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Abstract 

 

In this report, we present our investigations on feature 

representation, hand mask modality, past action prediction, 

and model ensemble, for the EPIC-Kitchens Action 

Anticipation Challenge. Building upon an existing action 

anticipation model, i.e., RULSTM, our framework 

effectively utilizes enhanced feature representation, gives 

more emphasis on many-shot objects, and incorporates 

additional hand mask modality. We also explore a network 

modification to capture past action prediction. 

Furthermore, to exploit all the training data and aggregate 

the complementary information from different models, we 

employ model ensemble. We achieved top-1 action 

anticipation accuracy of 16.02% for Seen Kitchens (S1), 

and 10.11% for Unseen Kitchens (S2). Our submission, 

under the team name VI-I2R, achieved 2nd place for both 

seen and unseen kitchens, in terms of top-1 action 

anticipation accuracy.   

1. Introduction 

EPIC-Kitchens [1] is a large-scale video benchmark, 

capturing daily action in-situ from egocentric perspective. 

Presenting challenges such as natural multi-tasking 

interactions, dynamic scene changes, long tail class 

distribution, unseen test environment, EPIC-Kitchens aims 

to push boundaries in fine-grained video understanding. 

There are three benchmarking challenges over seen and 

unseen kitchens: object detection, action recognition and 

action anticipation. This report details our investigation and 

approach for the action anticipation challenge. Given an 

anticipation time, set as 1 second before the anticipated 

action starts, the action anticipation challenge is to classify 

the future action into its action class (i.e., the pair of verb 

and noun classes). 

The main contributions of this report are our 

investigations on feature representation, hand mask 

modality, past action prediction, and model ensemble. Our 

investigations are based upon an existing action 

anticipation model. We examine how feature representation 

affects model performance, as well as investigate additional 

hand mask modality. To better model the dependencies of 

past and future actions, we also propose a network 

modification to jointly capture past action prediction and 

investigate its effect on action anticipation. Furthermore, to 

boost the predictive performance from the constituent 

models, we propose and exploit model ensemble. Our 

experimental results show that, while improvements to 

feature representations and modalities bring about 

performance improvement, model ensemble, which 

effectively aggregates the constituent models lead to the 

largest performance boost. 

This report is organized as follows. An overview of our 

framework is introduced in Section 2. Subsequently, feature 

representations, hand mask modality, past action 

prediction, and model ensemble are presented in Section 3. 

The experimental results are provided in Section 4, and 

conclusion is discussed in Section 5. 

2. Framework 

As shown in Figure 1, our framework is built upon an 

existing action anticipation model, Rolling-Unrolling 

LSTM (RULSTM) [2], which has shown promising 

performance on the EPIC-Kitchens dataset. The RULSTM 

model, as proposed by Antonino and Giovanni, consists of 

two LSTMs - the Rolling LSTM (R-LSTM) that encodes 

past action, and the Unrolling LSTM (U-LSTM) that 

predicts future action. The model takes in a snippet of 14 

frames before the start of the anticipated action, where the 

first six frames are used for encoding and the subsequent 

eight frames are used for prediction. We use time step of 

0.25 second following the original work.  

Existing input modalities for RULSTM consist of spatial, 

motion and object representations. The spatial and motion 

features are extracted from the pre-trained action 

recognition temporal segment network (TSN) model (with 

BN-Inception as base model) [3] on the RGB frames and 

optical flow respectively. The outputs of the extracted 

features are represented in 1024-D vectors. On the other 

hand, the object feature is represented by its detection 

confidence score, obtained from the pre-trained Faster R-

CNN model (with ResNet-101 as backbone) [4], in a 352-

D vector. The prediction scores for each modality are then 

fused with a weighted attention mechanism to obtain the 

final prediction.  

3. Methodology 

We investigate and improve on feature representation of 

existing modalities, as well as additional hand mask 

modality. Furthermore, we propose and explore modified 
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network with past action prediction. Finally, we employ 

model ensemble whereby the best validated models from  

the investigations are selected for the ensemble to obtain 

fused scores as the final prediction for the test set. 

3.1. Feature Representation 

To improve the spatial and motion feature representation, 

we investigate other pre-trained action recognition models 

for feature extraction, temporal relation network (TRN) [5] 

and temporal shift module (TSM) [6], as provided by the 

challenge organizers [7].  We train the RGB and flow 

modalities following the implementation of RULSTM, 

where each modality is pre-trained with sequence 

completion, followed by fine-tuning for action anticipation.   

We further investigate the performance of the Faster R-

CNN object detection model. As most of the active objects 

are those that are defined as the many-shot object classes, 

we propose to train our own detection model focusing on 

only the many-shot objects. To this end, the Faster R-CNN 

model is adopted to detect the many-shot objects present in 

the scene and to extract the corresponding object features. 

