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a b s t r a c t 

In inductive transfer learning, fine-tuning pre-trained convolutional networks substantially outperforms 

training from scratch. When using fine-tuning, the underlying assumption is that the pre-trained model 

extracts generic features, which are at least partially relevant for solving the target task, but would be 

difficult to extract from the limited amount of data available on the target task. However, besides the 

initialization with the pre-trained model and the early stopping, there is no mechanism in fine-tuning 

for retaining the features learned on the source task. In this paper, we investigate several regularization 

schemes that explicitly promote the similarity of the final solution with the initial model. We show the 

benefit of having an explicit inductive bias towards the initial model. We eventually recommend that the 

baseline protocol for transfer learning should rely on a simple L 2 penalty using the pre-trained model as 

a reference. 

© 2019 Elsevier Ltd. All rights reserved. 
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. Introduction 

It is now well known that modern convolutional neural net-

orks [e.g. 20,24,43,44] can achieve remarkable performance on

arge-scale image databases, e.g. ImageNet [8] and Places 365 [51] ,

ut it is really dissatisfying to see the vast amounts of data, com-

uting time and power consumption that are necessary to train

eep networks. Fortunately, such convolutional networks, once

rained on a large database, can be refined to solve related but dif-

erent visual tasks by means of transfer learning, using fine-tuning

43,48] . 

Some form of knowledge is believed to be extracted by learning

rom the large-scale database of the source task and this knowl-

dge is then transferred to the target task by initializing the net-

ork with the pre-trained parameters. However, we will show in

he experimental section that some parameters may be driven far

way from their initial values during fine-tuning. This leads to im-

ortant losses of the initial knowledge that is assumed to be rele-

ant for the targeted problem. 

We argue that the standard L 2 regularization, which drives the

arameters towards the origin, is not adequate in the framework

f transfer learning, and thereby provides suboptimal results for
∗ Corresponding author. 
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he target problem. We advocate for a coherent parameter reg-

larization approach, where the pre-trained model is both used

s the starting point of the optimization process and as the ref-

rence in the penalty that encodes an explicit inductive bias, so

s to help preserve the knowledge embedded in the initial net-

ork during fine-tuning. This simple modification keeps the origi-

al control of overfitting, by constraining the effective search space

round the initial solution, while encouraging committing to the

cquired knowledge. We show that it has noticeable effects in

ransfer learning scenarios. 

The penalties that encourage similarity with the starting point

f the fine-tuning process will be denoted with the SP suffix. De-

pite the existence of several approaches akin to L 2 -SP , many works

isregard the inconsistency of using L 2 in transfer learning scenar-

os. In this paper, we evaluate -SP regularizers based on the L 2 ,

asso and Group-Lasso penalties, which can freeze some individual

arameters or groups of parameters to the pre-trained values. We

lso test the L 2 -SP and Group-Lasso -SP variants that use the Fisher

nformation to measure similarity. We elaborate on [26] by adding

xperimental evidences in classification and semantic segmenta-

ion, using several convolutional network architectures, and addi-

ional analyses. Our experiments indicate that all tested parameter

egularization methods using the pre-trained parameters as a ref-

rence get an edge over the standard L 2 weight decay approach.

e eventually recommend using L 2 -SP as the standard baseline for

ransfer learning tasks when benchmarking new algorithms. 

https://doi.org/10.1016/j.patcog.2019.107049
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
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2. Related work 

The regularization scheme we advocate in this paper is related

to several existing approaches. In this section, we first recall the

techniques proposed for inductive transfer learning with convolu-

tional networks. We then survey the regularizers that were pro-

posed to encourage similarity of parameters or features across dif-

ferent tasks. 

Regarding transfer learning, we follow the nomenclature of [36] ,

who categorized several types of transfer learning according to do-

main and task settings during the transfer. A domain corresponds

to the feature space and its distribution, whereas a task corre-

sponds to the label space and its conditional distribution with re-

spect to features. The initial learning problem is defined on the

source domain and source task, whereas the new learning prob-

lem is defined on the target domain and the target task. 

In the typology of Pan and Yang, we consider the inductive

transfer learning setting, where the target domain is identical to

the source domain, and the target task is different from the source

task. We furthermore focus on the case where a vast amount of

data was available for training on the source problem, and some

limited amount of labeled data is available for solving the target

problem. Under this setting, we aim at improving the performance

on the target problem through parameter regularization methods

that explicitly encourage the similarity of the solutions to the tar-

get and source problems. We also refer to works on new problems

that were formalized or popularized after Pan and Yang, such as

lifelong learning, but their typology remains valid. 

2.1. Representation transfer in convolutional networks 

Donahue et al. [10] selected the features computed at different

layers of the pre-trained AlexNet [24] and plugged them into an

SVM or a logistic regression classifier for learning a new task. This

approach outperformed the state of the art of that time on the

Caltech-101 database [13] . Similar approaches were proposed by

Oquab et al. [35] . Later, Yosinski et al. [48] showed that fine-tuning

the whole AlexNet resulted in better performances than using the

network as a static feature extractor. Fine-tuning pre-trained VGG

[43] on the image classification task of VOC-2012 [12] and Caltech

256 [18] achieved the best results of that time. 

Ge and Yu [14] proposed a scheme for selecting a subset

of images from the source problem that have similar local fea-

tures to those in the target problem and then fine-tuned a pre-

trained convolutional network. Besides image classification, many

procedures for object detection [15,39,40] and image segmentation

[6,30,50] have been proposed relying on fine-tuning to improve

over training from scratch. These approaches showed promising re-

sults in a challenging transfer learning setup, as going from classi-

fication to object detection or image segmentation requires rather

heavy modifications of the architecture of the network. 

