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 A B S T R A C T

Recognizing human activities from visual inputs, particularly through a first-person viewpoint, is essential for 
enabling robots to replicate human behavior. Egocentric vision, characterized by cameras worn by observers, 
captures diverse changes in illumination, viewpoint, and environment. This variability leads to a notable 
drop in the performance of Egocentric Action Recognition models when tested in environments not seen 
during training. In this paper, we tackle these challenges by proposing a domain generalization approach for 
Egocentric Action Recognition. Our insight is that action sequences often reflect consistent user intent across 
visual domains. By leveraging action sequences, we aim to enhance the model’s generalization ability across 
unseen environments. Our proposed method, named SeqDG, introduces a visual-text sequence reconstruction 
objective (SeqRec) that uses contextual cues from both text and visual inputs to reconstruct the central action 
of the sequence. Additionally, we enhance the model’s robustness by training it on mixed sequences of actions 
from different domains (SeqMix). We validate SeqDG on the EGTEA and EPIC-KITCHENS-100 datasets. Results 
on EPIC-KITCHENS-100, show that SeqDG leads to +2.4% relative average improvement in cross-domain action 
recognition in unseen environments, and on EGTEA the model achieved +0.6% Top-1 accuracy over SOTA in 
intra-domain action recognition. Code and Data: Github.com/Ashayan97/SeqDG
1. Introduction

Egocentric vision offers a unique (first-person) perspective to cap-
ture human activities, which serves as a foundational tool in many 
fields, including assistive technologies [1] and robotics applications [2]. 
Among many egocentric vision tasks [3], Egocentric Action Recognition 
(EAR) represents a crucial component to build comprehensive models 
of human actions.

A major challenge in deploying action recognition models in the 
real-world lies in their ability to generalize to environments and sce-
narios that significantly differ from those seen during training (domain 
shift) [4,5]. Indeed, EAR models often become overly dependent on 
specific environmental cues present in the training data [6], which 
could limit their ability to recognize actions when performed in new, 
unseen environments [7]. Moreover, unique behavioral traits may 
influence the way similar actions are performed and add an extra layer 
of complexity in action recognition. A key insight we can leverage 
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to improve generalization is that human actions do not occur in 
isolation but sequentially and are naturally goal-driven [8], making 
action sequences crucial to understanding individual actions [9]. By 
exploiting the additional context provided by surrounding actions, 
we can in turn reduce the impact of confounding factors, such as 
changes in the environment or user behavior. As an example, consider 
two people preparing an omelet, each in their own kitchen, generally 
perform the same steps, one after the other: they take eggs from the 
refrigerator, break them, add spices or other ingredients, and finally fry 
the omelet. Kitchens and users may be different, but the steps needed to 
prepare the omelet are the same. A similar example is shown in Fig.  1: 
despite different contexts, the sequence of actions – opening the fridge, 
picking up milk, opening the lid, and pouring milk – are the same. We 
validate these observations by looking at the number of repeated action 
sequences in one of the most significant egocentric vision datasets, 
EPIC-KITCHENS-100 [10]. Samples are annotated with a Verb and a
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Fig. 1. Egocentric Action Recognition (EAR) models struggle in classifying the same 
action when it is performed in different environments (top). Despite different visual 
contexts, the sequence of actions – opening the fridge, picking up milk, opening lid and 
pouring milk – remains consistent. Thus, considering previous and subsequent actions 
within a sequence proves beneficial for improving cross-domain robustness of the EAR 
models.

Noun label, as well as their combination, indicated as Action. Actions 
are recorded in 45 different kitchens, by 37 different participants. De-
spite the large diversity in environments and participants, we observe 
a significant number of repeated action sequences: out of 32k samples, 
5882, 4649, and 1852 sequences of length up to 5 are repeated for the 
Verb, Noun, and Action categories, respectively (Fig.  2).

In this work, we claim that action sequences can help generalization 
in two ways: (i) although the specific execution can differ – such as 
how eggs are cracked or ingredients are mixed – the overall sequence of 
actions forms consistent patterns across different subjects; (ii) because 
these sequences are independent of the environment’s layout or appear-
ance, they can be used to adapt to and recognize individual actions 
in visually diverse scenarios, mitigating the negative effect of domain 
shift. We hence propose SeqDG, a Domain Generalization method for 
EAR that leverages the similarity of action sequences across different 
visual domains to improve the generalization of action recognition 
models. SeqDG integrates SeqRec, a visual-text sequence reconstruc-
tion objective that utilizes contextual information from both text and 
visual modalities to reconstruct a sequence’s masked action. This serves 
as a proxy task that explicitly pushes the model to capture temporal 
dependencies and relational cues across the sequence. In addition, we 
introduce SeqMix, a data augmentation technique that mixes actions 
that share the same label but come from different domains to make the 
model more robust to visual changes.

We note the distinction of Domain Generalization (DG) from the Un-
supervised Domain Adaptation (UDA) setting, where unlabeled target 
samples are available during training [11–13]. We do not only demon-
strate the advantages of our approach for cross-domain generalization 
but also outperform standard UDA methods and advanced sequence-
based solutions, despite not accessing target data during training.

