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Abstract. We introduce the novel problem of anticipating a time se-
ries of future hand masks from egocentric video. A key challenge is to
model the stochasticity of future head motions, which globally impact
the head-worn camera video analysis. To this end, we propose a novel
deep generative model – EgoGAN. Our model first utilizes a 3D Fully
Convolutional Network to learn a spatio-temporal video representation
for pixel-wise visual anticipation. It then generates future head motion
using the Generative Adversarial Network (GAN), and predicts the fu-
ture hand masks based on both the encoded video representation and
the generated future head motion. We evaluate our method on both the
EPIC-Kitchens and the EGTEA Gaze+ datasets. We conduct detailed
ablation studies to validate the design choices of our approach. Further-
more, we compare our method with previous state-of-the-art methods on
future image segmentation and provide extensive analysis to show that
our method can more accurately predict future hand masks. Project
page: https://vjwq.github.io/EgoGAN/
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1 Introduction

The egocentric vision paradigm provides an ideal vehicle for studying the rela-
tionship between visual anticipation and intentional motor behaviors, as head-
worn cameras can capture both human visual experience and related sensory-
motor signals. While prior works have recently addressed action anticipation in
an egocentric setting [11,24,32,49,13], the problem of forecasting the detailed
shape of hand movements in egocentric video remains unexplored. This is a sig-
nificant deficit because many everyday motor behaviors cannot be easily catego-
rized into specific action classes and yet play an important role in preparing and
executing our routine activities. Such a general prediction capability could enable
new applications in Augmented Reality (AR) and robotics, such as monitoring
for safety in dangerous environments such as construction sites, or facilitating
human-robot collaboration via improved anticipation.

To bridge this gap, this paper introduces a novel task of forecasting the de-
tailed representation of future hand movements in egocentric video. Specifically,
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Fig. 1: Future hand segmentation task : Given an input egocentric video, our
goal is to predict a time series of future hand masks in the anticipation video
segment. ∆1, ∆2, and ∆3 represent the short-term, middle-term, and long-term
time points in the anticipation segment, respectively. The entanglement between
drastic head motion and non-rigid hand movements poses a significant technical
barrier in computer vision. Here, we visualize our forecasting results on this
challenging task (best viewed in color).

given an egocentric video, we seek to predict the hand masks of future video
frames at three time points defined as short-term, middle-term, and long-term
future (see Fig. 1 for a visual illustration of our problem setting). This task is
extremely challenging for two reasons: 1) hands are deformable and capable of
fast movement, and 2) head and hand motion are entangled in the egocentric
video. Addressing these challenges requires the ability to 1) address the inher-
ent uncertainty in anticipating the no-rigid hand movements, and 2) explicitly
model the coordination between head and hand [42].

We attack the unique challenges of hand segmentation prediction by introduc-
ing a novel deep model – EgoGAN. Our model adopts a 3D Fully Convolutional
Network (3DFCN) as the backbone to learn spatio-temporal video features. We
then utilize the Generative Adversarial Network (GAN) to aid pixel-wise vi-
sual anticipation. Instead of using GAN to directly generate future video frame
pixels from egocentric videos as in [67], our key insight is to use the GAN to
model an underlying distribution of possible future head motion. The adopted
generative adversarial training schema can account for the uncertainty of future
hand movements anticipation. In addition, the generated future head motion
provides ancillary cues that complement video features for anticipating complex
egocentric hand movements. Our end-to-end trainable EgoGAN model uses fu-
ture hand masks as supervisory signals to train the segmentation network and
estimated sparse optical flow maps from head motions to train the Generator
and the Discriminator. At inference time, our model predicts a time series of
future hand masks based only on the egocentric video frame inputs.

To demonstrate the benefits of our proposed EgoGAN, we evaluate our model
on two egocentric video datasets: EPIC-Kitchens 55 [5] and EGTEA Gaze+ [28].
We first conduct detailed ablation studies to validate our model design, and
then compare our approach to the state-of-the-art methods on future image
segmentation, demonstrating consistent performance gains on both datasets. We
further provide visualizations to show the effect of our method. In summary, our
paper makes following contributions:
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– We introduce a novel problem of predicting a time series of future hand
masks from egocentric videos.

– We propose a novel deep generative model – EgoGAN, that hallucinates
future head motions and further predicts future hand masks. To the best of
our knowledge, we are the first to use a GAN to generate egocentric motion
cues for visual anticipation.

