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Recent works in computer vision and multimedia have shown that image memorability can be automatically

inferred exploiting powerful deep learning models. This paper advances the state of the art in this area

by addressing a novel and more challenging issue: “Given an arbitrary input image, can we make it more
memorable?”. To tackle this problemwe introduce an approach based on an editing-by-applying-filters paradigm:

given an input image, we propose to automatically retrieve a set of “style seeds”, i.e. a set of style images

which, applied to the input image through a neural style transfer algorithm, provide the highest increase in

memorability. We show the effectiveness of the proposed approach with experiments on the publicly available

LaMem dataset, performing both a quantitative evaluation and a user study. To demonstrate the flexibility

of the proposed framework, we also analyze the impact of different implementation choices, such as using

different state of the art neural style transfer methods. Finally, we show several qualitative results to provide

additional insights on the link between image style and memorability.
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1 INTRODUCTION
We live in an instant society, a society where everything has to be quick and fast and in which

the enormous amount of visual stimuli we receive daily has greatly overwhelmed the human

capacity to store information. Indeed, though it was shown that the human brain retains knowledge

derived from images and videos at a greater capacity with respect to other types of signals [9],

it is practically impossible to absorb all visual information which we are daily exposed to. As a

consequence, marketers and graphic designers are continuously struggling for capturing consumers’

visual attention, and even more, to leave a trace in his/her memory. This has lead to the development

of several digital tools which facilitate the modification of visual contents for capturing users gaze

and for improving images memorability, shareability and likability. While research studies in
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39:2 A. Siarohin et al.

Fig. 1. Illustration of the main idea behind the proposed framework (best viewed in colors). Given a generic
natural image (left), our approach automatically finds the best style filters, i.e. the ”seeds” (center) that
increase the most the memorability of the input image. Style filters are sorted by the corresponding predicted
memorability increases. Memorability scores in the range [0,1] are reported (bottom right corner of each
image).

cognitive neuroscience are used by marketers and designers to derive general rules for reshaping

visual contents, it would be desirable to reduce and/or complement human intervention and devise

technological solutions to automatically modify images and videos according to specific properties

or attributes. The specific case of memorability is interesting in practice, since it has not only a

commercial impact in marketing and fashion as well as in the way visual content influences people,

but has also a profound impact in education and more generally in knowledge dissemination.

Following this line of thought, this work introduces an approach to automatically modify images

such as to increase their memorability, i.e. their chance to be remembered. Previous research studies

have shown that memorability is an intrinsic image property [17], i.e. different viewers exhibit
similar memory performance in remembering/forgetting specific images [5, 40]. Other works have

demonstrated that image memorability can not only be measured with specific user studies but

also automatically predicted by employing advanced deep learning models with an accuracy close

to human performance [21].

This work makes a step forward along this research direction and we propose an approach to

automatically increase the memorability of an arbitrary input image by changing its style, i.e. its
low level features, while preserving its high level content. More in detail, inspired by the editing-
by-applying-a-filter paradigm implemented in popular tools such as Instangram or Prisma, we cast

the problem of increasing image memorability as a problem of retrieving the most “memoralizable”

style for the given image.

The main idea behind the proposed method is illustrated in Figure 1. Given a generic image,

our approach provides as output a list of suggested style images, i.e. the style seeds, sorted by

the estimated increase in memorability that the input image would achieve after stylization. The

suggested seeds are then used, together with the input image, to compute a set of stylized and highly

memorable images which are provided to the user. Our framework, which we refer as S3
or S-cube,

relies on three different modules (see Figure 2): the Synthesizer, which takes as input a generic

image and a given style and outputs the corresponding stylized image; the Scorer, which assigns a

memorability score to an input image and the Selector, which takes as input a generic image and

suggests the most “memoralizable” styles for that image. In details, at training time, given a set of

input images and different style seeds, the Synthesizer is used to generate several stylized images

using neural style transfer techniques. Subsequently, the Scorer is applied to each triplet of original

image-seed-stylized image, in order to compute a score reflecting the increase/decrease in terms

of image memorability. The obtained scores are used to train the Selector, a deep neural network

which, given an arbitrary input image is able to retrieve the top N seeds, i.e. the N seeds which

produce the largest increase in memorability. At test time (Figure 1), the Selector is used to retrieve
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the most memorabilizing seeds and provide them to the Synthesizer in order to generate highly

memorable images. We evaluate the proposed approach conducting experiments on the publicly

available LaMem dataset, showing that our method is effective in increasing image memorability.

This paper extends our previous work [37]. In particular, with respect to [37] we demonstrate

the flexibility of the proposed framework showing that (i) different network architectures can be

used for implementing both the Synthesizer and the Selector and that (ii) the optimal values of the

hyper-parameters used in the Synthesizer can be automatically estimated, further increasing the

memorability gap. Moreover, we significantly extend the experimental evaluation by performing a

user study and adding a qualitative analysis to investigate the correlation between memorability

and other perceptual properties such as affective quality.

