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Figure 1: Neural image popularity assessment results on the Instagram dataset [29]. We show four pairs of images horizontally.
Each pair of images are selected from the posts of the same person within one week. The ground-truth number of likes is stated
on the bottom-left of the image. Ours predicted popularity scores (the higher, the better) are provided at the bottom-right of
the images.

ABSTRACT
Since the advent of social media platforms, image selection based
on social preference is a challenging task that all users inherently
undertake before sharing images with the public. In our user study
for this problem, human choices of images based on perceived
social preference are largely inaccurate (58.7% accuracy). The chal-
lenge of this task, also known as image popularity assessment, lies
in its subjective nature caused by visual and non-visual factors.
Especially in the social media setting, social feedback on a particu-
lar image largely differs depending on who uploads it. Therefore
social preference model should be able to account for this user-
specific image aspect of the task. To address this issue, we present
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a retrieval-augmented approach that leverages both image features
and user-specific statistics for neural image popularity assessment.
User-specific statistics are derived by retrieving past images with
their statistics from a memory bank. By combining these statistics
with image features, our approach achieves 79.5% accuracy, which
significantly outperforms human and baseline models on the pair-
wise ranking of images from the Instagram Influencer Dataset. Our
source code will be publicly available.

CCS CONCEPTS
• Computing methodologies→ Neural networks; • Human-
centered computing → Social media.

KEYWORDS
Image popularity assessment, Deep neural networks, No-reference
image assessment, Retrieval-augmented model

ACM Reference Format:
Liya Ji, Chan Ho Park, Zhefan Rao, and Qifeng Chen. 2023. Neural Image
Popularity Assessment with Retrieval-augmented Transformer. In Proceed-
ings of the 31st ACM International Conference on Multimedia (MM ’23), Octo-
ber 29-November 3, 2023, Ottawa, ON, Canada. ACM, New York, NY, USA,
10 pages. https://doi.org/10.1145/3581783.3611918

https://doi.org/10.1145/3581783.3611918
https://doi.org/10.1145/3581783.3611918


MM ’23, October 29-November 3, 2023, O�awa, ON, Canada Liya Ji, Chan Ho Park, Zhefan Rao, and Qifeng Chen

1 INTRODUCTION
Image popularity assessment (IPA) has a wide-ranging impact on
content creation, marketing, and user experience on social media.
The aim of popularity assessment is to determine the level of popu-
larity of a given image and provide valuable insights that can be
utilized to improve content quality and generate business value. In
the field of content creation, especially with the rising of AIGC (AI
Generated Content), assessing the generated images helps individ-
uals and companies to improve their influence and visibility online.
Additionally, for marketers to make informed decisions on which
images resonate with the target audiences, analysis, and utilization
of social feedback on previously uploaded photos on social media
is important. Hence through the use of the popularity assessment
model, content creators will be able to understand which aspects
of photos certain groups of users enjoy and improve their online
experience accordingly.

Image popularity assessment is challenging for its subjective
nature, and popularity on social media is affected by non-visual
factors. The first challenge of any IPA-based problem is the sub-
jective nature of perceptual assessment because everyone focuses
on different aspects while looking at a photo. Figure 1 shows some
examples from the Instagram dataset [28]. Our user study shows
that in most cases, people could not select the one with higher
likes despite the fact that the large difference in ground truth likes
(around 2 to 3 times). Unlike other computer vision tasks like ob-
ject detection or image classification, where the ground truth can
be inferred objectively by humans, the subjective nature of social
preference leads humans to make wrong guesses most of the time.

The second challenge is that non-visual factors affect the pop-
ularity we obtain in image-based social network platforms like
Instagram. As shown in [4, 11, 15, 22], in addition to other factors
like hashtag, title, and description appended to the image post, the
popularity of an image is highly dependent on the user upload-
ing the image. In other words, since the distribution of followers
varies depending on the user, even with the same image, the social
feedback can differ largely depending on the group of people view-
ing the content. Therefore constructing a methodology modeling
this factor is one of the crucial elements in social media image
popularity assessment.

