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Figure 1. Predictions of Sharingan on naturalistic images from the internet with different people, activities, interactions, postures, and
environments (indoors and outdoors). We provide more qualitative samples in the supplementary material.

Abstract

Gaze is a powerful form of non-verbal communication
that humans develop from an early age. As such, modeling
this behavior is an important task that can benefit a broad
set of application domains ranging from robotics to soci-
ology. In particular, the gaze following task in computer
vision is defined as the prediction of the 2D pixel coordi-
nates where a person in the image is looking. Previous at-
tempts in this area have primarily centered on CNN-based
architectures, but they have been constrained by the need
to process one person at a time, which proves to be highly
inefficient. In this paper, we introduce a novel and effective
multi-person transformer-based architecture for gaze pre-
diction. While there exist prior works using transformers
Sfor multi-person gaze prediction [38, 39], they use a fixed
set of learnable embeddings to decode both the person and
its gaze target, which requires a matching step afterward to
link the predictions with the annotations. Thus, it is diffi-
cult to quantitatively evaluate these methods reliably with

the available benchmarks, or integrate them into a larger
human behavior understanding system. Instead, we are the
first to propose a multi-person transformer-based architec-
ture that maintains the original task formulation and en-
sures control over the people fed as input. Our main con-
tribution lies in encoding the person-specific information
into a single controlled token to be processed alongside
image tokens and using its output for prediction based on
a novel multiscale decoding mechanism. Our new archi-
tecture achieves state-of-the-art results on the GazeFollow,
VideoAttentionTarget, and ChildPlay datasets and outper-
forms comparable multi-person architectures with a notable
margin. Our code, checkpoints, and data extractions will be
made publicly available soon.

1. Introduction

Gaze is an important form of communication and was ex-
tensively studied across different domains and applications
such as consumer behavior understanding [4, 19, 36], soci-



Figure 2. lllustration of aspects relevant to gaze following.

ology by analyzing different gaze behavioesd joint at-
tention, eye contact) [10, 24-27], robotics through human-
robot interactions [1, 17, 32] and clinical research for the
study of neurodevelopmental disorders [7, 20, 844,

Unlike traditional works on gaze analytics proposed by
the computer vision community which focused mainly on
predicting 3D gaze directions from the eyes [33, 40] or the
face [18] of a person, gaze following [29] tackles the task in
a more general form where the goal is to infer the 2D loca-
tion in the image where a person is looking without the need
for any assumptions or wearable devices. This formulation
is particularly interesting in the context of analyzing social

scenes and human interactions given the important role tha

gaze behavior plays in social dynamics.
Itis important to emphasize that this task is very dif cult

to solve. It hinges upon understanding two aspects simul-

taneously: (i) the target persom.¢ head pose) to infer a
general gaze direction, and (ii) the context of the scerge (
social interaction) to identify regions of salien@f (Figure

we propose Sharingan, a novel, effective, and ef cient
transformer-based architecture to predict the gaze target of
multiple people simultaneously. A key component of this
architecture is to represent the person's gaze information
by a singlegaze tokemproduced by a gaze backbone and
processed alongside the image tokens. This is in stark
contrast to previous methods that represent intermediate
person-speci ¢ gaze information as a visual attention map
[7] or gaze cone [11, 12, 21, 35]. We show in our ablations
that this is not only unnecessary but can also hinder perfor-
mance in the context of a transformer. Furthermore, we in-
troduce Conditional DPT: a more sophisticated lightweight
multi-scale gaze decoding mechanism that helps improve
performance by providing a ner-grained understanding of
the scene for gaze target selection. This also has the ben-
et of producing heatmaps that better capture uncertainty
when it is dif cult to decide where a person is lookingf (
gualitative results in the supplementary material).

Through extensive ablations and evaluations, we nd
that Sharingan achieves good performance on all public
benchmarks, and even transfers well to other gaze-related
tasks such as shared attention and mutual gaze.

12. Related Work

In this section, we present several relevant research topics.
Gaze Following. The task of gaze following was rst

introduced in the seminal work of Recasestsal. [29].

The idea is to predict the pixel-wise 2D location in the im-

age corresponding to where a target person is looking. The

main advantage of this formulation is the lack of constraints

2). Once this is achieved, the rest is essentially a selectionyhich allows methods trained this way to generalize to arbi-

process of the gaze target after merging information from

the previous steps. This also explains why most architec-

trary settingsi(e. scene properties, camera parameters, im-
age conditions, etc.). It was later extended by Chengl.

tures have a 2-tower design with one branch to process thg7] to also include the prediction of whether the given per-

scene and a second one to focus on the target person.

