BIGANN SIFT dataset [25], and GIST-70M is a dataset of
79M GIST feature extracted from 80 million tiny images [26]. We
utilize LSH [21] to binarize features into binary codes of different
lengths 64 bits and 128 bits. For each dataset, we randomly select
100 elements as queries.

We compare our method with the state-of-the-art Multi-Index
Hashing [15] (MIH) and exhaustive linear scan. Both the implemen-
t of MIH and linear scan are downloaded from publicly available
source codes with recommended settings [15]. We set b = 30, c = 3
and s = 32 in MBBT for evaluation.

4.2. Results

Figure 2 shows the results of r-neighbour search over dataset SIFT-
50M, GIST-79M and SIFT-200M. Features are compressed into
64 bits on SIFT-50M and GIST-79M, but 128 bits on SIFT-200M.
MBBT consistently outperforms MIH and linear scan. Compared
with MIH, MBBT achieves more than 2x speedup in most cases. At
dataset SIFT-50M, when search radius r ≥ 12, the speedup of MIH
is up to 4x than MIH. Similar results are achieved on GIST-79M and
SIFT-200M. Both MBBT and MIH outperform linear scan. Com-
pared with MIH, MBBT achieves more significant improvement in
retrieval time. When r is small e.g. r ≤ 10, MBBT can be hundreds
of time faster than a linear scan.

4.3. Time Cost Analysis

Figure 3 shows several important values of MBBT and MIH. In this
figure, as our method mainly focus on improve speed on lookup, we
only consider the results on lookup stage where lookupMBBT and
lookupMIH denote the time cost of MBBT and MIH, respectively.
First, we can see that lookupMBBT is always less than lookupMIH ,
which shows that MBBT efficiently reduces lookup misses of hash-
ing methods. Due to MBBT utilizing tree structure for indexing, it
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Fig. 2. Results of retrieval time of different methods over dataset SIFT-50M, GIST-79M and SIFT-200M.
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Fig. 3. Important statistic results of MBBT and MIH over dataset SIFT-50M, GIST-79M and SIFT-200M.
Search Radius r = 12Search Radius r = 10 Search Radius r = 14 Search Radius r = 16

Fig. 4. Results of retrieval speed of state-of-the-art methods at different dataset size. We use dataset SIFT-1B from BigANN [24] for
evaluation. The length of binary codes is 64 bits.

needs extra time to access the trie nodes for search, which is denoted
bt taccMBBT . Therefore, lookupMBBT +taccMBBT indicates the
actual time cost at lookup stage of MBBT. Since lookupMBBT +
taccMBBT ≤ lookupMIH in most of cases, it demonstrates that
MBBT has improved the speed of lookup over MIH. Moreover, as
search radius r increase, the speedup rate of MBBT at lookup stage
becomes more significant. The reason is that when r becomes large
the number of empty buckets checked by MIH also grows. By avoid-
ing lookup misses, MBBT can efficiently reduce time cost in lookup
stage to improve retrieval speed. The experimental results are con-
sistent with our previous analysis.

4.4. Speed at Different Dataset Size

Figure 4 shows the retrieval speed of state-of-the-art methods at dif-
ferent dataset size from 50 millions to 500 millions. MBBT consis-
tently outperform MIH and linear scan in all dataset scale. We no-
tice that when dataset size is small, say 50 millions or 100 millions,
sometimes MIH is slower than linear scan. But MBBT is better than
linear scan in all cases. As the dataset size increases, the gap between

MBBT and MIH becomes large. For example, at dataset size 50 mil-
lion where search radius r = 14, the average query time of MBBT
is about 0.1 second less than MIH, but it becomes 0.25 second when
dataset size is 500 millions. This results show that MBBT has better
potential to handle very large scale dataset than other methods.

5. CONCLUSION

MBBT is more efficient than hashing methods for indexing binary
codes for r-neighbour search. By utilizing the records of nodes in
trie, MBBT avoids lookup misses to improve retrieval speed in the
lookup stage. We provide a group of quantitative results on lookup
stage to verify the effectiveness of the proposed MBBT. The exper-
iment results are consistent with our theoretical analysis. Extensive
evaluations show that MBBT significantly outperforms other state-
of-the-art methods over several widely uased benchmarks. What’s
more, it’s demonstrated that MBBT has better potential to handle
very large scale dataset than other methods.
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