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ABSTRACT
Searching accuracy and efficiency are two challenges in

person and vehicle Re-identification (Re-ID), which one fo-
cuses on robust representations learning which usually gener-
ating high-dimensional features while the other has not been
fully explored. Hashing is a suitable solution to make RE-
ID efficient. However, directly extending the existing hash-
ing methods to fast Re-ID faces two challenges: one is the
non-overlap between training and testing set which need more
discriminative hash codes, the other is the large identities in
Re-ID tasks which will lead to slow convergence and hard op-
timization. In this work, we propose an attention pooling op-
erator to exploit both local and global visual attributes which
can break limited discriminative power in hash methods. To
further make training procedure converge faster and optimize
the network more easily, we substitute non-differentiable l1-
regularization with smooth l1-regularization. In experiments,
our work outperforms state-of-the-art hashing and quantiza-
tion methods on both person and vehicle Re-ID datasets. Be-
sides, the results can serve as a strong baseline in the field of
deep hashing for fast Re-ID.1

Index Terms— Hashing, Re-Identification, Pooling

1. INTRODUCTION

Person and vehicle re-identification (Re-ID) have attracted
more and more attention in recent years. Given a query image
of person or vehicle, the goal of Re-ID is to search the images
of the same person or vehicle under different cameras. There
have been many research works focused on solving the chal-
lenges of Re-ID [1], including pose changes, occlusions and
background clutter. However, most of them are dedicated to
learn robust representation to improve the accuracy of Re-ID
but ignore the searching efficiency. Hashing is a powerful
tool for fast Re-ID [2]. Existing hashing works about fast Re-
ID focus on small datasets and show the poor performance,
which do not exploit the discriminative information of the raw
images to learn binary codes.

Hashing is one of the solutions of Approximate Near-
est Neighbor (ANN) search, which aims to convert high-

1Code is available at https://github.com/cynthia951031/Hashing ReID

dimensional float features into compact hamming codes and
meanwhile preserve the similarity. Compared with quanti-
zation, which is another solution of ANN, hashing achieves
more fast speed with simple bit-wise operation. Hashing
methods mainly contains two parts: unsupervised hashing
and supervised hashing. For more details, please refer to
the survey [3]. Deep supervised hashing has achieved great
success in instance level image retrieval [4]. Deep neural net-
work can learn compact binary code in an end-to-end way by
preserving similarity and minimizing the quantization error.

However, the existing deep hashing protocols concentrate
on image classification datasets with less categories while
deep hashing methods for fast Re-ID have been less explored.
As mentioned in [5], they fail to capture desirable properties
of supervised hashing schemes, since the testing identities
and training identities of Re-ID do not overlap. This means
the hash codes for fast Re-ID must be more discriminative.
On the other hand, the existing non-smooth quantization
regularization between the activated binary codes and their
real-valued counterparts leads to slow convergence and hard
optimization since there are large identities in Re-ID. To
solve above challenges, we propose a plug and play hashing
module for fast Re-ID, whose input is feature maps produced
by backbone.

The discriminative information of binary codes heavily
relies on the continuous features which are refined by pool-
ing layer from feature maps. Hence, in this work, we propose
a novel pooling method, which is used to promote discrimina-
tion of hash codes for fast Re-ID. By fusing local and global
visual attributes with attention mechanism, the more discrim-
inative hash codes can be obtained. In practice, the attention
pooling operator combines global max pooling (GMP) and
global average pooling (GAP) to exploit both local and global
information for person or vehicle. Besides, we substitute non-
differentiable l1-regularization with smooth l1-regularization
to speed up the convergence of training procedure and make
optimization easier.

Overall, the main contributions of our paper can be sum-
marized as follows: (i) We introduce a novel attention pooling
operator combined with GAP and GMP to generate discrim-
inative hashing codes for person or vehicle images. (ii) We
substitute non-differentiable l1-regularization with smooth l1-
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regularization to make training process more stable and con-
verge faster under the supervision of many identities. (iii) We
provide a strong baseline of deep hashing on Re-ID for the
field of fast Re-ID.

2. METHODOLOGY

In this section, we introduce our proposed methods in details.
The detailed pipeline is depicted in Fig.1.

