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ABSTRACT

Capturing images has become a simple task due to the popularity and technological advancements
in cameras and cellphones. As the quantity of pictures being taken increases, the task of organiz-
ing them while preserving their significance is becoming more challenging. Solving this problem
requires creating a system that can identify the type of album, select the important photos to store,
and automatically delete the rest. Such a system could also significantly reduce the storage require-
ments and create attractive story videos. In this study, we design a multitask network architecture
that can simultaneously learn event recognition and image importance, thereby preventing the
need for event-type information. This approach combines the strengths of convolution neural net-
works for image description with an attention and transformer mechanism for album description
to perform both event recognition and image significance determination, providing a viable and
effective approach with faster prediction times for both image importance and event identifica-
tion. Our approach surpasses state-of-the-art methods by improving 3% on image importance
tasks and achieving 67.21% accuracy on event recognition tasks in the ML-CUFED dataset. The re-
sults are evaluated on multiple backbones and parameters to demonstrate the generalization of
the proposed methodology.
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INTRODUCTION

The prevalence of cameras today, specifically in mo-
bile phones, has made taking pictures commonplace
and practically effortless. People attending an impor-
tant event, such as the Thanksgiving holiday with fam-
ily and friends, may take numerous photos to cap-
ture the interesting moments that take place during
the event. As a result, they may have a large num-
ber of photos from the holiday on their phone. If they
want to share their meaningful moments with friends
and family, they will have a laborious and time-
consuming task of selecting significant photographs
from their large collection of images. They will also
have to face the same task of selecting important and
meaningful photos before saving them to their com-
puter or phone or uploading them to the cloud. For
many people, manual album organizing is no longer
practical; as such, there is a growing need for this task
to be carried out automatically. The work of catego-
rizing a particular set of images in a classical photo
album into a predetermined list of noteworthy names
is known as event recognition (e.g., birthdays, Christ-
mas, vacations, sporting events, etc.). There are typ-

ically three main challenges associated with recog-
nizing events in photo albums: (1) The analysis in-
volves a collection of several disorganized photos, re-
quiring seconds to hours or even days; (2) Common
photo galleries typically contain ineffective images;
(3) Image encoders must contain both low-level and
high-level features, but currently available datasets are
small and potentially insufficient to support represen-
tation learning. An additional challenge involves se-
lecting relevant images in photo albums because the
image importance of albums depends on the accuracy
of event recognition. For example, if a person needs
to choose the most significant photo from their va-
cation in Dubai, an image of the beach at Jumeirah
Beach Residence is clearly important to keep. How-
ever, if the album is specific for a birthday, then the
most significant photo would include the person hav-
ing the birthday and the birthday cake, because the
beach scenery is only in the background. To address
this challenge, this research poses the following ques-
tion, as visualized in Figure 1: “Can we build a model
that recognizes the event label and scores the impor-
tance of images?”.
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Existing categorization methods previously proposed
address different aspects of these challenges in differ-
ent ways. Using basic or weighted averaging, multi-
image analysis was proposed >, Recurrent neural
networks (RNNs) were also employed in previous

studies3~°.

To recognize events in photo albums,
RNNs must be able to capture global relationships be-
tween distant sequence components. Image impor-

tance ground-truth usage>>’

was employed to de-
termine how to use the most pertinent album pho-
tographs, although this necessitates thorough anno-
tation of each image’s relevance. By using an at-
tention layer to compare photos to an event, Guo
et al.® ignored this annotation in their proposed
method. They learned the image significantly in an
implicit manner when training the model. Never-
theless, the implicit expected visual significance was
not assessed. They also suggested using a combi-
nation of different networks and hierarchical feature
extraction to handle the image representation prob-
lem, which could require a more complicated solu-
tion. Savchenko® similarly utilized an attention to
combining picture-embedding descriptors by a learn-
able model. However, their image descriptor also
contained image-captioning information, which de-
creases performance and yields lower classification
accuracy. In this study, we reveal significant find-
ings on event classification and image importance on
benchmark datasets and offer a feasible and effective
multi-task learning solution based on a transformer
and attention mechanism.

