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Abstract. Gaze following is typically evaluated through spatial target
localization, but an accurate gaze point does not necessarily identify
the hand involved in an interaction. We introduce Looking-at-Hands
(LAHands), a multi-label task that identifies the specific hands as-
sociated with an observer’s attention, including attention directed to
actively manipulated objects. We provide LAHands annotations for
GazeFollow, ChildPlay, and VideoAttentionTarget, together with cal-
ibrated pseudo-labels for large-scale GazeFollow training. We further
propose MTGS-Hands, which augments multi-person gaze following
with candidate-hand tokens encoding hand location, ownership, pose,
and optional manipulation supervision. On GazeFollow, learned hand-
aware association substantially outperforms the predicted-gaze geomet-
ric baseline while preserving competitive gaze localization. Experiments
on ChildPlay further show that manipulation supervision can improve
hand-attention prediction under domain adaptation. These results show
that gaze-point proximity alone is insufficient for hand-directed atten-
tion prediction. The LAHands annotations will be available at https:
//www.idiap.ch/dataset/lahands.

Keywords: Gaze following - Hand-directed attention - Multi-person
gaze and manipulation understanding

1 Introduction

Visual attention is a fundamental component of human behavior, reflecting the
dynamic allocation of cognitive resources to task-relevant elements in the envi-
ronment. As a result, gaze direction provides rich information about a person’s
intentions, goals, and future actions, making it one of the most informative cues
for understanding human behavior in both individual and social contexts [14}31].

Human attention is expressed through coordinated behavioral cues, including
gaze, head orientation, gestures, and hand actions. Gaze and hands are partic-
ularly closely coupled during object-directed behavior: people typically fixate
relevant locations before reaching or contact, maintain attention on objects dur-
ing manipulation, and shift their gaze toward upcoming action subgoals |1820].
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Fig. 1: Examples of our LAHands annotations on (left to right): GazeFollow, Child-
Play, and VideoAttentionTarget. LHand Pk and RHand Pk mean that the observer
is looking at person Pk’s left and right hand, respectively, or at an object actively
held or manipulated by the corresponding hand. Multiple LAHands labels indicate
attention involving more than one hand.

Importantly, this coordination is not only relevant for controlling one’s own ac-
tions but also for understanding the actions of others. Observers use hand move-
ments together with gaze cues to infer intentions, predict upcoming actions, and
establish shared attention. Such mechanisms are also prominent for social at-
tention, especially in child-caregiver interactions, where attention is frequently
coordinated through objects being held or manipulated rather than through
face-directed gaze alone .

In this paper, we address the gaze following task, which aims to predict the
spatial target of a person’s attention in an image or video . Specifically,
we investigate whether a person’s gaze is directed toward hands involved in
object manipulation or interaction.

Recent gaze-following models have steadily improved by incorporating richer
contextual cues, including depth, human pose and body skeletons , and more
recently by relying on large-scale vision foundation models . However, despite
these advances, most methods still formulate gaze following primarily as a where
problem, with limited emphasis on identifying what behavioral entity is being
attended.

Several works have begun moving in this direction. Social gaze models infer
interaction-oriented relations such as eye contact and shared attention ,
while semantic gaze-following methods associate gaze with object-level seman-
tic entities . Nevertheless, comparatively little work has addressed attention
toward human activities and interactions.

This limitation becomes particularly evident in interaction-rich scenes involv-
ing multiple people, hands, and manipulated objects. A gaze prediction may lie
near multiple hands or between a hand and the object it manipulates. Conse-
quently, a spatially accurate prediction may still fail to determine which hand is
being attended, whereas a slightly displaced prediction may nevertheless identify
the correct hand-directed attention.

We therefore introduce Looking-at-Hands (LAHands), a fine-grained
social-attention task and a first step toward modeling attention in human in-
teractions. For each observer and candidate hand, the task predicts whether
that specific hand is being attended.
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LAHands supports attention to one’s own or other people’s hands and mul-
tiple simultaneous hands. It also includes attention directed toward an object
actively held or manipulated by a hand, which captures hand-mediated attention
rather than simple gaze point-in-box overlap. Examples are shown in Figure

To support this task, we provide LAHands annotations for GazeFollow |25],
ChildPlay [29], and VideoAttentionTarget |7]. ChildPlay contains natural child—
adult interactions and is complemented by ChildPlay-Hand, which provides per-
hand manipulation labels [9]. The ChildPlay, VideoAttentionTarget and Gaze-
Follow test sets have been manually annotated while the GazeFollow training
set has been augmented with automatically geometrically generated LAHands
pseudo-labels to enable large-scale training.