– We conduct comprehensive experiments on two benchmark egocentric video
datasets: EPIC-Kitchens 55 [5] and EGTEA Gaze+ [29]. Our model achieves
1.3% performance improvements on EPIC-Kitchens and 0.7% on EGTEA in
average F1 score. We also provide visualizations of our results and additional
discussion of our method.

2 Related Work

We first review the most relevant works on egocentric vision. We then discuss
previous literature on future image segmentation. Furthermore, we describe the
related efforts on developing generative models for visual anticipation.
Hands in Egocentric Vision. Previous efforts on egocentric vision addressed a
variety interesting problems, including action analysis [45,8,28,31,44,11,32,53,24,38]
and social interaction understanding [7,52,65,63], etc. Here, we focus on dis-
cussing prior works on learning hand representations from egocentric videos.
The most relevant work is from Liu et al. [32], where they factorized the fu-
ture hand positions a latent attentional representation for action anticipation
without considering the head motion. Similarly, Dessalene et al. [6] focused on
predicting the hand-object interaction region of an action. Fathi et al. [9] uti-
lized hand-eye coordination to design a probabilistic model for gaze estimation.
Li et al. [30] showed how the motion patterns of the hands can be utilized for
egocentric action recognition. Ma et al. [36] made use of a hand segmentation
network to predict hand masks for localizing the object of interest and further
recognizing the action. Shen et al. [49] proposed to use hand mask and gaze
fixation as additional cues for action anticipation. Rather than anticipating the
hand movements, these previous works mainly use egocentric hand movements
as an additional modality or intermediate representation for egocentric action
understanding. Recently, Cai et al. [1] proposed a Bayesian-based domain adap-
tation framework for hand segmentation on egocentric video frames. In contrast,
we address the novel task of predicting pixel-wise hand masks, which captures
the fine-grained details of future hand movements.
Future Segmentation. A rich set of literature addressed the related but vastly
different task of video segmentation [64,54,62,3,39]. We refer to a recent sur-
vey [60] for a thorough discussion on this topic. Note that previous works on
video segmentation seek to track the instance masks within the video segment,
and therefore do not apply to the anticipation setting, where the information
of future video frames is not accessible for making an inference. Fewer works
address the more relevant topic of future image semantic segmentation. Luc et
al. [35] first investigated the problem of semantic segmentation of future video
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frames and further extended their work to future instance segmentation [34].
Nabavi et al. [46] utilized the ConvLSTM network to model the temporal cor-
relations of video sequences for future semantic segmentation. Jin et al. [22]
proposed to anticipate the future optical flow and future scene segmentation
jointly. Recently, Chiu et al. [4] introduced a teacher-student knowledge distilla-
tion model for predicting the future semantic segmentation based on preceding
video frames. Building on these prior works, we propose the first model to ad-
dress the future segmentation problem under the challenging egocentric setting.
It is worth noting that previous methods recursively predict future segmentation,
in which the current anticipation result is used as the input for predicting the
segmentation of the next time step. In contrast, we use a 3D Fully Convolutional
Network (3DFCN) to predict a time series of future hand masks in one shot. In
Sec. 4.3, we show that the 3DFCN can effectively capture the spatio-temporal
video features for pixel-wise visual anticipation in an end-to-end fashion. We also
compare our EgoGAN model to those relevant works and demonstrate a clear
performance improvement.
Generative Models for Visual Anticipation. Tremendous efforts have been
made in action anticipation [25,56,12,23,11,32,53,24,47,16] and generative adver-
sarial networks [15,40,66,14,37,21]. Here we mainly discuss previous investiga-
tions on forecasting the human body motions using generative models. Fragki-
adaki et al. [10] proposed to use a recurrent network for predicting and gen-
erating the human body poses and dynamics from videos. A similar idea was
also explored in [17]. Walker et al. [58] utilized Variational Autoencoders (VAE)
for predicting the dense trajectories of video pixels. They further leveraged hu-
man body poses as an intermediate feature for generating future video frames
with a Generative Adversarial Network (GAN) [59]. Gupta et al. [18] explored
a GAN-based model for forecasting human trajectories. Zhang et al. [69,68] de-
veloped a Conditional Variational Autoencoder to generate human body meshes
and motions in 3D scenes. Despite the success in forecasting body motion, the
use of GANs was largely understudied in egocentric vision. Zhang et al. [67]
used a GAN to generate future video frames and further predict future gaze
fixation. Though GAN has the capability of addressing the uncertainty of data
distribution, using GANs to directly forecast pixels in video [55] remains a chal-
lenge, especially when there exists drastic background motion in the egocentric
videos [67]. In contrast, our method adopts the adversarial training mechanism
to model the underlying distribution of possible future head motion, and thereby
captures the drastic change of scene context in egocentric video. In the ablation
study, we show that our approach outperforms a baseline model that uses GAN
to directly predict future hand masks.

