
 

Group Collaborative Unsupervised Deep Metric Learning
for Feature Embedding

Zeqian Chen, Shichao Kan, and Min Li*

Abstract: Learning a compact feature embedding is crucial for effective image representation. Current feature

embedding  methods,  including  both  supervised  and  unsupervised  approaches,  rely  on  deep  metric  learning

techniques that aim to pull positive samples of the same class closer and push negative samples from different

classes farther apart. However, supervised metric learning methods may exhibit bias towards the ground truth

labels, leading to overfitting on the training set. On the other hand, unsupervised metric learning methods could

suffer  from  degraded  performance  due  to  the  long-tailed  distribution  of  the  clusters.  To  address  these

challenges,  we  propose  a  group  collaborative  unsupervised  deep  metric  learning  method  for  feature

embedding. Specifically, we train the deep feature embedding model based on the teacher-student framework.

The  student  network  produces  the  final  compact  embedding,  while  the  teacher  network  generates  pseudo-

labels  for  group  collaborative  learning  and  knowledge  distillation.  Both  networks  share  a  similar  network

structure, and the parameters of the teacher network are updated using the momentum-based moving average

of  the  parameters  of  the  student  network.  Experimental  results  on  benchmark  image  retrieval  datasets

demonstrate the effectiveness and efficiency of the proposed method, achieving an improvement in Recall@1

of up to 1.8%.
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1　Introduction

Feature embedding aims to map high-dimensional data
into  a  compact  embedding  space  through  metric
learning  methods.  The  fundamental  concept  involves
optimizing  the  model  by  pulling  positive  samples  of
the  same  class  closer  together  and  pushing  negative
samples from different classes farther apart. It has been
widely  applied  to  face  recognition[1, 2],  image
retrieval[3–6], person re-identification[7], and vehicle re-
identification[8].

Current  state-of-the-art  feature  embedding  methods

rely  on  a  substantial  amount  of  labeled  data  for
effective learning. However, manually labeling a large
quantity  of  samples  is  time-consuming  and  laborious.
Furthermore, while supervised learning methods could
enhance  performance,  the  limited  number  of  classes
will  impact  the  model’s  generalization  capability.
Existing unsupervised metric learning approaches often
resort  to assigning pseudo-labels to individual training
instances  through  methods  such  as  clustering.  These
conventional training strategies frequently fall  short  in
capturing nuanced intra-class variations.

The current state-of-the-art unsupervised deep metric
learning  method,  referred  to  as  Self-Taught  Metric
Learning  (STML)[9],  excels  in  predicting  semantic
similarity  with  higher  quality  through  the  teacher-
student  framework.  In  this  framework,  the  semantic
similarity  of  data  within  the  embedding  space  of  the
teacher  network  is  leveraged  for  the  approximate
estimation  of  its  class-equivalence  relations.  The
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predicted  similarity  by  the  teacher  network  serves  as
pseudo-labels  for  student  network  learning,  and  the
teacher  network  is  subsequently  updated  through  a
momentum-based moving average of the student.

During  the  STML  training,  nearest-neighbor
sampling  was  employed  to  gather  a  batch  of  images.
While  this  sampling  method  is  straightforward  and
efficient,  ensuring  that  each  training  batch  includes
diverse  and  relevant  instances,  the  labels  of  the
collected  data  often  exhibit  significant  distribution
differences  in  the  early  stages  of  training  due  to  the
long-tailed  distribution  clusters  obtained  using  the
clustering algorithm, as shown in Fig. 1. This,  in turn,
may impact the subsequent training results.

To  address  the  distribution  difference  during  batch
sampling,  we  introduce  a  new  method  called  Group
Collaborative  Unsupervised  Deep  Metric  Learning
(GC-UDML).  As  shown  in Fig.  2,  the  GC-UDML
network  It  includes  two  backbone  networks  for

generating  embeddings,  one  for  supervision  and  one
for  learning,  and  a  Group  Collaborative  Learning
(GCL)  decoder[10].  The  teacher  network  generates
supervision  for  the  student  network  by  expressing  the
contextual  semantic  similarity  between  embedding
vectors.  At  the  same  time,  the  GCL decoder  will  also
generate  pseudo-label  supervision  for  the  student
network  based  on  the  results  of  pre-clustering.  Our
backbone  network  for  feature  extraction  uses  a  deep
Convolutional  Neural  Network  (CNN)  (e.g.,
GoogleNet or Inception) that has been fully pre-trained
on  ImageNet.  Other  CNNs  can  also  be  used  for
configuring GC-UDML model.