The success of transfer learning with convolutional networks

relies on the generality of the learned representations that have

been constructed from a large database like ImageNet. Yosinski

et al. [48] also quantified the transferability of these pieces of in-

formation in different layers, e.g. the first layers learn general fea-

tures, the middle layers learn high-level semantic features and the

last layers learn the features that are very specific to a particular

task. That can be also noticed by the visualization of features [49] .

Overall, the learned representations can be conveyed to related but

different domains and the parameters in the network are reusable

for different tasks. 

All these state-of-the-art results were obtained while ignoring

the inadequacy for transfer learning of the weight decay regular-

ization term, which encourages deviations from the starting point.

More appropriate regularizers have been applied in other circum-
tances, as described below, but, despite its simplicity and effi-

iency, the L 2 -SP regularizer we advocate in this paper has never

een considered for transferring representation in convolutional

etworks. To the best of our knowledge, we present the first re-

ults on transfer learning with convolutional networks that are

imply based on this type of regularization term. 

.2. Regularizers for similar learning problems 

Lifelong learning. In lifelong learning [37,45] , a series of tasks is

earned sequentially by a single model. The knowledge extracted

rom the previous tasks may be lost as new tasks are learned, re-

ulting in what is known as catastrophic forgetting. In order to

chieve good performance on all tasks, Li and Hoiem [27] proposed

o use the outputs of the target examples, computed by the origi-

al network on the source task, to define a learning scheme retain-

ng the memory of the source tasks when training on the target

ask. They also tried to preserve the pre-trained parameters instead

f the outputs of examples but they did not obtain interesting re-

ults. 

Kirkpatrick et al. [23] developed a similar approach with suc-

ess. They get sensible improvements by measuring the sensitiv-

ty of the parameters of the network learned on the source data

hanks to the Fisher information. The Fisher information matrix

efines a metric in the parameter space, which is used in their

egularizer to preserve the representation learned on the source

ata, thereby retaining the knowledge acquired on the previous

asks. This scheme, named elastic weight consolidation, was shown

o avoid forgetting, but fine-tuning with plain stochastic gradient

escent was more effective than elastic weight consolidation for

earning new tasks. Hence, elastic weight consolidation may be

hought as being inadequate for transfer learning, where perfor-

ance is only measured on the target task. We will show that this

onclusion is not appropriate in typical transfer learning scenarios

ith few target examples. 

Domain adaptation. In domain adaptation [31,32] , the target task

s identical to the source task and no (or few) target examples are

abeled. Most approaches are searching for a common representa-

ion space for source and target domains to reduce domain shift,

ike [16,42] . Rozantsev et al. [41] proposed a parameter regular-

zation scheme for encouraging the similarity of representations

n the source and target domains. Their regularizer favors similar

ource and target parameters, up to a linear transformation. En-

ouraging similar parameters has also been proposed and shown

o be helpful in speaker adaptation problems [28,34] and multilin-

ual speech recognition [21] . 

Beyond deep networks. Regularization has been a means of

uilding shrinkage estimators for decades. Shrinking towards zero

s the most common form of shrinkage, but shrinking towards

daptively chosen targets has been around for some time, start-

ng with Stein shrinkage [see e.g. 25 , chapter 5], where it can

e related to empirical Bayes arguments. Shrinking towards a ref-

rence has also been used in maximum entropy models [5] or

VM [3,46,47] . These approaches were shown to outperform stan-

ard L 2 regularization with limited labeled data in the target task

3,46] . They differ from the application to deep networks in sev-

ral respects, the more important one being that they consider a

xed representation, with which transfer aims at producing simi-

ar classification parameters, that is, similar classification rules. For

eep networks, transfer aims at learning similar representations

pon which classification parameters will be learned from scratch.

ence, even though the techniques we discuss here are very sim-

lar regarding the analytical form of the regularizers, they operate

n very different objects. 
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. Regularizers for fine-tuning 

In this section, we detail the penalties we consider for fine-

uning. Parameter regularization is critical when learning from

mall databases. When learning from scratch, regularization is

imed at facilitating optimization and avoiding overfitting, by im-

licitly restricting the capacity of the network, that is, the effective

ize of the search space. In transfer learning, the role of regular-

zation is similar, but the starting point of the fine-tuning process

onveys information that pertains to the source problem (domain

nd task). Hence, the network capacity has not to be restricted

lindly: the pre-trained model sets a reference that can be used to

efine the functional space effectively explored during fine-tuning.

Since we are using early stopping, fine-tuning a pre-trained

odel is an implicit form of inductive bias towards the initial so-

ution. We explore here how a coherent explicit inductive bias,

ncoded by a regularization term, affects the training process.

ection 4 shows that all such schemes get an edge over the stan-

ard approaches that either use weight decay or freeze part of the

etwork for preserving the low-level representations that are built

n the first layers of the network. 

Let w ∈ R 

n be the parameter vector containing all the network

arameters that are to be adapted to the target task. The regular-

zed objective function J � that is to be optimized is the sum of

he standard objective function J and the regularizer �( w ). In our

xperiments, J is the negative log-likelihood, so that the criterion

 

� could be interpreted in terms of maximum a posteriori estima-

ion, where the regularizer �( w ) would act as the log prior of w .

ore generally, the minimization of J � is a trade-off between the

ata-fitting term and the regularization term. 

L 2 penalty. The current baseline penalty for transfer learning is

he usual L 2 penalty, also known as weight decay, since it drives

he weights of the network to zero: 

( w ) = 

α

2 

‖ 

w ‖ 

2 
2 , (1) 

here α is the regularization parameter setting the strength of the

enalty and ‖ · ‖ p is the p -norm of a vector. 