Solving image popularity assessment with metadata achieves
impressive performance but faces the limitation in some scenar-
ios, where metadata is not available. Image popularity assessment
(IPA) is addressed by multiple works [1, 12, 23, 30, 36, 38, 43, 51]
under the setting where meta-data, such as the number of followers,
post category, geo-location, or the number of posts are available.
Through the effective fusion of multi-modal features, these models
successfully model the popularity of a given post of datasets, includ-
ing Flickr [45] and social media prediction challenge dataset [44].
Despite the effectiveness of image popularity assessment, models
based on meta-information and multi-modalities limit the possible
application where this information is unavailable. For example, in
the context of content creation, the popularity assessment should
be done before uploading the image to social media, ideally without
any dependency on features such as hashtag, title, and length of
description.

Inspired by Ding et. al [11], our proposed work only uses im-
ages, the timestamp, and the number of likes in the training set,
having a more broad application with comparative results as the
meta-data models. We propose a retrieval-augmented pipeline to
extract user-specific image features and combine these features
effectively utilizing a transformer-based block. Inspired by works
in natural language processing [48] and image synthesis [3], uti-
lizing retrieval-augmented techniques that provide local content,
we leverage the local popularity score per train image stored in the
memory bank as a mode of providing a user-specific image feature
to the network. More specifically, user-specific image features of a
subject image are obtained by retrieving similar images and their
distribution of likes from the memory bank. Intuitively, given a
subject image, appending the social feedback of the previously-
posted similar images provides user-specific context for popularity
assessment. This accounts for the different follower distribution
and posting styles amongst a large number of users. The main differ-
ence with Ding et. al [11] is that we make use of the training set as
a memory bank for extracting user-specific image features, which
allows the model to consider both visual content and user-specific
image features.

In addition, we also explore the 3D-aware features by using the
depth estimation model with the motivation that the attention of
users varies among the geometry of the images. In order to combine
multiple features effectively, we utilize a feature aggregation block,
which is derived from the self-attention module [42]. This block ag-
gregates the different high-level features and fuses the components
from images separately.

We show that our retrieval-augmented model based on the trans-
former architecture achieves state-of-the-art performance on the
Instagram Influencer Dataset [29]. Our contributions can be sum-
marized as:

• We approach the problem of image popularity assessment
without using any meta-data at test time with comparable
performance as those meta-data models.

• We propose a retrieval-augmented transformer model for
neural image popularity assessment, which includes a non-
parametric component that extracts user-specific image fea-
tures.

• We extensively conduct the experiments on the Instagram In-
fluencer Dataset [29] and show state-of-the-art performance
with the pairwise accuracy 79.48%. We also demonstrate the
empirical analysis of different datasets and potential appli-
cations of the trained model.

2 RELATEDWORK
2.1 Image Popularity Assessment
Image popularity assessment (IPA) focuses on the social feedback
and preference of an image that has been made public online. Mul-
tiple datasets and settings [11, 44] address this task with varying
types and numbers of additional information along with the image.
Social Media Prediction (SMP) challenge [44] specifically aims to
understand the change of popularity over time in varying levels
of temporal granularity. SMP challenge datasets contain temporal
information such as timestamp information, user-specific features
such as average view, title length, and other information such as
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Figure 2: The framework pipeline. (a) Along with the Swin Transformer backbone, we have two auxiliary branches to extract
features. One is to extract the retrieval-augmented scores, and the other is to extract the 3D-aware features using the monocular
depth estimation model. M )A08=stands for the memory bank. (b) The aggregation block contains a stack of transformer encoder
blocks that aggregate the feature from the extractors.

geolocation and category of the post. With this dataset, multiple
works [12, 24, 26] have designed a way to extract useful textual,
visual, and meta-features from the dataset and fuse them together
to predict the normalized log number of likes directly. Additionally,
in order to extract short-term dependent time-series features, meth-
ods like [41, 43] also employ the sliding window averaging method.
Some of the best-performing methods like [30, 47] additionally
mine from external data sources to make the user information more
comprehensive.