3 Method

Given an input egocentric video x = {x1, ..., xt}, where xt is the video frame
indexed by time t, our goal is to predict a time series of future hand masks h =
{ht+∆1 , ht+∆2 , ht+∆3}. As illustrated in Fig. 1, we consider hand segmentation
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Fig. 2: Overview of our proposed EgoGAN model. Our model takes egocentric
video frames as the inputs, and outputs future hand masks at different time steps.
It is composed of a 3D Fully Convolutional Network (3DFCN) and a Generative
Adversarial Network (GAN). The Encoder Network ϕE in the 3DFCN extracts
video features from the input frames, and is then separated into two branches:
(1) encoded feature ϕE(x) is fed into the Generator (G) in GAN for generating
fake future head motion mg, and a Discriminator (D) is trained to distinguish
the generated future head motion from the real ones; (2) mg is concatenated to
ϕE(x) and the concatenated tensor are then fed into the Decoder Network ϕD in
3DFCN. Finally, the encoder features are further combined with corresponding
decoder features using skip connections for future hand mask prediction.

as a binary classification problem: the value of hi(x, y) can be viewed as the
probability of spatial position (x, y) being a hand pixel at time step i, where
i ∈ {t + ∆1, t + ∆2, t + ∆3}. ∆1, ∆2, and ∆3 represent the time steps for
short-term, middle-term, and long-term future segmentation, respectively. This
three-steps-ahead visual anticipation setting is also used in previous works on
future image segmentation [35,46].

We now present an overview of our EgoGAN model in Fig. 2. We make
use of a 3D Fully Convolutional Network (3DFCN) ϕ as the backbone model
for future hand segmentation. The 3DFCN is composed of a 3D convolutional
encoder ϕE and a 3D deconvolutional decoder ϕD. We further adopt a Generative
Adversarial Network (GAN) for learning future head motions. Specifically, a
Generator network (G), composed of 3D convolutional operations, is used to
generate future head motion mg based on the encoded video feature ϕE(x). A
Discriminator Network (D) is trained to distinguish the fake future head motions
mg from real future head motions mr. Finally, ϕD combines mg and ϕE(x)
for predicting future hand masks. In the following sections, we detail each key
component of our model.

3.1 3D Fully Convolutional Network

We first introduce the 3D Fully Convolutional Network (3DFCN) backbone in
our method. We use an I3D model [61] as the backbone encoder network ϕE

for learning spatio-temporal video representations. Following [51,19], ϕE has 5
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convolutional blocks, thereby producing video features at different spatial and
temporal resolutions. Following [33], we construct the decoder network ϕD sym-
metric to ϕE . Therefore, ϕD is also composed of 5 deconvolution layers. We
denote the encoder and decoder video features from the ith convolutional block
as ϕi

E(x) and ϕi
D(x), respectively (See Fig. 2 for the index naming of ϕE and

ϕD). The features of each decoder layer are combined with the features from
the corresponding encoder block with skip connections and are then fed into the
next layer. Formally, we have:

ϕi+1
D (x) = deconv(ϕi

D(x) + ϕ6−i
E (x)), (1)

where i ∈ {1, 2, 3, 4}. We design our decoder so that ϕi
D produces a feature

map with the same tensor size as ϕ6−i
E (x). The deconvolution operation is im-

plemented with 3D transposed convolution. Note that the last deconvolution
layer of ϕD produces a tensor of the same size as the input video (T ×W ×H).
We further apply a 3D convolutional operation with a kernel size of k× 1× 1 to
predict the future hand mask tensor h with size 3×W ×H, where each temporal
slice corresponds to the predicted hand masks of the short-term, middle-term,
and long-term future video frames. We describe the details of our network ar-
chitecture in the supplementary materials.