L 2 -SP. Let w 

0 be the parameter vector of the model pre-trained

n the source problem, acting as the starting point ( -SP ) in fine-

uning. Using this initial vector as the reference in the L 2 penalty,

e get: 

( w ) = 

α

2 

∥∥w − w 

0 
∥∥2 

2 
. (2) 

ypically, the transfer to a target task requires some modifications

f the network architecture used for the source task, such as on

he last layer used for predicting the outputs. 

Then, there is no one-to-one mapping between w and w 

0 , and

e use two penalties: one for the part of the target network that

hares the architecture of the source network, denoted w S , the

ther one for the novel part, denoted w S̄ . 
The compound penalty then becomes: 

( w ) = 

α

2 

∥∥w S − w 

0 
S 
∥∥2 

2 
+ 

β

2 

‖ 

w S̄ ‖ 

2 
2 . (3)

L 2 -SP-Fisher. Elastic weight consolidation [23] was proposed

o avoid catastrophic forgetting in the setup of lifelong learning,

here several tasks should be learned sequentially. In addition to

reserving the initial parameter vector w 

0 , it consists in using the

stimated Fisher information to define the distance between w S 
nd w 

0 
S . More precisely, it relies on the diagonal of the Fisher in-

ormation matrix, resulting in the following penalty: 

( w ) = 

α

2 

∑ 

j∈S 
ˆ F j j 

(
w j − w 

0 
j 

)2 + 

β

2 

‖ 

w S̄ ‖ 

2 
2 , (4)

here ˆ F j j is the estimate of the j th diagonal element of the Fisher

nformation matrix. It is computed as the average of the squared
isher’s score on the source problem, using the inputs of the source

ata: 

ˆ 
 j j = 

1 

m 

m ∑ 

i =1 

K ∑ 

k =1 

f k ( x 
i ; w 

0 ) 

(
∂ 

∂w j 

log f k ( x 
i ; w 

0 ) 

)2 

, 

here the outer average estimates the expectation with re-

pect to inputs x i [] and the inner weighted sum is the esti-

ate of the conditional expectation of outputs given input x i ,

ith outputs drawn from a categorical distribution of parameters

( f 1 ( x 
i ; w ) , . . . , f k ( x 

i ; w ) , . . . , f K ( x 
i ; w )) . 

L 1 -SP. We also experiment the L 1 variant of L 2 -SP : 

( w ) = α
∥∥w S − w 

0 
S 
∥∥

1 
+ 

β

2 

‖ 

w S̄ ‖ 

2 
2 . (5) 

he usual L 1 penalty encourages sparsity; here, by using w 

0 
S as a

eference in the penalty, L 1 -SP encourages some components of the

arameter vector to be frozen, equal to the pre-trained initial val-

es. The penalty can thus be thought as an intermediate between

 

2 -SP (3) and the strategies consisting in freezing a part of the ini-

ial network. We explore below other ways of doing so. 

Group-Lasso-SP (GL-SP). Instead of freezing some individual pa-

ameters, we may encourage freezing some groups of parame-

ers corresponding to channels of convolution kernels. Formally,

e endow the set of parameters with a group structure, defined

y a fixed partition of the index set I = { 1 , . . . , p} , that is, I =
 G 
g=0 G g , with G g ∩ G h = ∅ for g � = h. In our setup, G 0 = S̄ , and for

 > 0, G g is the set of fan-in parameters of channel g . Let p g denote

he cardinality of group g , and w G g ∈ R 

p g be the vector (w j ) j∈G g .
hen, the GL-SP penalty is: 

( w ) = α
G ∑ 

g=1 

s g 
∥∥w G g − w 

0 
G g 

∥∥
2 

+ 

β

2 

‖ 

w S̄ ‖ 

2 
2 , (6)

here w 

0 
G 0 = w 

0 
S̄ 

� = 0 , and, for g > 0, s g is a predefined constant

hat may be used to balance the different cardinalities of groups.

n our experiments, we used s g = p 1 / 2 g . 

Our implementation of Group-Lasso -SP can freeze feature ex-

ractors at any depth of the convolutional network, to preserve the

re-trained feature extractors as a whole instead of isolated pre-

rained parameters. The group G g of size p g = h g × w g × d g gathers

ll the parameters of a convolution kernel of height h g , width w g ,

nd depth d g . This grouping is done at each layer of the network,

or each output channel, so that the group index g corresponds to

wo indexes in the network architecture: the layer index l and the

utput channel index at layer l . If we have c l such channels at layer

 , we have a total of G = 

∑ 

l c l groups. 

Group-Lasso-SP-Fisher (GL-SP-Fisher). Following the idea of L 2 -

P-Fisher , the Fisher version of GL-SP is: 

( w ) = α
G ∑ 

g=1 

s g 

( ∑ 

j∈G g 

ˆ F j j 

(
w j − w 

0 
j 

)2 
)

1 / 2 + 

β

2 

‖ 

w G 0 ‖ 

2 
2 . 

. Experimental results 

We evaluate the aforementioned parameter regularizers for

ransfer learning on several pairs of source and target domains,

nd show the improvements of -SP regularizers on the standard L 2 

n two different visual recognition tasks, image classification and

emantic segmentation. We use ResNet [20] as our base network,

ince it has proven its wide applicability on transfer learning tasks.

.1. Image classification 

The source task is usually a classification task. Conventionally, if

he target task is also a classification task, the fine-tuning process
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Table 1 

Characteristics of the target databases: name and type, numbers of training and test 

images per class, and number of classes. 