One major issue with this dual-stream approach is that

the input instance is a person, not an image. Therefore

son is looking inside the image frame or somewhere outside.
Traditional methods for gaze following [7, 11, 12,16, 17,

21, 29] typically rely on convolutional networks and follow

it requires multiple forward passes to predict gaze for all a 2-tower architecture. The rst branch processes the scene
people in the same scene, which makes the inference proimage to highlight salient regions, while the second branch
cess extremely inef cient. This is made even worse when processes the head crop of the target person to infer a gen-
other modalities are involvece(g depth [11, 35] or pose eral gaze direction. A fusion mechanism then combines in-
[12]). Moreover, most previous works focus on how to build formation from both parts to produce the nal prediction.
the person-speci ¢ gaze representation, the scene saliency The gaze following task is often framed as the prediction
maps, and the fusion between them but pay very little at- of a gaze heatmap where pixels with high intensity repre-
tention to the decoding mechanism that predicts the nal sent spatial areas with higher prediction con dence. We
gaze heatmap. For example, [7, 11, 17] all use a decodingdevote a section later to discuss the alternative formulation
module based on a few convolutional layers followed by a of regressing the 2D location directlgf( Section 5).
set of transposed convolutions. The input to this module is  Multi-Person Gaze Following. A major downside of
often very low dimensionale(g 7 7) which forces the  the traditional formulation of gaze following is the need for
prediction to be based on coarse information. multiple forward passes when predicting the gaze of dif-
In this work, we aim to tackle these challenges by ad- ferent people in the same image. This problem motivated
dressing the multi-person gaze-following task while main- the need for architectures that can natively handle the pre-
taining the original problem formulation. To this end, diction of gaze for multiple people with a single forward



pass. Jiret al. [16] rst proposed a simple convolution- is used in two ways. First, it goes through a gaze regressor
based architecture to handle the multi-person setting where(i.e. MLP) Oy, to predict a 2D gaze vectgy, = Ogy(g®™).

a scene backbone computes a xed person-agnostic featurf his output is supervised using an angular gaze loss.
representation. This is then fused repetitively with head fea- ~ Secondly, the gaze embedding is projected to the token
tures computed from the different people using another headdimension using a learnable linear project®g,e result-
backbone before decoding each into its corresponding gazeng in the gaze tokem®™ = Pg,,dg®™) 2 RP. As we
heatmap. Aside from the architectural differences and lim- want to incorporate information about the person's location
ited performance, one of the main drawbacks of this method(and size), we also project the head bounding gy into

is that the computation for each person is done indepen-a bounding box embedding®®°* using a learnable linear
dently from the others, which ignores potential interactions projection Pppoy: XPP = Pppox(hpbe) 2 RP. Finally,
between people. Recently, &t al. [39] and Toniniet al. we add this embedding to the gaze token to obtain the -
[38] proposed transformer-based architectures to performnal location-aware gaze token:

multi-person gaze target prediction. Their methods only

take the image as input and simultaneously predict both the x9 = x©emb4 ybboxp RD (1)
head box and gaze target (among others) for every personin

the scene. Their work is inspired by the DETR architecture Multi-person case. WhenN,, persons are detected, the ar-

[5], where the task is formulated as a set prediction prob- Chitécture will produce a set 8, gaze tokens, following
lem. Instead of reinventing the wheel, our method focuses!he same process described above for each person. Thus, if

solely on the gaze prediction paite{ given that heads are  Mbbox @NdN¢rop denote the bounding-box and head crop of

easily and accurately obtainable using off-the-shelf detec-Personi, the above process will generate a gaze tokgn
tors), and naturally adapts the transformer architecture tofor this person. To simplify notation, we will also denote
the original task formulation by introducirgaze tokenso DY X? the set of gaze tokens of all people in the scene, with
capture person-speci ¢ gaze and head location informationX® = X1 11 Xy ,where isthe concatenation operator.

and can be directly decoded later into gaze predictions. ~ Modality Encoding. Given the different nature of gaze
tokens compared to image tokens, we need to encode

3. Sharingan Architecture modality-speci ¢ information to distinguish between them.
Rather than using an explicit scheme, in practice we expect

Our Sharingan architecture is illustrated in Figure 3. The this modality information to be captured by the bias terms

main idea is to use a transformer that lets scene tokensof the different projection operatoPsyaze andPimg.

and person-speci ¢ gaze tokens interact within an attention

framework to jointly predict the 2D gaze heatmap of each 3-3. Transformer Encoder

individual. Thus, the inputs are the image and the headThe transformer encoder is a standard ViT [8]. It takes as
CI’OpS tha.t we assume are aVaila.bIe. We introduce beIOWinput the Concatenation of the scene tokgw, the gaze
the different components of this architecture. token(s)x9, according tox = x™¥  x92 RNt P where