Regarding the fusion of features, generally, this method made
use of boosting-based models like XGBoost, Catboost, LightGBM,
or ensembling of multiple models to aggregate the handcrafted
and deep features. Similar to di�erent textual and visual encoders,
recent works [6, 7, 22] make use of recurrent networks or attention
mechanism to aggregate features of di�erent modalities together.

In contrast to the setting above, Dinget al.[11] propose a method
to explore the intrinsic image popularity assessment only relying
on the image feature. Furthermore, the aforementioned models'
target is to predict the exact number of likes or binary order of
image pair while we predict the relative popularity score between
two images. To our best knowledge, (I2PA) [11] is the only work
that focuses on using only visual features. By leveraging on the
available data, our approach outperformsI2PA [11] by a signi�cant
margin and under the same setting.

2.2 Image Aesthetics and Quality Assessment
Image Quality and Aesthetics Assessment are both tasks that aim
to bridge the relationship between human perception and digital
image. The main idea of image quality assessment (IQA) is to pre-
dict the quality of an image from a human's quality assessment
point of view for downstream tasks such as image restoration and
image quality monitoring systems. In contrast, Image aesthetics
assessment (IAA) relates to aspects such as subject placement and
artistic values that make an image look visually pleasing.

The development of IQA can be divided into two branches:
reference-based methods [10] and non-reference methods [14, 62,
63]. In reference-based algorithms, we require a high-quality image
as a reference to calculate the quality score. However, the ground
truth high-quality reference images may not be available in prac-
tice. Thus, non-reference image quality assessment methods have
been proposed to resolve this limitation. Similarly, other extensive
datasets [20, 56] allow the construction of image quality assess-
ment models in various settings such as smartphone photography
or patch-level quality label available.

Works in image aesthetics assessment (IAA) can also be sub-
categorized into two branches. The �rst is the generalized image
aesthetics assessment (GIAA) model, and the second is the per-
sonalized image aesthetics assessment (PIAA). Datasets such as
[54, 55] enable the modeling of general and personal preference
through a collection of opinion scores for a large number of im-
ages. Methodologies like [31, 35, 40] have been proposed to model
aesthetic scores. NIMA [40] is one of the early deep-image feature-
based generalized aesthetic score prediction models that have been
trained with the AVA dataset [37], which contains a large number
of images with corresponding aesthetic scores annotated by human
experts. The training is done by predicting the probability mass
function over the ratings 1 to 10. Recently, [31] proposed the use
of a meta-learning-based strategy to generate a regression model
to substitute for �ne-tuning, which is a common mode of person-
alization. Caoet al. [5] utilize the cascading e�ect on the social
network for popularity prediction by proposing a novel structure
CoupleGNN. The di�erence is that the in�uence in our work is only
calculated based on the similarities of the images' contents instead
of the social relationship.

Though e�ective in representing the human perception of the
digital image, image aesthetic and quality assessment has only a
moderate correlation with the popularity assessment. This rela-
tion between popularity assessment and quality assessment is also
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shown in [54]'s correlation between the image's quality and aes-
thetics attributes against the image's �willingness to share� and
�content preference� attributes.

2.3 Image Retrieval
Image retrieval is the task of �nding similar images in a database
from a given query image or text. Due to its downstream application,
the retrieval should consider not only visual similarities but also
the semantic understanding of the query and e�ciency. There
are various datasets [25, 46] and settings such as sketch-based
retrieval [33,50], multi-modality based retrieval [53,59], hash-based
retrieval [9] and also multi-label based retrieval [32, 49]. Another
branch of retrieval tasks that are more relevant to our retrieval
method is image-to-image retrieval methods that target to retrieve
similar image content such as landmark retrieval [57], semantics-
based image retrieval dataset [17] and identical product recognition
[52, 58].