To summarize, the contribution of our work is threefold:

� We introduce a novel framework to increase the memorability of images. We cast this task as

a problem of selecting the most memoralizable style “seeds” for a given image. In this way

we keep the users in the loop allowing them to choose among a small set of top styles. The

effectiveness of our approach in recommending the best styles is demonstrated with several

qualitative and quantitative results and with a user study.

� We demonstrate the flexibility of our framework with respect to different implementation

choices. Specifically, we show that our method is agnostic to the choice of the style transfer

method in the Synthesizer or to the neural architecture implementing the Selector.

� We propose an extended version of the method described in [37] where the optimal value of

the style transfer hyper-parameter regulating the trade-off between style and content can be

automatically estimated for a given image. In this way, our approach is able to compute not

only the best styles but also to determine the optimal degree of stylization.

2 RELATEDWORK
There are mainly three research lines related to our work: (i) studies addressing automatic image

manipulation for altering perceptual attributes, (ii) works on neural style transfer and (iii) studies

which analyze visual memorability. In this section we provide an overview of the most recent

papers within these lines.

Image Manipulation. Recent works have shown that it is possible to manipulate images with

the ultimate goal of altering perceptual properties such as aesthetic value [45], evoked emotions [31]

and memorability [20, 21]. For instance, Wang et al. [45] proposed a deep learning architecture

which increases the aesthetic value of a given picture by suggesting the best image cropping. The

crop suggestion is based both on saliency and on aesthetic quality criteria. Peng et al. [31] attempted

to modify the emotions evoked by an image by adjusting its color tone and its texture features.

Similarly, in [14] a methodology to exploit color palette in order to modify arbitrary images and

evoke specific emotion was presented. Ali et al. [2] described an image transformation approach

for modifying a source image in a way such that it can induce an emotional affect on the viewer.

Kim et al. [23] proposed a methodology based on semantic segmentation to modify the valance-

arousal score of images of natural scenes. Khosla et al. [21] showed that by removing visual details

from an image through a cartoonization process its memorability score can be modified. However,

they did not provide a methodology to systematically increase the memorability of pictures. The

same group [20] also demonstrated that it is possible to increase the memorability of faces, while

maintaining the identity of the person and properties like age, attractiveness and facial expression.

Up to our knowledge, ours is the first attempt to automatically increase the memorability of generic

images (not only faces). We cast the problem of increasing image memorability as a problem of
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selecting the most �memorabilizable� style �lters, thus addressing the task of image manipulation
under the popular �editing-by-applying-a-�lter� paradigm.

Neural Style Transfer. The pioneering work in [8] on neural style transfer has been followed up
by many other studies mostly addressing its limitations in terms of computational cost. In particular,
Ulyanovet al.[44] dramatically reduced the time required for stylization, despite introducing the
constraint that only a pre�xed number of styles can be adopted. Huanget al.[15] proposed a style
transfer method which is fast and works with arbitrary styles. Other research studies proposed
modi�cations of the original style transfer framework [8] in order to adapt it to di�erent applications,
such as photorealistic rendering [27] or semantically composite transfer [6].

More recent works [46] addressed the problem of improving the quality of the stylized images,
considering second order statistics for style representation. Other works [33] addressed the problem
of style transfer in videos, proposing methods which generate multiple frames with a speci�c
style while ensuring temporal coherence. Shenget al. [36] proposed an e�cient technique for
zero-shot style transfer,i.e.for transferring arbitrary styles into content images. A Multi-style
Generative Network was presented in [46] with the purpose of retaining the functionality of earlier
optimization-based approaches, while ensuring real time processing.

However, to the best of our knowledge no previous works on deep stylization focused on
modifying images in order to enhance speci�c high level attributes such as memorability.

Memorability and Related Perceptual Attributes. Visual memorability has been investigated
by several works both from a psychological [9, 41] and a computational perspective [16, 39]. While
works in psychology mostly focused on the human memory capacity, recent works in computer
vision studied memorability as an intrinsic property of images. Several works considered the
questionWhat makes an image memorable?, �nding that image properties like distinctiveness [5, 40]
and arousal [25, 29, 32] have a positive in�uence on memorability. Khoslaet al.[21] demonstrated a
positive correlation between memorability and popularity, suggesting that memorable images have
a higher chance of becoming popular. Subsequent works from the same research group showed that
it is possible to predict the number of views that an image will receive on social media even before
it is uploaded [19]. Other studies lead to the conclusion that high level concepts like the presence
of faces are what contribute mostly to memorability [18]. Similarly, a recent study demonstrated
that users are more likely to watch videos which have highly memorable and interesting video
summaries [30]. How to automatically modify generic images in order to make them memorable
has been addressed in [35]. However, this work does not exploit the �exibility of neural style
transfer techniques to solve this task.

