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Abstract

Forecasting gaze behavior is an important task for under-
standing user intent and creating AR/VR systems that can
anticipate where users will look and interact next. While
prior works have addressed predicting scanpaths in static
images, forecasting gaze in egocentric videos presents new
challenges due to the dynamic nature of the scene and the
camera wearer’s continuous movement through the 3D en-
vironment. To address these challenges, we formulate the
novel task of egocentric scanpath prediction as forecasting
a sequence of future fixations in 3D Cartesian coordinates
relative to the last observed camera pose, producing a 3D
scanpath that is grounded in the environment. We propose
a transformer architecture that leverages egocentric video
frames, head pose, and past 3D gaze observations to pre-
dict future 3D fixation sequences. We evaluate our method
on the Aria Digital Twin dataset. Our findings establish a
baseline for the novel task of 3D scanpath prediction and
highlight important architectural elements for our task.

1. Introduction
Where a person looks is closely coupled with their intent,
offering insight into what they are doing and what they may
do next [24, 36, 43]. Forecasting visual attention, or predict-
ing where someone will look next in a scene, is an impor-
tant task with applications across behavior understanding,
robotics, and augmented and virtuality reality (AR/VR) ap-
plications. In AR/VR, anticipating gaze targets enables sys-
tems to proactively render experiences that are driven by the
user’s attention by identifying who or what they may attend
to next [3]. Modeling attention in task-driven contexts can
also inform robot learning and interaction [4, 5, 63] and al-
gorithms that emulate human active perception [80, 81].

Most prior work on forecasting gaze has focused on the
prediction of scanpaths in 2D static images [8, 16, 30, 37,
39, 44, 47, 60, 61, 67]. In this task, a temporally ordered
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Figure 1. Forecasting gaze in egocentric videos gives insight into
user attention and intent. Given a history of observed egocentric
video frames and gaze targets (a), we aim to predict future targets
of gaze (b). To account for the user’s motion through a dynamic
3D scene across frames, we formulate the problem as 3D scanpath
prediction within a consistent exocentric frame of reference (c).

series of fixations is predicted for an image in pixel coordi-
nates. Common datasets such as MIT1003 [37] and COCO-
Search18 [15, 73] provide ground truth labels obtained from
eye tracking, where gaze measurements are obtained from
multiple subjects viewing the same images. Using images
and videos displayed on a monitor as visual stimuli for gaze
modeling has practical advantages, including enabling dis-
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tributions of responses to standardized visual stimuli, a sim-
plified 2D output space, and eliminating the need to account
for head movement during viewing.

While progress on image scanpath prediction represents
an important step towards modeling visual attention, view-
ing an image is a highly constrained scenario compared
to real-world gaze behavior. In this work, we formulate
the novel task of forecasting 3D scanpaths in egocentric
video (Fig. 1). We argue that predicting scanpaths in this
embodied setting differs fundamentally from the 2D scan-
path problem formulation. First, downstream applications
in AR/VR rendering, robotics, and planning require gaze
predictions that are consistent across multiple egocentric
frames of reference, which mandates prediction in a fixed
3D coordinate system persistent across these frames. Sec-
ond, our problem scenario is significantly more variable
and technically complex than the 2D scanpath prediction
scenario, as egocentric video data captured from a head-
mounted device typically includes rapid head movements,
wearer translation throughout the scene, dynamism in the
environment, and task-oriented interactions between a user
and their environment. Unlike in the image scanpath pre-
diction case, as a person rotates their head and translates
rapidly through a scene, a future gaze target at one instance
in time may not be visible in subsequent video frames.

This is the first work to study the problem of forecasting
3D gaze scanpaths from egocentric videos. We introduce a
novel problem formation that entails predicting gaze targets
in a 3D coordinate system that is consistent across changing
egocentric views and is grounded in the wearer’s 3D envi-
ronment. To account for the dynamic nature of egocentric
video and the continuous nature of gaze, we include past
video frames, head poses, and gaze observations as inputs
to our task. We develop a transformer-based architecture for
our task and evaluate it against baselines and relevant prior
work. Our contributions are as follows:
• We introduce and define the novel task of egocentric 3D

scanpath prediction.
• We propose a transformer architecture to predict future

3D gaze points given egocentric video, observed head
pose, and previous gaze points.