Our  GC-UDML  model  is  evaluated  on  the  standard
benchmarks  for  deep metric  learning  and deep feature
embedding.  Experimental  results  demonstrate  that  the
GC-UDML  method  converges  faster  and  achieves  an
improvement  in  Recall@1  of  up  to  1.8%.  The  main
contributions of our work are as follows:

● We introduce a new method called GC-UDML for
category-level  image  retrieval.  At  the  same  time,  the
use  of  knowledge  distillation  loss  between  groups
further optimizes the model, enabling it to adapt to the
issue  of  the  long-tail  distribution  of  pseudo-labels  in
batch data.

● We exam our model on three uniformly distributed
category-level  image retrieval  benchmark datasets  and
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Fig. 1    Number  of  instances  per  class  using  the  k-means
clustering algorithm on the CUB-200-2011 (CUB) dataset.
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Fig. 2    Structure of the GC-UDML method based on the teacher-student framework. The parameters of the student network
undergo  updates  through  the  contrastive  loss  function,  the  contextualized  semantic  distillation  loss  function,  and  the  group
collaborative learning loss function. Meanwhile, the parameters of the teacher network are updated through the Exponential
Moving  Average  (EMA)  of  the  student  network. g and f are  embedding  layers  of  different  dimensions.  NNBatchSampler:
Nearest Neighbor BatchSamoler; FC: Full Connection layer; KL: Kullback Leibler.
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one  instance  dataset  with  a  real-label  long-tail
distribution. We also conduct an in-depth discussion on
the impact of various model parameters.

●  We  also  delve  into  whether  our  strategy  for
addressing the long-tail distribution could be applied to
other  unsupervised  metric  learning  methods.  Taking
Unsupervised  Deep  Metric  Learning  with  Self-
Supervision  (UDML-SS)  model  as  an  example,  the
model’s  ability  to  handle  the  long-tail  distribution
significantly  improved  after  incorporating  the  group
learning strategy.

2　Related Work
Metric  learning  aims  to  learn  an  effective  metric
function  that  makes  the  Euclidean  distance  between
similar  images  closer  and  the  distance  between
dissimilar  images  farther,  accurately  measuring  the
similarity between images. Deep metric learning has a
wide  range  of  research  directions  and  methods  in  this
field,  including  the  following:  (1)  Designing  ranking-
based  loss  functions:  such  as  triplet  loss[11],  margin
loss[12],  contrastive  loss[13],  and  structural  matching
loss[14].  These  loss  functions  constrain  the  distances
between similar samples to be closer and the distances
between  dissimilar  samples  to  be  farther,  enabling  the
learning of effective representations. (2) Using proxies
in  tuple  generation:  methods  such  as  VPL[15],
ProxyNCA++[16],  and  Probabilistic  DML[17] use
proxies  as  surrogates  in  tuple  generation.  These
methods  address  the  complexity  issue  of  tuple
generation  by  training  the  model  using  proxy-based
tuples.  (3)  Generating  pseudo-labels  using  heuristic
algorithms: methods like LogRatio Loss[18],  ROUL[19],
and  SAN[20] generate  pseudo-labels  using  heuristic
algorithms.  These  methods  consider  the  class
equivalence  relation  between  training  data  by
leveraging  pseudo-labels  and  existing  supervised
metric  learning  losses.  (4)  Orthogonal  extensions:
improving  the  performance  of  deep  metric  learning
through  orthogonal  extensions,  such  as  auxiliary
feature  learning,  mutual  learning,  generation  of
artificial  data,  knowledge  transfer,  and  more.  These
research  directions  contribute  significantly  to  the  field
of  deep  metric  learning,  advancing  research  and
applications in this area.

Unsupervised  metric  learning  includes  pseudo-
labeling  generation[19–21].  and  instance
discrimination[22, 23].  Instance  discrimination  adopts  a
contrastive  learning  strategy[18, 24, 25],  treating  each
training  sample  as  a  separate  class.  The  model  is

trained  to  make  the  feature  embeddings  of  different
samples  in  the  embedding  space  as  far  apart  as
possible.  Therefore,  individual  discrimination  models
can  capture  the  unique  details  and  features  of  each
instance, enhancing their ability to generalize to similar
data.  However,  this  approach  faces  certain  difficulties
in subsequent potential class variation.