However, in the popularity assessment setting, where query
text or labels are absent, our aim is to retrieve contextually similar
images in order to extract user-speci�c image features. Therefore
our module not only needs to consider background semantics but
also the poses of the person in the image and the context of the scene
rather than focusing on retrieving images with identical people
or backgrounds. Additionally, since there is no exact target for
the retrieval, our retrieval module does not involve any parameter
update during training and only makes use of pretrained models
to query image-to-image from the training dataset. Details on the
retrieval process are described in Section 3.2.

3 METHOD
3.1 Overview
Given an input image, we aim to predict its popularity score. A
higher score indicates the image to be more popular. Unlike the
other existing methods [12, 19, 21, 24, 26] which directly predicts
likes or views in the log scale, we have trained our model5 to
predict a score where the ratio between two images represents the
ratio between the likes.

Let ¹G0• G1º denote the input image pair and¹;0• ;1º be the cor-
responding number of likes of each image. Our task is to train a
model 5 such that5¹G0º• 5¹G1º predict the popularity scores of
image0 and image1 which is independent of the time of post but
dependent on the user uploading the images. In order to extract
relevant features and incorporate them into the model in a scalable
manner, our pipeline is divided into two main parts: user-speci�c
image feature extractor and intra-image feature aggregation block.

The feature extractor consists of an image backbone model, Swin-
Transformer [34], and two auxiliary branches extracting for user-
speci�c features and 3D-aware features. As for the image backbone
model, we adopt Swin-B and the feature vector before the �nal aver-
age pooling is chosen. The two motivations behind these auxiliary
branches are as follows.

Firstly, given an image with particular content, we assume that
the social feedback is correlated to a previously-uploaded similar
image. For example, let's assume that there's a user that rarely
uploads a photo of their children and receives a higher number
of likes relative to the nearby posts (within one month) whenever

the user uploads his or her children. Then one can expect that
uploading a photo of their children in the future will also result in
a relatively higher number of likes in the future as well. Therefore,
we introduce a training dataset-based image retrieval and user-
speci�c image feature extractor that captures the relation between
the subject image to the previous photos uploaded by the user and
the social preference of the user's followers.

Secondly, people are likely to focus more on di�erent aspects
of the foreground objects and on the background or far objects.
In other words, the image features in di�erent depth levels will
provide the model with additional information. In order to extract
features at di�erent depth levels, we introduce a 3D-aware feature
extractor based on monotonic depth estimation, which can make
up for the shortage of a single model lacking 3D awareness from
2D images.

Subsequently, as the user-speci�c image feature extractor gen-
erates multiple features containing di�erent aspects of the photo,
the aggregation block is designed to learn the intra-image feature
interaction. This feature aggregation module is composed of the
transformer encoder and self-attention block [42] for e�ective and
e�cient feature aggregation. At last, we make use of the �nal em-
bedding to predict the popularity score. An overview of our model
pipeline is shown in Figure 2.

3.2 User-Speci�c Image Feature Extractor
Due to the diversity in the audience and the user upload pattern,
how social media perceives the image largely di�ers based on who
uploads the image. Previous image popularity assessment methods
have either used image features or introduced meta-data such as the
number of followers, caption, and upload time as additional features
to provide more information about the relation between uploaded
image and user. However, due to its limited accessibility, meta-data
features are undesirable as input. Therefore, for incorporating user-
speci�c features, our model only utilizes images, the timestamp,
and the popularity score (i.e., the corresponding number of likes)
in the training dataset. One should note that the timestamp is only
utilized to �nd the nearby post and is not used as input for the
model.

To introduce user-speci�cness, we focus on the past uploaded
content and corresponding social feedback already available in
the training data. More speci�cally, given an image, we aim to
leverage the social preference of previously uploaded similar images.
The social preference of an image is measured by the local score,
which equals the image's popularity against the same user's nearby
average image popularity. As the retrieval result is dependent on
both the subject image and also the user, we call this module a
user-speci�c image feature extractor, as shown in Figure 3.

