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Abstract

One of the biggest problems in deep learning is its dif-
ficulty to retain consistent robustness when transferring the
model trained on one dataset to another dataset. To con-
quer the problem, deep transfer learning was implemented
to execute various vision tasks by using a pre-trained deep
model in a diverse dataset. However, the robustness was
often far from state-of-the-art. We propose a collaborative
weight-based classification method for deep transfer learn-
ing (DeepCWC). The method performs the l2-norm based
collaborative representation on the original images, as well
as the deep features extracted by pre-trained deep models.
Two distance vectors will be obtained based on the two rep-
resentation coefficients, and then fused together via the col-
laborative weight. The two feature sets show a complemen-
tary character, and the original images provide informa-
tion compensating the missed part in the transferred deep
model. A series of experiments conducted on both small
and large vision datasets demonstrated the robustness of
the proposed DeepCWC in both face recognition and object
recognition tasks.

1. Introduction
Machine learning and data mining methods have been

applied in various real-world applications, with an assump-
tion that both the training and test data are obtained from the
same domain. The same assumption also happens in deep
learning, which requires a large dataset set to learn the fea-
ture space and data distribution characteristics. But in some
real-world scenarios, this assumption is invalid. For exam-
ple, in face recognition, the input data might contain only
one single sample. Transfer learning was proposed for this
purpose [17], which trained the algorithm with data more

easily collected from a different domain. In a sense, trans-
fer learning simulates the learning behavior of humans. In
deep learning, a deep neural network with high efficiency
on some task can also be transferred to solve other prob-
lems. For example, a ResNet model trained on some large
image set (like the ImageNet dataset [10]) can be used to ex-
tract relevant facial features and perform face recognition.
This deep transfer learning methodology has drawn more
and more attention recently [22].

Deep learning methods are built on multiple levels of
representation, and the higher the representation has, the
more abstract features there are [11]. Actually, in a deep
neural network for classification, the layers contain twofold
information. In the layers before the last one, the neural
networks extract features one by one. A host of methods
were proposed to build deep models for this part. PCANet
utilized only some simple components for data processing
to build a model [2]. FaceNet broke through face recogni-
tion by learning a mapping from face images to a compact
Euclidean space [19]. He et al. proposed the deep residual
learning for image recognition [6]. And ResNet showed a
very high performance in training a deep model for recog-
nition task [21]. However, all of them require to be trained
on different datasets for different applications case by case.
The last layer is usually the softmax classifier based on the
high level abstract features. Various machine learning meth-
ods can be used here, such as PCA, SVM, etc. The classi-
fiers themselves play an important role in this situation.

Consequently, the methodology of deep transfer learning
is very distinct. First of all, it starts from a pre-trained CNN
model, and learns the deep features of another dataset by
using the model. Next, it performs the classification based
on the deep features. In this way, the knowledge learned
from one domain can be transferred to another domain, just
like the learning behavior of human beings. However, the
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Figure 1. Deep Collaborative Weight-based Classification.

problems of deep transfer learning include what features in
deep neural networks can be transferred [28], and how to
accomplish a state-of-the-art performance. Worst of all, a
majority of deep models are untransferable, or become low
performance when applied out of its intended domain. The
root cause of this problem is still on exploration. We believe
one of the feasible reasons would be some critical informa-
tion lost in the highly abstracted deep networks. But the
missing part is still likely to exist in the original samples. If
we can retrieve them back to the model, deep transfer learn-
ing should perform consistently well in a different domain.

There are many machine learning methods that can learn
features from image samples. Sparse representation (SR)
has been showing a very good capacity of feature extrac-
tion for a long period [24]. Among them, collaborative rep-
resentation (CR) can faster learn a sparse feature set [32],
which is suited for the lager datasets in deep learning. How-
ever, only using SR or CR as a classifier for deep transfer
learning is of no use for recovering the missing informa-
tion. Needless to say, they might not have a matching per-
formance as the default classifier in a deep model. Also, CR
has showed a good capacity of cooperating with a heteroge-
neous model, and CR can be integrated with NN [31], SR
[30, 29], etc. Therefore, it is a good candidate to hold the
crucial but missing information retrieved from the original
samples.