In summary, we present the following contributions:

• we highlight the role of action sequences in cross-domain EAR, 
guided by the principle that human actions follow patterns that 
are repeated across different environments;

• we propose SeqDG, a DG approach for EAR combining a visual-
text reconstruction objective with mixed sequences across dif-
ferent domains, to encourage the model to better exploit action 
sequences;

• we validate SeqDG on EGTEA and EPIC-KITCHENS-100, observ-
ing SOTA performance and demonstrating that effective usage of 
sequence helps EAR in unseen domains.
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Fig. 2. Number of repeated Verb, Noun and Action sequences in the EPIC-KITCHENS-
100 dataset. For each sequence length, we report the number of sub-sequences of any 
smaller (or equal) length that repeat across domains.

2. Related works

2.1. Egocentric action recognition

CNN-based approaches for EAR can be divided into two main cat-
egories, using either 3D [14,15] or 2D [16,17] convolutions. The goal 
is to adapt CNNs to the temporal nature of the videos, allowing for 
better modeling of the temporal context, which is crucial for many 
tasks, e.g., action segmentation [16,18] and action recognition [19,20], 
specifically in EAR setting [9,21]. Additionally, various approaches in 
EAR have explored integrating multiple modalities, a common strat-
egy in video understanding to enhance model robustness [22,23]. For 
instance, some works focus on the fusion of audio and visual informa-
tion [24–26]  or other non-audiovisual modalities, like IMU [27].  More 
recently, transformer-based approaches have been proposed to model 
temporal relations through self-attention [28].  They also improved the 
processing of different modalities – especially text – enabling the use 
of both vision and text to enhance long-term video understanding [29]. 
In most EAR approaches, actions are classified independently, i.e., 
the temporal context from surrounding actions is not considered. In 
contrast, sequence-based approaches [9] integrate temporal context to 
improve action recognition. We design SeqDG on the intuition that 
temporal context may help EAR models, leveraging text to represent 
action sequences in a domain-agnostic way.

2.2. Domain adaptation and generalization

Unsupervised Domain Adaptation (UDA) combines training on la-
beled source data with unlabeled target data to align their represen-
tations. In adversarial approaches, alignment is achieved using adver-
sarial classifiers. Among these, TA3N [30] uses multiple adversarial 
branches to align the distributions at different temporal scales, while 
MM-SADA [11] learns to align source and target distributions and fea-
tures of different modalities. Similarly, CIA [31] combines adversarial 
training with a gating mechanism to leverage cross-modal synergies. 
Other works explored contrastive alignment across different modalities 
and domains [13] or category-aware alignment [12].

Domain Generalization (DG) learns robust domain-agnostic rep-
resentations without target data. VideoDG [32] aligns local tempo-
ral features across domains as they generalize better compared to 
global features. RNA [33] introduces a cross-domain and cross-modality 
norm alignment loss to learn equally from all domains and modali-
ties. EgoZAR [5] proposes leveraging domain-agnostic representations 
of the specific locations associated with particular actions (activity-
centric zones) to enhance the generalization across different environ-
ments. CIR [4] implements cross-instance reconstruction of each video 
representation from other domains videos.

Previous works in DG/UDA investigated EAR on individual actions. 
Here, we study a new paradigm for DG in EAR that leverages action 
sequences, exploiting the observation that they repeat in different 
domains in accordance with the user’ intentions, and may help EAR 
models in unseen environments.
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Fig. 3. SeqDG architecture. We are given visual and textual inputs 𝑿𝑉  and 𝑿𝑇 . A 
classification token 𝙲𝙻𝚂 is appended to the visual input for classification. Visual inputs 
are fed to an encoder 𝙴𝙽𝙲𝚅, resulting in intermediate visual embeddings 𝒁𝑉

𝑖 , while 
textual features are passed through an identity function to get 𝒁𝑇

𝑖 . The latter are 
masked (𝒁̄𝑉

𝑖  and 𝒁̄𝑇
𝑖 ) and fed to two separate decoders 𝙳𝙴𝙲𝚅 and 𝙳𝙴𝙲𝚃 for visual and 

text reconstruction (𝑟𝑉  and 𝑟𝑇 ). The transformed 𝙲𝙻𝚂 token 𝒁𝒗
𝟎∶𝟏 is fed to classifier 

ℎ for action classification (𝐶 ).

2.3. Masked Autoencoders for video applications

Masked Autoencoders (MAEs) [34] learn to reconstruct missing 
parts of input data, which demonstrates to be an effective pre-training 
objective for various downstream tasks, with applications also to videos
[35,36] and multi-modal vision-language inputs [37]. Most related to 
our work is Voltron [38], which reconstructs video patches at the pixel 
level conditioned by textual narrations and generates captions for input 
clips. Unlike previous approaches, which reconstruct masked inputs 
at the pixel level [35–38], SeqDG is designed to reconstruct masked 
actions in a sequence to achieve high-level reasoning about human 
activities. 