3.2.1 Retrieval Strategy.The core of the retrieval strategy is to �nd
a proper metric to calculate the similarity between two image posts.
To capture the semantic context and relation between objects in the
image, each image is analyzed in three aspects: pose, background,
and caption. For each similarity calculation, we �rst extract the
background and caption features and detect human poses, if any,
presented in the image. Then we compute three similarity scores
using Y? , Y1, andY2 between two image posts. We set the pose
similarity function(Y?) as Object Keypoint Similarity (OKS) and
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Figure 3: Illustration of retrieval strategy and user-speci�c image feature extractor. Image retrieval and features are processed
based on the user's previous post and corresponding likes. Wstands for the similarity function between the query image and
the retrieved image. Given the retrieved image, local popularity score* is calculated by Equation 3 based on images within a
time window to avoid the change in the number of followers.

background similarity(Y1) and caption similarity(Y2) function both
as cosine similarity. Therefore, give a pair of images¹G0• G1º. The
�nal similarity score is:

W¹G0• G1º =F 1Y? ¹G0• G1º ¸ F 2Y1 ¹G0• G1º ¸ F 3Y2¹G0• G1º (1)

whereF 1, F 2, andF 3 stand for the similarity score weights that
sum up to one.

With the similarity score between the subject image (G0) and
userD's previous posts, we retrieve Top images from userD's
memory bank (M D), which refers to the training set of the same
user containing information about images and the corresponding
number of likes, and the uploaded timestamp. Two examples of the
retrieval can be found in Figure 4. The range of the total similarity
score is»0•1º, and for cases where no people are detected in the
query image, we set the pose similarity function as zero since there
is no similarity to be calculated. We denote these retrieved images
by subject imageG0 as denoted asfGAg0

1� A�  .

3.2.2 User-Specific Image Feature Extractor.After obtaining the
Top K retrieved images, we use the user-speci�c image feature
extractor to get the local popularity scores. Local popularity score
can be thought of as a performance metric where it compares the
popularity score (i.e., number of likes) to the average popularity
score of nearby posts. Due to the change of followers at di�erent
timestamps and in order to represent how well the retrieved image
was perceived at the time of posting, we cannot directly use the
popularity score of the retrieved images. As a result, we calculate
the local score, which is the ratio of the retrieved image's popularity
score to the average popularity score of the nearby images.

To calculate the local popularity score, the �rst step is to �nd
the nearby images given the retrieved imageGA posted by userD.
Nearby images� A is the set of images posted by him or herself
within the time window Xcentered on the post timestamp of image
GA. In other words,� A is de�ned as :

� A = fG< : G< 2 M D• jC< � CAj Ÿ X• G< < GAg• (2)

whereM D denotes the user u's memory bank.Xdenotes the value
of the time window.CA andC< denote the uploaded timestamps of
imagesGA andG< separately. During our experiment, we setXas
one month.

The second step is to calculate the local popularity score (?A) of
retrieved imageGA:

?A =
;A

1
j� A j

Í
G< 2� A ;<

• (3)

where;A and;< denote the popularity scores of imagesGA andG<
separately. The range of local score is¹0•¸1º . Based on the concepts
above to extract the historical statistics of userDuploading imageG0,
the user-speci�c image feature of imageG0 is the concatenation of
the local score and the similarity score values of all pairs between
the subject image and retrieved imagesGA

?08A = ¹G0• GAº, where
GA 2 M D for all A. As shown in Figure 3,5(C0C¹D• G0º, of which the
dimension isR5 , is calculated by:

5(C0C = f»?A•W¹GA
?08Aº• Y1 ¹GA

?08Aº• Y? ¹GA
?08Aº• Y2 ¹GA

?08Aº ¼ g1� A�  ” (4)

3.3 3D-aware Feature Extractor
Along with the user-speci�c image feature, we introduce the 3D-
aware feature extractor (53� ) based on the depth map in order to
make up for the shortage of 2D images lacking information on the
third dimension. AssumeG0 is the input, then the monocular depth
map will be� 0 = 534?C�¹G0º, whereG0 2 R� � , � 3, � 0 2 R� � , � 1.
Then the depth map is normalized between values 0 and 1. With the
normalized depth map� 0, we generate a set of 3D-aware masks
f " 0gas equation below:

< 8 9= 1¹b1 Ÿ 38 9Ÿ b2º• (5)

where38 9denote the8C� row and 9C� column pixel depth in� 0 and
b= denote threshold depths. With interval values {b1 = 0, b2 = 1

3},
{b1 = 1

3, b2 = 2
3}, {b1 = 1

3, b2 = 1}, we can generate three masks that
can be regarded as close, middle, and far region in the given image.
Furthermore, we also introduce two other masksf b1 = 0• b2 = 0”5g
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Figure 4: Top 5 retrieved images given a query image. Similarity scores between the query and retrieved images are stated in the
bottom left corner of each image. The weighted sum of similarity calculates the similarity in three aspects: pose, background,
and caption.

andf b1 = 0”5• b2 = 1g to strengthen the connection between each
part, which can be regarded as foreground and background masks.

Given the depth-based masked image, we adopt ResNet-50 [18]
to extract features from multiple images by:

53� ¹G0º = 5'4B#4C¹G0; 534?C�º = 5'4B#4C¹" 0 � G0º” (6)

3.4 Feature Aggregation Block
The feature aggregation block is a module intended to fuse mul-
tiple features from the same image. As shown in Figure 2, this
part is composed of a stack of transformer encoder blocks. The
transformer encoder block consists of a multi-head self-attention
(MSA) block, a fully connected feed-forward network (FFN) block,
residual structure, and layer normalization (LN) similar to [13, 42].
Also, inspired by CLS token in ViT [13], we introduce a learnable
embedding� 2 R� , apart from the linearly projected input features
extracted from the three branches.

3.5 Loss
Given a pair of input images, image� and image� , let us denote
f ;� • ;� g to be the number of likes of the two input images, and
fB� •B� g to be the predicted scores of the two input images.

The loss for training the model is:

L = k2¹
B�

B� ¸ B�
�

;�
;� ¸ ;�

ºk2 ¸ k 2¹
B�

B� ¸ B�
�

;�
;� ¸ ;�

ºk2” (7)

4 EXPERIMENTS
4.1 Implementation Details
4.1.1 Dataset.Instagram In�uencer Dataset [29] is used to conduct
all experiments. This dataset includes the top 3000 in�uencers'
posts, where the number of posts averages around 523. The reason
for choosing this dataset over other Image Popularity Assessment
datasets [11, 44] is as follows:

First, [11]'s image pair does not have any information about
how much di�erence there is in terms of popularity but only the

order. A large number of image sources were inaccessible. For [44],
as stated in [22], 69% of users in the testing set cannot be found
on the training set, and the dataset contains 486 thousand posts
uploaded by 70 thousand users. This indicates that there are less
than seven posts per user on average. This makes it unfeasible
for us to construct and test our user-speci�c image feature model.
Therefore in order to construct a similar setting as [11] where the
number of posts per user is large and also for access to the number
of likes, we have chosen Instagram In�uencer Dataset [29].

There are two types of information in the dataset: the image �les
and the metadata, consisting of timestamps, hashtags, captions,
and more. We only use images, the number of likes, user ID, and
timestamps. Out of all the in�uencers in the dataset, we only utilize
the top 3000 users with the highest number of followers. For ease
of discussion, we name this dataset Top3000.

4.1.2 Experimental Se�ings.We split the Top3000 dataset into sev-
eral groups and compared only the images from the same group
with each other. For one group with= number of images, the total
image pairs will be� ¹=•2º = =¹=� 1º

2 . Following are the settings we
have used for generating the groups.

� These images within one group must belong to the same
celebrity. And each group's size is kept between 2 to 30.

� Post timestamp of any pairs is within one week to avoid
time-changing factors such as the number of followers.

� Similar to image pair generation criteria (PDIP) proposed
by [11], we ensure that the one image is intrinsically more
popular than the other image through a constraint

` =
j;0 � ;1 j

<0G¹;0• ;1º
� 0”5• (8)

where;0, ;1 stands for the likes for image a and image b.