Self-supervised  representation  learning  aims  to
acquire  high-quality  intermediate  features  that  can  be
generalized  to  other  downstream  tasks.  Various
annotation-free  tasks  have  been  proposed  such  as
rotation prediction[26],  jigsaw puzzle solving[27],  image
colorization[28],  and  image  inpainting[29].  Pseudo-
labeling has also been extensively used as it enables the
learning  of  models  using  conventional  loss  functions.
Existing  approaches  in  this  direction  discover  pseudo
classes  through  clustering  or  consider  each  training
instance as a surrogate class.  DeepCluster[30] proposed
a  scalable  clustering  approach  for  unsupervised  visual
feature  representation  learning.  This  method  involves
iteratively  applying  the  k-means  clustering  to  the
features  generated  by  deep  neural  networks  and
updating the parameters using a discriminative loss. In
the  UDML-SS[31] framework,  along  with  the
discriminative  loss,  rotation  prediction  is  also
incorporated into the model.

3　Proposed Method

3.1　Method overview
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gt ϕt

gs f s

ϕs gs

f s

gs

The GC-UDML framework is illustrated in Fig. 2. Our
main  goal  is  to  train  a  universal  image  embedding
network  capable  of  representing  any  image.  This
network enables the extraction of embeddings for both
query  images  and  gallery  images.  Subsequently,  we
calculate  the  Euclidean  distances  between  the  query
embedding  and  the  gallery  embeddings.  These
distances  are  used  for  ranking,  which  leads  to  the
retrieval  of  the  top-K images.  To  train  the  embedding
network. the GC-UDML is built with a teacher network
 and  a  student  network ,  both  sharing  the  same

backbone.  The  difference  between  and  lies  in  the
fact  that  the  teacher  network  incorporates  a  high-
dimensional  embedding  layer  with  the  encoder ,
while  the  student  network  comprises  two  parallel
embedding  layers,  and ,  both  sharing  the  same
encoder .  The layer ,  serving as  the model’s  final
output layer, typically has a lower dimension (e.g., 256
or 512), while the  layer is used to update the teacher
embedding  layer  through  an  exponential  moving
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average,  and  it  typically  has  a  higher  dimension  (e.g.,
512  or  1024).  During  training,  the  teacher  network  is
utilized  to  estimate  the  semantic  similarity  between
data,  providing  an  approximation  of  their  class
equivalence relationship. This approximation serves as
comprehensive  supervision  for  training  the  student
network.

gs

gt

{lk}Nk=1

l1

lk

l1, l2, . . . , lk−1 lk
lk

To  more  effectively  train  the  embedding  layer,  we
have  incorporated  pseudo-labels  into  the  training
process  and  employed  a  GCL  classifier  to  attempt
classification  of  the  embeddings  generated  by  the
student embedding layer . The pseudo-labels used by
GCL classifier  is  derived  from the  teacher  network 
in the preceding epoch. It features a GCL decoder that
includes  a  series  of  classifiers,  denoted  as ,
which  collectively  create  an  ever-growing
classification  space.  All  classifiers,  except  for  the
initial  classifier ,  must  be  capable  of  distinguishing
predicate  classes  from  both  previous  and  current
groups.  In  other  words,  the  classification  space  in 
should  encompass  the  classification  spaces  of

, and  itself.  The ultimate classification
 is  selected to obtain the final  predictions during the

evaluation stage.

3.2　Class  grouping  for  the  training  of  GCL
decoder

In  general,  the  distribution  of  class  examples  through
clustering is  not  uniform,  potentially  impacting metric
learning  performance.  To  tackle  this  challenge,  we
introduce  a  method  called  GCL  that  discerns  distinct
clusters  within  multiple  groups.  Concretely,  pseudo-
labels  obtained  from  clustering  are  assigned  to  their
respective  samples,  followed  by  the  grouping  of
diverse  classes  into  separate  groups.  Ultimately,
samples  from  different  groups  are  classified  using
distinct classifiers.

t s

t
zt

k = (gt ◦ϕt)(xi) ◦

Pall = {pi}Ni=1
{Pk}Kk=1

Suppose the teacher network and student network are
denoted  as  and ,  respectively,  initialized  with  the
same  parameters.  To  curate  the  training  data,  we  first
obtain  the  embeddings  of  samples  from  the  entire
dataset  using  the  teacher  network ,  given  by  the
equation ,  where  denotes  function
composition.  These  embeddings  are  then  utilized  to
generate pseudo-labels through the k-means clustering.
Subsequently, the classes of these clustered vectors are
sorted based on the number of samples in each group in
descending order,  creating a set ,  which is
used  to  generate  class  groups .  The  entire

K {Xi}Ki=1
Pk

Pk

dataset  is  divided  into  subsets  with
classification  space ,  employing  the  median
resampling  strategy[10].  This  strategy  ensures  the
balance of all instances in group  during training, as
described below.