3. Proposed method

Our goal is to increase the robustness of action recognition models 
in the presence of domain shift, by leveraging the similarity of action se-
quences across different domains. Relying solely on visual information 
might be problematic as visual data is susceptible to variations that may 
not be related to the actions themselves, e.g., different environments, 
backgrounds, lighting conditions, etc. In contrast, textual narrations are 
less tied to the domain and inherently more robust to domain shift [4]. 
We propose a visual-text sequence reconstruction objective (SeqRec, 
Section 3.2), that reconstructs a masked action of the sequence using 
the information of surrounding actions from both the text and visual 
modalities. Additionally, we train the network with sequences that 
combine actions from various domains (SeqMix, Section 3.3). This 
approach is designed to explicitly model different distributions of ac-
tions within sequences during training, thereby increasing performance 
on out-of-distribution test data. We call our overall approach SeqDG. 
Formally, we define SeqDG as a Domain Generalization approach for 
EAR, in which the model is trained on action samples from a set of 
𝑁𝑠 different source domains {𝑠

1,… ,𝑠
𝑁𝑠

} and evaluated on a set of 𝑁𝑡
unseen target domains {𝑡

1,… ,𝑡
𝑁𝑡
}, under the assumption that there is 

no overlap between the different domains. An illustration of the overall 
method is shown in Fig.  3.

3.1. Leveraging sequences of actions

SeqDG leverages sequences of actions rather than individual actions 
to mitigate the negative effect of domain shift: instead of relying 
solely on the visual content of a single clip, which may be affected 
by confusing cues such as unfamiliar backgrounds, occlusions, or user-
specific behavior, the model can reason about the relations between the 
215 
different actions in the sequence to infer the correct action. We define 
an action sequence 𝑖 as the ordered set of 𝑊  actions centered around 
action 𝑎𝑖, represented by: 

𝑖 = {𝑎𝑖−𝑊 ∕2,… , 𝑎𝑖,… , 𝑎𝑖+𝑊 ∕2}, (1)

where each action is a tuple 𝑎𝑖 = (𝑣𝑖, 𝑡𝑖, 𝑦𝑖, 𝑑𝑖) consisting of a video 
clip 𝑣𝑖 of  frames, a free-form text narration 𝑡𝑖 as a textual description 
of the action, an action label 𝑦𝑖, and 𝑑𝑖 identifies one of the 𝑁𝑠/𝑁𝑡
source/target domains, respectively.

We use pre-trained and frozen visual and text features extractors 
on the video clip 𝑣𝑖 and text narration 𝑡𝑖 to obtain the visual 𝑿𝑉

𝑖 ∈
R𝑊 ×𝐷𝑉  and textual 𝑿𝑇

𝑖 ∈ R𝑊 ×𝐷𝑇  features for each action 𝑎𝑖 in the 
sequence. Here, 𝑊  represents the length of the sequence, and 𝐷𝑉
and 𝐷𝑇  correspond to the feature size for the visual and textual input 
respectively.

To encourage the model to share information between the actions 
in the sequence, we exploit the self-attention mechanism of trans-
formers [39], which naturally models relations between elements in 
a sequence. These are built as a stack of multi-head attention, feed-
forward (FF) layers, residual connection, and normalization layers 
(LN).

Let 𝑯 𝑙 be the features encoded at the 𝑙th layer. Features produced 
at each layer of the transformer encoder are: 
𝑯 𝑙

𝑎𝑡𝑡𝑛 = 𝙻𝙽(𝑓𝑆𝐴(𝑯 𝑙) +𝑯 𝑙), (2)

𝑯 𝑙+1 = 𝙻𝙽(𝙵𝙵(𝑯 𝑙
𝑎𝑡𝑡𝑛) +𝑯 𝑙

𝑎𝑡𝑡𝑛), (3)

where 𝑓𝑆𝐴(⋅) is the self-attention operator defined as: 

𝑓𝑆𝐴 = 𝜎

(

𝑞(𝑯 𝑙)𝑘(𝑯 𝑙)
√

𝐷

)

𝑣(𝑯 𝑙), (4)

where 𝑞, 𝑘 and 𝑣 are learnable projections, 𝐷 is the size of the input 
features and 𝜎(⋅) is the softmax function.

We feed 𝑿𝑉
𝑖  to a vanilla transformer encoder 𝙴𝙽𝙲𝚅 to aggregate 

information from all the actions in the sequence. As transformers 
are permutation invariant, we employ positional encoding to preserve 
information about the order of actions in the sequence. These are 
learnable vectors 𝑝 ∈ R𝑊 ×𝐷𝑝 , which are added to the action features to 
indicate their absolute position inside the sequence. Finally, we append 
a learnable classification token to the end of the sequence, denoted as 
𝙲𝙻𝚂 ∈ R𝐷𝑉 , as in [9]. The inputs 𝑿𝑉

𝑖  and 𝑿𝑇
𝑖  are transformed as follows: 

𝒁𝑉
𝑖 = 𝙴𝙽𝙲𝚅

(

[𝑿𝑉
𝑖 + 𝑝𝑖, 𝙲𝙻𝚂]

)

,

𝒁𝑇
𝑖 = 

(

𝑿𝑇
𝑖
)

,
(5)

where 𝒁𝑉
𝑖 ∈ R(𝑊 +2)×𝐷 and 𝒁𝑇

𝑖 ∈ R𝑊 ×𝐷 are the final output embed-
dings encoding the relationships between different actions in the se-
quence and  indicates the identity function. This process is illustrated 
in Fig.  3.