The link between memorability and style-related cues like colors has been previously explored.
For instance, studies found that harmonious colors appear to be more memorable [42]. Other works
showed a negative correlation between memorability and other image properties like aesthetic
value [18, 22] and interestingness [12]. In particular, visual interestingness was found to positively
correlate with the perceived image naturalness [13, 39] and complexity [1, 3, 7, 11, 39]. Additionally,
works in psychology investigated the link between visual complexity and human memory. For
example, high complexity was found to reduce the ability to focus on important visual information
in [16]. In this work, we advance the state of the art on computational models for studying
memorability by analyzing the role of the image style and by further investigating the relation
between memorability and other perceptual attributes such as interestingness. To the best of our
knowledge, no works so far have investigated the e�ect of transferring a style to an image in order
to enhance its memorability.
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Fig. 2. Overview of our method. At training time, the SynthesizerSyand the ScorerScserve to generate the
training data (highlighted with a red do�ed frame) for the seed SelectorSl . At test time, the seed Selector
provides for each new image a sorted list of style seeds, based on the predicted memorability increaseSl �s ¹Iv º.

3 METHOD

In this section we introduce the proposed framework to automatically increase the memorability
of an input image. Our method is designed in a way such that the process of generating highly
memorable stylized images is performed in an e�cient way. In a nutshell, our approach exploits
neural style transfer methods to create stylized images. However, in our framework the process of
stylization is driven by a speci�c module which ensures that the generated images have increased
memorability and, implicitly, that most of the high level content of the original images is preserved.

3.1 Overview

The proposedS-cube approach co-articulates three main components, namely the seed Selector, the
Scorer and the Synthesizer. In order to give a general idea of our methodological framework, we
illustrate the pipeline associated toS-cube in Figure 2. The Selector is the core of our approach: for
a generic input imageI and given a set of style image seedsS, the Selector retrieves the subset ofS
that will be able to produce the largest increase of memorability. In details, the seed Selector predicts
the expected increase/decrease of memorability that each seedS 2 S will produce in the input
imageI, and consequently it ranks the seeds according to the expected increase of memorability.
At training time, the Synthesizer and the Scorer are used to generate stylized images from many
input image-seed pairs and to score these pairs, respectively. Each input image is then associated
to the relative increase/decrease of memorability score obtained with each of the seeds. With this
information, we can learn to predict the increase/decrease of memorability for a new image, and
therefore rank the seeds according to the expected increase. Indeed, at test time, the Selector is
able to retrieve the most memoralizable seeds and give them to the Synthesizer. In this paper we
also present an extended version of the original method in [37], where we learn to predict not only
the most memoralizable seeds but for each seed we also automatically compute the optimal degree
of stylization. In the following, we �rst formalize theS-cube framework and then describe each of
the three components in detail.

3.2 TheS-cube approach

Let us denote the Scorer, the Synthesizer and the seed Selector models bySc, SyandSl , respectively.
During the training phase the three models are learned. The Scoring modelSc returns the
memorability valueSc¹Iº of a generic imageI, and it is learned by means of a training set of images
annotated with memorability:M = f IM

i ;mi gI
i =1. In addition to this training set, we also consider
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a generating set of natural imagesG = f IG
g gG

g=1 and a set of style seed imagesS = f SsgS
s=1. The

Synthesizer produces an image from an image-seed pair,

Igs = Sy
�
IG
g ;Ss

�
: (1)

The ScoringScand the SynthesizerSyare the required steps to train the seed SelectorSl . Indeed,
for each imageIG

g 2 G and for each style seedSs 2 S, the synthesis procedure generatesIgs. The
Scoring model is used to compute the memorability score gap between the synthesized and the
original images:

mSc
gs = Sc¹Igsº � Sc¹IG

g º: (2)

The seed-wise concatenation of these scores, denoted bymSc
g = ¹mSc

gsºS
s=1, is used to learn the seed

Selector. Speci�cally, a training set of natural images labeled with the seed-wise concatenation of
memorability gapsR = f IG

g ;mSc
g gG

g=1 is constructed. Once the Selector is trained onR, it is able
to estimate the vector of memorability gaps for a test image, which is much faster than running
the Synthesizer and the ScorerStimes (one per seed). This is one of the main contributions of the
present paper. Moreover, the memorability gap vector provides a ranking of the seeds in terms of
their ability to memorabilize images (i.e.,the best seed corresponds to the largest memorability
increase).