• We evaluate our model on the Aria Digital Twin
dataset [55], establishing a baseline level of performance
and identifying key architectural considerations.

2. Related Work
Scanpath Prediction Several works have addressed the
task of scanpath prediction, which aims to predict a viewer’s
sequence of gaze fixations as they look at an image. This
problem builds on a larger body of work addressing pre-
dicting visual saliency [9, 29, 33, 65], but differs in its goal
to produce a temporally ordered gaze path of fixation loca-
tions with durations simulating a human actively perceiv-

ing the image. Early work on modeling dynamic visual
behavior generates scanpaths via saliency maps using in-
hibition of return [30, 66] or information maximization
[44, 60, 61, 67]. MIT1003 [37] provided the first large-
scale dataset for this task, developed by collecting eye track-
ing data of humans viewing a set of images. MIT1003
and further image-based eye tracking databases [10, 70]
have enabled the development of several architectures for
scanpath prediction in free-viewing settings [8, 16, 38, 39,
47, 64, 69, 74]. Recent works have increasingly focused
on goal-driven scanpaths, where the user is instructed to
view the image with a goal such as searching for an ob-
ject [15, 18, 20, 52, 73, 77], captioning the image [76], or
visual question answering [12, 14]. Another line of research
addresses personalization in scanpath prediction by predict-
ing person-specific scanpaths given a support set of scan-
paths from an individual viewer [13, 34, 71].

While modeling scanpaths in 2D images has facilitated
progress on gaze behavior modeling, viewing a static 2D
image is highly constrained compared to naturalistic gaze
behaviors in the 3D world. A few architectures extend im-
age scanpath prediction to 360◦ images to simulate viewing
a wider scene, predicting gaze targets as direction on a unit
sphere [35, 68]. A related task is viewport prediction in
360◦ videos [11], which predicts the viewer’s head direc-
tion while watching a 360◦ video with a VR headset. Re-
cent work CT-ScanGaze [57] predicts scanpaths through 3D
Computed Tomography volumes, however this constitutes
a constrained, domain-specific 3D setting where the depth
dimension is limited to image slices. Compared to these
works, our formulation addresses predicting scanpaths from
egocentric video in the dynamic 3D world, which necessi-
tates predicting gaze targets as 3D world coordinates and
accounting for viewer movement through the world.

Egocentric Gaze Modeling Prior work has addressed
modeling gaze in egocentric video, but largely operates in
the 2D pixel coordinates of individual video frames. Ego-
centric gaze estimation predicts 2D gaze locations within
individual egocentric video frames [27, 40, 41, 45], with
some approaches jointly modeling gaze and activity [28, 46,
51]. Zhang et al. [78] and subsequent works [42, 79] extend
this formulation to predicting future gaze as 2D locations in
image coordinate system of future frames. By predicting fu-
ture gaze locations in 2D pixel coordinates of unseen future
frames, this formulation requires models to implicitly pre-
dict future head motion in order to determine the frame of
reference for future gaze predictions, and predictions can-
not easily be interpreted between frames. In this work, we
instead forecast gaze in a 3D coordinate system, such that
gaze predictions are grounded in a coordinate system that is
persistent and shared between individual video frames. Re-
cent work EgoSpanLift [75] forecasts a temporally aggre-
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Figure 2. Overview of our proposed architecture. We encode global image and head pose features alongside dense patch features of the
last observed video frame. Acting as a canonical reference frame, we project 3D scanpaths into this consistent world coordinate system.
Then, with cross-modal attention between visual context and historical 3D scanpath features, we decode a forecasted 3D scanpath.

gated visual span region from egocentric point cloud obser-
vations. In contrast, we predict a dense, temporally ordered
sequence of future gaze locations from egocentric video.