3.2. Sequence reconstruction

We mask the visual or textual features of the central action in the 
sequence and learn how to reconstruct it using the surrounding actions. 
As shown in Section 4.5, this increases the benefits of using sequences 
across domains. Formally, given the visual 𝒁𝑉

𝑖  and textual 𝒁𝑇
𝑖  features, 

we zero out the central actions: 
𝒁̄𝑉

𝑖 = {𝑧𝑉𝑖−𝑊 ∕2,… , 𝑧̄𝑉𝑖 ,… , 𝑧𝑉𝑖+𝑊 ∕2},

𝒁̄𝑇
𝑖 = {𝑧𝑇𝑖−𝑊 ∕2,… , 𝑧̄𝑇𝑖 ,… , 𝑧𝑇𝑖+𝑊 ∕2},

(6)

where 𝑧̄𝑉𝑖  and 𝑧̄𝑇𝑖  represent the masked features. Two separate trans-
former decoders, 𝙳𝙴𝙲𝚅 and 𝙳𝙴𝙲𝚃, are trained on 𝒁̄𝑉

𝑖  and 𝒁̄𝑇
𝑖  to recon-

struct the original visual and textual input 𝒁𝑉
𝑖  and 𝒁𝑇

𝑖  respectively. 
We learn to reconstruct the masked visual features with the guidance 
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Fig. 4. SeqMix. Given a sequence from domain 𝑑𝑖, we replace action 𝑎𝑖 in the sequence 
with a different action 𝑎𝑗 from another sequence belonging to a different domain 𝑑𝑗 .

of the unmasked textual features and vice versa. To do this, during the 
decoding process, the masked visual features are combined with the 
unmasked textual features using a cross-attention mechanism [39]. The 
resulting reconstructed vectors 𝒁̂𝑉

𝑖  and 𝒁̂𝑇
𝑖  are: 

𝒁̂𝑉
𝑖 = 𝙳𝙴𝙲𝚅(𝒁̄𝑉

𝑖 ,𝒁
𝑇
𝑖 ), 𝒁̂𝑇

𝑖 = 𝙳𝙴𝙲𝚃(𝒁̄𝑇
𝑖 ,𝒁

𝑉
𝑖 ). (7)

In the decoding stage, each decoder layer operates similarly to Eqs.  (2) 
and (4), where 𝑓𝑆𝐴 is replaced by the cross-attention operator 𝑓𝐶𝐴. At 
each visual and text decoder layer 𝑲 𝑙

𝑉  and 𝑲 𝑙
𝑇 , cross-attention 𝑓𝐶𝐴 is 

defined as: 

𝑓𝐶𝐴(𝑲 𝑙
𝑉 ,𝑲

𝑙
𝑇 ) = 𝜎

(

𝑞(𝑲 𝑙
𝑉 )𝑘(𝑲

𝑙
𝑇 )

√

𝐷

)

𝑣(𝑲 𝑙
𝑉 ) (8)

where 𝑞, 𝑘 and 𝑣 are learnable projections of the input features, 𝑲 𝑙
𝑉

and 𝑲 𝑙
𝑇  are features decoded at the 𝑙th layer by the visual and textual 

decoder respectively, 𝐷 is the size of the input features and 𝜎(⋅) is 
the softmax function. The decoders 𝙳𝙴𝙲𝚅 and 𝙳𝙴𝙲𝚃 are trained by 
minimizing the L2 distance between the original and the reconstructed 
visual features (𝑟𝑉 ) and the cross-entropy loss between reconstructed 
textual features and the original text narrations (𝑟𝑇 ) respectively.

Alternative strategies could be employed to integrate visual and 
textual modalities in the reconstruction process, for example, by con-
catenating their embeddings or by using co-attention. We opt for cross-
attention as it can be integrated nicely in SeqDG architecture by adding 
cross-attention layers after each decoder layer. This way, each decoder 
layer implements temporal reasoning over the sequence independently 
within each modality, while cross-attention allows modalities to peek at 
each other. This approach effectively integrates cross-modal cues in the 
reconstruction process, without explicitly mixing the two modalities, 
which might hurt the unimodal reconstruction objective of SeqDG.

3.3. SeqMix: Sequence mix augmentation

Sequences 𝑖 are composed of actions from the same video, thus 
sharing a similar visual appearance of the environment. We generate 
new ‘‘mixed sequences’’ of actions from different source domains to 
train the network. The rationale behind this approach is to increase 
the diversity of the training sequences, thereby enhancing the model’s 
ability to generalize to sequences from different domains [40].