Database task category # training # test # classes 

Caltech 256–30 generic object recog. 30 20 257 

Caltech 256–60 generic object recog. 60 20 257 

MIT Indoors 67 scene classification 80 20 67 

Stanford Dogs 120 specific object recog. 100 50 120 

Foods 101 specific object recog. 750 250 101 

Fig. 1. Classification accuracy (in %) on Stanford Dogs 120 for L 2 -SP , according to 

the two regularization hyperparameters α and β respectively applied to the layers 

inherited from the source task and the last classification layer (see Eq. (3) ). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

e  

c

 

t  

1  

0  

c  

a  

e  

i

4

 

F  

l  

l  

t  

A  

s  

I  

t  

t  

g  

m  

o  

i  

g  

p  

t  

e

 

3  

t  

u  

t

 

c  

b  

c  

e  

S  

w  

o  

g  

s  

t  

s  

o

4

 

F  

w  

a  

r  

d  

a

 

L  

a  

a  

F  

t  

1 https://github.com/holyseven/TransferLearningClassification . 
starts by replacing the last layer with a new one, randomly gener-

ated, whose size is defined by the number of classes in the target

task. 

4.1.1. Source and target databases 

For comparing the effect of similarity between the source prob-

lem and the target problem on transfer learning, we chose two

source databases: ImageNet [8] for generic object recognition and

Places 365 [51] for scene classification. Likewise, we have four

different databases related to four target problems: Caltech 256

[18] contains different objects for generic object recognition; MIT

Indoors 67 [38] consists of 67 indoor scene categories; Stanford

Dogs 120 [22] contains images of 120 breeds of dogs; Foods 101

[4] collects photos of 101 food categories, and is a much larger

database than the previous ones (yet with some noise in terms of

image quality and class labels). Each target database is split into

training and test sets following the suggestion of their creators,

except for Stanford Dogs 120, whose original test set is a subset

of ImageNet, thereby biasing the evaluation of fine-tuning algo-

rithms. To evaluate the test performance on Dogs, we use a part

of the ImageNet validation set that contains those 120 breeds of

dogs. Table 1 collects details for all target databases. In addition,

we consider two configurations for Caltech 256: 30 or 60 examples

randomly drawn from each category for training, and 20 remaining

examples for the test set. 

4.1.2. Training details 

Most images in those databases are color images. If not, we cre-

ate a three-channel image by duplicating the gray-scale data. All

images are pre-processed: we resize images to 256 × 256 and sub-

tract the mean activity computed over the training set from each

channel, then we adopt random blur, random mirror and random

crop to 224 × 224 for data augmentation. The network parameters

are regularized as described in Section 3 . Cross validation is used

for choosing the best regularization hyperparameters α and β:

α differs across experiments, and β = 0 . 01 is consistently picked

by cross-validation for regularizing the last layer. Fig. 1 illustrates

that the test accuracy varies smoothly according to the regulariza-

tion strength, and that there is a sensible benefit in penalizing the

last layer (that is, β ≥ 0) for the best α values. When applicable,

the Fisher information matrix is estimated on the source database.

The two source databases (ImageNet or Places 365) yield different
stimates. Regarding testing, we use central crops as inputs to

ompute the classification accuracy. 

Stochastic gradient descent with momentum 0.9 is used for op-

imization. We run 90 0 0 iterations and divide the learning rate by

0 after 60 0 0 iterations. The initial learning rates are 0.005, 0.01 or

.02, depending on the tasks. Batch size is 64. Then, under the best

onfiguration, we repeat five times the learning process to obtain

n average classification accuracy and standard deviation. All the

xperiments are performed with Tensorflow [1] . The source code

s publicly available for reproducibility purposes. 1 

.1.3. Comparison across penalties, source and target databases 

A comprehensive view of our experimental results is given in

ig. 2 . Each plot corresponds to one of the four target databases

isted in Table 1 . The red points mark the accuracies of transfer

earning when using Places 365 as the source database, whereas

he blue points correspond to the results obtained with ImageNet.

s expected, the results of transfer learning are much better when

ource and target are alike: the scene classification target task MIT

ndoor 67 (top left) is better transferred from the scene classifica-

ion source task Places 365, whereas the object recognition target

asks benefit more from the object recognition source task Ima-

eNet. Besides showing that choosing an appropriate source do-

ain is critical in transfer learning (see [2,9] for example), for

ur purpose of evaluating regularizers, these results display sim-

lar trends for the two source databases: all the fine-tuning strate-

ies based on penalties using the starting point -SP as a reference

erform consistently better than standard fine-tuning ( L 2 ). There is

hus a benefit in having an explicit bias towards the starting point,

ven when the target task is not too similar to the source task. 

Interestingly, the best source database for Foods 101 is Places

65 with L 2 regularization and ImageNet for the penalties using

he starting point -SP as a reference. Considering the relative fail-

re of L 2 -SP-Fisher , it is likely that Foods 101 is quite far from the

wo sources but slightly closer to ImageNet. 

The benefit of the explicit bias towards the starting point is

omparable for L 2 -SP and L 2 -SP-Fisher penalties; the strategies

ased on L 1 and Group-Lasso penalties behave rather poorly in

omparison. They are even less accurate than the plain L 2 strat-

gy on Caltech 256–30 when the source problem is Places 365.

tochastic gradient descent does not handle well these penalties

hose gradient is discontinuous at the starting point where the

ptimization starts. The stochastic forward-backward splitting al-

orithm [11] , which is related to proximal methods, leads to sub-

tandard results, presumably due to the absence of a momentum

erm. In the end, we used plain stochastic gradient descent on a

moothed version of the penalties eliminating the discontinuities

f their gradients, but some instability remains. 

.1.4. Fine-tuning from a similar source 

Table 2 displays the results of fine-tuning with L 2 -SP and L 2 -SP-

isher , which are compared to the current baseline of fine-tuning

ith L 2 , and the state-of-the-art references [14,33] . We report the

verage accuracies and their standard deviations on 5 different

uns. Since we use the same data and the same starting point, runs

iffer only due to the randomness of stochastic gradient descent

nd to the weight initialization of the last layer. 