Egocentric Behavior Forecasting Prior works have tack-
led other behavior forecasting tasks in an egocentric set-
ting, with some incorporating gaze as an additional pre-
dictive variable. GazeMotion [26] and VCR [31] exploit
the tight coordination between human eye and body move-
ments in predicting future body motions, jointly forecast-
ing gaze direction with body pose. In contrast, we predict
the future 3D gaze point, not gaze direction, and do not re-
quire body pose measurements to make effective gaze pre-
dictions. GIMO [72] contributes a dataset for human mo-
tion prediction conditioned on a gaze, where participants
look at gaze targets before walking to them. While the gaze
behavior in this dataset is not sufficiently diverse to sup-
port our gaze scanpath forecasting task, their experiments
highlight the power of gaze predictions to drive behavior.
Finally, FICTION [7] predicts future human-object interac-
tions from an egocentric perspective in the 3D world. In
particular, they use a coarsely voxelized 3D output space,
which is too coarse for accurate prediction of gaze points.
We take inspiration from these prior works by predicting
behavior in a 3D frame of reference, but focus on the novel
task of forecasting 3D gaze scanpaths.

3. Approach
3.1. Problem Formulation
We formulate egocentric 3D scanpath prediction as a fore-
casting task conditioned on historical gaze observations,
head positions, and video frames. Previous gaze observa-

tions are given as a partial 3D scanpath composed of Nobs
fixations, So = {g1, g2, ...gNo}. Each gaze fixation g ∈ R4

consists of (xWi ,mi), where xWi ∈ R3 is the 3D fixation lo-
cation in Cartesian world coordinates andmi ∈ R is the du-
ration of the fixation in seconds. The input also includes the
egocentric video stream V corresponding to the observed
segment So and the corresponding set of egocentric camera
poses P where each pose p consists of rotation RW and 3D
translation tW in the world coordinate system. The output
is the future scanpath consisting of the next Nf fixations,
Sf = {gNo+1, gNo+2, ...gNo+Nf }.

We predict a fixed number of future fixations because
time is a confounding factor for scanpaths. Our formulation
focuses on the sequence of future gaze locations, treating
the length of each fixation as a secondary, more ambigu-
ous variable. We choose to use prior gaze observations as
input to our task due to the continuous nature of egocen-
tric gaze behavior. While image scanpaths are finite, com-
prising the full time that the viewer looks at a new image
(typically 3 seconds), egocentric gaze behavior is continu-
ous, without a defined starting or stopping point. By pro-
viding partial gaze history, we formulate our task similarly
to other continuous forecasting tasks that condition future
predictions on past observations such as 3D human motion
estimation [32, 56, 58, 59]. In practice, the 3D gaze obser-
vations may be obtained from wearable eye tracking with
gaze depth measured by vergence estimates [25], or inter-
section of gaze rays with 3D scene geometry provided by
SLAM [53] or digital twin reconstructions[55].
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3.2. Canonical Frame Definition
For each scanpath, we define a canonical 3D coordinate sys-
tem C centered at the camera position pWNo of the final frame
of the observed sequence So to represent the input and out-
put space. We project all input fixations into this coordinate
system to obtain the observed 3D scanpath in this canoni-
cal frame, SC

o , and we predict the future scanpath SC
o within

the same coordinate system. By defining a canonical frame
of reference, we model gaze in a coordinate system that is
grounded in the 3D scene and persistent across the varying
head poses within the scanpath. Furthermore, this 3D input
and output space naturally handles cases when gaze points
extend beyond the camera frame for a particular timestep.