During training, given an action sequence 𝑖, we randomly replace 
(with probability 𝑝 = 0.5) an action 𝑎𝑖 in the sequence with a different 
action 𝑎𝑗 from another sequence 𝑗 . The two actions are from different 
visual domains but share the same action label: 
(𝑎𝑖, 𝑎𝑗 ) ∶ 𝑑𝑖 ≠ 𝑑𝑗 ∧ 𝑦𝑖 = 𝑦𝑗 (9)

where 𝑑𝑖, 𝑑𝑗 and 𝑦𝑖, 𝑦𝑗 are the domain and action labels of the two 
samples respectively. Both 𝑑𝑖 and 𝑑𝑗 are domains from the source split 
of the dataset, i.e. 𝑑𝑖, 𝑑𝑗 ∈ {𝑠

1,… ,𝑠
𝑁𝑠

}. An example of SeqMix is 
shown in Fig.  4.
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3.4. Training losses

For action recognition, we add a classification head, denoted as 
ℎ, which receives the transformed classification token 𝒁𝑣

0∶1 as input, 
producing the action classification logits 𝑦̂𝑖 as output: 

𝑦̂𝑖 = ℎ(𝒁𝑣
0∶1). (10)

The classification head is trained using cross-entropy loss on the central 
action of the sequence (𝐶 ) using the corresponding ground truth 
label 𝑦̂𝑖,  while the visual and textual reconstruction losses (𝑟𝑉 , 𝑟𝑇 ) 
are defined as the mean squared error loss between the reconstructed 
features 𝒁̂𝑉

𝑖  and 𝒁̂𝑇
𝑖  and the original unmasked features 𝒁𝑉

𝑖  and 
𝒁𝑇

𝑖 , respectively. The network is trained jointly using the sum of the 
classification and reconstruction losses. Overall, the training objective 
of SeqDG is defined as: 
 = 𝐶 + 𝜆𝑟𝑉 𝑟𝑉 + 𝜆𝑟𝑇𝑟𝑇 (11)

where 𝜆𝑟𝑉  and 𝜆𝑟𝑇  weight the two reconstruction losses for the visual 
and textual features.

3.5. Inference

The encoder–decoder architecture, trained with text narrations 
through the reconstruction task, encourages the visual encoder 𝙴𝙽𝙲𝑉
to more effectively integrate information from surrounding actions. At 
test time, sequences made of only video clips 𝑣𝑖 are processed by the 
visual encoder 𝙴𝙽𝙲𝑉  and classifier ℎ. The prediction is performed on the 
central action and a sliding window mechanism is used for sequential 
testing. Textual annotations are not used at inference time.

4. Experiments

4.1. Datasets

We evaluate SeqDG on the UDA benchmark of the EPIC-KITCHENS-
100 dataset [10], a large collection of human activities recorded in 
a kitchen environment. EPIC-KITCHENS-100 provides over 100 h of 
videos recorded in 45 different kitchens. The dataset consists of two 
splits, source and target, containing labeled and unlabeled samples 
respectively, with videos captured in distinct environments by different 
participants, thus making the shift between the two splits particularly 
significant. Each visual domain 𝑖 in the dataset corresponds to a 
different kitchen in which actions were collected. Actions are annotated 
with (verb, noun) pairs from a set of 97 verbs and 300 nouns. Models 
are evaluated in terms of Top-1 and Top-5 accuracy for Verb, Noun and 
Action predictions. The latter is a combination of the Verb and Noun 
labels and is used to evaluate the ability of the network to predict both. 
We also evaluate SeqDG on the EGTEA [42] dataset, which consists of 
28 h of videos with about 10k annotated actions from a set of 106 
labels. Videos are captured by 32 subjects over 86 unique sessions, 
which makes it a valuable testbed to evaluate the better generalization 
offered by sequence-based reasoning. 

4.2. Setting

For EPIC-KITCHENS-100, we consider two different experimental 
settings. In the Intra-Domain setting, the train and validation/test sam-
ples are from the same visual domains, i.e. clips have been recorded in 
the same kitchens in both splits, whereas, in the Cross-Domain setting, 
they are from different kitchens (location shift) or from the same kitchen 
but recorded after a long temporal interval of several years (temporal 
shift). In this setting, we further distinguish between UDA methods that 
use unlabeled target data during training and DG methods that only 
learn from source data.
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Table 1
Experimental results on the EPIC-KITCHENS-100 [41] UDA benchmark, comparing both UDA and DG methods in the Cross-Domain setting (target validation 
set). Models are evaluated in terms of Top-1 and Top-5 Verb, Noun and Action accuracy (%). For each method, we indicate with ▴  the improvement over 
the Source Only.
Method Backbone Sequence Modalities Top-1 accuracy (%) Top-5 accuracy (%)

RGB Flow Audio Verb Noun Action Verb Noun Action

UDA

Source Only TBN-TRN [24] – 3 3 3 46.7 27.8 19.2 75.4 48.3 42.2
TA3N [30] TBN-TRN [24] – 3 3 3 48.5 28.9 19.6 (▴ +0.4) 76.0 50.1 43.4 (▴ +1.2)
Source Only TBN-TRN [24] – 3 3 3 47.1 27.4 19.0 75.3 49.4 41.8
MM-SADA [11] TBN-TRN [24] – 3 3 3 48.4 28.3 19.3 (▴ +0.3) 77.6 50.6 43.4 (▴ +1.6)
Source Only TBN-TRN [24] – 3 3 3 47.6 28.4 19.6 – – –
CIA [31] TBN-TRN [24] – 3 3 3 48.3 29.5 20.3 (▴ +0.7) – – –