Specifically, we use the Faster R-CNN (with ResNet-101 

as backbone) pre-trained on the ImageNet and train the 

model on the EPIC-Kitchens object detection dataset with 

an initial learning rate of 0.003 for 10 epochs and 0.0003 

for another 5 epochs. The many-shot object features are 

extracted in the similar way as [2]. We generate the object 

features by fusing the results from the object detector for all 

classes and that for the many-shot classes. As the maximum 

fusion method outperforms the average fusion and 

concatenation method, we use the maximum fusion for the 

final model ensemble. 

3.2. Hand Mask Modality 

Apart from the existing modalities on RGB, optical flow 

and object representation, we also consider the hand’s 

positional information as another important feature that 

draws attention to the active action and object. Existing 

work by Liu et al. [8] also shares similar intuition and 

proposed to train a model that jointly predicts future hand 

motion, interaction hotspots, as well as the anticipated 

action class. Since the ground truth annotations for both the 

hand trajectories and hand-object interaction regions are not 

readily available, labour intensive manual annotations are 

required to allow supervised training. Different from the 

existing approach, we mainly focus on the surrounding 

region of the hands, and do not require manual annotation 

for our model training. 

We utilize an existing pre-trained hand segmentation 

model and apply it to the EPIC-Kitchens dataset to extract 

hand segmentations. We adopt the encoder-decoder based 

deep neural network proposed in [9] to segment the hand 

regions from the complex background in the videos. The 

encoder is SeResNeXt50 (32×4d) [10] pre-trained on the 

ImageNet dataset and the decoder is Feature Pyramid 

Network (FPN) aiming to utilize the features at multiple 

scales for more robust hand mask prediction. We train this 

network on the Extended GTEA Gaze+ dataset [11], which 

contains cooking activities from 86 unique sessions of 32 

subjects. The model is trained with an initial learning rate 

of 0.001 for 60 epochs and 0.0001 for another 40 epochs. 

With the trained model, we extract the hand masks of all the 

frames. 

 
Figure 1: Overview of our framework with four input modalities: RGB, flow, object and hand mask. Prediction scores from each 

branch are fused for the final prediction. 
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To generate the surrounding region of the segmented 

hands, we first dilate the hand mask with a kernel size of 

80, followed by applying a Gaussian filter of size 40. This 

outputs a weighted mask where higher attention is given to 

regions nearer to the hands, while further boundaries have 

lower attention. The output mask is then mapped onto its 

corresponding RGB frame such that the surrounding scene 

and potential active objects that appear near the hands can 

be observed, as shown in Figure 2. We then encode these 

hand-attended regional frames using the same approach as 

our RGB feature extraction. The extracted hand-masked 

feature, represented in 1024-D, is added as the fourth input 

modality for our framework.  

3.3. Past Action Prediction  

In this section, we propose to improve the network for 

better learning on past action dependencies. As 

understanding past actions and predicting future events are 

both important tasks for action anticipation, we propose to 

modify the existing network to perform multi-task 

classification, which jointly predicts both past and future 

action classes.  

To obtain the annotations for the past action labels, we 

assume the segmented actions in each video are in 

sequential order, and the past action happens within the 

range of the encoding frames (3.5seconds before the start of 

the anticipated action). For each video, the first action 

segment has the same annotation for its past and future class 

labels. This assumption allows us to have past action labels 

for all the video segments to ease our model training. 

However, in the actual case, some of the action segments 

could be overlapped, not in sequential order or the gap 

between two segmented actions could be far apart. 

For multi-task classification, the first six encoding 

frames are used for past action prediction, while the 

subsequent eight anticipated frames are used for predicting 

anticipated action. We design the model to learn different 

past action label for each modality. The spatial branch is 

used to predict the past action, the motion branch is used for 

past verb prediction, while the object branch is used for past 

noun prediction. The prediction scores for each modality 

are then fused with an attention weight when training with 

the fusion model. During training, we optimize the 

weighted loss function of the past action and the anticipated 

action predictions. The weights are defined according to the 

proportion of the encoding frames and anticipated frames, 

which are 6/14 and 8/14 respectively. An overview of our 

improved architecture with past action prediction is shown 

in Figure 3. 

3.4. Model Ensemble 

To fully utilize all the training data and achieve effective 

model selection, we generate five sets of training/validation 

splits and train one model on each set. For testing, we carry 

out model ensemble by averaging the prediction scores 

from each of the five models. Meanwhile, to take advantage 

of the complementary information learned from different 

models, we ensemble the results from models trained with 

different features and networks using averaging and 

ranking. For ranking, final score S is calculated as: 

𝑆 =∑
𝑊𝑖

𝑅𝑎𝑛𝑘𝑖

𝑛

𝑖=1
 ,  

where 𝑊𝑖  is the weight assigned to model 𝑖, 𝑅𝑎𝑛𝑘𝑖  is the 

class ranking number of model 𝑖, and 𝑛 is the number of 

models for ensemble. In this report, 𝑊𝑖 is set as 1.  