Photo Album

LA

Event Label
(Task)

Multitask
Learning

Importance Image Scoring
(Task)

Figure 1: Overview of multitask learning in a photo
album

10

Transformers™” are increasingly being used as se-

quential data classification models. Transformers
enable multi-image processing and use an attention
technique to concentrate on the most crucial com-
ponents. Information propagation is restricted, even
if LSTMs!! ideally attempt to store short and long
information in memory, because the impact of the
strongest gradients may fade. Transformers have en-
abled advancements in the processing of serial data
due to the limitations on the robust processing win-
dow. As a result of parallel computing, transform-
ers can successfully apply global attention over the
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entire collection of images while considering the re-
lationships between remote sequence parts. We ap-
ply knowledge from the deep CNN model learned
on a generic classification task for images to handle
high-level picture representation while training with
small datasets. We address how our methodology
may be applied, such as in a plugin-in module with
pre-existing image-recognition frameworks, with the
settings remaining constant and only the transformer
component being trained. Automatic photograph or-
ganization in typical real-world applications requires
both single photograph categorization and abnormal
event classification. In practice, it may be benefi-
cial to use pre-calculated picture representations or
share image representations across these two jobs.
Our proposed method permits sharing of parame-
ters and computations as well as knowledge transfer
from large datasets, which shares similar advantages
with multi-task learning. Understanding which pho-
tographs contain important information and separat-
ing those from less important photographs is a crucial
component of automatic album arrangement. This
semantic content analysis work can improve event
recognition, and it may also be helpful for other rank-
ing applications for photo collections, such as album
stories or summarization, or the removal of clutter
from photos. The subjective nature of image im-
portance prediction presents a significant challenge;
hence, only annotated datasets are currently available.
Previous methods trained models to predict image
importance explicitly from labeled data®’. Human-
annotated datasets are limited because the relevance
of an image is not clearly defined, and they may be
difficult to scale due to the laborious process of an-
notating the ground truth for both event name and
importance score. In our approach, we propose us-
ing the transformer’s attentional learnings to forecast
the significance of album images. We show that our
model can estimate image importance even when it
has not been specifically trained on this task-specific
annotation. This research makes several innovative
contributions.

1) We propose a multitask model that trains both
album-level representation for event classification
and image-level feature representation for image im-
portance tasks.

2) We investigate a novel fusion of transformers and
attention mechanisms for photo album understand-
ing to recognize events and score important images.
This methodology significantly outperforms state-
of-the-art (SOTA) approaches on image importance
tasks and achieves high performance on event recog-
nition tasks.
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3) Evaluation and testing on multiple backbones and
several samples on each album, leveraging a pre-
trained feature extractor for image representation.
The results on the ML-CUFED dataset outperform
previous approaches by achieving 3% higher accuracy
on image importance tasks.

RELATED WORK

In general, the term “event recognition” can apply to a
variety of media types, including single photos (such
as those shared on social media), individual photo al-
bums, videos, and audio. The task of per-image event
recognition has been the subject of numerous pub-

lications 12717

. The issue of picture representation is
addressed via per-image event recognition; however,
multi-photo analysis or handling of irrelevant photos

have not been addressed. Public datasets 21618

as
well as more current datasets!®, are created by col-
lecting unrelated photos from various sources. Each
image in the datasets is named by the event name in-
dividually. Three datasets for personal albums that
are publicly accessible, Holidays2°, PEC2!, and ML-
CUFED?7, were all collected from individual photo
albums. They offer a more accurate representation of
personal user albums by including both relevant and
irrelevant photographs in each album. While some
earlier studies evaluated image and album event de-
tection tasks, they are typically viewed as separate.
As personal photograph applications are becoming
more widespread, many pertinent insights are pro-
vided by event categorization at the image-level based
on image features, although the focus of this study is
event recognition of personal photo collections. The
difficulty of representing an album and a single im-
age in a personal photo album was previously com-
bined to examine different methods for event detec-
tion. Guo?? proposes the use of an ensemble of net-
works to handle image representation and minimal
dataset size. A coarse network is pre-trained on the

t23; sub-

massive places-365 scene classification datase
sequently, a fine network is pre-trained on the large
object-classification dataset ImageNet?*. Each net-
work is pre-trained using a different large dataset. The
author shows that, to identify an event type, both
high-level and low-level features are needed. These
ideas are expanded upon in a subsequent study?®,
which increases the ensemble’s size by including a new
network and attention layers. For each of the three
convolution layers, the features of the album pho-
tographs are aggregated using a weighted average. By
comparing the event label representation and the pic-
ture feature representation using word2vec?® ,an aux-
iliary loss is used to determine the weights. In order