Source Only TBN-TRN [24] – 3 3 3 46.7 26.7 18.2 75.3 48.4 41.3
RNA [33] TBN-TRN [24] – 3 3 3 50.8 29.1 20.0 (▴ +1.8) 80.8 52.1 46.0 (▴ +4.7)

DG

Source Only TBN-TRN [24] – 3 3 3 47.2 27.4 19.0 75.3 49.4 41.8
MM-SADA (SS) [11] TBN-TRN [24] – 3 3 3 47.8 27.9 19.2 (▴ +0.2) 77.1 49.8 42.9 (▴ +1.1)
Source Only TBN-TRN [24] – 3 3 3 46.7 26.7 18.2 75.3 48.4 41.3
RNA [33] TBN-TRN [24] – 3 3 3 50.7 27.9 19.8 (▴ +1.6) 80.6 51.3 45.3 (▴ +4.0)
Source Only TBN-TRN [24] – 3 3 3 49.0 29.1 19.4 80.7 52.4 45.8
CIR [4]a(No text) TBN-TRN [24] – 3 3 3  49.4 29.1  19.4 (▴ +0.0)  80.6 53.4 46.8 (▴ +1.0)
CIR [4]a TBN-TRN [24] – 3 3 3 48.8 29.0 19.4 (▴ +0.0) 81.0 53.2 46.9 (▴ +1.1)
Source Only TBN-TRN [24] – 3 3 3 49.0 29.1 19.4 80.7 52.4 45.8
EgoZAR [5] TBN-TRN [24] – 3 3 3  50.0 29.5  20.3 (▴ +0.9)  81.1 53.6 46.9 (▴ +1.1)
Source Only TBN-TRN [24] 3 3 7 3 38.3 22.4 14.3 72.3 42.6 36.4
MTCN [9] TBN-TRN [24] 3 3 7 3 39.8 25.5 14.8 (▴ +0.5) 75.0 46.6 40.0 (▴ +3.6)
Source Only TBN-TRN [24] 3 3 7 3 38.7 23.8 14.8 75.3 45.3 38.8
SeqDG TBN-TRN [24] 3 3 7 3 41.3 26.8 16.9 (▴ +2.1) 75.8 48.7 41.5 (▴ +2.7)
Source Only TBN-TRN [24] 3 3 3 3 46.4 26.6 18.2 76.8 51.9 42.2
SeqDG (No text) TBN-TRN [24] 3 3 3 3 47.5 28.9 19.5 (▴ +1.3) 78.9 50.6 44.1 (▴ +1.9)
SeqDG TBN-TRN [24] 3 3 3 3 49.1 29.8 20.6 (▴ +2.4) 79.7 52.6 45.8 (▴ +3.6)

a Reproduced results from [5].
4.3. Implementation details

For EPIC-KITCHENS-100, we use pre-extracted features using the 
TBN [24] architecture pre-trained on the source split of the dataset, 
which are the ones officially provided for that setting [41]. Features 
are extracted from 25 uniformly sampled clips for each input action and 
have dimension 1024. For EGTEA, we use the SlowFast [15] pre-trained 
features released by the authors of MTCN [9] for a fair comparison 
with previous methods. These features are extracted from 10 clips 
for each action and have dimension 2304. For EPIC-KITCHENS-100 
experiments, we sample 5 clips out of the 25 available, while all 10 clips 
are used for EGTEA. A Temporal Relation Network (TRN) [43] layer is 
used to summarize information across different clips for each action. 
For text, we use the provided narrations from the EPIC-KITCHENS-100 
dataset, which consists of simple verb and noun combinations. 

We encode the narrations using the BERT pre-trained model [44]. 
Textual features have size 768. To align the sizes of the textual and 
visual features, we project the latter using a fully connected layer with 
output size 768. For EPIC-KITCHENS-100, we use separate classifica-
tion tokens for the Verb and Noun labels and apply the cross entropy 
classification loss to each. SeqDG is trained with the SGD optimizer, 
batch size 32 and learning rate 0.005. Training lasts 100 and 50 epochs 
for EPIC-KITCHENS-100 and EGTEA respectively. Learning rate is de-
creased by a factor 10 at epochs 50 and 75 for EPIC-KITCHENS-100, 
and at epochs 25 and 38 for EGTEA.

4.4. Comparison with state-of-the-art

In line with previous works [31,33], we report each method with 
the corresponding baseline reported in the original paper, indicated as
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Source Only, which allows to compare relative improvements of each 
method.