4. Experiments 

4.1. Feature Representation 

In our experiment, we study the performance of the RGB 

and flow modalities using features extracted from pre-

trained multi-scale TRN (M-TRN) (base model BN-

Inception) and TSM (base model ResNet-50). We use the 

same training/validation split as RULSTM and present the 

comparison of the top-5 action class accuracy in Table 1. 

As M-TRN can effectively encode frame relation at 

multiple time scales, it provides more discriminative 

representation for action anticipation. Hence, we choose to 

replace the feature extractor of RGB and optical flow to M-

TRN, while preserving the input dimension of 1024. 

4.2. Hand Mask Extraction 

For our hand mask experiment, we tested on features 

extracted from the masked RGB after applying the hand 

mask transformation. The masked RGB with original hand  

 
Figure 2: Illustration of masked RGB with transformed hand mask segmentation. 
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mask is also presented as a baseline for comparison. Table 

2 presents the top-5 action class accuracy for the validation 

set using different masked RGB features. 

 The model fusion takes four modalities: TSN RGB, TSN 

flow, object and hand mask. From the presented results, we 

observe that applying larger kernel sizes for dilation and 

Gaussian filtering perform better than the original masked 

RGB. This may be attributed to the larger seen area 

surrounding the hands, which brings more attention to 

current active action and nearby potential active objects.     
 

Table 2: Validation results for masked RGB with hand mask.  

 

4.3. Past Action Prediction 

Our improved architecture with past action prediction is 

trained using the same strategy as the original network. To 

compare its performance with the existing model, we use 

the same feature extractor as in Table 1. Each branch is 

trained to jointly predict the past action label (verb/ noun/ 

action) and action anticipation. The validation results are 

shown in Table 3.  Similar to the results shown in Table 1, 

M-TRN feature performs the best among the three feature 

extractors. In overall, our improved architecture shows 

slight improvements over the baseline as seen in the fusion 

results across the three models.   

4.4. Model Ensemble 

The models trained under different settings are fused 

using two different model ensemble techniques: averaging 

and ranking. Specifically, four models are trained: 

 Model A: the baseline network trained using baseline 

RGB, flow and object features; 

 Model B: the baseline network trained using our 

improved RGB, flow and object features; 

 Model C: the baseline network trained using our 

improved RGB, flow, object and hand mask features; 

 Model D: our improved network trained with the 

baseline RGB, flow and object features. 

The ensemble models are submitted to the server for 

evaluation on the testing dataset.   

 
Figure 3: Improved architecture for multi-task learning. Each modality is trained to predict past action/verb/noun and action 

anticipation. 

 
Table 1: Comparison of top-5 action class accuracy for different feature extractors: TSN, M-TRN and TSM. 

Feature Extractor Base model Input size 
Modality 

Fusion 
RGB Optical flow 

TSN (baseline) BN-Inception 1024 30.67 21.30 34.35 

M-TRN BN-Inception 1024 35.10 21.70 37.59 

TSM Resnet-50 2048 16.45 10.46 30.69 

 

 

Masked 

RGB 
Dilation 

kernel 
Gaussian 

kernel 
Single 

modality Fusion 

Handmask_

original 
- - 16.71 36.87 

Handmask_

d40 
40 - 26.17 37.01 

Handmask_

d40g20 
40 20 26.83 37.33 

Handmask_

d80g40 
80 40 30.29 37.71 
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Table 4: Anticipation accuracies of the ensembles of different models on the testing dataset, including two different settings: Seen 

Kitchens (S1) and Unseen Kitchens (S2). 

 

The results are shown in Table 4. For simplicity, we 

compare the performance of different ensembles in terms of 

the top-1 accuracy on the testing set. From the table, the 

ensemble of models A and B with ranking gives slightly 

better results than that with averaging on both seen and 

unseen kitchens settings. Compared with the ensemble of 

models A and B with ranking, the ensemble of models A 

and C with ranking gives 0.01% performance gain in seen 

kitchens setting while much lower accuracy in unseen 

kitchens setting. We also submitted the ensemble of models 

B and D with ranking. However, it produces the worst 

results among the four ensembles. In summary, the best 

model is the ensemble of models A and B with ranking and 

therefore we select it as our final submission to the 

leaderboard.  

5. Conclusion 

In this report, we investigated the improvement of the 

RULSTM architecture for action anticipation task in three 

aspects, namely, enhanced feature representation, 

additional hand modality, and incorporation of past action 

prediction. Furthermore, we employed model ensemble to 

make full use of the training data, as well as, combine the 

complementary information from different models. 

Experimental results show that significant performance 

improvement can be achieved for individual modalities 

compared to the baseline, although the degree of 

improvement tends to diminish after the fusion of multiple 

modalities. With further performance boost by model 

ensemble that effectively aggregates the constituent models, 

our method achieves highly competitive results on the 

leaderboard. 
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