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Abstract—For unsupervised person re-identification, traditional Laplacian regularisation based dictionary learning methods
encounter the fixed weight problem and thus impair the match
rate. To address this limitation, we develop a novel unsupervised
dictionary learning approach to learn a discriminative representation. The proposed approach takes the efficiency of l2 graph
regularization with a closed-form solution into account. Our
approaches achieve very promising results on the challenging
VIPeR dataset.

dictionary D, with which each d-dimensional feature vector
can be projected into a lower k-dimensional subspace Y ∈
Rk×m . The subspace is spanned by the k dictionary atoms
(columns of D ∈ Rd×k ) and the dictionary learning problem
is formulated as

I. I NTRODUCTION

To enhance the discriminativity of unsupervised dictionary
learning for person re-identification, Kodirov et al. [3] introduced a Lapacian regularization term to preserve the local
manifold:

Machine learning methods [1], [2] can be applied to solve
unsupervised person re-identification. Especially, the graph
regularized dictionary learning (GRDL) [3] is one of the
most representative approaches by considering the Laplacian
graph regularization to fully explore the cross-view identitydiscriminative information. To reduce the high algorithm
complexity and enhance the weight learning efficiency of
GRDL, we propose a new method which share the same
superiority due to the Lapacian regularized term but with
notable differences.
An efficient l2 graph dictionary learning approach (GRDL2)
is proposed to speed up the convergence rate of GRDL. Compared with the iterative feature sign search algorithm in GRDL,
the proposed GRDL2 has a closed-form solution, which is
not only faster than GRDL, but also achieves better rank-1
recognition rate. We evaluate the performance of GRDL2 and
related methods on the public VIPeR dataset [4]. Extensive
experimental results demonstrate that our proposed approaches
outperform the state-of-the-art methods.
II. L APLACIAN G RAPH L EARNING
Let X = [Xa , Xb ] denote the training set, where Xa =
a
[x1 , xa2 , · · · , xam1 ] ∈ Rd×m1 and Xb = [xb1 , xb2 , · · · , xbm2 ] ∈
Rd×m2 are collected under two different views, respectively.
Adopting a dictionary learning model, for the dataset X ∈
Rd×m with m = m1 + m2 , the target is to learn a shared

min ∥X − DY∥2F + λ1 ∥Y∥1
D,Y

min ∥X − DY∥2F + λ1 ∥Y∥1 +
D,Y

(1)

m
λ2 ∑
wij ∥yi − yj ∥22 , (2)
2 i,j

s.t. ∥di ∥22 ≤ 1, i = 1, · · · , k
where wij is the similarity weight between xai and xbj .
However, there exist at least one challenge for conventional
Lapalacian graph based methods. That is, the l1 norm term
λ1 ∥Y∥1 in (2) is hard to cope with, especially when combined
with the Laplacian regularized term.
To mitigate the impact of above problems, we propose
GRDL2 approach as follows:
min ∥X − DY∥2F + λ1 ∥Y∥2F +
D,Y

m
λ2 ∑
wij ∥yi − yj ∥22 , (3)
2 i,j

s.t. ∥di ∥22 ≤ 1, i = 1, · · · , k
The main contribution is that we boost the coding efficiency
by using l2 norm instead of l1 for coding coefficients. And we
derive a closed-form solution for the Laplacian regularized
model (3). The experimental parts demonstrates that the new
model can achieve better Rank 1 matching rate with much less
computational cost.

III. P ROPOSED A PPROACH
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which can be optimised by the Lagrange dual method and
the analytical solution of D can be computed as: D =
XYT (YYT + Λ), where Λ is a diagonal matrix constructed
by all the dual variables.
Step2. Fix D, and update Y: (3) now becomes
min ∥X − DY∥2F + λ1 ∥Y∥2F +
Y

Define qi =
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With the aid of the alternating direction method of multipliers (ADMM) [5], we divide the primal learning problem
(3) into four sub-problems: fix three variables in {D, Y} and
solve the remaining one. These four sub-problems are solved
alternatively and iteratively, and optimization scheme stops at
a stationary point to obtain the optimal solutions of D, Y, W
and F, which are represented below.
Step1. Fix Y, and update D: (3) degenerates into

∑m
j=1

m
λ2 ∑
wij ∥yi − yj ∥22 (5)
2 i,j

wij , and Q = diag(q1 , · · · , qm ), we have

1∑
wij ∥yi − yj ∥22 = T r(YLYT )
2 i,j
m
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Fig. 1: CMC curves on VIPeR dataset.

the rank-1 accuracy from 26.9% to 32.3% on the VIPeR
dataset. As a byproduct, GRDL2 has a much faster convergence rate which is verified in our open source code,
which is released on public for further reproducible research
(https://github/gaobingaobingaobin/person-ReID3). Thus, the
proposed GRDL2 is superior to GRDL.
V. C ONCLUSION

where L = (Q − W) is the Laplacian graph. Thus, we can
rewrite problem (5) as
min ∥X − DY∥2F + λ1 ∥Y∥2F + λ2 T r(YLYT )

2

(6)

For ease of representation, we denote L(Y) = ∥X −
DY∥2F + λ1 ∥Y∥2F + λ2 T r(YLYT ) and we get
L(yi ) = ∥xi − Dyi ∥2F + λ1 ∥yi ∥22 + λ2 lii yiT yi + yiT hi
∑
with hi = 2λ2 j̸=i lij yj . Taking the derivative of L(yi ) w.r.t
yi , and setting the derivative to zero, we have
∑
yi = (DT D + 2λ2 lii I)−1 (DT xi − 2λ2
yk lik )
k̸=i

where lik is the (i, k) entry of L, I is the identity matrix.
xi and yk are the ith column of X and kth column of Y,
respectively.
IV. E XPERIMENTAL RESULTS
The GRDL2 is validated on the VIPeR dataset, which contains images of 632 pedestrian pairs under two camera views
with different viewpoints, with only one image per person in
each view and all the images normalized to 128 × 48 pixels.
Suffering from significant viewpoint changes, pose variation,
and illumination difference across cameras, it is one of the
most challenging databases for person re-identification. The
procedure is repeated 10 times to get an average performance.
We compare our approaches with two state-of-the-art methods,
i.e., eSDC [6] and GRDL.
Fig. 1 shows the rank-1 recognition rate comparisons of
the four methods. From the results one can easily confirm
that GRDL2 significantly outperforms GRDL by improving

A novel graph regularized dictionary learning method,
i.e., GRDL2, for unsupervised person re-identification has
been introduced and validated to reach excellent performance.
GRDL2 can be viewed as an improved GRDL version by using
l2 regularization with closed-form solution. Our proposed
GRDL2 is very fast for learning, which are important for real
applications. Experimental results demonstrate their efficiency
on unsupervised person re-identification.
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