During the test phase and given a novel imageIv , the seed Selector is applied to predict the
vector of memorability gap scores associated to all style seeds,i.e.mv = Sl¹Iv º. A ranking of seeds
is then derived from the vectormv . Based on this ranking the Synthesizer is applied to the test
imageIv considering only the topQ style seedsSs and produces a set of stylized imagesf IqsgQ

q=1.
In the following we describe the three main building blocks of our approach, providing details

of our implementation. We also present the extended version of the proposed method for the
automatic selection of the degree of stylization.

3.2.1 The Scorer.The scoring modelSc returns an estimate of the memorability associated
to an input imageI. In our work, we use the memorability predictor based on LaMem dataset
in [21], which is the state of the art to automatically compute image memorability. In details,
following [21] we consider the AlexNet CNN model as pre-trained in [47] (named Hybrid-CNN),
i.e.on the ImageNet and Places datasets. Then, we randomly split the LaMem training set into two
disjoint subsets (of 22,500 images each),M andE. Starting from the pre-trained mode, we minimize
the Euclidean distance of the scores on each subset of LaMem, thus learning two independent
scoring modelsScandEv. While, as discussed above,Scis used during the training phase of our
approach, the modelEvis adopted for evaluation. For training, we run70k iterations of stochastic
gradient descent with momentum 0.9, learning rate10� 3 and batch size 256.

3.2.2 The Synthesizer.The Synthesizer takes as input a generic imageIg and a style seed image
Ss and produces a stylized imageIgs = Sy¹Ig;Sysº. In this work we consider two di�erent neural
style transfer methods to implement the Synthesizer, namely the approach in [43] and the most
recent method in [15].

The strategy proposed in [43] consists on training a di�erent feed-forward network for every
seed. In this work as seeds we use 100 abstract paintings from the DeviantArt database [34], and
therefore we trainS = 100networks for10k iterations with learning rate10� 2. The most important
hyperparameter of the style transfer method in [43] is the coe�cient � , which regulates the trade-o�
between preserving the original image content and generating something closer to the style image
(see Figure 3). In our experiments we evaluated the e�ect of� on the creation of highly memorable
images (see Section 4.2).
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Iv Ss 0:5 2 10

Fig. 3. Sample stylized images. (Le�) Original images and applied style seeds. (Right) Synthesized images
obtained with the method in [43] at varying� .

Iv Ss [43] [15]
Fig. 4. Sample stylized images. Original imagesIv , applied style seedsSs and stylized images obtained using
as Synthesizer the methods in [43] and [15].

It is worth noticing that the methodology proposed in this article is independent of the synthesis
procedure. Indeed, we also tried another method recently proposed by Huanget al.[15], which
achieves very good stylization performance while keeping the computational complexity low. This
is especially important in our framework since the Synthesizer is also used to generate the training
set for learningSl . Similarly to [43], in [15] a parameter� can be set to regulate the degree of
stylization. Figure 4 depicts some sample stylization results obtained using the two style transfer
methods considered in our work [15, 43].

3.2.3 The Seed Selector.The core part of our approach is the Selector. Given a training set of
natural images labeled with the vector of memorability gaps:R = f IG

g ;mSc
g gG

g=1, the seed Selector
Sl is trained minimizing the following objective:

L Sl =
GÕ

g=1

L
�
Sl ¹IG

g º;mSc
g

�
: (3)

whereL is a loss function which measures the discrepancy between the learned vectorSl ¹IG
g º and

the memorability gap scoresmSc
g . By training the seed Selector with memorability gaps, we are

learningby how much each of the seeds increases or decreases the memorability of a given image.
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This has several advantages. First, we can very easily rank the seeds by the expected increase in
memorability they will produce if used together with the input image and the synthesis procedure.
Second, if several seeds have similar expected memorability increase, they can be proposed to
the user for further selection. Third, if all seeds are expected to decrease the memorability, the
optimal choice of not modifying the image can easily be made. Fourth, onceSl is trained, all this
information comes at the price of evaluatingSl for a new image, which is cheaper than runningSy
andScStimes.

Even if this strategy has many advantages at testing time, the most prominent drawback is
that, to create the training setR, one should ideally call the synthesis procedure for all possible
image-seed pairs. This clearly reduces the scalability and the �exibility of the proposed approach.
The scalability because training the model on a large image dataset means generating a much larger
dataset (i.e., S times larger). The �exibility because if one wishes to add a new seed to the setS,
then all image-seed pairs for the new seed need to be synthesized and this takes time. Therefore,
it would be desirable to �nd a way to overcome these limitations while keeping the advantages
described in the previous paragraph.