To benchmark the task, we propose several baselines. In particular, we in-
troduce MTGS-Hands, a hand-aware extension of MTGS [12] that decodes
attention towards hands in addition to conventional gaze following. This en-
ables us to investigate whether incorporating hand cues can further improve
gaze-following performance. More specifically, in addition to scene and person
representations, MTGS-Hands introduces hand tokens encoding hand loca-
tion, owner information, and, optionally, 3D hand-to-shoulder pose. A pairwise
decoder predicts LAHands relations along the conventional gaze-following ob-
jective. Finally, we also investigate manipulation-aware hand representations
through ChildPlay-Hand pretraining and an auxiliary manipulation objective
during ChildPlay fine-tuning.

In summary, our contributions are:

— We introduce LAHands, a multi-label task for identifying directed attention
toward hands or objects being actively manipulated.
— We provide LAHands annotations for GazeFollow, ChildPlay, and VideoAt-
tentionTarget, and establish standardized training and evaluation protocols.
— We introduce MTGS-Hands, a joint gaze-following and LAHands model,
and systematically study the impact of hand location, 3D pose, and manipulation-
aware representations in both in-domain and cross-domain settings.
On GazeFollow, the MTGS-Hands hand-aware models substantially outper-
form predicted-gaze geometric association, whereas on ChildPlay, this geomet-
ric baseline remains competitive. In general, experiments show that LAHands
is a relevant but challenging task, with room for improvements, and that 3D
manipulation-aware hand representations can provide useful cues for prediction.

2 Related Work

Gaze following and social attention. Gaze following aims to localize the
target of a person’s attention from visual cues such as head appearance, head
location, body pose, and scene context [6}/7,[25]. Subsequent works have incor-
porated additional scene geometry, object information, and multimodal cues
to improve target localization [1}[10L/15,[35]. Recent approaches also move be-
yond the conventional single-person setting. Sharingan performs multi-person
gaze following with a transformer architecture [30], while MTGS jointly models
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multi-person temporal gaze following and social gaze relations such as looking
at humans, mutual gaze, and shared attention [12]. Other work has similarly ex-
plored unified gaze-following and social-gaze prediction [11], as well as semantic
characterizations of gaze targets |28|. These approaches enrich gaze prediction
beyond a purely geometric formulation, but they primarily reason about spatial
targets, objects, or person-level social relations. In contrast, LAHands intro-
duces a finer person-hand relation that identifies the specific left or right hand
involved in an observer’s attention.

Gaze, hands, and action understanding. Behavioral studies have long es-
tablished that gaze is closely coordinated with manual action. During object
manipulation, gaze typically precedes the hand, fixates relevant contact and
placement locations, and transitions toward future action subgoals [14}|18H20].
Eye-hand coordination also supports social attention. In child—caregiver inter-
action, participants can coordinate attention through objects held and manip-
ulated by their hands, even without reliable face-directed gaze following [38§].
This coupling has also been studied in relation to motor and developmental
differences [3}|24,132}36].

Computational work has begun to exploit these dependencies in several re-
lated settings. Gaze has been used to improve human—object interaction predic-
tion in videos [22| and to guide the synthesis of hand-object interactions [33].
In extended-reality environments, hand and head motion have been used as
cues for gaze estimation [8,/16], while full-body pose has been investigated as a
representation of eye-body coordination [17]. Related work on deictic gestures
combines hand orientation, gaze, body context, and scene understanding to es-
timate gesture targets [4]. These studies demonstrate the predictive relationship
between gaze, hands, and actions, but generally address gaze estimation, inter-
action recognition, or gesture grounding in settings different from third-person
social gaze following. Our work instead asks which specific hand instance is at-
tended in an unconstrained multi-person scene and learns this relation jointly
with spatial gaze prediction.