3.3. Architecture
Our proposed architecture, shown in Fig. 2, consists of two
main branches: multi-modal visual context encoding from
visual frames and head positions, and cross-modal 3D scan-
path decoding in the canonical frame of reference.
Visual Context Encoding Egocentric gaze forecasting
requires temporal context beyond a single visual frame to
account for the dynamic nature of the scene and the viewer’s
egomotion. To capture temporal visual context, we encode
visual features from multiple frames contextualized by the
wearer’s head position. Given the egocentric video stream
V , we sample the sequence of frames {v1, v2, ...vNo} such
that vi is the final video frame that temporally corresponds
to fixation gi in the observation scanpath So. Following
work on exocentric gaze estimation [62], we encode these
frames using a frozen pretrained visual encoder, ψ, which is
DINOv2-B [54] in our experiments. For the canonical video
frame vNo , we leverage the full patch-wise feature map as
the visual representation in order to capture dense seman-
tic and spatial visual information for the reference frame in
which the future scanpath will be predicted. For the preced-
ing frames v1:No−1, we use the global feature vector as the
representation to capture broader visual motion in relation
to the canonical frame. We learn two linear layers, Edense
and Eglobal ∈ Rdψ×d to embed the dense features for the
canonical frame and the global features for the past frames
into d-dimensional features vectors, where d is the internal
dimension of our transformer model.

Because these video frames represent different view-
points due to egomotion, we leverage head pose (the posi-
tion of the headworn RGB camera) to further contextualize
the visual features. We project the camera position pWi cor-
responding to each input frame vi into the canonical frame
of reference, obtaining its relative pose pCi ∈ R7, which is
composed the head orientation quaternion and 3D position.
The poses are embedded via a linear layer Epose ∈ R7×d,
and concatenate them with the visual features to form the
full visual context, Cvisual. We add a fixed sinuisoidal po-
sition embedding to each feature vector in Cvisual to encode

relative time, such that head pose features and visual fea-
tures for the same timestep have the same position embed-
ding added to them. The concatenated visual and pose fea-
tures are passed through 2 transformer layers with self at-
tention to allow for interaction across the frames, producing
the updated visual context C ′

visual.

3D Scanpath Decoding To predict the scanpath, each ob-
served fixation in So is first embedded via a linear layer
to obtain a list of observed trajectory features Ctraj. We
concatenate these features with a set of learnable trajectory
query vectors, Q = {q1, ...qNf } where each qi ∈ Rd will
be transformed into a predicted future gaze point. We pass
[Ctraj, Q] to a 2 layer transformer decoder to produce C ′

traj
and Q′. In each layer, the trajectory features interact across
time via self attention, and cross-attend to the visual context
C ′

visual. To temporally align the observed trajectory features
with the visual context, we add a fixed sinuisodal temporal
position embedding to Ctraj, such that the trajectory feature
for each observed fixation receives the same position em-
bedding as the corresponding pose and visual features. The
future fixation predictions are decoded via a linear projec-
tion layer as Spred

f = Proj(Q′), where each gpred
i ∈ R4 in

Spred
f represents the predicted fixation at temporal position
No + i in the 3D canonical frame coordinate system with
position xCi

pred and duration mpred
i .

Training We train our model using multitask loss to
jointly supervise the prediction of fixation locations and du-
rations. We use MSE loss for both, calculating the full loss
as L(Spred

f ,Sf ) = λ1Lpos(X
pred
f , Xf ) + λ2Ldur(M

pred
i ,Mi)

where λ1,λ2 are weighting hyperparameters.

4. Experiments
4.1. Evaluation Protocol
Dataset We leverage the Aria Digital Twin (ADT)
dataset [55] for training and evaluation, which is composed
of egocentric data captured by Project Aria glasses [21], in-
cluding 30Hz video, eye tracking measurements at 30Hz,
and estimated camera pose via a SLAM system. Data is
captured in a known environment with a 3D digital twin, fa-
cilitating obtaining ground truth 3D gaze points as the first
intersection of the estimated gaze direction from the eye
tracking direction with the 3D environment. We use 184 in-
dividual video sequences from Aria Digital Twin, and con-
struct a split of 147 train, 18 val, and 19 test sequences. We
process the 3D gaze points into fixation clusters by grouping
together consecutive points with minimal distance between
them. With an observed sequence length of No = 10 and
predicted sequence length of Nf = 10, the test set consists
of 646 non-overlapping segments, averaging 2.8s in length.
Further details are provided in Supplement Sec. 8.
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Table 1. Evaluation of our method and baselines on our new task of forecasting 3D scanpaths in egocentric video on the ADT dataset. We
compare against heuristic baselines, an image scanpath prediction method modified to the 3D setting, and ablations of our architecture.