The solution to these issues comes with a model able to learn from a partially synthesized set, in
which not all image-seed pairs are generated and scored. This means that the memorability gap
vectormM

g has missing entries. In this way we only require to generateenoughimage-seed pairs. To
this aim, we propose to use a decomposable loss functionL . Formally, we de�ne a binary variable
! gs set to1 if the gs-th image-seed pair is available and to0 otherwise and rewrite the objective
function in (3) as:

L Sl =
GÕ

g=1

SÕ

s=1

! gs`
�
Sls¹IG

g º;mSc
gs

�
: (4)

whereSls is thes-th component ofSl and` is the square loss. We implemented this model using
an AlexNet architecture [24], where the prediction errors for the missing entries ofmSc

g are not
back-propagated. Speci�cally, we considered the pre-trained Hybrid CNN model [47] and �ne-tune
only the layers fc6, fc7, conv5, conv4 using a learning rate equal to10� 3, momentum equal to 0.9
and batch size 64. The choice of Hybrid-CNN is considered more appropriate when dealing with
generic images since the network is pre-trained both on images of places and objects.

3.2.4 Learning the Degree of Stylization.In theS-cube method described above, the parameter�
used by the Synthesizer and regulating the trade-o� between content and style is assumed to be �xed
and is de�neda priori. In this section we introduce an extended version ofS-cube, where the seed
Selector is also able to predict the optimal� value,i.e.the optimal degree of stylization, for a given
image-seed pair. To this aim we modify the implementation of the seed Selector and train it using
an augmented training set generated with the Synthesizer. Speci�cally, by considering explicitly�

we rewrite Eqn. 1 denoting the stylized image asI�gs = Sy
�
IG
g ;Ss; �

�
. The memorability score gap

between the synthesized and the original image in Eqn. 2 is denoted asmSc
gs� = Sc¹I�gsº � Sc¹IG

g º
andmSc

g� indicates the vector of the score gaps for all styles and a given value of� .
Assuming that the setA of the possible values of� is �nite, for implementing the Selector

we propose to learn di�erent deep network models, each corresponding to a speci�c degree of
stylization� and computing for each imageIg the associated memorability gap vectormSc

g� . However,
if the cardinality of the setA is large, learning di�erent models may be ine�cient both in terms of
memory and computational cost. To address this issue, we resort to a multi-task learning framework.
Speci�cally, we consider the pretrained Hybrid CNN model [47] and we implement the di�erent
network models imposing that they share the same parameters in the convolutional block and
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di�er only in the fully connected layers. Our assumption is that the learned models are related as
their training sets have been generated with the same style seeds and images. In our experiments
we considered three di�erent values of� , i.e� 2 A = f 0:5;2;10g. This means that, for instance,
for generating the augmented training set for the Selector with the method in [43] we useS = 300
networks, one for each pair of� value and styleSs.

4 EXPERIMENTAL VALIDATION

In this section we report the results of our experimental validation. First, we describe the datasets
used in our evaluation and the adopted experimental setup (Section 4.1). Then, we report the
performance ofS-cube in increasing image memorability by selecting the most memoralizable
seed styles (Section 4.2). We also present the results of a user study, where we collected the actual
memorability scores for a set of original and stylized image pairs (Section 4.3). Finally, in Section
4.4 we present some qualitative results.

4.1 Datasets and Experimental Setup

4.1.1 Datasets.We considered two datasets in our evaluation: LaMem [21] and DeviantArt [34].
TheLaMemdataset [21] is currently the largest dataset used to study visual memorability. It is a

collection of 58,741 images gathered from a number of previously existing datasets, including the
A�ective Images dataset [28] which consists of Art and Abstract paintings. The memorability scores
were collected for all the pictures in the dataset using an optimized protocol of the memorability
game. The corpus was released to overcome the limitations of previous works on memorability
which used small datasets and very speci�c image domains. The large appearance variations of the
images makes LaMem especially suitable for analyzing the performance of our method.

TheDeviantArtdataset [34] consists of a set of 500 abstract art paintings collected from deviantArt
(dA), an online social network site devoted to user-generated art. Since the main idea behind our
method is to avoid substantial modi�cations of the high-level image content we selected the style
seeds from abstract paintings. Indeed, abstract art relies on texture and color combinations, thus it
is especially appropriate when targeting the automatic modi�cation of low-level features.

4.1.2 Experimental Setup.In our experiments using the LaMem dataset we considered the same
training (45,000 images), test (10,000 images) and validation (3,741 images) data adopted in [21].
We split the LaMem training set into two subsets of 22,500 images each (see also Section 3.2.1),
M and E, which are used to train two predictorsScandEv, respectively. The modelSc is the
Scorer employed in our framework, whileEv(which we will denote in the following as the external
predictor or the evaluator) is used to evaluate the performance of our approach, as a proxy for
human assessment. We highlight thatScandEvcan be used as two independent memorability
scoring functions, sinceM andE are disjoint. The validation set is used to implement the early
stopping. To evaluate the performance of our Scorer modelsScandEv, following [21], we compute
the rank correlation between predicted and actual memorability on LaMem test set. We obtain a
rank correlation of 0.63 with both models, while [21] achieves a rank correlation of 0.64 training
on the whole LaMem training set. As reported in [21], this is close to human performance (0.68).