Hand and manipulation representations. Large-scale hand datasets and in-
teraction benchmarks have enabled increasingly detailed representations of hand
location, pose, and activity [5,27]. Of particular relevance, ChildPlay-Hand ex-
tends ChildPlay with per-hand manipulation annotations in natural child—adult
interaction videos [9]. Its labels describe manual states and actions associated
with each hand, providing supervision that is complementary to the gaze an-
notations of ChildPlay [29]. Broader action-recognition datasets also show the
value of combining body pose, object context, and temporal structure for under-
standing manual activities [2/21]. However, these datasets and methods focus on
recognizing what the hands are doing rather than whether a particular hand is
the target of another person’s visual attention.



Looking at Hands 5

3 Looking-at-Hands Task and Annotations
3.1 Task Definition

We introduce Looking-at-Hands (LAHands), a fine-grained social-attention
task that identifies when a person’s visual attention is directed toward a hand
or an object actively manipulated by that hand.

Given the people P = {p;}\% and hand instances # = {h }j\/:“’l visible in a
scene, LAHands assigns a label to each observer—hand pair:

(1)

_ )1, if person p; attends to hand hy,
Yig = 0, if person p; does not attend to hand h;,

Each hand is associated with an owner and a side; hence, the left and right hands
of the same person are distinct target instances. An observer may attend to their
own hand, another person’s hand, or multiple hands simultaneously. A positive
relation can denote attention to the hand itself or to an object actively held or
manipulated by that hand.

3.2 Annotated Datasets

We construct LAHands annotations for GazeFollow [25], ChildPlay [29], and
VideoAttentionTarget (VAT) [7]. Our annotations are built on the VSGaze [12]
extensions of these datasets, using their unified multi-person annotations and
person identities to construct observer—hand pairs. GazeFollow contains diverse
static scenes, VAT contains video sequences from movies and TV shows, whereas
ChildPlay contains natural child—adult interactions. ChildPlay is particularly
suitable for studying hand-directed attention because its scenes frequently in-
volve play, demonstrations, object exchanges, and joint manipulation. It is also
accompanied by ChildPlay-Hand [9], which provides per-hand manipulation an-
notations in the same domain.

3.3 Human annotation protocol

LAHands annotations. We rely on the gaze targets provided by the original
datasets. For each gaze annotation in a given frame, the annotator is shown the
observer identity, their gaze location, and the head locations and identities of the
other people in the scene. The annotator then selects, from the proposed list of
hands, the hand or hands toward which the observer is directing their attention.
The possible annotations include left and right self-hands, other people’s hands,
multiple simultaneous targets, and no-hand cases.

Selected hands are converted into positive observer—-hand pairs, while non-
selected hands are treated as negative pairs. The annotations were subsequently
validated and corrected by the authors, showing good agreement between anno-
tators. For instance, on the GazeFollow test set, only 2.5% of the evaluated pairs
required correction. The ChildPlay, VAT, and GazeFollow test sets were anno-
tated in this manner. Due to its size, the GazeFollow training set was pseudo-
annotated using the calibrated labeling procedure described below.

Hand and body geometry. To obtain hand localization information, we ap-
plied the SAM 3D Body model [37] to all images and matched the predicted
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Table 1: Source-level LAHands annotation statistics. A positive instance contains at
least one attended hand. GazeFollow train and validation contain pseudo-labels; the
remaining entries are human annotations.

Dataset Split  Frames Gaze inst. Positive Pos. frames
GazeFollow Test 4,782 4,782 1,436 41.1%
ChildPlay ~ Train 100,209 211,059 104,941 67.1%
ChildPlay  Val 10,283 21,838 12,383 72.4%
ChildPlay  Test 9,986 25,030 13,111 69.3%
VAT All 164,142 164,142 25,390 15.5%
GazeFollow Train 103,455 108,955 26,684 25.1%
GazeFollow Val 4,486 4,499 1,133 25.2%

head keypoints with the ground-truth head bounding boxes to associate the es-
timated body models with the person identities in the dataset. The resulting 3D
body and hand keypoints were used both for hand bounding-box localization
and to construct the hand-to-shoulder representation used by MTGS-Hands,
comprising the hand keypoints together with the corresponding wrist, elbow,
and shoulder joints.

3.4 Annotation statistics

Table [[l summarizes the scale of the LAHands annotations across datasets and
splits, whereas Table [2] decomposes more precisely which hands are the focus
of attention. The probability of attending at least one hand is computed over
all gaze instances. The remaining columns describe the conditional distribution
among LAHands-positive instances.