3.2 Generative Adversarial Network

The key to our approach is to use the Generative Adversarial Network (GAN) to
hallucinate the future head motions for future hand mask segmentation. Our de-
sign choice stems from the observation that head motion causes drastic changes
in the active object cues and background scene context captured in the egocen-
tric videos, and this motion is closely related to hand movements. Therefore, we
seek to explicitly encode the future head motion cues for hand motion antici-
pation. Moreover, visual anticipation has intrinsic ambiguity – similar current
observations may correspond to different future outcomes. This observation mo-
tivates us to use the adversarial training scheme to account for the inherent
uncertainty of future representation. In this section, we introduce the egocentric
head motion representation. We then describe the design choice and learning
objective of the GAN in our method.
Egocentric Head Motion Representation. In the egocentric setting, head
motion is implicitly incorporated in the video itself. Thus, we follow [27] to use
the sparsely sampled optical flow to represent the egocentric head motion. As
mentioned before, the real future head motion is denoted as mr, and is only
available for training.
Generator Network and Discriminator Network. The generator network
(G) takes video feature ϕE(x) as inputs and generates future head motions
mg = G(ϕE(x)). Following [57,67,21,59], G does not take any noise variables
as additional inputs. This is because the ϕE(x) is a latent representation that
incorporates the noisy signals of visual anticipation. G is composed of multi-
ple 3D convolutional operations and a nonlinearity function, and is trained to
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produce a realisticmg that is difficult to distinguish frommr for an adversarially-
trained discriminator network (D). D takes future head motion samples as inputs
and determines whether the input sample is real or fake. It is composed of 3D
convolutional operations and a sigmoid function for binary classification, and is
trained to classify the input sample as either real or generated.
Learning Objective of GAN. We now formally define the objective function
of the GAN in our method. The objective function for training the discriminator
network is given by:

Ld = Lce(D(mr), 1) + Lce(D(mg), 0), (2)

where Lce is the standard cross-entropy loss for binary classification. The gen-
erator loss Lg can be formulated as:

Lg = Lce(D(mg), 1) + λ|mg −mr|. (3)

Here, we follow [41] to adopt a traditional L1 distance loss that encourages the
generated sample to be visually consistent with the real sample, while λ denotes
the weight to balance the two loss terms.

3.3 Full Model of EgoGAN

We now summarize the full architecture of our proposed EgoGAN model. The
main idea is to explicitly model the underlying distribution of possible future
head motion mg with the GAN, and use mg as additional cues to facilitate
future hand mask segmentation from the video representations of the encoder
network. Specifically, the video feature from the last encoder block ϕ5

E(x) and
generated future head motions mg are concatenated and fed into the first layer
of the decoder as inputs. Therefore, we have:

ϕ1
D(x) = deconv(ϕ5

E(x)⊕mg). (4)

Hence, the decoder network jointly considers ϕE(x) and mg for predicting future
hand masks h.
Training and Inference. We use the binary cross-entropy loss to train the
3DFCN encoder and decoder:

Lseg = Lce(ϕD(ϕE(x),mg), ĥ), (5)

where ĥ denotes the ground truth of future hand masks. We adopt the standard
adversarial training pipeline in [14], where G and D are trained to play against
each other. Therefore, we let the gradients alternatively flow through D, and
then G. Moreover, we freeze the encoder weights during the gradient step on G
and D, and freeze the generator weights during the gradient step on the 3DFCN
to isolate their training processes from each other.

Note that our model does not need the real future head motion as additional
inputs at inference time. Instead, our model can generate future head motion
and further predict future hand masks based on only raw video frames.
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3.4 Implementation Details

Network Architecture. We adopt an I3D-Res50 model [2,61] that is pre-
trained on Kinetics as the backbone encoder network. It is composed of five
3D convolutional blocks, connecting with a symmetrical decoder network that
contains five 3D deconvolutional layers. As for the GAN network, the generator
network takes the video features from the 5th block of the encoder network as
inputs and produces a low-resolution future head motion flow map as output.
The discriminator network serves as a binary classifier to supervise the quality
of the output of the generator. Our model is implemented in PyTorch and will
be made publicly available.
Training Schema. As discussed in the previous section, the gradients step
separately for 3D Fully Convolutional Network (3DFCN), Generator (G), and
Discriminator (D). The 3DFCN model is trained using an SGD optimizer with
momentum of 0.9. The initial learning rate is 0.1 with cosine decay. We set
weight decay to 1e-4 and enable batch norm [20]. G and D are trained using the
Adam Optimizer with momentum parameters β1 = 0.5, β2 = 0.999 and a initial
learning rate of 0.01 with cosine decay. Our model was trained for 70 epochs with
batch size 16 on 4 GPUs, and synchronized batch normalization was enabled.
Data Processing. We downsampled all video frames to a height of 256 while
preserving the original aspect ratio. For training, we applied several data aug-
mentation techniques, including random flipping, rotation, cropping, and color
jittering to avoid overfitting. Our model takes an input of 8 frames (temporally
sampled by 8) with a resolution of 224× 224. We use the TV-L1 algorithm [43]
to compute the optical flow, and sparsely sample from the computed flow map
to approximate the head motion as discussed in Sec. 3.2. Therefore, the head
motion is represented as a sparse flow map spatially downsampled by 32. At in-
ference time, our model takes the downsampled videos with the original aspect
ratio as inputs, and predicts the future hand masks.