The test set of LaMem (10k images) is then used (i) to learn the proposed seed Selector and (ii) to
evaluate the overall framework (and the Selector in particular). In detail, we split LaMem test set
into train, validation and test for our Selector with proportion 8:1:1, meaning 8,000 for training and
1,000 for validation and test. The training set for the Selector was already introduced asG. The
validation set is used to perform early stopping, if required. We denote the test set asV .
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Regarding the seeds, we estimated the memorability of all paintings of DeviantArt usingScand
selected the 50 most and the 50 least memorable images as seeds in the setS. The memorability
scores of the deviantArt images range from 0.556 to 0.938.

For the user study, we randomly selected 66 images fromV and we assigned to each of them
a style image randomly extracted fromS. Then, for each image-seed pair we collect the actual
memorability scores following the memorability game protocol described in [21]. The purpose
of our user study is twofold: (i) to show that our method is able to increase the memorability of
arbitrary images and (ii) to demonstrate that the external predictorEvis a good proxy for a user
evaluation.

4.1.3 Evaluation Metrics.We evaluate the performance of our method in predicting the memora-
bility increase of an image-seed pair using two di�erent performance measures: the mean squared
error (MSE) and the accuracyA, which are de�ned as follows:

MSEX =
1

SV

SÕ

s=1

VÕ

v =1

�
mX

v s � Sls¹IV
v º

� 2
(5)

and

AX =
1

SV

SÕ

s=1

VÕ

v =1

¹1 � j HS¹mX
v sº � HS¹Sls¹I V

v ººjº (6)

where a generic imageIV
v is taken from a set of (yet) unseen imagesV = f IV

v gV
v =1 and the seedS

is taken from a set of style seeds.HSis the Heaviside step function, which sets the input variables
to 0 or 1, respectively when their initial values is lower or higher than zero [26].The evaluation is
performed based on the internal predictor (Sc), the external predictor (Ev) or the human assessment
(H) as indicated withX2 fSc;Ev;Hg.

4.1.4 Baseline.To the best of our knowledge this is the �rst work showing that it is possible to
automatically increase the memorability of a generic image. For this reason, a direct and quantitative
comparison with previous studies is not possible. Indeed, the recent work [21] showed that it is
possible to compute accurate memorability maps from images, which can be used as bases for
further image manipulations. They also observed that using a memorability map for removing
image details, such as through a cartoonization process, typically lead to a memorability decrease.
Complementarily, we aim to e�ectively increase image memorability without modifying the high
level content of the images. Therefore, the approach by [21] does not directly compare with ours.
The only potential competitor to our approach would be [20], except that the method is speci�cally
designed for face photographs. Indeed, the proposed approach aims to modify the memorability
while keeping other attributes (age, gender, expression) as well as the identify untouched. Therefore,
the principle of [20] cannot be straightforwardly transferred to generic images. Consequently, we
de�ne an averagebaselineB that consists on ranking the style seeds according to the average
memorability increase for the training set, de�ned as:

�mSc
s =

1
G

GÕ

g=1

mSc
gs: (7)

In other words, we are comparing the proposed image-dependent seed selector with an image-
independent seed selector. The latter consists in selecting, for a test image, the seed that maximizes
the memorability gap on average over the generating set.
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ASc AEv MSESc MSEEv

�! B S-cube B S-cube B S-cube B S-cube

0.01 63.21 57.12 60.96 56.01 0.0113 0.0138 0.0119 0.0137
0.1 64.49 64.70 61.07 62.22 0.0112 0.0114 0.0117 0.0119
0.5 64.41 67.18 61.06 64.38 0.0112 0.0102 0.0117 0.0106
1 64.41 67.75 61.06 64.70 0.0112 0.0102 0.0117 0.0108

Table 1. Performance ofS-cube compared to baselineB at varying percentage of training data�! , measured
in terms of (le�) accuracyA and (right) mean squared error (MSE). Performances have been evaluated using
both the internalScand the externalEvpredictor.

AEv MSEEv

S B S-cube B S-cube

20 60.66 63.15 0.0114 0.0111
50 61.09 63.51 0.0116 0.0109
100 61.06 64.38 0.0117 0.0106

Table 2. Performance ofS-cube compared to baselineB at varying the cardinalityS of the style setS
measured in terms of AccuracyAEv and Mean Square Error MSEEv.

4.2 Experimental Results

In this section we assess the e�ectiveness of our method in suggesting �memoralizable� style seeds
under di�erent experimental setups. Our code is available online1.