Pk

Med(Pk) Pk

pi Pk ϕk
i

For  each  classification  space ,  it  calculates  the
median  amount  across  all  classes  within .
For  each  class  in ,  the  sampling  rate  is
computed by 

ϕk
i =


Med(Pk)
Count(Pi)

, if Med(Pk) < Count(pi);

1.0, if Med(Pk) ⩾ Count(pi)
(1)

{Xi}Ki=1Based  on  this,  we  can  obtained  subsets ,  which
have length of 

Len(Xi) =
N∑

i=1

ϕk
i ×Count(pi) (2)

It  is  noteworthy  that  the  parameters  of  the  GCL
classifier are initially set to random values. To prevent
any adverse impact on the backbone of both the teacher
and  student  networks,  we  conduct  pre-training  for  the
GCL classifier.

3.3　Training procedure of GC-UDML

f s
i f s

j d fs
i j :=∥∥∥∥z f s
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∥∥∥∥
2

/(1
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∥∥∥∥z fs
i − z fs
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∥∥∥∥
2

)
∥·∥2
LRC

To train the GC-UDML model, we first consider using
the  contextual  semantic  similarities  provided  by  the
teacher network as synthetic supervision for the student
network, and employing the relaxed contrastive loss to
measure  the  contextual  semantic  similarities.
Following  STML[9],  relative  distance  between
embedding  vector  and  is  defined  as 

,  where  denotes
L2 norm, then the relaxed contrastive loss  can be
expressed as 

LRC =
1
n

n∑
i=1

n∑
j,i

wi j
(
d fs

i j

)2
+

1
n

n∑
i=1

n∑
j,i

(
1−wi j

) [
δ−d fs

i j

]2

+

(3)
[·]+ wi j

wP
i j

wC
i j wP

i j

where  denotes the ReLU function, and  denotes
the  contextual  semantic  similarities,  which  is  divided
into  two  parts:  pairwise  similarity  and  contextual
similarity . The pairwise similarity  is defined as
 

wP
i j = exp

−
∥∥∥∥zt

i − zt
j

∥∥∥∥2

2

σ

 (4)

σwhere  is  the  Gaussian  kernel  bandwidth.  Next,
context is considered as k reciprocal nearest neighbors.
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Nk(i) xi

Rk(i) = j|( j ∈ Nk(i))∧
(i ∈ Nk( j)) xi

wC
i j

Defining the k-nearest neighbors  of  and the set
of k reciprocal  nearest  neighbors 

 of  a  data  point ,  the  contextual  similarity
 is defined as

 

wC
i j =

1
|Nk/2(i)|

∑
h∈N k

2
(i)

ŵC
h j (5)

ŵC
i jwhere  is an asymmetric Jaccard similarity, which is

expressed as 

ŵC
i j =


|Rk(i)∩Rk( j)|
|Rk(i)| , if j ∈ Rk(i);

0, else
(6)

LRC

k n

xi

zgs
k ϕs

gs ỹk
i

lk

We  must  sample  a  mini-batch  before  calculating
, the nearest neighbor batch sampling strategy used

by  STML[9] randomly  selects  samples  and  their 
nearest  neighbors  as  a  mini-batch.  It  is  simple,
efficient,  and  ensures  a  certain  degree  of  correlation
between  the  sampled  instances.  However,  during  the
initial  training  phase,  we  observed  that  these  nearest
neighbor  samples  are  not  always  from the  same class;
instead,  they  are  randomly  distributed  across  different
classes,  albeit  in  a  small  proportion.  This  can  lead  to
the  degradation  of  metric  learning  performance.
Specifically,  for  each  object  chosen  by  the  median
resampling  strategy,  after  obtaining  the  embedding
vector  from  the  student  backbone  and
embedding layer , the class probability prediction 
generated by classifier  is 

ỹk
i = softmax

(
FC

(
zgs

i

))
(7)

(·)where  FC  denotes  the  FC  layer.  All  classifiers  in
GCL will be optimized by two loss funcntions. One is
the  Group  Cross-Entropy  (GCE)  loss  and  the  other  is
the  knowledge  distillation  loss.  The  GCE  loss  is
defined as follows: 