4 Experiments

4.1 Dataset and Metrics

Dataset. We make use of two egocentric video benchmark datasets: EPIC-
Kitchens 55 [5] and EGTEA Gaze+ [29]. For the EPIC-Kitchens dataset, we
set δ1,2,3 = {1, 15, 30}, which corresponds to a long-term anticipation time of
1.0s. As for the EGTEA dataset, we set ∆1,2,3 = {1, 6, 12}, which corresponds
to an anticipation time of 0.5s, because EGTEA has a smaller angle of view in
comparison with the EPIC-Kitchens. The same anticipation time setup is also
adopted in [32]. To encourage our model to capture the meaningful preparation
and planning process of daily actions, we segment the data so that the long-
term future frame is chosen right before the beginning of each trimmed action
segment annotated in EPIC-Kitchens and EGTEA. We use the train/val split
provided by [11] for EPIC-Kitchens 55 and the train/test split1 from EGTEA.
We remove the instances where hands are not captured within the anticipation
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segment, which results in 11,935/2,746 (train/val) samples on EPIC-Kitchens,
and 4,042/991 (train/test) samples on EGTEA.
Hand Mask Ground Truth. For the EPIC-Kitchens dataset, we use the do-
main adaption method introduced in [1] to generate the ground truth hand
masks. [1] has empirically verified the quality of generated hand masks. As for
the EGTEA dataset, we train a 2D FCN model for frame-level hand segmenta-
tion using the provided hand mask annotation. As discussed in [26], the FCN
model can generalize well on the entire dataset. We thus use the inference results
on the anticipation video frames as the ground truth of future hand masks.
Metrics. As discussed in Sec. 3, we consider future hand segmentation as a
pixel-wise binary classification problem. Previous future image segmentation
works [4,22] use pixel accuracy and mIoU as evaluation metrics. However, pixel
accuracy does not penalize the false-negative prediction of the long-tailed distri-
bution, and mIoU can not properly evaluate the shape of the predicted masks for
binary segmentation. Therefore, we follow [28,32] to report Precision and Recall
values together with their corresponding F1 scores.

4.2 Model Ablations and Analysis

To validate our model design, we conduct experiments on ablations and varia-
tions in our model. Specifically, we investigate how the egocentric head motion
cues facilitate future hand segmentation and demonstrate the benefits of using
the GAN for modeling future head motion. We also show how modeling the
future gaze as attentional representation affects the future hand segmentation
performance.
Benefits of Encoding Future Head Motions. As a starting point, we com-
pare the model that uses only the 3D Fully Convolutional Network (denoted
as 3DFCN ) with the model that directly takes future head motion as an addi-
tional input modality (denoted as HeadDir). HeadDir shares the same back-
bone network as 3DFCN, but requires the future head motions for making
an inference and therefore violates the future anticipation setting, where the
model can not use any information from the anticipation video segment for
making an inference. HeadDir quantifies the performance improvement when
the egocentric head motion cues are explicitly encoded into the model in a
two-stream structure [50]. The experimental results are summarized in Table 1.
Compared to 3DFCN, HeadDir achieves a large performance gain on EPIC-
Kitchens (+0.8%/1.2/1.1% in F1 score for short/middle/long term anticipation),
and reaches (+1.4%/1.3%/1.3%) on EGTEA.

Our method, on the other hand, consistently outperforms 3DFCN on both
EPIC-Kitchens(+0.9%/1.5%/1.8%) and EGTEA (+0.8%/0.9%/0.7%). More im-
portantly, our method improves HeadDir by +0.1%/0.2%/0.4% on EPIC-Kitchens.
This result suggests that the GAN from our model does not simply learn to pre-
dict a future head motion flow map; instead, it models the underlying distribu-
tion of possible future head motion and thus improves the future hand anticipa-
tion accuracy by addressing the inherent uncertainty of visual forecasting. It is to
be observed that our model slightly lags behind HeadDir (0.6%/0.4%/0.6% ↓)
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Table 1: Analysis of variations in our approach. We conduct detailed ablation
studies to validate our model design, and further show the results of variations
of our method to demonstrate the benefits of using the GAN for modeling future
head motion. *: HeadDir takes future head motions as additional input modali-
ties at inference time, which in fact violates the future anticipation setting (See
more discussion in Sec. 4.2). The best results are highlighted with boldface.