In this paper, we propose a Collaborative Weight-based
Classification method for Deep transfer learning, and name
it DeepCWC for short. The basic idea is demonstrated in
Fig. 1. First of all, CR is performed on the original images
to obtain a residual vector, which holds the discrimination
from the low-level features. Next, a pre-trained deep model
is utilized to extract the abstract deep features and solve a
high-level residual vector. Then, the first residual will be

used as a weight, so called collaborative weight, to be com-
bined with the second residual. The new residual vector
contains both sides of features, and is finally used to classify
the target sample. Our contributions include 1) the method
fetching back the important but missing part in deep trans-
fer learning, 2) the rationale analysis on the method, and 3)
the experimental demonstration of the performance on the
proposed method.

The remaining content of the paper consists of: the re-
views on related work in Sec. 2, the analysis on the pro-
posed method in Sec. 3, the experimental results of face
recognition and object recognition in Sec. 4, and the con-
clusion in Sec. 5.

2. Related work
Deep learning with convolutional neural network has
pushed the limit of many vision tasks [11]. And there are
numerous state-of-the-art CNN models designed for face
recognition, object recognition, and image classification
[6]. Tuning a deep model to an optimal state requires a
lot of effort . If such a robust model in one domain can
be transferred to a different domain, the model will become
very useful.

Deep feature extraction is a prerequisite for deep trans-
fer learning. Deep transfer learning derives from transfer
learning [22] and works on deep neural models. It utilizes
a pre-developed CNN model, like ResNet, VGG, Inception,
etc., to extract features of images from a new domain other
than the original training domain. The deep features act like
a silver bullet in deep learning based methods. All of them
work due to the fact that the deep features or descriptors
extracted from the CNN network are very powerful in di-
verse recognition tasks [20]. Wen et al. found that learning
a discriminative enough feature set produced a promising



transfer learning for face recognition [23]. Facial age es-
timation can also benefit from deep feature learning [12].
However, the deep models play a limited role if only ap-
plied in one single domain where it was trained. Deep trans-
fer learning is specific to tackle the problem. It has been
applied in many tasks, for example, video-based emotion
recognition [8], cross-sensor biometrics [7], image classi-
fication [4], etc. In the implementation, the deep features
are often obtained from the layer before the last one in the
CNN network. And a well-chosen classifier will be typi-
cally trained in the last layer to finish the transfer learning.
Yet, the performance of current deep transfer learning is still
far outside a state-of-the-art levels. We believe some dis-
criminative information has been lost in the over-abstracted
deep networks, in spite of the real reason is unclear now.
Therefore, robust deep transfer learning should be obtained
if the missing part is returned.

Sparse feature extraction has been applied for a long
period in computer vision tasks. Recently, sparse represen-
tation (SR) has also been applied in deep learning. Further-
more, SR showed a good capacity of deep transfer learning
for CNN [13]. Among the conventional sparse methods, the
collaborative representation (CR) emphasizes the collabo-
ration of all training samples [32], rather than the sparsity
[24], in the representation. It uses an l2-norm regularization
to quickly learn features from the images [27]. The feature
learned by CR is still sparse if not the same as the one ob-
tained by l1-norm regularization. But CR performs much
faster than SR in learning sparse features. Therefore, we
think it is suited for retrieving the missing part of the CNN
models from the original images. Previously, integrating
the collaborative features in other models was proven to be
helpful to generate a robust classification [30]. Xu et al.
proposed a discriminative transfer learning via the fusion
based sparse method [26]. The second part of deep trans-
fer learning is to exploit a robust classifier to accomplish
the classification of deep features. However, classifying the
deep features based on CR only may not be able to produce
the most promising recognition, because CR itself did not
solve the problem of the lost discrimination in deep transfer
learning.

3. Deep collaborative weight
The key in Deep Collaborative Weight-based Classifica-

tion is very straightforward: using the model of Collabora-
tive Representation (CR) [32]. Sparse representation (SR)
[24] codes the target sample y collaboratively over the sam-
ples of all classes by using l1-norm regularization, while CR
demonstrates the collaboration plays a more important role
than the sparsity in classification. The approximative linear
problem in tasks like face recognition can be solved by in-
troducing more samples in each class, such that SR utilizes
the similarities among different classes to overcome this

lack-of-samples problem. Conversely, the SR model be-
comes unstable and inefficient when the number of classes
increases to a very high level. A better solution to this prob-
lem is to apply the CR model by using the more efficient
l2-norm. We believe this is also very important in the clas-
sification tasks of deep transfer learning, especially in the
ultra large datasets.