4.2.1 Increasing Image Memorability.Table 1 reports the performance of both the proposed
approach (S-cube) and the baseline (B) for di�erent values of the average amount of image-seed
pairs �! . More precisely,�! = 1 means that all image-seed pairs are used,�! = 0:1 means that
only 10% is used, and so on. We report the accuracy (A) and the MSE evaluated using the internal
scoring modelScand the external scoring modelEv. Generally speaking our method outperforms
the baseline if enough image-seed pairs are available. We argue that, as it is well known, deep
architectures require asu�cient amount of data to be e�ective. Indeed, when�! = 0:01, the
network optimization procedure attempts to learn a regression model from the raw image to a
100-dimensional space with, on average, only one of these dimensions propagating the error back
to the network. Although this dimension is di�erent for each image, we may be facing a situation in
which not enough information is propagated back so as to e�ectively learn a robust regressor. This
situation is coherent when the scoring method changes fromScto Ev. We can clearly observe an
increase in performance when usingSc, as expected. Indeed, since the seed Selector has been trained
to learn the memorability gap fromSc, the performance is higher when usingScinstead ofEv.
This result further motivates the need of having an external ScorerEv, trained on an independent
set of images, to evaluate the performance of our method. In this series of experiments and in the
following, unless otherwise speci�ed, we set� = 2.

1https://github.com/AliaksandrSiarohin/mem-transfer
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Fig. 5. Sorted average memorability gaps�mv obtained with our methodS-cube (le�) averaging over varying
number of topN seeds and (right) at varying the cardinalityS of the seed set, withN = 10. Abscissa
corresponds to test image index, ranked by�mv . The wider is �mv , the be�er.

Furthermore, we studied the behavior of our framework when varying the sizeSof the seed set.
Results are shown in Table 2. The parameter�! is set to0:5. Speci�cally, we select two sets of 50
and 20 seeds out of the initial 100, randomly sampling these seeds half from the 50 most and half
from the 50 least memorable ones. In terms of accuracy, the performance of both the proposed
method and the baseline remain pretty stable when decreasing the number of seeds. However, a
di�erent trend is observed for the MSE. Indeed, while the MSE of the proposed method increases
when reducing the number of seeds (as expected), the opposite trend is found for the baseline
method. We argue that, even if the baseline method is robust in terms of selecting the bests seeds to
a decrease of the number of seeds, it does not do a good job at predicting the actual memorability
increase. Instead, the proposed method is able to select the best seeds and better measures their
impact, especially when more seeds are available. This is especially important if the method wants
to be deployed with larger seed sets.

We also assess the validity of our method as a tool for e�ectively increasing the memorability
of a generic input imageIv . In Figure 5 (left) we report the average memorability gap�mv over
the topN seeds retrieved, withN = 3;10;20and all the seeds. For display purposes, we rank the
images of test setV by their average memorability gap, so that in Figure 5 (left), the curve closer
to the upper-left corner corresponds the the best method. It can be noted that�mv achieves higher
values when smaller sets of topN seeds are considered, as an indication that our method e�ectively
retrieves the most memorabilizing seeds. In Figure 5 (right) we report the average memorability
gaps �mv obtained over the test setV with S-cube, consideringN = 10and a varying number
of style seedsS. As expected, a larger number of seeds results into a higher increase in term of
memorability.

Finally, we investigated the link between the memorability score of the style seeds and the
corresponding average memorability increase obtained for each seed. A low correlation is found
between these two sets, meaning that the seed style alone is not predictive for the memorability
increase and that the optimal ranking is dependent also on the image. In details, we found a Pearson
rank correlation� =0.277 in the case of� = 2. These results further motivate the intuition behind
the proposed method: increasing the memorability of an image means selecting the style which
better matches its visual appearance.

4.2.2 S-cube as a generic framework.In this subsection we show additional results in order to
demonstrate that the proposedS-cube is a general framework and di�erent choices can be made
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AEv MSEEv

B S-cube B S-cube

Ulyanovet al.[43] 61.06 64.38 0.0117 0.0106
Huanget al.[15] 70.08 75.12 0.0142 0.0112

AlexNet [24] 61.06 64.38 0.0117 0.0106
VGG16 [38] 61.06 63.49 0.0117 0.0111

Table 3. Performance ofS-cube compared to the baselineB under di�erent implementation choices, evaluated
in terms of Accuracy and MSE and using the external predictor (Ev): (top) using the style transfer methods
in [43] and in [15] and (bo�om) using di�erent architectures for the Selector.

Huanget al.[15] Ulyanovet al.[43] Ulyanovet al.[43] Ulyanovet al.[43]
� =0.5 � =2 � =10

Huanget al.[15] 1.000 0.789 0.875 0.938
Ulyanovet al.[43] � =0.5 - 1.000 0.936 0.836
Ulyanovet al.[43] � =2 - - 1.000 0.934
Ulyanovet al.[43] � =10 - - - 1.000

Table 4. Pearson correlations between memorability gaps of each image-seed pair in the test setV , obtained
using di�erent style transfer methods.

to implement the main system components. In particular, in our experiments we consider the
Synthesizer and the Selector.