Hand-directed attention is considerably more frequent in the test split of
ChildPlay than in that of VAT. In ChildPlay, almost half of the positive in-
stances involve both hand sides, and attention is often directed toward another
person’s hands, reflecting the prevalence of play, object manipulation, and hand
interactions, including hand-overs, as evidenced by the proportion of attention
directed toward self-and-other hands (22%). In contrast, VAT contains fewer
hand-directed gaze instances and exhibits a stronger tendency toward self-hand
attention. These differences suggest that the annotations capture complementary
behavioral settings.

Additional analysis in the supplementary material further relates LAHands
to manual activity in ChildPlay-Hand. Hands are more frequently attended dur-
ing interaction-heavy actions such as operate, give, and put, and when people hold
an object, which motivates using manipulation-aware and object-aware represen-
tations for LAHands prediction.

3.5 Calibrated GazeFollow Pseudo-Labels

GazeFollow provides large-scale gaze annotations but no hand-level attention
labels. Due to its large size, we adopt a pseudo-labeling approach using a trans-
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Table 2: Breakdown of LAHands annotation targets for the ChildPlay and VAT
test splits. “Any hand” is measured over all gaze instances; the remaining values are
conditioned on LAHands-positive instances.

‘ Dataset ‘ Any hand ‘ Right Left Both ‘ Self Other Self+other ‘

ChildPlay 0.523 | 0.281 0.237 0.482]0.322 0.456 0.222
VAT 0.113 | 0.301 0.262 0.430 | 0.641 0.322 0.035

parent geometric rule whose confidence thresholds are calibrated on human-
annotated ChildPlay, as described below.

For an annotated gaze point g; and candidate hand bounding box b;, we
compute the normalized distance

g el
%= T Ghog(by) )
3 diag(b;)
where c(b;) and diag(b;) denote the center and diagonal length of the hand box,
respectively. By normalizing with half of the box diagonal, the distance becomes
relative to the apparent hand scale. Rather than relying on a single decision
boundary, we introduce separate positive and negative confidence thresholds:

1, dij S Tp037
gij =40, dij > Tnega (3)
-1, Tpos < dij < Tneg~

The intermediate region is treated as uncertain and excluded from supervision.
Threshold calibration on ChildPlay. We sweep the normalized distance
threshold over ChildPlay observer—hand training pairs and measure the preci-
sion of positive labels, d;; < T, and negative labels, d;; > T, against human
LAHands annotations. Based on Fig. [2| we set

Thos = 0.5, Theg = 1.25, (4)

and mark intermediate distances as uncertain. These thresholds are transferred
to GazeFollow without re-tuning.
Application to GazeFollow. For each GazeFollow observer, we enumerate
candidate left and right hands, compute Eq. , and apply Eq. . Confident
positive and negative pairs are retained, while intermediate and otherwise invalid
pairs receive the unknown label. For the GazeFollow test analysis, where several
independent gaze annotations are available for the same observer, we average the
normalized distances before thresholding. GazeFollow train contains one gaze
annotation per observer and therefore does not require aggregation.
Pseudo-Label Validation.

We validate the pseudo-labelling rule in two settings. First, we compare on
the GazeFollow test how the rule would perform (using our manual annotations
as ground-truth). Given that this test set has multiple gaze annotations, we
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Fig. 2: Calibration of the distance-based pseudo-labeling rule on ChildPlay. Small
normalized distances yield high-confidence positive labels, whereas large distances yield
high-confidence negative labels. The interval between Tyos and Theg is excluded from
supervision.

Table 3: Human validation of GazeFollow pseudo-labels. Train results are computed
and evaluated on the validated subset.

Evaluation set Pos. precision Neg. precision
GazeFollow test 0.783 0.977
GazeFollow train sample 0.730 0.989

relied on the mean to apply the pseudo-labeling rule. Second, on the training
set, we manually inspected 1000 frames equally sampled from the positive and
negative class. Results are given in Table 3] They confirm that positive-label
quality decreases near Tp,os, While negative labels remain highly reliable.