In the first part of Table 2 (first three lines), we observe that

 

2 -SP and L 2 -SP-Fisher always improve over L 2 by a clear margin,

nd that this improvement is even more important when less data

re available for the target problem (Caltech–30 vs. Caltech–60 and

oods vs. others). When fewer training examples are available for

he target problem, the role of the regularizer is more important.

https://github.com/holyseven/TransferLearningClassification
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Fig. 2. Classification accuracies (in %) of the tested fine-tuning approaches on the four target databases, using ImageNet (dark blue dots) or Places 365 (light red dots) as 

source databases. MIT Indoor 67 is more similar to Places 365 than to ImageNet; Stanford Dogs 120, Caltech 256 and Foods 101 are more similar to ImageNet than to Places 

365. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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2 https://github.com/holyseven/PSPNet- TF- Reproduce . 
eanwhile, little difference is observed between L 2 -SP and L 2 -SP-

isher . Note that we do not report here the performances of train-

ng from scratch, but that transfer learning really helps in these

etups: we could only reach 76.9% accuracy on Foods 101 (with 10

imes more computing effort s, that is, number of epochs). 

In the second part of Table 2 , we boost the performance of

ne-tuning with L 2 , L 2 -SP and L 2 -SP-Fisher by exploiting additional

raining and post-processing techniques, that is, by respecting the

spect ratio of images and by using the 10-crop test, which were

ot used in this paper except here. We apply these techniques, re-

izing images with the shorter edge being 256 and keeping the

spect ratio (the standard resizing technique ignores it) for train-

ng, and averaging the predictions of 10 cropped patches (the cen-

er patch, the four corner patches, and all their horizontal reflec-

ions) for testing. The improved results are above state of the art

or Caltech–30, and close to state of the art for Indoors, without

aking use of the advanced techniques employed by Ge and Yu

14,33] . These results show that simply changing the regularizer

rom L 2 to L 2 -SP or L 2 -SP-Fisher is remarkably efficient not only for

aseline models, but also for more advanced ones. 

.2. Semantic image segmentation 

We now evaluate L 2 and L 2 -SP on transfer learning from clas-

ification to segmentation. The task of semantic segmentation dif-

ers substantially from classification, thereby requiring important

odifications to the network structure. Despite these differences,

egmentation still benefits a lot from transfer from an image clas-

ification source task. 

.2.1. Source and target databases 

We used large databases, ImageNet [8] and Microsoft COCO

29] , as source databases. ImageNet targets image classification;
icrosoft COCO is for object detection and semantic image seg-

entation. Pre-training on ImageNet can largely increase the per-

ormance for most image-related learning tasks, moreover pre-

raining on ImageNet and then on COCO can further raise segmen-

ation performance. Both pre-training schemes are evaluated. 

Two databases for semantic image segmentation are used as

argets: Cityscapes [7] and Semantic Boundaries Dataset (SBD) [19] .

ityscapes is a database with an evaluation benchmark for pixel-

ise segmentation of real-world urban street scenes. It consists

f 20,0 0 0 images with coarse annotations, and 50 0 0 images with

igh quality pixel-wise labeling, which are split into a training set

2975 images), a validation set (500 images) and a test set (1525

mages). All images in Cityscapes have a 2048 × 1024 pixel resolu-

ion. SBD is an augmented version of the Pascal VOC segmentation

atabase [12] , resulting in 10582, 1449, and 1456 images for train-

ng, validation, and testing respectively. All images in SBD have a

esolution no larger than 500 × 500 pixels, and 20 different cate-

ories are considered, plus one for the background. 

.2.2. Training details 

Most training techniques for segmentation are borrowed from

lassification and we only present here the differences in Table 3 .

he full source code is also available. 2 We consider four convo-

utional networks for image segmentation. FCN [30] is one of the

ost classical structures for segmentation. ResNet [20] can also be

sed for image segmentation by removing the global pooling layer.

eepLab [6] and PSPNet [50] stayed top-ranked for some time on

he Cityscapes and Pascal VOC benchmarks and are two favored

tructures. 

https://github.com/holyseven/PSPNet-TF-Reproduce
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Fig. 3. Classification accuracies (in %) of fine-tuning with L 2 and L 2 -SP on Stan- 

ford Dogs 120 (top) and Caltech 256–30 (bottom) when freezing the first layers of 

ResNet-101. The dashed lines represent the accuracies reported in Table 2 , where 

no layers are frozen. ResNet-101 begins with one convolutional layer, then stacks 

3-layer blocks. The three layers in one block are either frozen or trained altogether. 
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4.2.3. Results 

With L 2 and L 2 -SP , under the same setting, we use all these

architectures for Cityscapes and PSPNet for SBD. Note that a few

learning settings, like batch size and crop size, differ from the

original work of [50] . This is not essential for our purpose, since

we aim at demonstrating the consistency of the improvements,

throughout diverse network structures (FCN, ResNet-101, DeepLab,

and PSPNet) of L 2 -SP compared to L 2 regularization. 

Table 4 reports the results on Cityscapes validation set. We

fine-tuned FCN, ResNet, DeepLab and PSPNet with the standard L 2 ,

and L 2 -SP , all other things being equal. We readily observe that

fine-tuning with L 2 -SP in place of L 2 consistently improves the

performance in mean Intersection over Union (mIoU) score, for

all networks. The best model (PSPNet-extra with L 2 -SP ) has been

evaluated on the test set and is currently on the public benchmark

of Cityscapes, 3 with 80.3% mIoU, to be compared to 80.2% obtained

by Zhao et al. [50] . 

For PSPNet on SBD, we apply the same protocol, except that

images are cropped to 480 × 480, enabling a larger batch size of

16. The results on the public validation set are again in favor of L 2 -

SP , which reaches 79.9% in mIoU compared to 78.3% for L 2 . On the

test set, L 2 -SP reaches 79.8% 

4 . 