2.1. Attention Pooling

Given an input image I , pre-trained backbone outputs a 3D
feature maps X of W ×H×C, where C is the channel num-
ber of feature maps. In general, a compact image represen-
tations P ∈ R

C are constructed from these 3D feature maps
by a global pooling operation with dimensionality equivalent.
In the task of classification, most works propose to use global
max pooling(GMP), which retains max activation per chan-
nel. GMP can be written as Eq.1, where Cj means jth chan-
nel.

Pmax(Cj) = max
m=0,...,W

max
n=0,...,H

X(Cj ,m, n) (1)

As shown in the left of Fig.1, each dimension of com-
pact representation produced by GMP corresponds to an im-
age patch with the limitation of receptive field, since the neu-
rons in network cannot abstract the whole image. Relatively,
global average pooling(GAP) (Eq.2) retains global universal
attributes of original images as shown in the middle of Fig.1.
It is obvious that, max pooling is more concerned about lo-
cal visual feature, while average pooling gather global visual
feature.

Pavg(Cj) =
1

H ×W

∑

0<m≤W,0<n≤H

X(Cj ,m, n) (2)

However, most existing works select fixed hand-tuned
global pooling operator which restrict network to find dis-
criminative feature either locally or globally. Hence, there
are some works preform a hybrid scheme which explore bet-
ter way of global pooling. R-MAC [6] performs GMP over
regions and finally sum pooling of the regional descriptors.
GeM(generalizaed-mean pooling) [7] select global pooling
method by control pooling parameter. But they cannot fuse
local and global signal in self-inspired fashion.

Here, to encode the most distinguished signal from fea-
ture maps, whether it is local or global under the supervision
of regualrization term, we propose an attention pooling mech-
anism, which apply attention mechanism to weight and fuse
two different global pooling operators. It can be formed as
Eq.3.

Pattn(Cj) = W (Cj)Pmax(Cj) +W (Cj)Pavg(Cj) (3)

The weights set Wavg ∈ R
C and Wmax ∈ R

C are learn-
able weights corresponding to GMP and GAP respectively.
We normalize them to W ∈ R

2×C along each channel.

2.2. Loss Functions

2.2.1. supervised loss functions

Most methods apply cross entropy function as supervised
loss, which requires an additional linear layer appended to
the end of backbone and vector s ∈ R

C which indicate the
confidence level of prediction for C classes. For given score
vector s, cross entropy function can be written as Eq.4.

LCE = −log(
exp(s[class])∑

j exp(s[j])
) (4)

However, in Re-ID datasets, the number of identity is too
large. For example, there are 30671 classes in VERI-Wild [8]
train set which leads to 30671 neurons in last linear layer and
this will lead to bad results for it’s difficult to optimize.Hence,
we replenish cross entropy loss with triplet loss [9].

As a complement to cross entropy loss, triplet loss ex-
ploits better embeddings instead of learning limited predic-
tions for each sample. As shown in formulation Eq.5, [a, p, n]
constitute triplet for triplet loss, where a and p are images of
the same identity while n is an image of a different identity
relatively. The core idea of triplet loss is to close the dis-
tance between [a, p] and pull the distance between [a, p] in
embedding space. Therefore, triplet loss will not be limited
by scanty categories in train set when classes in test set are
”unseen”.

LT (a, p, n) = max{d(a, p)− d(a, n) +margin, 0} (5)

In experiment, we apply hard sample mining in training
stage. For each training batch, we follow [10], picking the
most dissimilar sample with the same identity and most simi-
lar sample with a different identity to form a triplet.

2.2.2. smooth l1-regularization

To make the features close enough to the final binary codes,
we apply l1-regularization to sparse features [11]. Besides,
there is no clear bound of target binary codes, training with
l1-regularization is robust since it is less sensitive to outliers
and can prevent exploding gradients.

However, as mentioned above, sparse l1-norm regular-
ization based hashing methods are difficult to convergence
for l1-norm regularization is convex but non-smooth, namely
non-differentiable. Hence, our strategy is to substitutes the
l1-norm regular term with smooth l1-norm regular term.
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Fig. 1. Top: The pipeline of our method. The complete pipeline has two components: backbone which produces feature maps
and our proposed module containing attention pooling layer, hash layer and supervised module in order. Among them, hash
layer is composed by a linear layer which mapping original M dimension features to length of the target compressed codes.
Bottom: Comparision between three different global pooling method. Green and yellow rectangles correspond to different
channels in binary code B.