However, the subtle part is the way we use the CR model
when performing deep transfer learning. As the layers of a
neural network increase, the abstraction of the model will
have a greater impact, which is likely to cause more infor-
mation lost. Therefore, when transferred to a different do-
main, the deep models can not produce a consistently robust
recognition. We believe that retrieving the missing informa-
tion from the original samples can solve the problem. This
is accomplished by a novel fusion schema of two CR mod-
els.

3.1. CR of the original images

The CR based classification (CRC) emphasizes the role
of collaboration among classes, rather than sparsity in rep-
resentation, when representing the test sample. Let A de-
note the training samples selected from all C classes, while
y is the test sample. Both A and y will be normalized to
have l2-norm. The representation of y by A can be de-
noted as a approximate linear problem y ≈ Aα, where
α = [α1, α2], . . . , αC is the sparse representation coeffi-
cient to be solved.

First of all, a regularized least square method is used to
solve the problem and code the collaborative representation
of the test sample as follows.

(α̂) = argminβ{
∥∥y −A · β∥∥2

2
+ λ

∥∥β∥∥2
2
}, (1)

where λ is the regularization parameter.
The solution by using the regularized least square can be

derived as
α̂ = (ATA+ λ · I)−1AT y. (2)

LetP = (ATA+λ·I)−1AT , so thatP is a projection matrix
that can be pre-solved and independent of the test sample
y. The projection makes CR much faster than conventional
SR.

At this time, we can obtain the coefficient vector α̂i re-
lated with the ith class. Typically, in SRC the coefficient
is utilized to solve the representation residual of the spe-
cific class by

∣∣|y − Ai · α̂i∣∣|2. Besides this, in the original
CRC implementation, the l2-norm of the sparse coefficient∣∣|α̂i∣∣|2 was also added to obtain more discrimination when
performing classification [32]. However, we found the con-
tribution of the l2-norm of sparsity in this way was limited,
hence our implementation of CR ignored it. Finally, the
residual is obtained by

resimg =
∣∣|y −Ai · α̂i∣∣|2. (3)



3.2. Deep features extraction

The so-called deep features are specific to the softmax in
the layer before the last layer in the deep model. In deep
transfer learning, we can reuse the features described on all
layers of the deep neural network except the last layer, since
the last layer in fact does not contain any features but servers
as a classifier or classification layer. When transferring the
deep model to another different domain, we are likely to
switch to a different well-chosen classifier.

Before this, we extract the deep features by using a deep
model, for example, ResNet, VGG, Inception, etc. We here
denote the features, from one specific layer of the neural
networks, of all training samples as B

B = featurecnn(A, layern−1), (4)

and therefore the query sample becomes

ycnn = featurecnn(y, layern−1). (5)

All deep features are obtained from the layer before the last
one in a deep neural network. Normally, the feature set ob-
tained with a deep neural network has a different size from
the size of the original samples. For example, the size of
features extracted by the ResNet is 1000, no matter what
size the original images are. With this mismatch, it is hard
to simply perform integration on the feature level. There-
fore, we use the same CR to represent the deep features to
obtain a residual vector for integration.

3.3. CR of the deep features

When the last layer of features in a deep neural network
is obtained, they can be used as samples to perform clas-
sification, which typically happens in the last layer in the
deep neural network. In performing deep transfer learning,
we utilize CR instead of the original classifier in the deep
model, e.g. SVM, to classify the sample. Then, the repre-
sentation coefficient obtained from the deep features by the
CR is

β̂ = (BTB + λ · I)−1BT ycnn. (6)

After that, the residual between the query feature set y′

and each class of training feature sets is solved with the
same method as Eq. (3)

rescnn =
∣∣|y −Bi · β̂i∣∣|2. (7)

In theory, deep learning can output a more promising
classification than the conventional methods, because the
deep features contain a more discriminative feature set. This
is true in all deep learning models, which is demonstrated
in our experiments. However, when transferred to a differ-
ent domain, the deep model becomes volatile. No matter
how stable a deep model performs in a domain, it might be

unstable when applied to a different domain. We demon-
strated this phenomenon in our experiments as well, and we
believe that this is likely to be caused by missing some im-
portant information.