5. Analysis and discussion 

Having confirmed the versatility of -SP regularizers on classi-

fication and segmentation tasks, with different network architec-

tures, we now analyze their behavior. Among all -SP methods, L 2 -

SP and L 2 -SP-Fisher always reach a better accuracy on the target

task. We expected L 2 -SP-Fisher to outperform L 2 -SP since Fisher in-

formation provides a relevant metric in parameter space and was

shown to help in lifelong learning, but there is no significant differ-

ence between the two options in our setups. Since L 2 -SP is simpler

than L 2 -SP-Fisher , we recommend the former, and we focus on the

analysis of L 2 -SP , although most of the discussion would also apply

to L 2 -SP-Fisher . 

5.1. Behavior on the source task 

The variants using the Fisher information matrix behave like

the simpler variants using a Euclidean metric on parameters. One

reason is that, contrary to lifelong learning, our objective does not

favor solutions that retain accuracy on the source task. Hence, the

metric defined by the Fisher information matrix is less relevant for

our actual objective that only relates to the target task. Table 5 re-

ports the drop in performance when the fine-tuned models are

applied on the source task, without any retraining, simply using

the original classification layer instead of the classification layer

learned for the target task. The performance drop is consistently

smaller for L 2 -SP-Fisher than for L 2 -SP . This confirms that L 2 -SP-

Fisher is indeed a better approach in the situation of lifelong learn-

ing, where accuracies on the source tasks matter. In comparison to

L 2 -SP-Fisher and L 2 -SP, L 2 fine-tuning results in catastrophic forget-

ting: the performance on the source task is considerably affected

by fine-tuning. 

The relative drops in performance with Foods 101 follow the

pattern observed for the other databases except that the decrease

is much larger. This may be a sign of the substantial divergence of

the data distribution of Foods 101 from the one of ImageNet, with

a compromise between the source task and the target task met far

from the starting point. 
3 https://www.cityscapes-dataset.com/method-details/?submissionID=1148 . 
4 http://host.robots.ox.ac.uk:8080/anonymous/NAAVTI.html . 

t  

n  

fi  

f

.2. fine-tuning vs. freezing the network 

Freezing the first layers of a network during transfer learning

48] is another way to ensure a very strong inductive bias, letting

ewer degrees of freedom to transfer learning. Fig. 3 shows that

his strategy, which is costly to implement if one looks for the op-

imal number of layers to be frozen, can improve L 2 fine-tuning

onsiderably, but that it is rather inefficient for L 2 -SP fine-tuning.

mong all possible choices, L 2 fine-tuning with partial freezing is

ominated by the plain L 2 -SP fine-tuning. Note that L 2 -SP-Fisher

not displayed) behaves similarly to L 2 -SP . 

.3. Layer-wise analysis 

We complement our experimental results by an analysis relying

n the activations of the hidden units of the network, to provide

nother view on the differences between L 2 and L 2 -SP fine-tuning.

ctivation similarities are easier to interpret than parameter simi-

arities, as they provide a view of the network that is closer to the

unctional perspective we are actually pursuing. Matching individ-

al activations makes sense, provided that the networks slightly

iffer before and after tuning so that few roles are switched be-

ween units or feature maps. 

The dependency between the pre-trained and the fine-tuned

ctivations throughout the network is displayed in Fig. 4 , with

oxplots of the R 2 coefficients, gathered layer-wise, of the fine-

uned activations with respect to the original activations. This fig-

re shows that, indeed, the roles of units or feature maps have not

hanged much after L 2 -SP and L 2 -SP-Fisher fine-tuning. The R 2 co-

fficients are very close to 1 on the first layers, and smoothly de-

rease throughout the network, staying quite high, around 0.6, for

 

2 -SP and L 2 -SP-Fisher at the greatest depth. In contrast, for L 2 reg-

larization, some important changes are already visible in the first

ayers, and the R 2 coefficients eventually reach quite low values at

he greatest depth. This illustrates in detail how the roles of the

etwork units are remarkably retained with L 2 -SP and L 2 -SP-Fisher

ne-tuning, not only for the first layers of the networks, but also

or the last high-level representations before classification. 

https://www.cityscapes-dataset.com/method-details/?submissionID=1148
http://host.robots.ox.ac.uk:8080/anonymous/NAAVTI.html
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Table 2 

Average classification accuracies (in %) of L 2 , L 2 -SP and L 2 -SP-Fisher on 5 different runs. The source database 

is Places 365 for MIT Indoors 67 and ImageNet for Caltech 256, Stanford Dogs and Foods. References of the 

state of the art are taken from [14] , except for Foods-101 where it is from [33] . For Dogs, there is no reference 

that is based on the test set used here to avoid the overlap with the ImageNet training set. Enhanced variants 

respecting the aspect ratio and using the 10-crop test are marked with a star ( ∗). Results with the highest 

accuracy in each part are highlighted in bold. 

Caltech-30 Caltech-60 Indoors Dogs Foods 

L 2 81.5 ± 0.2 85.3 ± 0.2 79.6 ± 0.5 66.3 ± 0.2 84.6 ± 0.1 

L 2 -SP 83.5 ± 0.1 86.4 ± 0.2 84.2 ± 0.3 74.9 ± 0.2 85.4 ± 0.3 

L 2 -SP-Fisher 83.3 ± 0.1 86.0 ± 0.1 84.0 ± 0.4 74.4 ± 0.1 85.1 ± 0.1 

L 2 ∗ 82.7 ± 0.2 86.5 ± 0.4 80.7 ± 0.9 67.7 ± 0.3 86.7 ± 0.2 

L 2 -SP ∗ 84.9 ± 0.1 87.9 ± 0.2 85.2 ± 0.3 77.1 ± 0.2 87.1 ± 0.1 

L 2 -SP-Fisher ∗ 84.8 ± 0.1 87.9 ± 0.1 Â 85.2 ± 0.1 76.9 ± 0.1 87.0 ± 0.1 

Reference 83.8 ± 0.5 89.1 ± 0.2 85.8 — 90.3 

Table 3 

Training and test details for segmentation on Cityscapes. Abbreviations used in this table: lr - learning rate; poly lr 

- polynomial learning rate policy; bs - batch size; bn - batch normalization; rdm scale - random scale; ms test - 

multi-scale test. 