We randomly assign the group with the ratio of 8:1:1 to the train-
ing, validation, and test sets. The training set has 569,151 images,
115,496 groups, and 521,195 pairs. The validation set has 71,071
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Method Features
Metrics

Pairwise Accuracy" PLCC" SRCC" Ratio MSE#

Human Image 58.66% - - -
NIMA [40] Image 51.60% 0.0285 0.0259 2.0720
MUSIQ [27] Image 52.84% 0.0614 0.0540 2.0830
Ding et al.[11] Image 72.73% 0.3157 0.3019 -
Zhanget al.[60] Image, User ID, Caption 64.86% 0.2149 0.2024 1.8892

Xu et al.[51] (Swin-B)
Image, Description, Hashtag

77.51% 0.4047 0.3804 1.8130
Comment, Caption

Ours Image 79.48% 0.4052 0.3871 1.1388

Table 1: Quantitive evaluation of our model and baselines on the Instagram Top3000 dataset.

Figure 5: Histogram of the popularity scores for the test
dataset.

images, 14,450 groups, and 62,820 pairs. The test set has 71,948
images, 14,504 groups, and 66,536 pairs.

In order to evaluate the popularity score, we report metrics in-
cluding Pairwise Accuracy, Pearson linear correlation coe�cient
(PLCC), Spearman's rand-order correlation coe�cient (SRCC), and
Ratio MSE. For PLCC and SRCC, we report the mean of each group's
metric score. And for Pairwise Accuracy and Ratio MSE, we com-
pare popularity scores between image pairs constructed. Give a
pair of images¹G0• G1º and corresponding like and predicted score
as¹B0•B1º•¹;0• ;1º, the Ratio MSE is de�ned as:

'0C8> "(� = jj ;>6
B0

B1
� ;>6

;0
;1

j j2” (9)

4.1.3 Training Se�ing.We adopt Swin-B [34], which is pre-trained
on ImageNet-22K as our image feature extractor. As for the 3D-
aware feature's monocular depth estimator and user-speci�c im-
age feature extractor's pose estimator, caption feature extractor
and background segmentation model, we use the pre-trained Ad-
aBins [2], M2 Transformer [8], DEKR [16], and DeepLab V3 [61]
respectively. The parameters are frozen during the training stage.
We used AdamW as an optimizer with weight decay of10� 2 while
setting learning rates as10� 6 for the pre-trained Swin-B and10� 5

for the rest of the trainable parts. The training stage takes around
30 hours on 4 NVIDIA 2080Ti GPUs with a batch size of 12. The
latency for inference is 62ms for one batch.

4.2 Quantitative Results
4.2.1 Main results.The main results are shown in Table 1. We have
chosen these models to compare our model's performance against

Figure 6: Correlation between willingness to share an image
from PARA [54] dataset and our model's popularity score.
the image aesthetic assessment model NIMA [40], image quality
assessment model MUSIQ [27] and other image popularity assess-
ment models which use meta-features [51,60], andI2PAmodel Ding
et. al[11], which does not use meta-features. For experiments of
Xu et al.[51], we have changed the image feature extractor to Swin
Transformer for a fair comparison. For NIMA [40], MUSIQ [27],
and Ding [11], we use the pretrained model, which is made public
by the authors. For other works [51, 60], we trained models with
the meta-information incorporated in their model on our dataset
by applying directly predicting the log scale's popularity score with
MSE Loss, respectively.

We could see from Table 1 that our model has signi�cantly in-
creased the pairwise accuracy by8”93%compared with the Dinget
al. [11]. We also show the histogram of our prediction popularity
scores in Figure 5 for our test dataset. In addition to the results
above, we conducted a user study and asked 22 Instagram users to
predict which one of the two images would get more the number of
likes when given 30 image pairs. We remove the highest and lowest
scores from the candidates and report the mean of the error rate in
Table 1.