3.4. Fusion based on the collaborative weight

Our proposed method is managed to retrieve this part of
the missed information by a novel fusion operation. The
fusion is performed on two residuals, since both have an
equal dimension dependent on the number of classes. How-
ever, the representation coefficients may not have the same
size. For example, whatever size the image samples are, the
deep features are always in a consistent size of 1000 when
obtained by using the ResNet model. What is more, the
number of classes is often much smaller than this. There-
fore, fusion on the residuals is not only straightforward but
also faster.

Let us denote the residuals solved from two groups
of samples as resimg = [dimg,1, dimg,2, . . . , dimg,C ] and
rescnn = [dcnn,1, dcnn,2, . . . , dcnn,C ], whereC is the num-
ber of classes in the dataset. Then, the fusion via the col-
laborative weight is performed on the residual vector, where
the residual entry related with the ith class is calculated by
the collaborative weight

dfusion,i = dcnn,i ∗
dimg,i

max([dimg,1, . . . , dimg,C ])
. (8)

What the collaborative weight means is that each entry
in the residual vector is assigned a weight solved by the
collaborative representation of the original images. The in-
formation carried by this weight compensated the missing
part of the abstract higher layers in a neural network. In this
way, we get the final fusion residual

resfusion = [dfusion,1, dfusion,2, . . . , dfusion,C ]. (9)

Finally, we classify the test sample to a class with mini-
mal residual as follows

identity(y) = argmini(resfusion,i). (10)

The idea of our collaborative weight is easy and straight-
forward. We believe that the deep neural networks like
CNN has lost some discrimination when implementing the
abstract layer of features. The collaborative representation
on the original samples retrieves the missing part of the deep
learning model. The collaborative weights are determined
by the relative contribution of each class from the original
samples. Each residual of the deep features is overlapped
by a weight solved using the collaborative representation
of the original samples, to integrate the contribution of the
original samples.



CR had a very good performance on the tasks of face
recognition. In the DeepCWC, we also extend the capacity
to the tasks of object recognition. We merely use the mod-
els pre-trained with the ImageNet dataset, and therefore the
face or object images belong to only one category in the Im-
ageNet dataset. That being said, our proposed method still
can perform well when only using deep features obtained
from one category of images, e.g. face, leaf, etc. The next
section will demonstrate the results obtained in both face
and object recognition.

4. Experimental results
This section described two groups of experiments for

demonstrating the robustness and performance of the pro-
posed method. The first set of experiments were conducted
on six facial datasets, including FERET [18], MUCT [15],
Yale B [5], Georgia Tech (GT) [3], AR [14], and ORL
[1]. These experiments were conducted because the CRC
method in the past was usually applied to face recognition
and had shown state-of-the-art performances. However, it
is necessary to demonstrate and compare the performance
when using deep features obtained from transfer learning.
Secondly, another set of experiments had been performed
on some object datasets, including a leaf dataset Flavia [26],
and three object datasets CIFAR-10 [9], FashionMNIST
[25] and COIL-100 [16], which were often utilized to evalu-
ate deep learning methods. Therefore, we aimed to explore
the effectiveness of the DeepCWC for large datasets.

We evaluated the deep features obtained by three CNN
models, ResNet v1 101, ResNet v2 101 and Inception v4.
It is noted that what we called deep features are the fea-
tures obtained in the layer before the last layer of the CNN
network. As we know, the last layer of the network is typ-
ically the classifier. The proposed method replaced it with
the collaborative weight classifier.

4.1. Data preparation

In our experiments, we did not apply any data augmenta-
tion on all datasets, but only resized part of the image sam-
ples, which were originally large, to a relatively small size
to reduce the computation complexity. The detailed con-
figuration of all datasets is shown in Tab. 1. It is noted
that we used the 3-dimensional RGB data on the CIFAR-
10 dataset, while only the gray scale data was extracted to
perform evaluations on the other datasets.

In the training stage, we adopted a gradually increasing
and reproducible training schema. We iteratively treated the
first n samples of each class as the training samples, and
performed classification to the remaining samples, which
in turn were the test samples. On the small datasets, up to
80% samples were used in training stage, to obtain promis-
ing results. However, we did not use an equal proportion
of samples in the training, because we found the proposed

Table 1. Configuration of all datasets.