to demonstrate the improvement, kids explicitly learn
the value of images. When one produces an image
caption using image embeddings, Savchenko® also
utilizes an ensemble of two networks. In the past, ag-
gregation of album photos was performed by utilizing
averaging??, attention-weighted averaging®, RNNs,
LSTMs>, and GRUs?°. In reality, these RNNs have a
small temporal window. Transformer architecture of-
fered a breakthrough mechanism in NLP !° by giving
the entire input sequence global attention. Applying
transformers to photo collections is appropriate given
that they have recently been employed for videos?’.
Other related studies address the task of predicting the
relevance of images in addition to the event recogni-
tion task. A Siamese network? explores the predic-
tion of importance scores for images given the sort of
event type in general. A more recent study* extended
that work, offering an iterative approach that alter-
nated predicting the importance of the picture and
the event in the album; another study5 further ad-
dressed the prediction of the importance score for all
event types. The contribution to event recognition us-
ing picture significance prediction was also shown >,
These methods all employ the CUFED dataset’s anno-
tated image importance to supervise the training of
the prediction network. The substantial level of ef-
fort required to annotate such data for this specific
activity is well described in another study?. A major
contribution of that work is automatic expansion of
the annotations. Estimating image relevance by using
an unsupervised approach may be beneficial and even
applicable to other subjective content-based tasks. We
demonstrate how an image’s relevance can be pre-
dicted without specifically training on its annotation.

PROPOSED METHOD

If we were given a photo album with N images and
a time of 1, we would forecast the event type of the
album as being 1..N.;. The three basic obstacles
to album event recognition are as follows. First, al-
bums are disorganized N groups of photographs of
varying lengths. Second, albums frequently contain
photographs that are only somewhat relevant. Third,
while event detection datasets for albums are very
modest, high-level image representation is needed.
Every real-world system is constrained by computa-
tion efficiency and parameter requirements, which
presents another obstacle that should be considered.
Within the context of these obstacles, our method
strives to achieve high recognition rates. Specifically,
we seek to expand the application of transformer ar-
chitecture to albums in response to the recent re-
ported success of transformers in various domains,
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including video 27,28 NLP !9, and vision !2 (image col-
lections). Several changes must be implemented be-
fore transformers can be applied to an image collec-
tion. Since the length of an album can vary, we only
select one image from each album while sampling it.
The next step is to apply a feature encoder that has
been pre-trained on a sizable image dataset in a classi-
fication task to construct a feature descriptor for each
sampling image. Transformers are then used to ag-
gregate these embeddings, producing the prediction
layer for the event classification. Additionally, a fore-
cast of visual relevance is taken from the attention
block. Transformation training implicitly teaches im-
age importance prediction. The subsequent section
describes the many steps in our process. The general
architecture of the suggested solution is illustrated in
Figure 2.

Figure 2: Proposed multitask architecture for even
trecognition and importance image scoring in a
photo album

Album Sampling

As previously stated, our goal is a viable, effective so-
lution. Since it is well known that transformers rely
quadratically on the length of serial input, we sim-
plify this problem by sampling just a few photos from
each album. Fewer images are needed to achieve high
identification rates since the attention mechanism en-
hances the more pertinent ones. The sampling of im-
ages improves efficiency and addresses the issue of
varying album length. We define the fixed length of
the input sequence for both training and inference
phases as the sampled images per album S4. Then,
we randomly select S4 photographs from an album of
N4 images I,ZIV:“] . Each batch B is sampled by selecting
Sa pictures from By albums: B = BaS4 (1)

In the case of Ny < S4 in album photos, we dupli-
cate S4 — N4 photos and add them to S4 photos for
matching with required input data.

Album Representation

We use an image event recognition dataset that may
not be sufficiently large to train an adequate image
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encoder backbone for the sampled images with s=1.
As a result, we extract the sampled album picture
embeddings using an image classification pre-trained
backbone. This method enables the backbone net-
work to be used for both knowledge transfer and pa-
rameter exchange for image classification into album
representation based on visual features at the image
level. Additionally, this approach permits offline im-
age embedding aggregation for pre-computed image
embeddings using just the transformer network. The

6% as an im-

MTResNet is trained on Open Images V
age feature encoder and is shown to transfer informa-
tion in experimental results. This is a very large and
diverse classification dataset that removes the need to
fuse models trained independently for both low-level
and high-level content. MTResNet?’ is an effective,
powerful backbone. The following section demon-

strates the effects of pre-trained dataset selection.