Method Multimatch
DTW↓ EUC ↓ FRE↓ EYE ↓ TDE↓ Sh↓ Dir↓ Len↓ Pos↓ Dur↓

Dataset average 2.014 2.014 2.948 3.199 1.445 0.520 1.247 0.325 1.975 0.713
Center prior [37] at average depth 2.035 2.035 2.962 3.249 1.459 0.520 1.247 0.325 2.004 -
Average of observations 1.816 1.816 2.781 2.773 1.310 0.520 1.247 0.325 1.779 -
Last observed point 1.533 1.533 2.646 1.977 1.310 0.520 1.247 0.325 1.504 -
Linear extrapolation 4.642 4.660 8.133 5.506 1.504 0.984 1.568 0.603 4.309 -

TPP-Gaze [20] + GT depth 3.278 3.309 4.668 4.451 1.917 1.244 1.381 1.008 3.174 0.776
TPP-Gaze [20] (3D modified) 1.972 2.102 3.245 2.158 0.947 1.347 1.191 0.938 1.840 0.598

Ours - Trajectory only 1.450 1.456 2.280 1.901 0.930 0.507 1.254 0.406 1.419 0.654
Ours - Single image, no pose 1.410 1.421 2.212 1.836 0.860 0.509 1.185 0.377 1.367 0.671
Ours - Single image, pose 1.402 1.421 2.163 1.823 0.852 0.506 1.191 0.364 1.368 0.698
Ours - Video, no pose 1.395 1.412 2.215 1.814 0.853 0.503 1.188 0.373 1.344 0.740
Ours - Video, pose 1.377 1.382 2.173 1.800 0.859 0.507 1.194 0.384 1.350 0.630

Table 2. Euclidean error breakdown within the X-Y plane vs.
depth for our full model compared to ablated versions that remove
video frames and prior head poses.

Video Pose X-Y plane Z

× × 0.916 (+0.018) 0.927 (+0.037)
✓ × 0.907 (+0.009) 0.918 (+0.028)
✓ ✓ 0.898 0.890

Implementation Details We use No = 10 observed fix-
ations and predict the next Nf = 10 fixations. Our input
images are size 224× 224, producing a 16× 16× 768 fea-
ture map from DINOv2 for the canonical frame. We use
d = 256 as the latent dimension for our model. We train our
model with the AdamW [48] optimizer using a fixed learn-
ing rate of 2e-4 and weight decay of 1e-2 for 3 epochs. A
single epoch samples all possible starting points within the
the training set, consisting of 87k overlapping trajectories.

Metrics We leverage commonly used distance-based
measures [22] as well as the MultiMatch scanpath metrics
[19] to measure similarity between predicted and ground
truth scanpaths, adapting distance calculations to 3D for
our setting. For distance-based measures, we consider met-
rics that align points in the predicted and ground truth scan-
paths in different ways to measure distance: Dynamic Time
Warp (DTW), Euclidean Distance (EUC), Frechet Distance
(FRE) Eyeanalysis (EYE) [50], and Time Delay Embedding
(TDE) [67]. DTW, EUC, EYE, and TDE are averaged over
the sequence length, while FRE is reported for the full se-
quence. Distance metrics are reported in meters.