LGCE =

K∑
k=1

1
Xk

∑
xi∈Xk

LCE(ȳk
i , ỹk

i ) (8)

ȳk
i

gt ỹk
i

{xi} gs

LCE

where  denotes  the  pseudo-label  generated  from the
teacher  network ,  and  denotes  the  predicted label
of mini-batch data  through the student network .

 is  the  Cross-Entropy  (CE)  lost  function.  The
knowledge distillation loss is defined as follows: 

LGKD =
2

k(k−1)

k∑
n=1

n−1∑
m=1

1
|Xm|

∑
xi∈Xk

LKL(ỹm
i , ỹn

i ) (9)

LKLwhere  is  the  Kullback  Leibler  (KL)  divergence
loss.

The  loss  function  used  to  train  the  GCL  network  is
defined as follows: 

LGCL = LGCE+αLGKD (10)

αwhere  controls the weighting of the GKD loss term.
The overall  loss  function used to train the GC-UDML
model is defined as follows: 

LGC-UDML = LRC+βLGCL (11)

β

By incorporating the GCL loss function weighted by
,  the  model  can  converge  faster  and  obtain  better

feature embedding performance. Algorithm 1 describes
the training procedure of GC-UDML in detail.

4　Experiment

4.1　Datasets and evaluation

Our  model  is  evaluated  and  compared  with  state-of-
 

Algorithm 1　GC-UDML training strategy
t s m
{li(·)}Ki=1

Input: teacher network , student network , momentum ,
classifier group for GCL 

θt = θϕt ∪ θgt

θs = θϕs ∪ θgs

  1: Set t’s parameter  and s’s parameter
　  ;

t s  2: Identically initialize the backbone of  and ;

{xi}Ni=1  3: for all samples in data  do

zt
i ← (gt ◦ϕt)(xi)  4: 　 ;

  5: end for

zt
i ȳi  6: Cluster embedding vector  for pseudo-label ;

{pt}Tt=1 ȳi

{Pk}Kk=1

  7: Generate label set  from pseudo-label  and divide
　　  into groups ;
  8: for number of epochs do
  9: 　Construct mini-batches;
10: 　for number of iterations do

{xk}nk=111: 　　for all samples in a mini-batch  do

zgt
k ← (gt ◦ϕt)(xk)12: 　　　 ;

z fs
k ← ( f s ◦ϕs)(xk) zgs

k ← (gs ◦ϕs)(xk)13: 　　　 , ;
14: 　　end for

LRC {zgs } = {zgs

k }
n

k=115: 　　Compute  and let ;

{zgs } Zgs = {zgs }1∪{zgs }2 · · · ∪ {zgs }K
{Pk}Kk=1

16: 　　Divide  into 
　　　　  according to groups  by labels;

{zgs }i ∈Zgs zσ ∈ {zgs }i17: 　　for  and  do

ỹi
σ← li(z

gs
σ )18: 　　　 ;

19: 　　end for
LGCL t20: 　　Compute  using Eqs. (8) and (9) and optimize ;

θt ← mθt + (1−m)θs21: 　　 ;
22: 　end for
23: end for
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the-art models on three benchmark datasets: CUB-200-
2011  (CUB)[32],  Cars-196  (Cars)[33],  and  Stanford
Online  Product  (SOP).  Additionally,  we  also  evaluate
the  performance  of  STML  and  GC-UDML  on  the
Microsoft  Common  Objects  in  Context  (COCO)
dataset[34]. We follow the same train/test data split[9] as
follows:

●  CUB-200-2011:  The  CUB  dataset  has 11 788
images  and  200  classes  in  total.  We  use  the  first  100
categories (5864 images) for training and the remaining
100 categories for testing.

●  Cars-196:  The  Cars  dataset  has 16 185 images  of
196 classes of cars. The first 98 categories are used for
training, and the rest for testing.