Attention Module

In our proposed method, we adapted the attention
module, which aids in the goal of increasing atten-
tion to the key contexts and participants in the tar-
get event to better extract attributes for the issue. Af-
ter extensive testing, we discovered that ParNet At-
tention® outperformed the non-attention model in
terms of output. Non-deep network architecture is
utilized by the ParNet block. The VGG block is fre-
quently used as the building block for this network
architecture, but it has the drawback of being more
challenging to train than ResNet. According to a re-
cent study, the "Structural reparameterization” tech-
nique can be trained easily. Researchers employ Rep-
initialization VGG’s block?!, after which change is
required to meet the shallow architecture. One is-
sue with deep networks is that there are relatively few
options for feature extraction in large feature fields
when utilizing simply conv3x3 (Receptive field). The
Skip-Squeeze-Excitation (SSE) class builder is based
on Squeeze-Excitation (SE) to address this issue. The
ParNet Attention’s architecture is visualized in Fig-
ure 3. We apply the multitasking learning approach to
simultaneously address the challenges of event recog-
nition and critical photo prediction in event photo al-
bums after completing the attention module.

Event Recognition using Transformers

The architecture of the transformers utilized for ag-
gregating the embedding vectors is modeled after the
STAM for action classification in video?’. This ap-
proach treats the sampled images as tokens and in-
corporates them into the transformer. A learnable en-
coding for positional information is used for each pic-
ture embedding in xy:
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Figure 3: Architecture of a ParNet Block3° that in-
cludes 1x 1 convolution, 3x3 convolution, and SSE.
These blocks are computed in parallel for faster in-
ference and SSE for more receptive fields that do not
require depth.

z§°) = X5 + Zposs SE€ 1, 2,0, 54 (2)

The picture embedding dimension (in this example,
D = 2048) determines the size of the positional en-
coding. This is performed for every photo, creat-
ing an album’s S4 Xx D matrix of image embed-
dings. The album-level descriptor is expanded to
(S4+1) x D by connecting a classification token
CLS to the album representation to apply classifica-
tion using transformers. The dimension serves as
the input picture token, and the CLS is a trainable
weight that relies on pertinent information32. The
stacked L transformer encoder layers are placed in the
(Sa+1) x D album descriptor. The first encoder
layer input is a layer with sufficient heads to directly

simulate (CLS, z§0>f*‘: 1

). Each encoder is made up
of an MSA** with H heads since it may be used for
both short- and long-distance interactions. The learn-
able ng’h), Wg’h)7 W‘Sl"m matrices, into Query (Q),
Key (K), and Value (V) for each input, and formal-
ized by LN3* and linearly projected by each head h
€ 1, 2,.., H embeddings that are not the learnable
WI((l’h), ‘}Vél,h)7 ‘Sl,h).

Lh Lh I

M = wghin () 3)

= wi P () @)

) _ ity (Y (5)

The weighted values are calculated using a dot-

©Q

>~

)

=

product operation and scaling by head dimensions
Dy = D/H according to the following formula:
z2(Q, K, V) = softmax(%) x V (6)

Each layer’s output from the attention heads is com-
bined, then sent through two multi-layer perceptron
(MLP) * layers activated by GeLU3®. Due to the new
skip connections, LayerNorm ** is applied prior to the
MLP. With the designed architecture, the MLP and
MSA layers function like residual layers. A multi-
label prediction and an attention vector connecting

each picture token to the CLS are the network’s out-
puts; this result is examined in more detail in Section
4. An attention-based aggregation for albums, which
exploits the more relevant photographs and decreases
the contribution of the images that are less relevant,
is the primary advantage of the transformer architec-
ture. The different picture weights can be considered
the weighted value extracted from the multi-head at-
tention. With small sampled photos, effective recog-
nition is possible when pertinent images are high-
lighted by the attention mechanism. In our imple-
mentation, we choose H = 8 heads for the MSA mod-
ule and H = 6 transformer encoder layers.