We also use the MultiMatch metric suite, which repre-
sents each scanpath as a set of gaze shifts between con-
secutive gaze points. Each gaze shift is represented as
a 5-dimensional vector consisting of the characteristics of
shape, length, direction, position, and duration. These vec-
tors are used to calculate an optimal alignment between
scanpaths, and distance measures are reported separately

across Shape (Sh), Direction (Dir), Length (Len), Position
(Pos), and Duration (Dur). We choose to use distance mea-
sures over string edit-distance based scanpath metrics such
as ScanMatch [17] and Levenshtein Distance due to the
challenges in discretizing our output space to apply these
measures. While a grid discretization is practical for a 2D
image, our problem setting requires comparing scanpaths
that cover a large 3D space, limiting the ability to meaning-
fully discretize the space into an alphabet for comparison.

4.2. Main Comparison

Baselines We adopt a recent state of the art image scan-
path prediction model, TPP-Gaze [20], and a set of heuristic
methods as our baselines. TPP-Gaze learns an image fea-
ture extractor and a temporal neural point process to pre-
dict a 2D scanpath from an image. We apply TPP-Gaze
zero-shot by providing gaze observations in 2D pixel coor-
dinates as prior context to the model and predicting the next
Nf points and lifting these to 3D with ground truth depth.
We also train their architecture on our dataset, both in 2D
and 3D. For heuristic baselines, we consider the average
fixation point across the training dataset, the center point of
the canonical frame at average depth, average fixation point
of the observation segment, and the last observed point. To
calculate Multimatch metrics for static point baselines, we
center a Gaussian distribution on the point with small vari-
ance (0.01) and sample points to simulate a scanpath with
movement (we use a fixed seed, resulting in same Multi-
match scores with exception of position). We also con-
sider a linearly extrapolated scanpath based on the last 2
observed points. We additionally compare to ablations of
our method: Trajectory only (no visual context or prior head
poses), single image without head pose, single image with
head pose, video without head pose, and our full method
(multiple video frames and head poses).
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Table 3. Comparison in 2D pixel coordinates on the ADT dataset. We project 3D scanpaths into 2D pixel coordinates in the canonical (last
observed) frame for comparison. We compare the pretrained TPP-Gaze applied zero-shot, TPP-Gaze and our model trained on our dataset
projected into 2D, and predictions from 3D models projected into 2D. Distance metrics are reported in normalized image length.

Training Method Multimatch
DTW↓ EUC↓ FRE↓ EYE↓ TDE↓ Sh↓ Dir↓ Len↓ Pos↓ Dur↓

2D (zero-shot) TPP-Gaze 0.151 0.165 0.266 0.160 0.071 0.163 1.315 0.138 0.139 0.606

2D (finetuned) TPP-Gaze 0.121 0.125 0.209 0.133 0.058 0.068 1.143 0.053 0.112 0.583
Ours 0.115 0.119 0.176 0.165 0.079 0.024 1.051 0.017 0.110 0.662

3D (finetuned) TPP-Gaze 0.128 0.136 0.214 0.142 0.061 0.086 1.210 0.065 0.120 0.599
Ours 0.088 0.091 0.151 0.105 0.051 0.023 1.029 0.016 0.086 0.624

Table 4. Gaze trajectory context length ablations.

Num.
context DTW↓ EUC↓ FRE↓ EYE↓ TDE↓

0 1.720 1.666 2.524 2.561 1.166
1 1.450 1.461 2.248 1.923 0.880
3 1.425 1.430 2.217 1.877 0.882
5 1.417 1.429 2.217 1.871 0.881
10 1.377 1.382 2.173 1.800 0.859

Table 5. Attention structure in trajectory decoder ablations.

Context
Length DTW↓ EUC↓ FRE↓ EYE↓ TDE↓

Causal 1.419 1.427 2.234 1.857 0.895
Partial causal 1.403 1.421 2.225 1.801 0.854
Bidirectional 1.377 1.382 2.173 1.800 0.859

Comparison on 3D Scanpath Prediction To demon-
strate the challenges of our novel problem formulation, we
compare our proposed baseline architecture against a vari-
ety of baselines in Tab. 1. Heuristic baseline comparisons
are particularly revealing because, while simple static point
baselines fail in image scanpath prediction where extensive
motion around the full image is typical, the last observed
point baseline provides a strong baseline in our setting due
to freedom of head motion. This aligns with the egocen-
tric 2D gaze estimation literature, where the center prior is
an important and strong baseline due to gaze often being
centered in the field of view [40]. The last observed point
serves as a similar baseline in our case, since it is the gaze
point corresponding to the canonical frame of reference.