● SOP: The SOP dataset consists of 120 053 images
of 22 634 online products from eBay.com. We use the
first 11 318 products  (59 551 images)  for  training  and
the  remaining 11 316 products  (60 502 images)  for
testing

●  Microsoft  COCO:  COCO  is  a  semantic
segmentation dataset that consists of 80 categories and
over 200 000 labeled  instances.  We  sample 100 000
instances  from  the  2017  train  dataset  by  filtering  out
excessively large or small images. Then, we randomly
undersample 70 000 data  samples  from  the  filtered
dataset  to  maintain  the  original  data  distribution  for
training.  For  testing,  we  use 20 000 instances  of  the
2017  test  dataset.  We  chose  not  to  retain  the
background and only retained instances on images.

k

We  conduct  our  experiments  based  on  the
GoogleNet[35] and Inception-BN[36] following the same
backbone[9].  The  performance  on  these  datasets  is
assessed  using  Recall@k,  which  measures  the
proportion  of  queries  that  have  at  least  one  relevant
sample  among  their  nearest  neighbors  in  a  learned
embedding space.

4.2　Experimental settings

We  utilize  the  Inception  network  pre-trained  on
ImageNet as the backbone for GC-UDML. To mitigate
the  adverse  effects  of  randomly  initialized  parameters
in  the  GCL  classifier  on  the  backbone  networks  after
deploying,  we  conduct  pre-training  of  the  GCL
classifier  using  pseudo-labels  to  achieve  preliminary
convergence.  Throughout  this  process,  we  freeze  the
network  parameters  of  the  teacher  and  student
networks, and we employ sequential sampling to input
all the data into the GCL classifier. Simultaneously, we
calculate the CE loss for each fully connected layer of

1×10−2

GCL,  as  well  as  the  knowledge  distillation  loss
between  these  layers.  The  learning  rate  is  set  to

,  a  slightly  higher  rate  than  the  end-to-end
training.  Besides  all  experiments,  we  crop  the  images
to  a  size  of  227 × 227 and applied  cropping,  flipping,
and  rotation  as  data  augmentation  techniques.  We
utilize the AdamP[37] optimizer GC-UDML model.

In  the  formal  training  phase  after  pre-training,  for
each  epoch,  we  perform  median  resampling  on  the
dataset  to  obtain  a  subset  of  samples  as  the  training
data  for  that  epoch.  We  continue  to  use  the
NNBatchSampler[9] method  to  obtain  mini-batches.
Unlike  STML,  in  the  formal  training  phase  after  pre-
training, we do not randomly sample p initial instances
from the  entire  dataset.  Instead,  we  randomly  select  a
total of p samples from the classification spaces of each
classifier  in  the  GCL  model.  From  these p initial
samples,  we  then  choose q nearest  neighbors  to  form
the  mini-batch.  This  approach  ensures  that  each
classifier  in  the  GCL  model  is  allocated  at  least  one
data  sample,  promoting  balanced  training  across  all
classifiers.

LGKD

LGCL 6×10−4 1×10−4

In  the  parallel  classifier  setup  of  the  GCL  decoder,
we  categorize  the  classes  of  pseudo-labels  into  two to
four  groups,  with  varying  numbers  of  classes  in  each
group,  ranging  from  few  to  many.  Through
experimentation,  optimal  performance  is  observed
when  these  classes  are  divided  into  two  groups  at  a
ratio of 1:4. For instance, in a dataset with 100 classes,
we assign the top 20 classes with the highest number of
samples to the classification space of the first classifier,
and the remaining 80 classes to the classification space
of the second classifier. For CUB and Cars datasets, we
use  100  clusters  while  we  show  evaluations  of  SOP
with  100,  1000,  and 10 000 clusters,  as  it  contains  a
much larger number of samples. The rates of  and

 are set to  and , respectively.

4.3　Comparison with the state-of-the-art methods

We  compare  our  method  with  state-of-the-art
unsupervised  deep  metric  learning  methods.  In
accordance  with  the  STML  approach,  we  perform
experiments  with  GoogLeNet,  exploring  embedding
dimensions  of  64,  128,  and  512.  Furthermore,  we
extend  our  investigation  to  BN-Inception,  employing
an embedding dimension of 512. Results are shown in
Table 1. From the experimental results, we observe that
our  method  achieved  the  best  performance  in  most
situations.  Especially,  Recall@1  improves  by  0.4%,
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1.8%,  and 1.2% on the  CUB, Cars,  and SOP datasets,
respectively, based on the BN-Inception network.

In the experiments conducted on the COCO dataset,
we compare only the STML and GC-UDML methods,
and Table  2 presents  the  corresponding  results.
Specifically, when using the GoogleNet model with an
embedding  dimension  of  512,  GC-UDML  achieves  a
3.5% improvement  in  Recall@1  metric  compared  to
STML.  The  t-SNE  visualization  of  the  trained  CUB
dataset is depicted in Fig. 3, and some example queries
are shown in Fig. 4.