N: = N + N,. The set of input tokens goes through a
series ofL transformer blocks to obtain an output sequence
We follow a standard ViT architecture to produce image to- of similar shape, denoted by"' = x(-) 2 RN« P

kens. The input scene image2 R" W € goes through
a patch projectiorPimg to produce image tokens that we
equip with positional informatiow’™ 2 RN P whereN The goal of the gaze decod@ga.cis to predict a set of gaze

is the number of patches, aidis the token dimension. heatmaps. Our Conditional DPEf( Figure 4) takes four
intermediate representations of the image tolce'(Fﬁ')g and
gaze tokens<?i) and combines them progressively at dif-
The main purpose of a gaze token is to map the gaze infor-ferentsimulatedresolutions, where lower resolutions have
mation of a person into a token embedded in the same spacenore channels and correspond to deeper layers of the en-
as the image tokens, which can interact with scene tokenscoder. This can be viewed as the isotropic equivalent of a
to select the relevant content for prediction. For simplicity, Feature Pyramid Network [22].

3.1. Image tokens

3.4. Gaze Decoder

3.2. Gaze tokens

we rst introduce this process for a single person. Our design is inspired by DPT [28], which can only han-
Single Person Caselet h¢rop 2 RM" W C denote the head dle decoding image tokens alone. In our case, we need
crop of a person antppox = ( Xmin ; Ymin ; Xmax ; Ymax ) 2 this decoding to be conditioned on each person. To this

[0; 1]* her head bounding box. The mapping works as fol- €nd, after each block of layers, the image tomﬁg;k 2
lows. The head cropyp is fed to a gaze backbor@ to f 4;8; 16; 329 are reassembled into an image-like represen-
produce a gaze embeddig§™ 2 R%m. This embedding tation at resolutiort-; %) and dimensiomi, . The gaze to-



Figure 3. Overview of our Sharingan architecture. A. The input image is projected into image tokens (red squares). B. The head crops and
head box coordinates are processed to generate location and size-aware person-speci ¢ tokens (blue squares) as follows. First, the head
crop is fed to a gaze backbone to produce a gaze embedding used to (i) predict a normalized 2D gaze vector that is supervised using an
angular loss; and (ii) produce a gaze token by projecting it to the token dimension. Second, head bounding box coordinates are projected
to obtain an embedding which, added to the gaze token, produces a person gaze token. C. Image tokens and gaze tokens are fed to the
transformer encoder, and the output tokens corresponding to input people are all decoded using a Conditional DPT decoder to predict each
person's gaze heatmaps. In addition, input and output gaze tokens are concatenated together to pnedsebthimbel.

kensx?,k) at that layer are also projected to the same dimen-3.5. In-Out prediction
sion. Next, we duplicate the image feature mblpstimes, : . ,
and apply an element-wise dot-product between each gaz he In-Out classi er hea@y.p consists of an MLP with 7
token and a copy of the image feature map. Finally, these ayers. Itis feq the gongatenatlon of input and output gaze
person-speci ¢ image features are stacked, and we mergéOkens to predict a binaip-vs-outlabel for each person.

the batch and person dimensions to produce a nal output
of dimension(B  Ny;dy; ;). This tensor is passed to

a fusion module where it is processed by a small residual _ _ _
convnet and added to the output from the previous fusion3.6. Loss and implementation details

block. The result goes through another residual convnet, aN e train our model using a combination of three losses:

upsampling stage to double the resolution, and a projection, . . .
leading to a tensor of dimensicB N ; dk?; 2H . oW Heatmap Loss (eg). The heatmap loss is the pixel-wise

At the end of this process, we get a tensor of dimension MSE_bq;;wvszfnn;mf ﬁ;g?ealmapgcggd the predicted heatmap:
Xy Xy )N2-

(B Np;dous %5 %), which goes through a convolutional —"™ = = xy _ ,
head that predicts the heatmaps by bringing the channel diAngular Loss (Lang). The angular loss drives the predic-
mension down tdl and resizing the spatial dimension to tion of a normalized gaze direction vector. It maximizes the
that of the gaze heatmap. Finally, we separate the batch and0Sine of the angle between the predicted and ground truth

. . . ; . — gt. pred
person dimensions such that the nal shape of the output is982€ Vvectors according td:ang = 1 < gvigv >

(B; N p; 1; Hpm; Whm). The rationale behind this design is where< a; b > denotes the inner product betweseandb.

to gather information from different layers and resolutions, In-Out Loss (Ljo). The in-out loss is the standard binary
which is important for dense prediction tasks. In this case, Cross-entropy foin-vs-outprediction.

it is particularly useful for gaze tokens where information Global loss.The nal loss is a given by:

from the early layers might retain more scene-independent

gaze cues due to their proximity to the gaze encoder. L= reglbreg* anglang + iolio 3)

0 = Owmp([X{L ;X7 @
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