Image Importance Prediction

To predict the image importance score, we use an
MLP3® consisting of two FC hidden layers and one
dropout layer. The output, which is a score between 0
and 1, predicts the significance score of the image per
album.

EXPERIMENT

Our approach consists of a number of modules with
the goal of combining the most effective modules for
each component of the architecture. We contrast vari-
ous options and analyze their effects separately to sup-
port our module choices. The ML-CUFED dataset
was used for the majority of our ablation study tri-
als. Additionally, it is the sole multi-label event in the
dataset, which presents a difficult and pragmatic issue
representative of real applications.

ML-CUFED Dataset

ML-CUFED? is the expanded version of the CUra-
tion of Flickr Events Dataset (CUFED)’ for event
recognition dataset to multi-label events. The dataset
consists of a total of 94,798 photographs in 1,883 al-
bums, with between 30 and 100 images per album.
The dataset contains 23 different event classifications,
including sports, holidays, and personal occasions
such as birthdays. The dataset has an “image sig-
nificance” term with score and event name in the
ground truth for each image collection. This annota-
tion was completed by asking a number of commen-
tators about the pertinence of each photo to a spe-
cific event and then averaging their scores. The av-
erage Spearman correlation among the annotators is
0.4, calculated using multiple 2-group splits, demon-
strating the subjective nature of this work. Following
earlier studies >, we split the dataset into 4:1 for train-
ing and validation for both training and testing in the
experiment methodology.
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Figure 4: Sample images of architecture events
from the ML-CUFED dataset

Event Recognition Results

We evaluated our proposed approach for an event
recognition task on the ML-CUFED public dataset.
We show how the quantity of photographs per al-
bum (SA) affects the results of recognition. The trans-
former’s strength is due in part to its capacity to adapt
to weigh the various images and draw greater atten-
tion to the more important ones. As a result, the
model can classify events accurately even with fewer
photos. Table 1 demonstrates that the results surpass
those of earlier methods that utilized all album pho-
tographs, even when utilizing either SA = 8 or SA = 16.
The comparison in this aspect is not ideal because our
designed network employs fewer photographs even
for SA = 32 in practice, as we consider this number
to be approximately 30-50% of the number of images
in many albums. Although the design of the trans-
former requires a specific number of photographs, it
can still identify the event type using only a small sub-
set of the album’s images due to its strong aggregation
capabilities. For this dataset, we achieved high perfor-
mance, as shown in $; these results are evaluated with
the mAP metric. Our result for ML-CUFED achieved
amAP of 67.21% for the TResnet backbone, which is
the best performance for our architecture.

Importance Image Results

We adopted two evaluation metrics to assess the dif-
ferent proposed methods. For a given album, we
only obtain the top t% results as relevant images and
evaluate these metrics at different values of t. First,
we evaluate our models using mean average preci-
sion (MAP). Information retrieval assessment meth-
ods are frequently used. The precision-recall curve is

the averaged area under the overall curve of albums.

3916

Table 1: Recognition rates of
events in different samples in the

album
Number of samples mAP (%)
8 59.88
16 65.39
24 65.62
32 67.21

Table 2: The recognition rates of event
recognition methods in the ML-CUFED

dataset
Method Accuracy (%)
Multitask_TResnet 67.21
Multitask_DenseNet 121  60.06
Multitask_ResNet50 65.87

The MAP@t% can be calculated using the album col-
lection and the top t% of the photographs as the rele-
vant images:
AP(S) @1% = [y p(r)d (r) = y i, "S5 (7)
0 N&=k=1 " nxt%
MAP(U) @t% = L YN |AP(S;) @1% (8)
where S; is the i’ album and U is the album collection.
The factors n, p(k), and rel(k) determine how big the
album S is and whether the kth-ranked photo from
our system is a relevant picture or one of the top t%
results in the ground truth. Second, we determine the
precision (P), which is the proportion of relevant im-
ages in the photos that were recovered to all relevant
images at each t. The difference from MAR P focuses
on how many significant photos are obtained at a cut-
off value of t, and is not concerned with the locations
of the other essential images in the ranking system or
in the retrieval list. P is also an intuitive approach to
validate the efficacy of our projected image ranking
result, although it is less informative than MAP. We
only show findings for t < 30 because we are address-
ing importance scoring and image selection, and are
primarily interested in both MAP and P metrics when
1% is small.
As can be seen in Table 3 and Table 4 , the TResnet
backbone-based model outperforms the Resnet back-
bone when used with the dataset in terms of MAP@t
and P@t results. This demonstrates that TResnet re-
trieves features more effectively than Resnet. It is
based on an extension from ResNet50 that is refined
on an architecture with SpaceToDepth Stem, Anti-
Alias Downsampling, In-Place Activated BatchNorm,
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Table 3: Comparison of predictions with MAP@t metrics on the ML-CUFED