4.4　Ablation study

In  our  ablation  study,  we  perform  experiments  on  the

α β

α β

6×10−1 1×10−4

CUB and Cars datasets, and the results are presented in
Figs.  5 and 6. Figure  5 depicts  the  impact  of
hyperparameters  (the  rate  of  GKD  loss)  and  (the
rate  of  GCL  loss)  on  Recall@1  in  the  CUB  and  Cars
datasets. Optimal values for  and  are observed to be

 and ,  respectively. Figure  6 and
Table  3 explore  the  effects  of  the  number  of  clusters
determined  by  k-means  (on  the  left  of Fig.  6)  and  the
partitioning  method  (on  the  right  of Fig.  6)  on
Recall@1 for the Cars dataset and the SOP dataset. The
optimal  number  of  clusters  is  found  to  be  100  for  the
Cars  dataset.  Regarding  the  partition  ratio,  the  best
value  is  1:4.  These  values  are  set  as  default  in  our
experiments.

4.5　Expansion of the GCL model

In  this  section,  we  investigate  the  performance  of  the
GCL classifier strategy in comparison to other methods
that  utilize  k-means  clustering  to  generate  pseudo-
labels such as DeepCluster[30] and UDML-SS[24].

UDML-SS  is  one  of  the  representative  methods  for
unsupervised  metric  learning  based  on  k-means
clustering.  The  main  idea  behind  UDML-SS  is  to
generate  pseudo-labels  by  k-means  from  feature
extracted  by  backbone  network,  in Fig.  7.  These
pseudo-labels  are  then  used  to  compute  the  multi-
similarity  loss  with  the  output  of  the  metric  learning

 

Table 1    Comparition  of  the  performance  of  GC-UDML  and  other  unsupervised  deep  metric  learning  methods  under  the
GoogleNet  (G)  and  BN-Inception  (BN)  architectures,  with  the  superscript  number  indicating  the  embedding  layer’s
dimensionality. A dash (-) denotes unreported result. Bold values highlight the best results among the compared methods.

(%)

Method Architecture
Performance

CUB Cars SOP
Recall@1 Recall@2 Recall@4 Recall@1 Recall@2 Recall@4 Recall@1 Recall@10 Recall@100

MOM[38] G64 45.3 57.8 68.6 - - - - - -
ROUL[19] G64 52.0 64.0 74.5 - - - - - -
STML[9] G64 55.0 67.5 78.6 41.7 53.2 65.6 63.5 78.9 88.7

GC-UDML G64 55.8 67.6 79.1 41.8 53.9 65.5 64.9 79.8 89.8
PSLR[23] G128 48.1 60.1 71.8 43.7 54.8 66.1 51.1 66.5 79.8
ROUL[19] G128 56.7 68.4 78.3 45.0 56.9 68.4 53.4 68.8 81.7
SAN[20] G128 55.9 68.0 78.6 44.2 55.5 66.8 58.7 73.1 84.6
STML[9] G128 58.1 70.1 80.5 47.7 59.3 70.2 64.6 79.1 89.3

GC-UDML G128 58.9 70.4 80.5 47.8 58.9 69.8 65.3 79.7 89.8
UDML-SS[31] G512 54.7 66.9 77.4 45.1 56.1 66.5 63.5 78.0 88.6
TAC-CCL[21] G512 57.5 68.8 78.8 46.1 56.9 67.5 63.9 77.6 87.8

UHML[18] G512 58.9 70.6 80.4 47.7 58.9 70.3 65.1 78.2 88.3
STML[9] G512 59.9 71.5 80.9 49.1 60.9 71.1 65.0 79.3 89.7

GC-UDML G512 59.9 71.4 80.8 51.3 63.0 73.9 65.3 79.7 89.7
UDML-SS[31] BN512 63.7 75.0 83.8 - - - - - -

STML[9] BN512 67.0 77.5 85.5 64.8 73.8 81.6 68.8 82.2 91.1
GC-UDML BN512 67.4 77.7 85.7 66.6 75.5 82.9 70.0 82.8 91.3

 

Table 2    Performance  on  the  COCO  data  between  GC-
UDML  and  STML.  Bold  values  highlight  the  best  results
among  the  compared  methods.  G  denotes  GoogleNet,  with
the  superscript  number  indicating  the  embedding  layer’s
dimensionality.