Dataset Pixels Classes Samples Images
FERET 32× 32 200 1400

MUCT 32× 32 276 2760

Yale B 32× 32 38 2432

GT 40× 30 50 750

AR 40× 32 120 3120

ORL 56× 46 40 400

Flavia 30× 40 32 1600

COIL-100 32× 32 100 7200

CIFAR-10 32× 32 10 60000

Fashion-MNIST 28× 28 10 70000

method showed very good performances even with a small
training set. For example, on the CIFAR-10 and Fashion-
MNIST datasets, the training sets were only up to 17% and
7% respectively. We stopped increasing the training set
when it produced a state-of-the-art accuracy. Therefore, we
did not reuse the provided training set or test set for these
two datasets, but adhered to a gradually increasing training
schema. The detailed results will be demonstrated in the
following subsections.

4.2. Experimental results of face recognition

We ran experiments on six popular benchmark facial
datasets. These datasets are relatively small. The smaller
datasets do not contain enough samples to train a robust
model by CNN, so transfer learning can be applied to output
a promising recognition. Our goal in this group of experi-
ments was to compare the classification result between our
proposed method and state-of-the-art methods. The best re-
sults were shown in Fig. 2 - 4.

It is clear that the proposed DeepCWC method outputted
a higher recognition accuracy than normal CRC, CRC using
deep features and other state-of-the-art methods, no matter
which CNN model was used to extract the deep features. It
is uncertain that using deep features would generate a higher
recognition accuracy than using the original images. For ex-
ample, when utilizing the ResNet v1 101 model to extract
features of the AR dataset, the CRC classifier performed
better on original images than deep features, as shown in
Fig. 2. And this was also true in some other experimen-
tal cases, which showed one of the limitations of a typical
deep learning method. Furthermore, we observed the same
results when using other CNN models, as shown in Fig. 3
and 4. But we did not demonstrate the results by the other
methods like SRC and SVM, since the results were much



Figure 2. Face recognition accuracy obtained on facial datasets us-
ing the ResNet v1 101 model. (Note: The subscript (image) after
each method means using the original images, and (deep) indicates
using the deep features. The same notations will be applied in the
following figures.)

Figure 3. Face recognition using the ResNet v2 101.

Figure 4. Face recognition using the Inception v4.

Table 2. Results by various CNN models on the facial datasets
Dataset Train CRC† Deep† DeepCWC† Impr†

FERET 71% 67.50 48.75 *84.75 25.56
40.05 83.50 23.70
35.75 80.50 19.26

MUCT 80% 76.60 59.47 *86.55 12.99
52.42 84.16 9.87
44.34 83.52 9.03

Yale B 78% 84.24 42.22 84.63 0.46
37.94 84.63 0.46
33.27 *86.19 2.31

GT 80% 68.00 86.67 *95.33 9.99
87.33 94.67 8.40
80.67 89.33 10.74

AR 65% 91.85 89.35 *98.52 7.26
80.37 98.43 7.16
76.30 97.78 6.46

ORL 50% 88.50 96.50 *99.50 3.11
94.00 98.50 4.79
97.00 99.00 2.06

* Indicate the highest accuracy.
† Three results are related with ResNet v1 101,
ResNet v2 101, and Inception v4.

lower than the ones via the ResNet v1 101 model. The phe-
nomenon confirmed the assumption that deep transfer learn-
ing has a problem in particular datasets, and therefore it is
necessary to exploit a sophisticated classifier to implement
a robust transfer learning. This is the very reason why we
proposed the DeepCWC.

No matter which dataset, performing fusion of two fea-
ture sets based on the collaborative weight generated a
higher recognition accuracy. Even in the cases that normal
deep transfer learning was not working, e.g., on the FERET,
MUCT, Yale B, GT, AR and ORL datasets, the proposed
DeepCWC helped to stabilize the transfer learning by fus-
ing features from the original images and the CNN models.
The result demonstrated that the CNN models missed some
discrimination, but we can retrieve the missing part from
the original images. The fusion based on the collaborative
weight created a robust deep transfer learning.