Because there are no prior methods designed specifi-
cally for our task, we adapt the TPP-Gaze [20] architecture
from 2D image scanpath prediction to 3D scanpath predic-
tion and train it on our dataset for comparison. We adapt
TPP-Gaze to predict 3D scanpaths by changing the output
space to Cartesian world coordinates and altering the po-
sition Gaussian Mixture Model to include a z dimension.
As with our model, we provide No fixation observations as
input in addition to the canonical video frame. Our model
outperforms this TPP-Gaze baseline, highlighting the need
for different modeling techniques to model 3D scanpaths in
egocentric videos compared to in static images.

Ablations of our method show that including visual in-
formation, temporal context via past video frames, and ob-
served head pose improve performance. However, the rel-
atively small overall improvements suggest that fully lever-
aging dynamic visual and pose information may require fur-
ther exploration and larger-scale data to learn from. While
head pose does not make a significant difference in all met-
rics, we show in Tab. 2 that including it most significantly
reduces Euclidean error along the depth direction, illustrat-
ing the importance of accounting for head motion for pro-
ducing geometrically grounded 3D predictions.
Comparison in 2D To enable more natural comparisons
with standard 2D formulations of scanpath prediction, we
project ground truth 3D scanpaths into pixel coordinates
within the canonical frame (Tab. 3). This allows us to
directly compare performance against the pretrained TPP-
Gaze model in the zero-shot setting. We also compare to
training the TPP-Gaze model and our model on our dataset
projected into 2D. We exclude examples with scanpaths that
move outside the field-of-view of the canonical frame dur-
ing training and evaluation in 2D. Thus, the evaluations in
Tab. 3 are compared on a restricted subset (523 sequences)
of the full test dataset from Tab. 1. Finally, we compare
to the predictions of our 3D model and 3D-adapated TPP-
Gaze baseline projected into the 2D canonical frame. We
observe that TPP-Gaze does not perform well zero-shot, re-
flecting the significant differences between the image scan-
path domain and egocentric domain. Training TPP-Gaze on
our data in 2D improves performance, but adapting their ar-
chitecture to predict in 3D reduces 2D performance. Our ar-
chitecture outperforms TPP-Gaze when trained on 2D, and
training our architecture on 3D further improves predictions
when projeced into 2D. This result shows that by designing
our architecture explicitly for the 3D setting, our model is
able to leverage 3D information to produce predictions that
are also more accurate in 2D.

4.3. Analysis
Qualitative Results We present a qualitative comparison
in Fig. 3, showing scanpath predictions projected into 2D
for visualization. We compare our full method with TPP-
Gaze, adapted for 3D and trained on our dataset, and the
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Input Traj. Only TPP-Gaze Ours Ground Truth

time

Figure 3. Qualitative comparison. We show the input observed scanpath, and the predicted future scanpaths from our trajectory-only
model, TPP-Gaze adapted to 3D, and our model compared to the ground truth. For visualization purposes, we project the 3D scanpaths
into the canonical video frame. Fixation duration sizes are indicated by radius. (Best viewed zoomed in).

trajectory-only variant of our method to illustrate the role
of visual information in our architecture. Compared to the
trajectory-only variant of our model, which lacks any vi-
sual context, our model produces predictions that are more
aligned with the visual content of the scene, showing move-
ment between salient objects. In comparison to TPP-Gaze,
our model produces scanpaths that better align with the
shape of gaze trajectories present in egocentric video. The
scanpaths predicted by TPP-Gaze exhibit more movement
around the image in different directions, which is more
likely to occur in the image viewing setting for which TPP-
Gaze’s neural point process architecture was designed. In
contrast, our gaze model’s gaze trajectories better reflect the
smooth and continuous nature of gaze in natural scenes and
represent natural continuations of the input scanpaths.