4.2.2 Empirical Analysis.In order to validate the e�ectiveness of
our trained model, we have checked the correlation between the
�willingness to share� attribute of Personalized Aesthetics with
Rich Attribute (PARA) dataset [54] and our model's inference on
the training dataset. The �willing to share score� represents the
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Ablation Method Pairwise Accuracy"

Fused Features
Basic 78.64%
Basic, Retrieval 79.12%
Basic, Retrieval, 3D 79.48%

Fusion Method
Concatenation Block 68.97%
Aggregation Block 79.48%

Training Loss
Log Number of Likes 68.73%
Pairwise Likes Ratio 79.48%

Table 2: Ablation study on architectures and losses.

responses of 438 subjects, where subjects rated an integer score
between 1 to 5 on the question �The willingness to share this photo
to social media.� Each image was rated by 26 subjects on average.
Hence for a valid evaluation of whether the image is �willing to
be shared or to not be shared,� we narrowed images down to 5079
images by �ltering images when less than 33% of the subjects agreed
on a common rate and when the average rate is between bottom
10th percentile and upper 10th percentile.

Based on the �ltered images, we de�ne �willing to share� images
when the average rate is higher than the upper 10th percentile of
the average rates of all images and similarly de�ne "unwilling to
share" using the bottom 10th percentile value. For user-speci�c
image feature extraction, we sampled 500 random images of the
training dataset as a memory bank for the subject image. Based on
the 5079 image samples, we achieved a correlation higher than 0.4
without any tuning to the PARA dataset [54].

4.3 Ablation Study
In Table 2, we aim to show the e�ect of three components involved
in training our �nal model. Firstly, we show that combining auxil-
iary branch features with the Swin Transformer backbone feature
each leads to improvement. Secondly, we show the e�ect of the
feature aggregation block, which consists of a self-attention module
and a learnable vector, by comparing the result against a simple
concatenation of multiple features. We veri�ed the aggregation
block leads to a 10.51% improvement. Lastly, as stated in Equation 7,
we have made use of the pairwise number of like ratios as the train-
ing target of our model. Since predicting the likes of each image in
the log scale is a common way of training a popularity assessment
network, we compare the training results of the log scale number of
likes target against our training target. We veri�ed the pairwise-like
ratio results in 10.75% higher pairwise accuracy.

4.4 Applications
4.4.1 Video thumbnail recommendation.One possible application
of our model would be to generate a thumbnail of a user-uploaded
video by extracting every 25 frames of a video uploaded by a user
and evaluating their popularity score. Figure 7 shows an example
of our video thumbnail selection results. More details are shown in
the supplementary material.

4.4.2 Popularity assessment on Generative Model.With realistic
image generative models like denoising di�usion models, one would
still have to undergo the process of choosing an image from a large
number of generated images. Hence we use stable di�usion [39]

Figure 7: Choosing the best frame from a video as the cover.
The predicted popularity score is stated in the bottom left
corner of each image.

Figure 8: Selecting the best photo from a group of images
generated by Stable Di�usion [ 39] with prompt �Kendall
Jenner on Instagram.� The predicted popularity score is stated
at the bottom of each image.
with the prompt �Kendall Jenner on Instagram� to generate the
images and predicted popularity score using Kendall Jenner's pre-
vious Instagram posts. As demonstrated in Figure 8, for content
creators, our model can serve as popularity criteria or reference
points speci�c to a particular user.

5 CONCLUSION
This paper proposes a retrieval-augmented approach based on a
deep neural network that fuses image features and user-speci�c im-
age statistics to address the Intrinsic Image Popularity Assessment.
However, there are still several limitations and future work. Firstly,
various data types and formats, such as images, sidecars (multiple
images), and videos, are being uploaded to social media. Assessing
the popularity of these other data formats will be a direct extension
of the work. Secondly, in the proposed method, we retrieve images
from the historical posts of the same user. For those users with few
posts on social media, the user-speci�c image features may not be
as meaningful as it is for top accounts with a large number of posts.
From that regard, a more general retrieval strategy across users
and platforms will be an improvement of the proposed method for
broader applications in various areas.
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