FCN ResNet DeepLab PSPNet 

training lr policy fixed lr poly lr 

bs × h × w 2 × 800 × 800 8 × 836 × 836 

bn stats frozen but trained β and γ all training 

rdm scale no [0.5, 2.0] 

test ms test no yes 

image size whole image 836 × 836 crops 

Table 4 

Mean Intersection over Union scores (in %) on Cityscapes val- 

idation set. Note that the initial model for DeepLab-COCO is 

pre-trained on ImageNet and then on Microsoft COCO, others 

are only pre-trained on ImageNet, and that PSPNet-extra uses 

20,0 0 0 extra coarsely labeled images of Cityscapes for training 

whereas PSPNet only uses the training set (finely labeled im- 

ages). Results with higher mIoU scores are highlighted in bold. 

Method L 2 L 2 -SP 

FCN 66.9 67.9 

ResNet-101 68.1 68.7 

DeepLab 68.6 70.4 

DeepLab-COCO 72.0 73.2 

PSPNet 78.2 79.4 

PSPNet-extra 80.9 81.2 

 

t  

I

 

t  

e  

Table 5 

Classification accuracy drops (in %, the lower, the better) on the 

source tasks due to fine-tuning based on L 2 , L 2 -SP and L 2 -SP- 

Fisher regularizers. The source database is Places 365 for MIT 

Indoors 67 and ImageNet for Caltech 256, Stanford Dogs and 

Foods 101. The classification accuracies of the pre-trained mod- 

els are 54.7% and 76.7% on Places 365 and ImageNet respec- 

tively. Results with the lowest drops are highlighted in bold. 

L 2 L 2 -SP L 2 -SP-Fisher 

MIT Indoors 67 24.1 5.3 4.9 

Caltech 256–30 15.4 4.2 3.6 

Caltech 256–60 16.9 3.6 3.2 

Stanford Dogs 120 14.1 4.7 4.2 

Foods 101 68.6 64.5 53.2 

w  

F  

o  

b  

l

F

a

s

We now look at the diagonal elements of the Fisher informa-

ion matrix, still computed on ResNet-101 from training inputs of

mageNet. 

Their distributions across layers, displayed in Fig. 5 , show that

he network is more sensitive to the parameters of the first lay-

rs, with a high disparity within these layers, and are then steady
ig. 4. R 2 coefficients of determination with L 2 and L 2 -SP regularizations for Stanford 

ctivations after fine-tuning with respect to the activations of the pre-trained network, f

tacks 3-layer blocks. We display here only the R 2 at the first layer and at the outputs of 
ith most values within one order of magnitude. As a result, L 2 -SP-

isher is very similar to L 2 -SP , except for being more conservative

n the first layers. This observation explains the small differences

etween L 2 -SP and L 2 -SP-Fisher that are observed in our transfer

earning setups. 
Dogs 120. Each boxplot summarizes the distribution of the R 2 coefficients of the 

or all the units in one layer. ResNet-101 begins with one convolutional layer, then 

some 3-layer blocks. 
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Fig. 5. Boxplots of the diagonal elements of the Fisher information matrix (log-scale) computed on the training set of ImageNet using the pre-trained model. We display 

here these elements at the first layer and then at the last layer of all 3-layer blocks of ResNet-101. 
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5.4. Computational efficiency 

The -SP penalties introduce no extra parameters, and they only

increase slightly the computational burden. L 2 -SP increases the

number of floating point operations required for a learning step of

ResNet-101 by less than 1%. Hence, at a negligible computational

cost, we can obtain significant improvements in classification ac-

curacy, and no additional cost is experienced at test time. 

5.5. Theoretical insights 

5.5.1. Effect of L 2 -SP 

Analytical results are very difficult to obtain in the deep learn-

ing framework. Under some (highly) simplifying assumptions, the

effect of L 2 regularization can be analyzed by doing a quadratic

approximation of the objective function around the optimum

[see, e.g. 17 , Section 7.1.1]. This analysis shows that L 2 regulariza-

tion rescales the parameters along the directions defined by the

eigenvectors of the Hessian matrix. 

A similar analysis can be used for L 2 -SP regularization. Let

J be the unregularized objective function and J SP ( w ) = J( w ) +
α
2 

∥∥w − w 

0 
∥∥2 

2 
be the regularized objective function. Let ̂ w =

argmin w 

J( w ) and 

̂ w 

SP = argmin w 

J SP ( w ) be their respective min-

ima. The quadratic approximation of J( ̂  w ) gives 

H ( ̂  w 

SP − ̂ w ) + α( ̂  w 

SP − w 

0 ) = 0 , (7)

where H is the Hessian matrix of J w.r.t. w , evaluated at ̂ w . Since

H is symmetric and positive semidefinite, it can be decomposed as

H = P�P 

T . Applying the decomposition to Eq. (7) , we obtain the

following relationship between 

̂ w 

SP and 

̂ w : 

P 

T ̂ w 

SP = (� + αI ) −1 �P 

T ̂ w + α(� + αI ) −1 P 

T w 

0 . (8)

This equation shows that, in the direction defined by the i -th

eigenvector of H , ̂ w 

SP is a convex combination of the projections of̂ w and w 

0 on that direction. Indeed noting λi the eigenvalue cor-

responding to the i -th eigenvector, the terms of the convex combi-

nation are 
λi 

λi + α and 

α
λi + α . 