Cross-Domain Analysis. We compare in Table  1 SeqDG with previous 
state-of-the-art methods in UDA and DG on the EPIC-KITCHENS-100 
dataset. For a fair comparison, we include results across all modalities, 
i.e., RGB, Optical Flow, and Audio, and results on RGB and Audio 
only, to fairly compare with MTCN [9]. TA3N [30], MM-SADA [11] 
and CIA [31] use data from the target domain to perform adversarial 
domain alignment. RNA [33] learns to align features from differ-
ent modalities and domains. Additionally, CIR [4] and EgoZAR [5] 
can only use source train data, where CIR represents an action as a 
weighted combination of actions from other scenarios and locations and 
EgoZAR extracts domain-agnostic representations for activity-centric 
zones. SeqDG demonstrates better or comparable performance than 
these methods, in terms of both absolute accuracy and relative improve-
ments compared to the baseline of each method, i.e., the corresponding 
Source Only. In particular, when considering the combination of verb 
and noun (Action accuracy), SeqDG achieves 20.6% accuracy, while the 
best performing method, EgoZAR, achieves 20.3%.

When looking at relative improvements with respect to the Source 
Only, SeqDG improves by up to 2.4%, while the method with the high-
est improvement in this case, RNA, improves by up to 1.8%. Overall, 
we observe that SeqDG performs best in the Noun and Action metrics, 
with state-of-the-art Top-1 accuracy. Slightly lower improvements are 
observed in the Verb metrics, where RNA achieves slightly better results 
(50.8% vs. 49.1%). Intuitively, we observe that manipulated objects 
tend to remain the same between consecutive actions. For example, 
an apple is first washed, then peeled and finally cut. Differently, verbs 
may be more diverse and their temporal order may vary, making 
the reconstruction objective more challenging. Note that, unlike these 
methods, SeqDG does not use the target domain and can also work with 
only one modality, differently from multi-modal approaches like RNA.
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Table 2
Results on the Intra-Domain setting of EPIC-KITCHENS-100 using RGB and Audio 
modalities.
 Method Top-1 Acc. (%)
 Backbone Verb Noun Action 
 Source Only TBN-TRN [24] 60.0 42.8 30.8  
 MTCN [9] TBN-TRN [24] 60.6 48.2 33.0  
 MTCNa [9] TBN-TRN [24] 61.5 49.3 34.3  
 Source Only TBN-TRN [24] 60.1 42.8 31.1  
 SeqDG TBN-TRN [24] 63.9 49.1 36.1  
 SeqDGa TBN-TRN [24] 63.6 49.7 36.3  
a Test time predictions filtering using a LM [9].

Table 3
Results on the EGTEA dataset in terms of Top-1 accuracy (%) and Mean Class accuracy 
(%).
 Method Backbone Top-1 Mean class 
 Acc. (%) Acc. (%)  
 Kapidis et al. [45] MFNet [46] 68.9 60.5  
 Lu et al. [47] I3D [14] 68.6 60.5  
 SlowFast [15] SlowFast [15] 70.4 61.9  
 Min et al. [48] I3D [14] 68.5 62.8  
 Shiota et al. [49] SlowFast [15] 69.3  60.9  
 MTCN [9] SlowFast [15] 72.5 64.8  
 SeqDG SlowFast [15] 74.0 66.5  
 MTCNa [9] Slowfast [15] 73.5 65.8  
 SeqDGa Slowfast [15] 74.1 66.9  
a Test time predictions filtering using a LM [9].

Table 4
Ablation study on the different components of SeqDG on EPIC-KITCHENS-100both on 
RGB-only and all modalities (RGB, Flow, Audio).
 Setting Seq. SeqMix 𝑟𝑉 𝑟𝑇 Top-1 Acc. (%)
 Verb Noun Action 
 RGB-only – – – – 33.5 21.6 11.6  
 RGB, Flow, Audio – – – – 46.4 26.6 18.2  
 RGB-only 3 – – – 32.9 22.7 12.0  
 RGB, Flow, Audio 3 – – – 46.6 28.1 19.3  
 RGB-only 3 3 – – 33.9 23.2 12.1  
 RGB, Flow, Audio 3 3 – – 47.5 29.1 19.7  
 RGB-only 3 3 3 – 33.5 23.7 12.4  
 RGB, Flow, Audio 3 3 3 – 47.9 28.6 19.8  
 RGB-only 3 3 – 3 34.2 23.6 12.2  
 RGB, Flow, Audio 3 3 – 3 47.7 29.2 19.8  
 RGB-only 3 3 3 3 34.3 24.2 12.8  
 RGB, Flow, Audio 3 3 3 3 49.1 29.8 20.6  

The closest approach to SeqDG is MTCN [9]. Despite not being 
designed for Domain Generalization, its sequence-based architecture is 
similar to ours. We compare MTCN and SeqDG using the same set of 
modalities, i.e. RGB and Audio. The small improvements of MTCN in 
the Cross-Domain setting compared to its baseline (+0.5%) show that 
naively using information from neighboring actions is not sufficient 
across different domains. Instead, SeqDG is built to explicitly exploit 
action sequences to improve generalization, which results in consistent 
improvements over MTCN (14.8% vs. 16.9%).