Smooth l1-norm regular term is firstly used in object de-
tectionfor bounding box regression. It is formulated as Eq.6,
where replace l1-regularization with smooth 0.5x2 when |x|
is less than 1.

Rsmoothl1 =

{
0.5x2 |x| < 1

|x| − 0.5 otherwise
(6)

To our knowledge, our work is the first method that uses
this function for hashing and smooth l1-regularization is so
efficient compared to previous methods as shown in Sec.3 yet.

Finally, the loss function of our method is:

L = β ∗ LCE + μ ∗ LT + σ ∗Rsmoothl1 , (7)

where our approach is affected by coefficients of loss func-
tions and regularization. In experiment, we set σ as 1.61 while
β and μ fixed to 1.

2.3. Binary Quantization and Distance Metric

The binary hash code h of the input feature maps X can be ob-
tained by hard threshold quantization: h = sgn(F (X,W )),
where F and W represents the network mapping and weights
of proposed module. After that, towards fast Re-ID, we ap-
ply hamming distance to compute dissimilarity between two
images.

3. EXPERIMENT

3.1. Datasets and Evaluation Protocol

We evaluate the proposed method on four large-scale vehi-
cle and person Re-ID benchmarks: VehicleID [12], VERI-
Wild [8], Market1501 [13] and MSMT17 [14] with 13136
identities, 30671 identities, 1501 identities, and 4101 identi-
ties respectively. The performance of our method is evalu-
ated with mean average precision (mAP) and rank1 accuracy
of cumulative matching characteristics (CMC) in Tab.1 and
Tab.2 under different hashing code length: 64, 128, 256, 512
and 1024 bits.

3.2. Experiment Settings

3.2.1. Comparative Methods

We compare our method with supervised deep hashing
method: DSH [15], DBH [16], DCH [17], DHN [18] and
unsupervised hashing method: KMH [19], ITQ [20]. We
evaluate these methods with source code provided by their
authors on four Re-ID datasets. Besides, for the dataset Mar-
ket1501, we copy the results of PDH [2] from [2]. ITQ and
KMH will not produce codes that longer than input features.
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VehicleID VERI-Wild
64 128 256 512 1024 64 128 256 512 1024

mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1
Ours 55.66 50.07 64.24 57.67 69.03 62.50 71.07 64.85 72.28 65.89 45.37 68.29 55.34 76.81 60.25 80.72 62.33 82.15 63.13 82.88
DBH 47.14 40.68 56.42 49.60 64.03 56.81 68.43 61.93 70.62 63.79 32.92 38.17 36.89 42.77 41.65 50.28 47.80 61.06 54.92 72.82
DSH 53.86 47.84 56.90 50.08 56.97 50.29 54.93 48.41 55.53 47.96 40.82 56.25 42.58 54.82 36.79 43.04 33.62 38.88 19.53 22.73
DCH 42.32 36.76 48.77 42.25 54.17 47.89 56.29 49.22 57.93 50.74 40.91 60.19 50.53 70.30 55.64 75.44 58.48 78.77 60.07 80.70
DHN 54.17 49.99 62.85 57.16 67.18 61.73 69.76 62.59 71.09 64.49 41.65 60.23 50.85 70.73 55.75 76.46 58.54 79.20 59.95 80.80
KMH 37.23 33.76 57.98 52.69 - - - - - - 29.67 49.93 43.48 63.75 51.79 72.09 - - - -
ITQ 52.87 47.10 60.73 53.35 - - - - - - 39.04 58.62 51.21 69.80 55.36 74.71 57.43 77.39 58.78 79.69

Table 1. This table shows experimental CMC top1 and mAP@all for retrieval of protocols VehicleID test2400 and VERI-
Wild test10k. The results of the other four protocols of vehicle datasets can be found in supplementary material. ”r1” in table
represents CMC top1 and ”mAP” represents mAP@all.