Our last observation in this set of experiments was to
analyze the effect of different CNN models. According to
the detailed comparison among all datasets and cases shown
in Tab. 2 (the Deep refers to CRC on deep features), we
found multiple CNN models, if not all, can be transferred
to perform recognition on other datasets. However, our ex-
periments revealed that the ResNet model outperformed the
other models in most cases. For example, the accuracy on
the FERET dataset via ResNet v1 101 by our method was
84.75%, which is higher than ones via both ResNet v2 101
(83.50%) and Inception v4 (80.50%). This is true for all



face datasets except the Yale B dataset, where the result
via Inception v4 was the highest. But the difference among
various deep models was tiny as well. Once again, this con-
firmed that it was not the chosen model, but the collabora-
tive weight playing a crucial role in the DeepCWC.

4.3. Experimental results of object recognition

The next set of experiments were performed on some leaf
and object datasets, including Flavia (leaf), COIL-100, CI-
FAR, and Fashion-MNIST. The results were consistent on
all datasets, as shown in Fig. 5 - 7. Incorporating the deep
features learned by various CNN models, ResNet v1 101,
ResNet v2 101 and Inception v4, the recognition accuracy
(yellow) was much higher than the result on the original
images (blue), except the result on the Flavia. However,
the DeepCWC pushed the recognition up to an even higher
level, and the improvements were stable on all datasets.

Figure 5. Object recognition accuracy obtained on 4 datasets using
the ResNet v1 101 model and different classifiers.

Figure 6. Object recognition using the ResNet v2 101.

Figure 7. Object recognition using the Inception v4.

Table 3. Improvements on the object datasets.
Dataset Train CRC† Deep DeepCWC Impr
Flaiva 80% 54.70 49.76 63.32 15.76

48.64 ∗66.19 21.01
48.96 64.59 18.08

CIFAR-10 17% 34.33 70.69 ∗74.45 5.32
69.11 72.38 4.73
67.43 71.77 6.44

Fashion- 7% 81.18 87.06 ∗96.84 11.23
MNIST 86.04 96.63 12.31

85.91 96.57 12.41
COIL-100 83% 69.00 98.83 ∗99.42 0.60

98.25 ∗99.42 1.19
97.17 99.08 1.97

The highest accuracy was obtained on the COIL-100
dataset when using the first 60 samples in each class (83%)
as the training samples. Deep features are beneficial to
classification on this dataset, where the DeepCRC (up to
98.83%) outperformed CRC (only 69.0%) by over 30%.
That being said, the proposed DeepCWC still produced the
highest accuracy of 99.42%, which reached a state-of-the-
art level in recognition. On the Flavia leaf dataset, the im-
provement generated by collaborative weight were remark-
able, though the accuracy was relatively lower, as shown
in Tab. 3. The results on the CIFAR-10 dataset got an
improvement as well. And the improvement (the column
Impr) was calculated by the rate of the accuracy from the
DeepCWC over the higher one between CRC on images
and deep features, and the improvements on the Flavia and
Fashion-MNIST were up to 21.01% and 12.41%, respec-
tively.

Another state-of-the-art result was also obtained on the
Fashion-MNIST dataset. This dataset contains images from
Zalando’s article [25]. All images are grayscale with a size
of 28×28 pixels. The Fashion-MNIST is collected to serve
as a replacement for the conventional MNIST dataset for



Table 4. Accuracy claimed on the FashionMNIST datasets.
Classifier Prepro Accuracy
VGG16 26M parameters * None 93.5%
GoogleNet with cross-entropy loss * None 93.7%
ResNet18 * Yes 94.9%
MobileNet * Yes 95.0%
DenseNet-BC 768K params * Yes 95.4%
Dual path wide resnet 28-10 * Yes 95.7%
WRN-28-10 * Yes 95.9%
WRN-28-10 + Random Erasing * Yes 96.3%
WRN40-4 8.9M params * Yes 96.7%
The proposed DeepCWC None 96.8%
* https://github.com/zalandoresearch/fashion-mnist

benchmarking machine learning methods. Therefore, it pro-
vides a training set of 60,000 images and a test set of 10,000
images. More details about this dataset can be found on
https://github.com/zalandoresearch/fashion-mnist.

