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1. Introduction

Motivation

Progress in human behavior modeling involves under standing both implicit, early-
stage perceptual behavior such as human attention and explicit, later-stage behavior such
as subjective ratings/preferences. Yet, most prior research has focused on modeling
implicit and explicit human behavior in isolation.

This paper proposed UniAR, a unified multimodal transformer model to predict both
implicit and explicit human behavior across diverse types of visual content and tasks
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This paper adopt a multimodal encoder-decoder transformer model to unify the various human behavior modeling tasks. The
model takes two types of inputs: an image and a text prompt. Its architecture comprises several components: a Vision
Transformer model for image encoding, a word embedding layer to embed text tokens, and a TS Transformer encoder to fuse
image and text representations. Additionally, it has three separate predictors: a heatmap predictor for attention/saliency
heatmaps or visual importance heatmaps, a scanpath predictor for the sequence/order of viewing, and a rating predictor for
quality/aesthetic scores of images or web pages.
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The heatmap prediction head takes the fused image tokens after the Transformer encoder, and
processes the features via several read-out convolution layers, together with up-sampling so that
the output will match the resolution of the input image. A sigmoid function is used at the end to
ensure the generated values fall within the range [0, 1] for each pixel.

This paper adopt a pixel-wise (2 loss function for the heatmap predictor during training.
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The scanpath predictor takes both the fused image and text tokens after the Transformer encoder as input, and applies a

Transtormer decoder to generate the predicted scanpath

Search Free-viewing

-
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A scanpath is defined as a sequence of 2D locations ¥ = <extra_ id 01> ¥y y; and T3 ¥ and ..
(X1, Y1)s(X25 ¥2)s + o 5(Xn 5 YN ) — and Ty Yy <extra_id_02>.

3N +1 where x is the input image and text prompt, and y is the target sequence associated
max Z w; log P(g;|x, Y1:j-1) with x. wj is the weight for the j-th token that can adapt weights for different types of
j=1 tokens. We use a unified weight for each token in experiments.
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This paper take a simple prediction head which takes image tokens after the
Transformer encoder module, and processes the features via a few convolution and
connected layers. An Is used for training the rating predictor with rating data.
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INPUT_TYPE:<input_type>
QUTPUT_TYPE:<output_type>
QUERY : <query>

We fill <input_type> with string taken from {natural image |
web page | graphic design | mobile user interface} and
<output_type> taken from {saliency heatmap | iImportance
heatmap | aesthetics score | scanpath}. We append a query in
string Query:<query> to the prompt if a task-specific query is
available, for example, the object name to search, or the
guestion to answer, depending on the use case. The prompt
we use Is modularized and can easily adapt to different types
of datasets and scenarios.



4. Experiment

Datasets

Table 1. List of all public datasets used to train our model. ‘# Image” denotes the number of unique images in the entire dataset. Note that
for annotation ‘scanpath, there are multiple scanpaths recorded from a group of users associated with one image, so ‘# Training Sample’
is much larger than *# Image.” During training, we randomly sample from all training datasets with an equal sampling rate.

Dataset Image domain Training annotation Viewing style #Image Image Resolution # Training Sample
Salicon [34] Natural scene Saliency heatmap Free-viewing 15.000 640 x 480 10,000
OSIE [65] Natural scene Saliency heatmap Free-viewing 700 800 x 600 500
WS-Saliency [11] Web page Saliency heatmap Free-viewing 450 1,280 x 720 392
Mobile UI [42] Mobile user interface Saliency heatmap Free-viewing 193 Varied 154
Imp 1k [25] Graphic design Importance heatmap N/A 998 Varied 798
WS-Scanpath [11] Web page Scanpath Free-viewing 450 1,280 x 720 5,448
Fiwl [60] Web page Saliency Free-viewing 159 1.360 x 768 121
COCO-Searchi8 [16] Natural scene Scanpath Object-searching 3,101 1.680 x 1,050 21.622
COCO-FreeView [ 16] Natural scene Scanpath Free-viewing 3,101 1,680 x 1,050 37,038
Konig-10k [30] Natural scene Rating N/A 10,073 1,280 x 720 7.000
Web Aesthetics |22 Web page Rating N/A 398 1,280 x 768 398




4. Experiment results

Table 2. Heatmap prediction results on five public datasets spanning digital design and natural scene, benchmarking with eight metrics
in total. The details on datasets and evaluation metrics can be found in Sec. 4.1. For Implk dataset we predict the importance heatmap,
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4. Experiment results

Table 3. Scanpath prediction results on natural scene and digital design datasets, with object-searching and free-viewing tasks.

Dataset | Method SemSS T SemFED |  Sequence Score T Shape Direction T Length T Position T MultiMatch T
IRL [68] 0.481 2.259 - 0.901 0.642 (.R88 (.802 0.833
COCO-Searchi8 |16] | Chen et al. [14] 0.470 1.898 - 0.903 0591 0.891 0865 0.820
(Natural scene, FFM [69] 0.407 2.425 - 0.896 0615 (.893 (.850 (.808
object searching) Gazeformer [45] 0.496 1.861 - 0.905 0.721 0.857 0914 (.849
Unified Model - Ours 0.521 ssmw 2,004 768% - 0946 153 0.724 spa0% 0924 43005 0.901 14w 0874 s294%
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MASC [2] = - 0.169 (0.788 0580 0818 0.514 0.717
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5. Ablation

Transferring Knowledge between Tasks

In this section, we demonstrate the zero-shot generalization ability between
Image domains and tasks of UniAR. Here, zero-shot generalization refers to a
model’s ability to perform on completely unseen image domain and prediction

tasks without requiring dedicated training.

Table 5. Experiment on zero-shot generalization to WS-Scanpath

dataset, described 1n Sec. 4.4. CC = COCO-FreeVeiw dataset.

Training Set Sequence Score T MultiMatch 1
WS-Scanpath (SOTA results from [11]) 0.224 0.755
WS-Scanpath (ours) 0.261 {).894
UniAR full model 0.267 0.887
CC scanpath (ours) 0.196 0.836
CC scanpath + WS-Saliency (ours) 0.190 0.858
CC saliency/scanpath + WS-Saliency (ours) 0.231 0.857

Our experiment uses WS (web page) and COCO Freeview
(natural scene) datasets. We assess our model on scanpath
prediction on the WS-Scanpath dataset. We vary the
training sets in three different scenarios:

(1)Using scanpath data from COCO-Freeview;

(2) Combining scanpath data from COCO-Freeview with
saliency heatmaps from WS;

(3) Employing both scanpath and saliency heatmap data
from COCO-Freeview, augmented with saliency heatmap
data from WS.
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