4 MTGS-Hands

We introduce MTGS-Hands, a hand-aware extension of MTGS [12] that jointly
predicts gaze targets and LAHands relations. Given an image or short video
clip containing Np people, it constructs frame tokens, gaze tokens from head
appearance and location, and separate left- and right-hand tokens combining
hand-to-shoulder keypoints, hand boxes, and owner head boxes.

As shown in Fig. [3] these tokens are jointly contextualized through repeated
transformer interaction blocks. Contextualized person tokens condition the gaze
and in/out decoders, hand tokens support hand-center prediction, and person—
hand pairs are used for LAHands prediction.

4.1 Hand Representation

Left and right hands are represented as separate instances. For hand h;, let b?
be its bounding box, b‘z wn(5) its owner’s head box, and s; its hand-to-shoulder
keypoints. A temporal hand processor encodes the pose sequence:

z; = Enana(sj1:7)- (5)
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Fig. 3: Overview of MTGS-Hands. The scene module extracts frame tokens, while
the gaze module constructs one gaze token per person from temporally processed head
crops and head bounding boxes. The proposed hand module constructs one token for
each left or right hand by combining encoded hand-to-shoulder keypoints, the hand
bounding box, and the head bounding box of the hand owner. Frame, gaze, and hand
tokens interact through repeated interaction blocks. Person tokens (gaze and hands)
interact through self-attention, allowing to model social as well as manipulation aware
interactions. Person tokens also are used to query scene information through cross-
attention, allowing to identify salient gaze information (for the gaze token) or identify
visually relevant hand information (e.g. holding objects) for the hand tokens. The
contextualized gaze tokens condition the gaze heatmap and in/out decoders, contextu-
alized hand tokens condition the hand-center decoder, and contextualized gaze—hand
pairs are processed by the LAHands decoder. All reported experiments are static (the
temporal length is "= 1).

The encoded pose is projected to the shared token dimension and combined with
learned hand-box and owner-box projections:

JHe, (o)

hj,t = Phand(zj,t) + Phbox(b?’t) + Powner(bp 2

own(j).t

where e3¢ distinguishes left- and right-hand instances.

4.2 Gaze—-Hand—Scene Interaction
At each time step, gaze and hand tokens form a shared social sequence:

St =1[81,t:--- 8Nt D1ty Ay 4], (7)

where g;; and h;; denote person-gaze and hand tokens. Repeated interaction
blocks jointly model social-token interactions and bidirectional cross-attention
with frame tokens. The final contextualized gaze tokens condition the gaze de-
coders, while contextualized gaze—hand pairs are used for LAHands prediction.
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4.3 LAHands Prediction

For every valid observer—hand pair, we concatenate the contextualized gaze token
of the observer with the contextualized candidate-hand token:

Qijt = [gi,t;ﬁj,t} . (8)
A shared multilayer perceptron predicts the LAHands probability indepen-

dently for each pair:
/gijﬂf = U(fLAHands(Qij,t)) . (9)

4.4 Manipulation-Aware Hand Encoder

To incorporate action-related information beyond hand geometry, we pretrain
the 3D hand encoder on ChildPlay-Hand manipulation classification [9] using
the five classes:

A = {background /pointing, grasp, hold, operate-like, release}, (10)

where operate-like groups the operate, give, put, drop, and throw labels of the
original dataset, following the 5-class setting in [9]. The pretrained encoder ini-
tializes MTGS-Hands. We also apply an auxiliary manipulation classifier to
the hand representation:

é~j,t = fmanip(zj,t>7 (11>

that is optimized on ChildPlay using class-weighted cross-entropy, Lmanip-

4.5 Training Objective

For all valid observer—hand pairs, we optimize a focal binary cross-entropy loss:

1 N
LrAHands = o Z FL-BCE (§ij.t, Yijit) (12)
(i,5,t) €N

where 2 = {(4,,t) | yijr # —1} is the set of valid pairs. The focal weighting
reduces the contribution of easy negative pairs and helps address the strong class
imbalance in LAHands.

We additionally regress each valid hand’s normalized center from its contex-
tualized token:

Cjt = feenter (flj,t) ) (13)

using

Leenter = ﬁ Z ||éj,t - Cj>t| 1° (14>
vahdl (j,t)GHvalid
where Hyaiiqa denotes the set of valid hand instances.
The complete objective combines the standard original gaze-following losses

from [12] with the LAHands and auxiliary hand objectives:

L= Egaze + )\iocio + )\LAHandSLLAHands
+ Acenterﬁcenter + )\manipﬁmani}r

We set A AHands = 1 and Acenter = Amanip = 0.1 in the experiments.