We qualitatively explore the role of temporal context in
our model in Fig. 4, which compares our full model lever-
aging video and prior head poses, to our single image model
that uses only the canonical video frame and no prior head

poses. In cases with dynamic hand and object motion (row
1) and significant head movement (row 2), providing past
video and head pose to our model produces predictions that
are better aligned with the temporal dynamics of the scene.

We also show representative failure modes of our model
in Fig. 5 to highlight the challenges of our new task and lim-
itations of our model. A common failure mode is predicting
that gaze remains in a small region (row 1), or moves mini-
mal distances compared to the ground truth (row 2). These
errors reflect the inherent biases present in egocentric gaze
data: compared image free-viewing, continuous and task-
driven gaze behavior has less movement between consecu-
tive gaze points, resulting in a strong bias towards minimal
motion. Row 3 highlights another error mode, in which the
model predicts motion, but in a different direction than the
ground truth. Like the ground truth, the predicted scanpath
suggests that model is forecasting that the viewer will pick
up and move the bowl with their outstretched hand. While
this trajectory may be plausible, it obtains large error in
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(in canonical frame)
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Figure 4. Role of temporal visual context. We show qualitative examples with hand/object motion (row 1) and significant head motion
(row 2), where including prior visual context via multiple video frames and observed head poses improves forecasted scanpaths.

Input Ground Truth Prediction

Figure 5. Representative failure modes. Our model experiences
failures by predicting limited movement between gaze points
(rows 1-2) and predicting motion in a different direction than the
ground truth (row 3).

evaluation due to deviation from the ground truth in position
and direction. This case reveals a larger challenge in evalu-
ating egocentric gaze forecasting compared to image scan-
path prediction: while image scanpath datasets present the
same stimulus to multiple viewers to obtain multiple plau-
sible scanpaths to evaluate against, by nature, our ground
truth is unimodal. This finding suggests that establishing
effective evaluation criteria for forecasting gaze in embod-
ied settings is an important direction for future research.

Context Length We investigate the role of prior scanpath
context in Tab. 4. Without any prior fixations provided as
context, there is a significant increase in error, reflecting the
importance of context in conditioning future gaze predic-
tion. Even providing a single past fixation as prior context
largely reduces this error, as it constrains the likely locations
for the start of the forecasted scanpath. Providing additional

context results in further improvements, giving the model
additional information about the shape, direction, and ve-
locity of the partial scanpath up until the forecasting win-
dow to inform the continuation of the scanpath.

Attention Structure We also explore the attention struc-
ture within the trajectory decoder in our architecture
(Sec. 3.3) in Tab. 5. While our model uses bidirectional
attention across the embeddings for the observed scanpath
and query embeddings for the future embeddings, several
existing models for image scanpath prediction are causal,
autoregressively predicting each point in the scanpath based
only on prior predictions [16, 20, 39]. We compare our bidi-
rectional decoder to a fully causal decoder and a partially
causal decoder, which has bidirectional attention across the
embeddings for the observed segment but causal attention
across the embeddings for forecasted segment. Bidirec-
tional attention performs best, suggesting benefit both in
holistically modeling the observed segment with both for-
ward and backward attention across timesteps and jointly
predicting the full future scanpath.

5. Conclusion
Through this first formulation of egocentric 3D scanpath
prediction, we demonstrate the potential of modeling gaze
behavior in dynamic scenes enabled by wearable technolo-
gies like AR/VR. Contrasting with traditional approaches to
single-image 2D scanpath prediction, we elucidate the chal-
lenges inherent to this setting wherein perception entails ac-
tive interaction and movement within the environment. As
a first step towards this task, we propose a demonstrative ar-
chitecture that predicts 3D trajectories in a canonical Carte-
sian frame of reference conditioned on visual and behav-
ioral temporal context provided by video and head poses,
providing a strong initial baseline for further investigation.
We hope our work enables future research towards model-
ing visual attention in embodied settings.
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