(a) Experimental Results on EPIC-Kitchens Dataset

Method
EPIC-Kitchens (Precision/ Recall/ F1 Score)

short-term middle-term long-term

Future Gaze N/A N/A N/A
HeadDir* 70.55/ 71.33/ 70.94 43.15/ 53.66/ 47.83 30.51/ 49.60/ 37.78

3DFCN (w/o GAN, w/o Head) 69.51/ 70.81/ 70.15 42.51/ 51.66/ 46.64 29.88/ 47.46/ 36.67
HeadReg (w/o GAN, w/ Head) 70.46/ 70.25/ 70.36 41.41/ 52.55/ 46.32 29.22/ 48.50/ 36.47
DirectGan (w/ GAN, w/o Head) 69.12/ 71.60/ 70.34 43.83/ 51.32/ 47.28 30.76/ 47.48/ 37.33
EgoGAN (w/ GAN, w/ Head) 70.89/ 71.24/ 71.07 43.79/ 53.23/ 48.05 31.39/ 48.57/ 38.14

(b) Experimental Results on EGTEA Gaze+ Dataset

Method
EGTEA (Precision/ Recall/ F1 Score)

short-term middle-term long-term

Future Gaze 45.17/ 59.94/ 51.51 38.63/ 64.02/ 48.19 35.71/ 63.78/ 45.78
HeadDir* 44.58/ 63.87/ 52.51 41.29/ 60.65/ 49.13 39.36/ 59.02/ 47.23

3DFCN (w/o GAN, w/o Head) 43.62/ 61.69/ 51.11 40.25/ 58.93/ 47.83 37.83/ 58.32/ 45.89
HeadReg (w/o GAN, w/ Head) 43.54/ 61.03/ 50.82 41.31/ 55.24/ 47.27 36.87/ 58.23/ 45.15
DirectGan (w/ GAN, w/o Head) 43.78/ 61.33/ 51.09 38.38/ 63.81/ 47.93 35.53/ 63.41/ 45.54
EgoGAN (w/ GAN, w/ Head) 44.91/ 61.48/ 51.91 41.10/ 59.90/ 48.75 38.16/ 59.88/ 46.61

on EGTEA, because EGTEA has fewer samples to train our deep generative
model. And we also re-emphasize that our method does not use any additional
inputs at inference time as in HeadDir.
The Effect of GAN. To further show the benefits of using the GAN for learn-
ing future head motions, we consider a baseline model – HeadReg, that uses
a regression network to predict future head motions with only L1 distance in
Eq. 3. Note that the regression network is implemented the same way as the
generator network from EgoGAN. As shown in Table 1, without using an ad-
versarial training mechanism in our approach, HeadReg lags behind our model
by 0.7%/1.7%/1.7% ↓ and 1.1%/1.5%/1.5% ↓ in F1 score for short/middle/long
term anticipation on EPIC-Kitchens and EGTEA, respectively. These results
support our claim that the GAN can address the stochastic nature of repre-
sentation and thereby outperforms HeadReg by a notable margin on the future
hand segmentation task.
Video Pixel Generation vs. Head Motion Generation. We denote an-
other baseline model that directly uses a GAN for anticipating future hand
masks, as DirectGan. This model is composed of the 3DFCN backbone network
that generates the future hand masks, and a discriminator network that clas-
sifies whether the given hand masks are real or not. The results are presented
in Table 1. Importantly, the adversarial training schema in DirectGan slightly
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decreases the performance of 3DFCN model on EGTEA, and has minor im-
provement on EPIC-Kitchens. We speculate that this is because directly using
a GAN for predicting future hand masks cannot effectively capture the drastic
change of scene context in egocentric video. In contrast, our model uses a GAN
to explicitly model the head-hand coordination in the egocentric video thereby
being capable of more accurately forecasting egocentric hand masks.
Future Head Motion vs. Future Gaze. Furthermore, we present experimen-
tal results on how modeling future gaze fixation affects future hand segmenta-
tion. Note that the gaze tracking data is only available for the EGTEA dataset.
Specifically, we make use of a GAN to model the probabilistic distribution of
future gaze fixation. Instead of concatenating future gaze with encoded video
features as in Eq. 4, we follow [28] to use gaze distribution as a saliency map
to select important spatio-temporal video features with element-wise multiplica-
tion. As shown in Table 1, the resulting future gaze model slightly outperforms
the baseline 3DFCN model, yet lags behind our model that uses head motion
as the key representation (0.7%/0.6%/0.6% ↓ in F1 score on EGTEA). Previous
work [27] suggested that eye-head-hand coordination is important for egocentric
gaze estimation, while our results further show that exploiting the eye-head-
hand coordination is also beneficial for pixel-wise egocentric visual anticipation.
Moreover, future head motion potentially plays a more important role than fu-
ture gaze fixation on our fine-grained hand forecasting task.
Analysis on Ablation Studies. To help interpret the performance improve-
ment of our method, we consider a baseline 3DFCN model that uses dense I3D-
Res101 as the encoder network. Importantly, with 50 more layers, the I3D-Res101
backbone can only improve the model performance by +0.1%/0.3%/0.3% on
EPIC-Kitchens and +0.7%/0.4%/0.5% on EGTEA. As shown in Table 1, our
model has a larger performance improvement than switching to a dense encoder
network. In supplementary material, we also present additional results of our
model using the I3D-Res101 backbone and further demonstrate our method is a
robust approach that can generalize to different backbone networks.