(15)
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5 Experiments

Even if the model supports temporal processing, in the following all our results
rely on a static modeling approach (i.e. T = 1).

5.1 Experimental Setup

Datasets and evaluation settings. GazeFollow and ChildPlay are used in
our experiments. VAT annotations are included in the release to support future
work on video-based LAHands; benchmarking on VAT is left to future work.
We train on GazeFollow and evaluate on its test split. For transfer evaluation, we
test the GazeFollow-trained models directly on ChildPlay and after fine-tuning
on the ChildPlay training split.
Model configurations. We compare MTGS-Geom, which applies geometric
hand association to the gaze output of a hand-free MTGS model, with progres-
sively richer MTGS-Hands variants:

— Hand bbox uses hand location and owner information;

— + 3D hand-to-shoulder additionally uses upper-limb keypoints;

— + Pretrained hand encoder initializes the 3D encoder from ChildPlay-Hand

manipulation classification pretraining;
— + Manipulation auxiliary exploits manipulation supervision during Child-
Play fine-tuning.

Implementation details. All experiments use 448 x 448 inputs and are trained
for 20 epochs with AdamW. The DINOv2 encoder [23| is frozen. Hand-aware
models use owner-associated hand boxes, ApAHands = 1, and Acenger = 0.1.
ChildPlay fine-tuning uses batch size 8, four-step gradient accumulation, and
learning rate 1076.
Candidate hands and detection coverage. SAM 3D Body [37] provides can-
didate hands for matched people, recovering 97.9% and 99.2% of annotated at-
tended hands on GazeFollow and ChildPlay test, respectively. Undetected hands
are excluded from the valid set of hands.

5.2 Evaluation Metrics and Baselines

Metrics. For GazeFollow, we report the standard heatmap AUC, minimum nor-
malized distance to any ground-truth gaze annotation (Min. Dist.), and distance
to their mean location (Awvg. Dist.). For ChildPlay, we report normalized gaze
distance. LAHands is evaluated by average precision over valid observer—hand
pairs since the task is imbalanced.

Geometric baseline. The hand-free baseline predicts gaze only. LAHands
scores are obtained by the negative normalized distance from the predicted gaze
point to an extended hand center. Following [9], the center is shifted from the
wrist along the forearm direction to better represent attention directed toward
potential objects held or manipulated beyond the hand itself:

Cj = Wj + 05(W] — ej), (16)

where w; and e; are the wrist and elbow locations. Distances are normalized
by half the hand-box diagonal and scored independently for each observer—hand
pair. We also report a ground-truth-gaze geometric reference.
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Table 4: Results on GazeFollow. Published gaze-following results use their original
settings, while our controlled models use 448 x 448 inputs. MTGS-Geom derives LA~
Hands scores geometrically from the gaze output of our hand-free MTGS model;
MTGS-Hands variants use a learned LAHands decoder. Chance is the mean AP of
a random scorer over 200 seeds.

Method AUC 1 Avg. Dist. | Min. Dist. | LAHands AP 1
Recasens et al. [25] .878 .190 113 -
Chong et al. [7] 921 137 .077 -
Tonini et al. [34] 927 141 - -
Tafasca et al. [30] .944 113 .057 -
Ryan et al. |26] .956 .104 .045 -
Human .924 .096 .040 -
LAHands baselines

Chance - - - .13
MTGS-Geom .950 .0944 .0410 47
GT-gaze geometry - - - .57
MTGS-Hands

Hand bbox .950 .0929 .0390 .55
+ 3D hand-to-shoulder .940 .0944 .0410 57
+ Pretrained hand encoder .950 .0936 .0399 57

5.3 Main Results on GazeFollow

Table [d]shows that explicit hand representations improve person-hand attention
prediction over geometric association based on predicted gaze. MTGS-Geom
obtains an LAHands AP of .47, while the MTGS-Hands Hand-bbox variant
reaches .55 and the 3D hand-to-shoulder and pretrained-hand-encoder variants
reach .57. The latter match the GT-gaze geometric reference, despite not having
access to ground-truth gaze at inference. These results show that predicted-gaze
location alone is insufficient for identifying the attended hand, and learned hand-
aware representations can close the gap between predicted-gaze geometry and
association based on ground-truth gaze.