dataset
Method MAP@t(%)
5 10 15 20 25 30

SiameseNet 3 0.305 0.364 0.417 0.471 0.519 0.563

CNN-LSTM-Iterative * 0.302 0.371 0.419 047 0.52 0.568

Resnet50_L2_loss 0.315 0.479 0.533 0.577 0.622  0.653

TResnet_m L2_loss 0.338 0.5 0.555 0.606  0.641 0.671

Multitask_ResNet50 0.304 04775 0.542 0.625 0.584  0.657

Tresnet_m_Multask 0.33 0.501 0.568 0.606 0.643 0.67

Table 4: Comparison of predictions with P@t metrics on the ML-CUFED dataset
Method P@t(%)
5 10 15 20 25 30

SiameseNet > 0.216 0.301 0.36 0.411 0.459 0.504
CNN-LSTM-Iterative * 0.205 0.3 0.36 0.413 0.459 0.507
Resnet50_L2_loss 0.193 0.275 0.335 0.397 0.448 0.497
TResnet_m L2_loss 0.207 0.289 0.36 0.416 0.466 0.51
Multitask_ResNet50 0.198 0.2799 0.339 0.397 0.451 0.49
Tresnet_m_Multask 0.209 0.293 0.352 0.415 0.461 0.51

Novel Block-type Selection, and Optimized SE Lay-
ers to optimize for GPU resources and feature ex-
traction in small kernels. We then selected TResnet
as the main algorithm for the crucial picture predic-
tion challenge in the event photo album. The scor-
ing method and the learning method, which integrate
album score prediction and album event recognition
into one, will be compared next as two approaches to
the significant photo album prediction problem. The
results of the single model show that the combined
model performs better and is stronger.

CONCLUSIONS

Recognizing events in photo albums is a semantic
challenge that requires both low-level image analy-
sis and high-level content interpretation, as well as
the selection and aggregation of vital images relevant
to specific events within the album when recogniz-
ing events. In this work, we propose a multitask-
ing architecture based on CNN backbone with an at-
tention and transformer mechanism for understand-
ing photo albums. We tested numerous samples in
the album and many different backbones to demon-
strate the generalization in our architecture. In ad-
dition to significantly outperforming SOTA identifi-
cation results, our method can recognize event labels

and detect important images in an album. On the
ML-CUFED dataset, we demonstrated how a trans-
former’s design may handle a variable-length image
collection that contains irrelevant images. The results
show that our proposed multitask method with the
TResnet backbone achieves the highest performance
for both event recognition and importance scoring
tasks. Additionally, we believe this strategy can be
applied to real-world personal photo applications and
leveraged subjectively. A limitation of our proposed
method is that it does not consider the role of objects
and the relationship between them in event classifica-
tion, as well as image scoring. In a future study, we
will investigate object detection and image structure
parsing at the semantic level in recognizing events and
scoring the importance of images in photo albums.
More specifically, we will consider a graph-based ap-
proach to build object relationships and semantics in
image contexts in a specific event album.

ABBREVIATIONS

CNN: Convolution Neural Network
CLS: classify token

FC: Full Connected

GeLU: Gaussian Error Linear Unit
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LSTM: Long Short Term Memory
ML-CUFED: Cuation of Flickr Events Dataset
MLP: Multi-Layer Perceptron

MSA: Multi-head Self-Attention

mAP: Mean Average Precision

NLP: Natural Language Processing

P: Precision

RNN: Recurrent neural networks
SOTA: state-of-the-art
SE: Squeeze-Excitation

SSE: Skip-Squeeze-and-Excitation

STAM: SpatioTemporal Attention based Memory
VGG: Visual Geometry Group
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