Market1501 MSMT17
64 128 256 512 1024 64 128 256 512 1024

mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1 mAP r=1
Ours 58.43 77.40 68.77 86.02 73.46 88.12 75.78 88.75 77.02 88.93 24.02 48.92 32.55 58.63 38.13 64.89 41.31 67.41 42.85 68.74
DBH 39.76 62.50 51.77 75.15 61.15 81.18 67.05 84.98 70.09 86.25 10.41 25.50 16.25 35.82 21.79 44.99 26.18 51.19 30.44 56.32
DSH 42.70 63.45 33.76 54.19 20.06 40.47 18.68 37.29 17.36 32.18 4.62 7.76 5.50 10.96 5.43 11.90 4.82 11.21 5.76 13.77
DCH 51.20 72.92 65.67 83.52 71.45 86.79 75.52 88.78 77.15 89.58 18.67 41.18 28.85 54.30 36.71 62.72 41.27 66.67 43.50 68.68
DHN 58.20 78.38 68.13 85.54 73.31 87.83 75.93 89.16 77.34 89.73 23.32 48.91 31.71 58.05 37.27 64.41 40.62 67.54 42.33 68.40
KMH 40.04 66.39 66.65 83.70 - - - - - - 9.46 29.22 27.09 52.43 - - - - - -
ITQ 58.96 78.09 68.18 83.97 - - - - - - 24.98 48.09 33.18 58.50 - - - - - -
PDH - - 19.59 36.31 22.43 42.07 24.30 44.60 26.09 49.58 - - - - - - - - - -

Table 2. Experimental CMC top1 and mAP@all for retrieval on Re-ID person datasets, including Market1501 and MSMT17.

mAP r=1
VehicleID 128-dimensional features 77.52 71.75

VERI-Wild 2048-dimensional features 69.49 86.67
Market1501 128-dimensioanl features 79.13 90.65
MSMT17 128-dimensional features 46.83 71.16

Table 3. Experimental CMC top1 and mAP@all for retrieval
of four datasets with float features. This table shows the aver-
age results of 3 protocols on VehicleID and VERI-Wild.

3.2.2. Implementation Details

When we reproduce these comparative methods, we ob-
tain 2048-dimensional features of VERI-Wild and 128-
dimensional features of the other three datasets from 2048-
channel feature maps produced by pre-tarined backbone
ResNet50 [21] and other essential layers.

3.3. Results and Analysis

Experimental mAP results on VehicleID and VERI-Wild
show that our module outperforms existing best retrieval per-
formance by at most 3.51% and 4.5% respectively on vary test
bits. It should be noted that, VERI-Wild is a more challenging
dataset compared to VehicleID, and our method outperforms
state-of-the-art methods by a large gap. For dataset Mar-
ket1501, DHN show the best performance on 512 and 1024
bits while our method outperforms the comparative methods
on 64, 128, 256 test bits. For the test bit 512 and 1024, our
method only differ the best CMC top1 by at most 0.80% and
differ the best mAP@all by at most 0.32%. For the dataset
MSMT17, our method achieve best mAP on 256 and 512

bits and differ state-of-the-art mAP on 64 bits, 128 bits, 1024
bits by at most 0.96%. Also, we achieve best CMC top1 on
most test bits expect 512 bits on where our method differ by
0.13%. However, the results show that directly extending ex-
isting deep hashing methods to fast Re-ID can achieve better
performance compare to specially designed PDH. Moreover,
we evaluate retrieval performance of float features which are
produced by pre-trained ResNet-50 backbone, and the results
are shown in Tab.3. Significantly, our method show the bet-
ter performance compared to float features on VERI-Wild
dataset.

4. CONCLUSION

In this paper, we propose a novel deep hashing network for
fast Re-ID. First, we design an attention module which com-
bine global max pooling and global average pooling to fully
utilize the local and global information of person or vehicle
images.Second, a smooth l1 quantization loss is adopted to
minimize the quantization error when converting float fea-
tures into binary codes, which can speed up convergence in
training stage as well. Experimental results on four large-
scale Re-ID benchmarks have shown the superiority of the
proposed method.
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ticular object retrieval with integral max-pooling of cnn
activations,” arXiv preprint arXiv:1511.05879, 2015.
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