4.3 Comparison to State-of-the-Art Methods

We are the first to address the challenging problem of future hand segmentation
from the egocentric video. We note that another branch of prior work considered
the related problem of future image segmentation [64,54,62,3,39], track instances
masks over time, and therefore can not be used to address the future segmen-
tation problem where the future video frames are not available as inputs for
the tracking model. Therefore, we adapt previous state-of-the-art future image
segmentation methods to our problem setting and consider the following strong
baselines (additional discussion of the baseline choices can be found in the sup-
plementary material):
•X2X [35] proposes a recursive method that uses the anticipated mask at time
step t+1 as an input to predict the future masks at time step t+2, and so forth.
•FlowTrans [22] jointly predicts the masks and optical flow at time step t + 1
and recursively predicts the future masks with preceding flow and masks.
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Table 2: Comparison with previous state-of-the-art methods on future image seg-
mentation. Our results consistently outperform the second-best results (across
all methods) by +1.3% on EPIC-Kitchens and +0.7% on EGTEA in average F1
score. *: We re-implement the model to take raw video frames as inputs as our
method (See more discussion in Sec. 4.3). The best results are highlighted with
boldface, and the second-best results are underlined.

(a) Experimental Results on EPIC-Kitchens Dataset

Method
Epic-Kitchens (Precision/ Recall/ F1 Score)

short-term middle-term long-term

X2X [35] 68.69/ 69.35/ 69.02 40.81/ 50.61/ 45.18 28.14/ 45.76/ 34.85
ConvLSTM [46] 69.02/ 69.44/ 69.22 42.72 /51.78/ 46.82 30.01/ 48.01/ 36.94
FlowTrans [22] 69.38/ 69.70 /69.54 42.90/ 52.02/ 47.02 30.19/ 47.56/ 36.94
EgoGAN (Ours) 70.89/ 71.24/ 71.07 43.79/ 53.23/ 48.05 31.39/ 48.57/ 38.14

(b) Experimental Results on EGTEA Gaze+ Dataset

Method
EGTEA (Precision/ Recall/ F1 Score)

short-term middle-term long-term

X2X [35] 42.96/ 59.32/ 49.84 38.70/ 59.89/ 47.01 36.55/ 59.67/ 45.33
ConvLSTM [46] 44.55/ 59.43/ 50.93 38.28/ 63.54/ 47.78 36.58/ 62.04/ 46.03
FlowTrans [22] 44.22/ 61.36/ 51.40 40.38/ 58.62/ 47.82 35.04/ 64.34/ 45.37
EgoGAN (Ours) 44.91/ 61.48/ 51.91 41.10/ 59.90/ 48.75 38.16/ 59.88/ 46.61

•ConvLSTM [46] uses a Convolutional LSTM to model the temporal relation-
ships of image features, and uses both the sequence of image features and the
output of the ConvLSTM module for future image segmentation.