Adding 3D hand-to-shoulder information increases LAHands AP from .55
to .57, suggesting that structured upper-limb information provides useful cues
beyond 2D hand location. Manipulation pretraining preserves the .57 AP while
recovering most of the gaze-localization performance of the Hand-bbox variant.

The effect on conventional gaze localization is smaller and not monotonic.
The Hand-bbox variant obtains the lowest average and minimum distances, while
the MTGS-Hands variants remain competitive with the other gaze-following
methods.

5.4 ChildPlay results

We evaluate three transfer settings. Zero-shot models are trained only on Gaze-
Follow and evaluated directly on ChildPlay. The manipulation-pretrained model
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Table 5: ChildPlay results. Zero-shot models use no ChildPlay training data. Target-
domain manipulation pretraining uses manipulation labels from the ChildPlay-Hand
training split, but no ChildPlay LAHands labels. Fine-tuned models use ChildPlay
training LAHands annotations. MTGS-Geom derives LAHands scores from gaze-
target /hand geometry. Chance is the mean AP of a random scorer over 200 seeds.

Method Gaze Dist. | LAHands AP 1
Chance - 18
GT-gaze geometry - .81
Ryan et al (zero-shot) |26] 0.114 -
Ryan et al (fine-tuned) |26| 0.106 -
Human 0.048 -
Zero-shot from GazeFollow

MTGS-Geom .0941 .62
MTGS-Hands (Hand bbox) .0966 .53
MTGS-Hands (+ 3D hand-to-shoulder) .0967 .62
Target-domain manipulation pretraining

MTGS-Hands (+ Pretrained hand encoder) .0957 .63
Fine-tuned on ChildPlay LA Hands

MTGS-Geom .0902 .64
MTGS-Hands (Hand bbox) .0917 .56
MTGS-Hands (+ 3D hand-to-shoulder) .0945 .63
MTGS-Hands (+ Pretrained hand encoder) .0918 .61
MTGS-Hands (+ Manipulation auxiliary) .0927 .65

additionally uses manipulation labels from the ChildPlay-Hand training split,
but no ChildPlay LAHands labels. Fine-tuned models are initialized from their
GazeFollow checkpoints and adapted using ChildPlay training LAHands labels.

Table 5| shows that, among models trained only on GazeFollow, the Hand-
bbox variant transfers poorly, while adding 3D hand-to-shoulder information
restores LAHands AP to the MTGS-Geom level. Manipulation pretraining on
the ChildPlay-Hand training split further increases AP to .63 without using
ChildPlay LAHands labels. After fine-tuning, gaze distance improves for all cor-
responding configurations. MTGS-Geom retains the lowest gaze distance, while
the Manipulation-auxiliary variant obtains the highest AP among the learned
MTGS-Hands variants. In general, these results show that in such close inter-
action settings, improving gaze following could improve LAHands predictions
(¢f. the .81 AP using GT-gaze geometry), and that hand and manipulation
aware models can lead to better results. This could be achieved using temporal
models.

5.5 Qualitative Results

Figure [4] shows two examples using the best-performing model in terms of LA-
Hands AP for each evaluation setting. For GazeFollow, we visualize the model
with the pretrained hand encoder. For ChildPlay, we visualize the fine-tuned
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Fig. 4: Qualitative comparison on GazeFollow (top) and ChildPlay (bottom). Each
row shows the ground-truth annotation, the MTGS-Geom prediction, and the MTGS-
Hands prediction. On GazeFollow, both methods localize gaze near the target, but only
MTGS-Hands identifies the correct attended hand. On ChildPlay, MTGS-Hands
improves gaze localization and correctly predicts both attended hands.

model with the auxiliary manipulation objective. In the GazeFollow example,
MTGS-Geom and MTGS-Hands localize gaze near the same target, but MTGS-
Geom fails to identify the attended hand, whereas MTGS-Hands predicts the
correct LAHands relation. In the ChildPlay example, MTGS-Hands improves
the gaze prediction and also recovers the correct attended hands. These exam-
ples show that LAHands errors can arise either from gaze-localization error or
from the limitations of a fixed geometric association rule. Additional examples
are provided in the supplementary material.