The claimed benchmark results generated by CNN-
based methods were listed in Tab. 4, together with the re-
sult of our proposed DeepCWC. All the claimed results for
the Fashion-MNIST were provided in the GitHub repos-
itory of the Fashion-MNIST, and we did not reproduce
them by ourselves. The result demonstrated that our Deep-
CWC archives the highest when the paper was written,
and obtained a state-of-the-art accuracy of 96.8%. The
closest result to us was the one generated by WRN-28-
10 (96.3%) and WRN40-4 with 8.9M parameters (96.7%),
both of which applied standard preprocessing and augmen-
tation techniques. However, there was no preprocessing ap-
plied in our experiments.

What is more, the implementation of DeepCWC is inde-
pendent on the target dataset. The DeepCWC does not re-
quire to train a deep neural network on the Fashion-MNIST
dataset like the claimed methods. It is able to reuse multiple
pre-trained deep models, but still obtain a state-of-the-art
recognition without a time consuming tuning process.

Figure 8. Recognition obtained on the Fashion-MNIST dataset.

Finally, we did not use all the training set (6/7 = 85.7%)
in the experiments, and only 7% of the samples (first 500
samples in each class) were used to train the model, as
shown in Tab. 3. In other words, we used a much smaller
training set to obtain a more robust classification. One rea-
son why we did not follow the same benchmark standard
is that currently the experiments are executed on the MAT-
LAB runtime only, which is not applicable for loading a
large training set all at once. Another reason is the accuracy
had already reached a state-of-the-art level, so it is not nec-
essary to increase the training set. One may concern what
will be the real result when using the same benchmark stan-
dard. Because in some cases there would be an over-fitting
problem if enlarging the training set. For this considera-
tion, we evaluated the trend when increasing the training
set gradually. The results were shown in Fig. 8. We can
see that enlarging the training set led to a trend of increas-
ing accuracy. On the other hand, we also covered the whole
original test set in our expanding test set, which further en-
sures the reliability of our result.

4.4. Discussion

The experimental results demonstrated the improvement
to deep transfer learning by the collaborative weight. With
this novel fusion of deep features and original image fea-
tures solved by the collaborative representation, the pre-
trained CNN models can be efficiently transferred to a brand
new domain. Besides this, the key outcomes from the ex-
periments can be summarized as follows.

DeepCWC makes deep transfer learning workable on
small datasets. One problem of deep learning methods is
the requirement of a big dataset to train a reliable model.
The small datasets provide insufficient samples for training
a CNN model. Deep transfer learning makes sense in this
case. The experiments proved that the DeepCWC well sup-
ports the smaller datasets, including both face and object
datasets.

DeepCWC supports deep transfer learning on var-
ious CNN models. The experiments covered 3 differ-
ent types of CNN models, which are ResNet v1 101,
ResNet v2 101 and Inception v4. The performance when
using all three CNN models was stable all the time, and the
results obtained by ResNet v1 101 were slightly more con-
vincing in many cases. We believe there should be more
CNN models applicable to this collaborative weight-based
method.

DeepCWC extends deep transfer learning to multi-
ple vision tasks. The experiments were conducted for face
recognition and object recognition in this paper, where the
results in both cases well proved the robustness of the pro-
posed DeepCWC. Retrieving the missing part of the ab-
stract CNN models makes it capable of different image
based recognition tasks.



DeepCWC produces a state-of-the-art classification
result. The performance of the proposed methods demon-
strates its ability to reach a state-of-the-art level on many
datasets. Among them, DeepCWC placed first in the re-
cently established Fashion-MNIST.

5. Conclusion
We designed a novel deep transfer learning method for

image based recognition. The proposed method integrates
the features learned from the original images with the deep
features obtained by CNN models. The idea is the miss-
ing part in an abstract CNN model can be compensated by
the features learned from the original images by a classi-
fier. The classifier is based on a collaborative representation
model, which learns sparse features by using a faster l2-
norm regularization. The residual solved by normal images
features was used to build a weight vector. This collabo-
rative weight ensures the missing part of the CNN model
will be integrated back. Our experiments for face recog-
nition and object recognition demonstrated this proposed
deep transfer learning method obtains a state-of-the-art per-
formance. In particular, the recognition accuracy on the
Fashion-MNIST dataset occupied the first place when the
paper was written. The code with the results will be open
source on GitHub.
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