It is worth noting that the baseline methods [35,22,46] adopt a weaker back-
bone network than ours. To show that the performance gain of our method does
not come from a stronger video feature encoder, we re-implement the above
methods with the same I3D-Res50 backbone network as ours. Moreover, both
FlowTrans and ConvLSTM assume accurate semantic segmentation of observ-
able video frames is available as input, but our model seeks to forecast future
hand segmentation using only raw video frames, and thus is a more challenging
and practical setting. In addition, accurate semantic segmentation results on
egocentric video frames are difficult to obtain due to the domain gap and lack
of training data. Therefore, for a fair comparison, we implement the ConvLSTM
and FlowTrans models to take the same input as our method. In our supplemen-
tary materials, we show that using the segmentation results from the pre-trained
segmentation network as inputs will compromise the performance of FlowTrans
and ConvLSTM.

The experimental results are summarized in Table 2. Among all baseline
methods, FlowTrans achieves the best performance for short-term anticipation.
However, it is less effective for long-term anticipation, due to the error accu-
mulation of predicted future optical flow. ConvLSTM can better capture the
long-term temporal relationship and thereby achieving the best baseline perfor-
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Fig. 3: Visualization of our results. From left to right, each column presents the
future hand segmentation results of short-term (t+∆1), middle-term (t+∆2),
and long-term(t+∆3) time steps from the EPIC-Kitchens dataset. Predictions
from our method EgoGAN and the best baseline FlowTrans are presented in
each sample. (See more discussion in Sec. 4.4)

mance for long-term anticipation. Instead of encoding the temporal connection
with recursive prediction, we found that the 3D deconvolution operation is effec-
tive for capturing the temporal correlation of anticipation video segments, and
in doing so, it helps capture the future hand masks in one shot. More impor-
tantly, our method outperforms previous best results (underlined in Table 2)
by +1.5%/1.0%/1.2% and +0.5%/0.9%/0.6% in F1 score for short/middle/long
term hand mask anticipation on EPIC-Kitchens and EGTEA, respectively. Once
again, these results demonstrate the benefits of explicitly modeling future head
motion with a GAN.
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4.4 Discussion

Visualization. We visualize the results from both our method EgoGAN and the
best baseline FlowTrans on EPIC-Kitchens in Fig. 3. Even though our proposed
problem of future hand segmentation from egocentric video poses a formidable
challenge in computer vision, our method can more accurately predict the hand
region of future frames compared to FlowTrans, together with capturing the
hand shape and poses. Notably, as the uncertainty increases with the anticipation
time, our model may produce blurry predictions, yet can still robustly localize
the hand region. The video demo in our supplementary material also suggests
that our approach can produce satisfying results even when there are drastic
hand and head movements. We conjecture that our model can better forecast
the scene context change driven by head motion, and thereby more accurately
predicts future hand masks.
Remarks. To summarize, our quantitative results indicate that future head
motion carries important information for future hand movements. We show that
explicitly modeling the underlying distribution of possible future hand move-
ments with a GAN enables the model to predict the future hand masks more
accurately. Another important takeaway is that our method is more effective
than directly using a GAN for predicting future hand masks, as reported in
Table 1. Furthermore, our visualizations demonstrate that our method can ef-
fectively predict future hand masks.
Limitations and Future Work. We also point out the limitations of our
method. Since the hand mask ground truth does not differentiate left and right
hands, our method cannot make separate predictions for the left and right hands.
Recent work [48] does have the capability of localizing left and right hand bound-
ing boxes separately during human-object interaction, and we plan to explore
this direction in our future work on visual anticipation. In addition, our work
does not explicitly exploit the action and object features for future hand predic-
tion and will leave this for our future efforts. Nonetheless, our work investigates
a novel and important problem in egocentric vision, and offers insight into visual
anticipation and video pixel generation.

5 Conclusion

In this paper, we introduce the novel task of predicting a time series of future
hand masks from egocentric videos. We present a novel deep generative model
EgoGAN to address our proposed problem. The key innovation of our method is
to use a GAN module that explicitly models the underlying distribution of possi-
ble future head motion for a more accurate prediction of future hand masks. We
demonstrate the benefits of our method on two egocentric benchmark datasets,
EGTEA Gaze+ and EPIC-Kitchens 55. We believe our work provides an essen-
tial step for visual anticipation as well as video pixel generation, and points to
new research directions in the egocentric video.
Acknowledgments. Portions of this project were supported in part by a gift
from Facebook. We thank Fiona Ryan for the valuable feedback.
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