(%)
Method Architecture Recall@1 Recall@2 Recall@4
STML[9] G64 70.8 77.8 83.6

GC-UDML G64 71.7 79.8 85.0
STML[9] G128 70.6 77.5 82.7

GC-UDML G128 71.7 79.8 85.0
STML[9] G512 68.2 76.5 82.9

GC-UDML G512 70.6 77.7 83.2
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(a) CUB (b) Cars

(c) SOP (d) COCO 
Fig. 3    t-SNE visualization of GC-UDML on (a) CUB, (b) Cars, (c) SOP, and (d) COCO datasets.

 

(a) CUB

(b) Cars

(c) SOP

(d) COCO 
Fig. 4    Retrieval results of some example queries on CUB, Cars, SOP, and COCO datasets. The query images and the negative
retrieved images are highlighted with yellow and red.
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network.  Additionally,  the  rotation  labels  (0°,  90°,
180°,  270°)  of  the  images  are  used  to  calculate  the
rotation  prediction  loss  with  the  output  of  the  rotation
prediction  network.  This  unsupervised  learning

approach  is  simple  and  efficient.  However,  the
imbalanced  distribution  of  pseudo-labels  generated  by
k-means clustering is also evident.

p
n np

We  mention  that  during  each  epoch  of  the  training
process,  UDML-SS  samples  samples  from  each  of
the  pseudo-classes, resulting in a total of  samples
as  the  training  dataset  for  that  particular  epoch.  This
sampling  method,  referred  to  as  the  SS  sampler,
ensures that the network is trained on a small balanced
subset of the dataset for each epoch. The second row in
Table  4 proves  the  following  point:  when  we  remove
this sampling mechanism and feed the entire dataset to
the  network,  the  performance  of  UDML-SS
significantly declines.

We  want  to  investigate  if  the  GCL  strategy  can
perform better on other methods that also use k-means
clustering.  Therefore,  we  attempt  to  incorporate  the
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Fig. 6    Influence of the number of clusters determined by k-means (on the left) and the partitioning method (on the right) on
Recall@1 on the (a) CUB and (b) Cars dataset.
 

Table 3    Experiment  on  number  of  clusters  impact  on  our
model when training SOP dataset. Bold values highlight the
best  results  among  the  compared  methods.  G  denotes
GoogleNet,  with  the  superscript  number  indicating  the
embedding layer’s dimensionality.

(%)
Number of

clusters Architecture Recall@1 Recall@2 Recall@4

100 G512 52.4 68.8 79.8
500 G512 60.1 74.0 83.9
1000 G512 62.8 77.3 84.3
5000 G512 64.9 78.1 86.4

10 000 G512 65.3 79.7 89.7
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GCL strategy into the UDML-SS method. As shown in
Fig. 7, this step mainly consists of two parts: (1) before
generating  mini-batches  in  UDML-SS,  we  perform
median  resampling  on  the  dataset;  (2)  we  add  an
additional  metric  learning  network  (composed  of  two
fully connected layers with an embedding size of 1024)
and  deploy  the  GCL  classifier  after  this  network  to
calculate the additional GCL Loss.

The  experimental  results  are  shown in Table  4.  The
second  row  represents  the  results  when  mini-batch
generation  in  UDML-SS  is  not  performed.  The  third
row represents  the  results  when  mini-batch  generation
in  UDML-SS  is  not  performed,  but  the  median
resampling  strategy  is  applied.  The  fourth  row
represents the results when the complete GCL strategy,
including  both  Parts  (1)  and  (2)  mentioned  above,  is
incorporated. GoogleNet with 512 dimension is used as
backbone  for  both  method  in  this  experiment  and  the
CUB  dataset  is  used  for  testing.  According  to  the
second  line,  we  find  that  in  the  UDML-SS method,  if
the  sampling part  is  removed,  Recall@1 of  the  results

will decrease dramatically. However, when we use the
median resampling strategy to replace the SS sampler,
the  results  are  much better  compared to  not  using any
sampler.  Recall@1  improved  by  1.5% when  applying
the complete GCL strategy.

5　Conclusion

In  this  paper,  we  introduce  the  group  collaborative
unsupervised  deep  metric  learning  method  for  feature
embedding.  Our  experiments  are  conducted  on  image
retrieval  benchmarks,  and  the  results  demonstrate  that
the  proposed  method  outperforms  state-of-the-art
methods, achieving an improvement in Recall@1 of up
to  1.8%.  Furthermore,  we  also  verify  that  the  GCL
strategy  works  on  UDML-SS  method,  achieving  an
improvement in Recall@1 of 1.5%.
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