For theSynthetizer, as discussed in Section 3.2.2, we used two di�erent style transfer methods,
one proposed by Ulyanovet al.[43] and the other by Huanget al.[15]. Performances in terms of
Accuracy and MSE forS-cube and the baselineB are reported in Table 3. Better performance are
obtained using ourS-cube with respect to the baseline. These results demonstrate that our method
can integrate di�erent style transfer methods, suggesting thatS-cube can be easily upgraded (and
further improved) when novel style transfer techniques are made available in literature.

Similarly, for theSelectorwe consider di�erent deep networks. In particular, in Table 3 we report
the performance of theS-cube when using two di�erent architectures, VGG16 [38] (pre-trained on
ImageNet) and AlexNet (Hybrid-CNN [47]). The details of these architectures can be found in the
original papers [38, 47]). From the Table it can be observed thatS-cube consistently outperforms
the baseline.

Furthermore, we investigated the impact of using di�erent style transfer techniques on the
style ranking for each image in the test setV . To this aim, we computed the Pearson correlation
between the memorability gaps obtained withS-cube using di�erent style transfer methods. These
values are reported in Table 4. As it can be seen, a strong correlation, i.e.� =0.875, is found when
considering Huanget al.[15] and Ulyanovet al.[43] with � = 2. A correlation value greater than
0.8 is found when considering Ulyanovet al.[43] with di�erent � values.

4.2.3 Analyzing the impact of the degree of stylization� . We also performed additional experi-
ments to study the impact of the hyper-parameter� on the performance of the method. In these
experiments we consider the style transfer approach in [43] for implementing the Synthesizer. In
Table 5 we show the performance ofS-cube when the system is trained using a pre-de�ned� value.

ACM Transactions on Multimedia Computing, Communications and Applications, Vol. 9, No. 4, Article 39. Publication date:
March 2010.



39:14 A. Siarohin et al.

AX MSEX

� B S-cube B S-cube

X= Sc
0.5 62.70 63.37 0.0102 0.0100
2 64.41 67.75 0.0112 0.0102
10 67.99 73.25 0.0125 0.0104

X= Ev
0.5 58.30 59.50 0.0107 0.0103
2 61.06 64.70 0.0117 0.0108
10 68.31 71.71 0.0132 0.0111

Table 5. Performance ofS-cube at varying� . Performance is reported in terms of Accuracy and MSE using
both the internal (Sc) and the external (Ev) predictor.

A Top 3 Top 10 Top 20 Top 30 All

f 0:5g 0.0574 0.0377 0.0217 0.0143 -0.0085
f 2g 0.0739 0.0567 0.0440 0.0352 -0.0096
f 10g 0.0695 0.0651 0.0573 0.0493 -0.0251

f 0:5;2;10g 0.0742 0.0688 0.0606 0.0516 0.0064

Table 6. Average memorability increases obtained when considering the top N memoralizable style seeds
retrieved withS-cube and di�erent setsA .

In all the casesS-cube performs better than the baselineB, both when considering the internal and
the external predictor.

In Table 6 we show the performance obtained with the extended version of our method which
estimates the best style seed and the Synthesizer parameter� for a given image. We report the
average memorability increases over the test setV , obtained when averaging over the top N best
style seeds retrieved for each test image (N = 3;10;20;30and100). Our method achieves the best
performance when it is possible to choose the optimal� value for each image-seed pair. In other
words, by actively selecting� it is possible to achieve a higher increase in terms of memorability.
In order to give an idea of how well our method is performing, we computed the Upper Bound (UB)
of the memorability increase, achievable for a given set of images and styles, in the case of� =2 and
Top 3. Speci�cally, we run the Stylizer with for the set of image-style pairs, we ranked for each test
image the obtained stylized images according to the memorability measured by the internal Scorer
Sc, we selected the Top 3 for each test image and we averaged the corresponding memorability
increases based on the external ScorerEv. The following results are obtained: Baseline (B): 0.0694;
S-cube: 0.0739; UB: 0.0804.

To further analyze the impact of the degree of stylization, we also conduct an experiment to see
if there is correlation between high/low values of the parameter� and certain types of style seeds.
Speci�cally, we run an experiment to verify whether it exists for each seed a tendency to be assigned
to a speci�c� value among the three considered (� =0.5, 2 or 10). The probability for each style seed
to be assigned to� equal to 0.5, 2 or 10 is depicted in Fig.6. It is easy to see that this probability
changes according to the style seed. In other words, in order to increase the memorability of a test
image, some seeds tend to be selected with a low� , other with a high value. In Fig. 7, we reported
the top 10 style seeds which are usually assigned with a low value of stylization coe�cient (� = 0:5)
(see Fig.6-top) and the top 10 styles which are usually assigned with a high value of stylization
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