6 Conclusion

We introduced Looking-at-Hands (LAHands), a fine-grained task for identify-
ing the specific hands associated with an observer’s attention, together with an-
notations for GazeFollow, ChildPlay, and VideoAttentionTarget and calibrated
GazeFollow training pseudo-labels. We also proposed MTGS-Hands, which
jointly predicts spatial gaze targets and observer—hand relations.

On GazeFollow, explicit hand representations substantially improve LA-
Hands prediction over predicted-gaze geometric association, with the strongest
variants matching the ground-truth-gaze geometric reference, while preserving
competitive gaze localization. On ChildPlay, geometric association remains com-
petitive, while manipulation supervision provides the strongest learned LA-
Hands result. These findings show that explicit hand-aware reasoning comple-
ments spatial gaze localization and motivate future work on temporal, object-
aware, and manipulation-aware modeling.
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Supplementary Material for
Looking at Hands: A new benchmark for
Hand-Centered Gaze Understanding

1 Relationship Between LAHands and Hand Activity

We further analyze how hand-centered attention relates to manual activity in
ChildPlay-Hand. Figure [I| reports, under two complementary views, the prob-
ability that a given hand is marked as attended by at least one person in the
LAHands annotations.

The per-class analysis in Fig. shows that a hand is more likely to be
attended during interaction-heavy manipulation classes such as give, put, and
operate, whereas this probability is lower for hold, point, and background in-
stances. This indicates that hand-directed attention is closely associated with
active manual interaction rather than merely with the presence of a visible hand.

The object-based analysis in Fig. shows a higher probability of attention
for hands holding an object than for hands without an object. The same pattern
is observed for left and right hands. These results motivate richer manipulation-
aware and object-aware representations for LAHands prediction.

2 Additional Qualitative Results

Figure |2| shows additional successful cases in scenes containing several nearby
hands. MTGS-Geom produces false positives for hands that are close to the pre-
dicted gaze target in the image plane but are not involved in the observer’s atten-
tion. It can also miss the correct hand when the attended hand lies slightly away
from the gaze prediction. In contrast, MTGS-Hands more accurately recovers
the complete set of attended hands by reasoning jointly about the observer, can-
didate hands, and surrounding scene. In these examples, MTGS-Hands also
improves gaze localization over the hand-free MTGS model underlying MTGS-
Geom.

Figure [3] presents some failure cases. In some examples, MTGS-Hands pre-
dicts an incorrect or incomplete set of attended hands, even when MTGS-Geom
succeeds. Other cases reveal inconsistencies between the predicted gaze location
and the LAHands output, suggesting that the two prediction heads do not
always produce aligned decisions. We also observe examples in which MTGS-
Hands degrades gaze localization relative to the hand-free MTGS model. These
cases motivate richer object- and manipulation-aware representations and stronger
consistency between the gaze and LAHands predictions.
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(a) Probability that a hand is attended, according to the LAHands annotations, conditioned on
the manipulation class of that hand.
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(b) Probability that a hand is attended, according to the LAHands annotations, conditioned on
whether that hand holds an object.

Fig. 1: Relationship between LAHands and manual activity in ChildPlay-Hand. For
each hand instance, we measure the probability that it is marked as attended by at
least one person in the LAHands annotations, either by its owner or by another
observer. Right and Left condition on the manipulation label or object-in-hand status
of the corresponding hand side, while Overall pools individual hand instances from
both sides. Sample counts are reported above each bar; hatched placeholders marked
with n = 0 indicate unavailable estimates.
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Fig. 2: Additional successful qualitative results on GazeFollow (rows 1-2) and Child-
Play (rows 3-4). Each row shows, from left to right, the ground-truth annotation, the
MTGS-Geom prediction, and the MTGS-Hands prediction. MTGS-Hands more
accurately identifies the attended hands in scenes with multiple nearby candidates.
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Fig. 3: Example failure cases of MTGS-Hands on GazeFollow (rows 1-2) and Child-
Play (rows 3-4). These examples include incorrect observer—hand associations, cases
in which MTGS-Geom performs better, and inconsistencies between gaze localization
and LAHands prediction. Each row shows, from left to right, the ground-truth anno-
tation, the MTGS-Geom prediction, and the MTGS-Hands prediction.
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