This contrasts with L 2 that leads to a trade-off between the

optimum of the unregularized objective function and the origin.

Clearly, searching for a solution in the vicinity of the pre-trained

parameters is intuitively much more appealing, since it is the ac-

tual motivation for using the pre-trained parameters as the starting

point of the fine-tuning process. 

5.5.2. Bias-variance analysis 

We propose here a simple bias-variance analysis for the case of

linear regression, for which this analysis is tractable. Consider the

squared loss function J( w ) = 

1 
2 ‖ X w − y ‖ 2 , where y ∈ R 

n is a vec-

tor of continuous responses, and X ∈ R 

n ×p is the matrix of predic-

tor variables. We use the standard assumptions of the fixed design
ase, that is: (i) y is the realization of a random variable Y such

hat E [ Y ] = X w 

∗, V [ Y ] = σ 2 I n , and w 

∗ is the vector of true parame-

ers; (ii) the design is fixed and orthonormal, that is, X 

T X = I p . We

lso assume that the reference we use for L 2 -SP, i.e. w 

0 , is not far

way from w 

∗, since it is the minimizer of the unregularized ob-

ective function on a large data set: w 

0 = w 

∗ + ε , where ε , the dif-

erence between the two parameters, is supposed to be relatively

mall, i.e. ‖ ε ‖ 
‖ w 

∗‖ . 
We consider the three estimates ̂ w = argmin w 

J( w ) , ̂ w 

L 2 =
rgmin w 

J( w ) + 

α
2 ‖ w ‖ 2 2 and 

̂ w 

SP = argmin w 

J( w ) + 

α
2 

∥∥w − w 

0 
∥∥2 

2 
.

heir closed-form formulations are respectively: 
 

 

 

̂ w = X 

T y ̂ w 

L 2 = 

1 
1+ α X 

T y ̂ w 

SP = 

1 
1+ α X 

T y + 

α
1+ α w 

0 

(9)

o that their expectations and variances are: 
 

 

 

 

 

E [ ̂  w ] = w 

∗

E [ ̂  w 

L 2 
] = 

1 
1+ α w 

∗

E [ ̂  w 

SP 
] = 

1 
1+ α w 

∗ + 

α
1+ α w 

0 

= w 

∗ + 

α
1+ α ε 

(10)

 

 

 

V [ ̂  w ] = σ 2 I p 

V [ ̂  w 

L 2 
] = 

(
σ

1+ α
)2 

I p 

V [ ̂  w 

SP 
] = 

(
σ

1+ α
)2 

I p 

(11)

hese expressions show that, without any regularization, the least

quared estimate ̂ w is unbiased, but with the largest variance.

ith the L 2 regularizer, the variance is decreased by a factor of

 / ( 1 + α) 2 but the squared bias is ‖ w 

∗‖ 2 α2 / ( 1 + α) 2 . The L 2 -SP

egularizer benefits from the same decrease of variance and suffers

rom the smaller squared bias ‖ ε ‖ 2 α2 / ( 1 + α) 2 . It is thus always a

etter option than L 2 (provided the assumption ‖ ε ‖ 
‖ w 

∗‖ holds),

nd it is the best option regarding squared error when ‖ ε ‖ α < σ ,

hich is likely when the sample size on the source task is much

arger than the sample size on the target task. 

.5.3. Shrinkage estimation 

Using L 2 -SP instead of L 2 can also be motivated by an analogy

ith shrinkage estimation [see e.g. 25 , chapter 5]. Although it is

nown that shrinking toward any reference is better than raw fit-

ing, it is also known that shrinking towards a value that is close to

he “true parameters” is more effective. The notion of “true param-

ters” is not readily applicable to deep networks, but the connec-

ion with Stein shrinking effect may be inspiring by surveying the

iterature considering shrinkage towards other references, such as

inear subspaces. In particular, it is likely that manifolds of param-

ters defined from the pre-trained network would provide a more

elevant reference than the single parameter value provided by the

re-trained network. 
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. Conclusion 

We described and tested simple regularization techniques for

ransfer learning with convolutional networks. They all encode an

xplicit bias towards the solution learned on the source task, re-

ulting in a trade-off between the solution to the target task and

he pre-trained parameter that is coherent with the original mo-

ivation for fine-tuning. All the regularizers evaluated here have

een already used for other purposes or in other contexts, but we

emonstrated their relevance for inductive transfer learning with

eep convolutional networks. 

We show that a simple L 2 penalty using the starting point as

 reference, L 2 -SP , is useful, even if early stopping is used. This

enalty is much more effective than the standard L 2 penalty that

s commonly used in fine-tuning. It is also more effective and sim-

ler to implement than the strategy consisting in freezing the first

ayers of a network. We provide theoretical hints and strong ex-

erimental evidence showing that L 2 -SP retains the memory of the

eatures learned on the source database. We thus believe that this

imple L 2 -SP scheme should be considered as the standard base-

ine in inductive transfer learning, and that future improvements

f transfer learning should rely on this baseline. 

Besides, we tested the effect of more elaborate penalties, based

n L 1 norm, Group- L 1 norm, or Fisher information. None of the

 

1 or Group- L 1 options seem to be valuable in the context of in-

uctive transfer learning that we considered here, and using the

isher information with L 2 -SP , though being better at preserving

he memory of the source task, does not improve accuracy on the

arget task. Different approaches, which implement an implicit bias

t the functional level, alike [27,32] , remain to be tested: being

ased on a different principle, their value should be assessed in

he framework of inductive transfer learning. 
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