Finally, to demonstrate that the improvements of SeqDG are not 
merely due to the integration of text in the reconstruction process, we 
also include a variant of our approach that does not use text entirely 
(SeqDG (No text)). We observe that even this variant of SeqDG signifi-
cantly improves over the baseline (+1.3%), underlining the importance 
of exploiting action sequences in a cross-domain scenario.
Intra-Domain Analysis. In Table  2 we also evaluate the performance 
of SeqDG in the intra-domain setting of EPIC-KITCHENS-100, i.e. the 
visual domains are shared between the source and target domains. This 
setting better highlights SeqDG’s improvements in exploiting action 
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Table 5
Multi-modal performance of SeqDG on EPIC-KITCHENS-100.
 Setting Modalities Top-1 Acc. (%)
 RGB Flow Audio Verb Noun Action 
 Source Only 3 – – 33.5 21.6 11.6  
 SeqDG 3 – – 34.3 24.2 12.8  
 Source Only 3 3 – 42.1 24.3 15.3  
 SeqDG 3 3 – 45.0 28.4 18.0  
 Source Only 3 – 3 38.7 23.8 14.8  
 SeqDG 3 – 3 41.3 26.8 16.9  
 Source Only 3 3 3 46.4 26.6 18.2  
 SeqDG 3 3 3 49.1 29.8 20.6  

Table 6
Comparison of different LMs for SeqDG(RGB-only).
 Language model Top-1 Acc. (%)
 Verb Noun Action 
 CLIP [50] 34.4 23.2 12.3  
 MiniLM [51] 34.8 23.6 12.4  
 BERT [44] 34.3 24.2 12.8  

Table 7
Comparison of different visual backbones for SeqDG on EPIC-KITCHENS-
100 [41] using RGB and Flow modalities.
Method Backbone Top-1 accuracy (%)

Verb Noun Action

Source Only TSN-TRN [16] 44.0 25.7 15.8
SeqDG TSN-TRN [16] 46.0 27.4 17.6 (▴ +1.8)
Source Only I3D-TRN [14] 46.9 25.8 16.6
SeqDG I3D-TRN [14] 48.7 28.7 19.3 (▴ +2.7)
Source Only TSM-TRN [17] 45.7 26.5 17.0
SeqDG TSM-TRN [17] 48.5 28.3 19.4 (▴ +2.4)
Source Only TBN-TRN [24] 42.1 24.3 15.3
SeqDG  TBN-TRN [24] 45.0 28.4 18.0 (▴ +2.7)

sequences for action recognition, even when domain shift is not present. 
Due to the similarity that exists between MTCN and SeqDG in using 
sequence, we compare SeqDG with MTCN using the same modalities, 
i.e. RGB and Audio. Additionally, MTCN uses  Language Model (LM) at 
test time to filter predictions by looking for the most likely sequence 
using the top-k predictions for each action. To ensure a fair comparison, 
we adopt the same approach at test-time for both MTCN and SeqDG, 
which we refer to as MTCN† and SeqDG†. Overall, SeqDG outperforms 
MTCN by 3.1% when not using text information at test-time, and by 
2% when using it. We observe that the effect of filtering predictions at 
test time using text is more limited with SeqDG† compared to MTCN†, 
indicating that the network has already learned to effectively use text 
in the reconstruction process.

We report in Table  3 results of SeqDG on the EGTEA dataset. SeqDG 
outperforms all existing methods, achieving SOTA results on both Top-
1 accuracy (%) and Mean Class accuracy (%). Also in this setting, we 
observe limited benefits by filtering predictions at test time using text, 
which further confirms SeqDG learns to effectively exploit text during 
its training process. Most notably, SeqDG without filtering outperforms 
MTCN with predictions filtering.

4.5. Ablations

SeqDG components. In Table  4, we illustrate the impact of the dif-
ferent components of SeqDG. Specifically, we compare the use of 
sequences and individual actions for action recognition, the effect of 
SeqMix, and the two cross-modal reconstruction losses, 𝑟𝑉  and 𝑟𝑇 . 
We find that using sequences improves results by 1.1% using RGB-only, 
and 1.5% with all modalities (RGB, Flow, and Audio) on Nouns and 
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Table 8
Ablation study of different sequence lengths on Top-1 accuracy (%) for action 
classification of EPIC-KITCHENS-100 (RGB-only) using SeqDG.
Method Seq. Length Top-1 accuracy (%)

Verb Noun Action

Source Only 1 33.5 21.6 11.6
SeqDG 3 34.0 (▴ +0.5) 23.2 (▴ +1.6) 12.1 (▴ +0.5)
SeqDG 5 34.3 (▴ +0.8) 24.2 (▴ +2.6) 12.8 (▴ +1.2)
SeqDG 7 34.8 (▴ +1.3) 23.3 (▴ +1.7) 12.6 (▴ +1.0)

Fig. 5. Parameter analysis of the weights associated with the visual and textual 
reconstruction losses of SeqDG on EPIC-KITCHENS-100 (RGB-only).

0.4% using RGB-only, and 1.1% with all modalities (RGB, Flow, and 
Audio) on Action. SeqMix further improves results for both Verbs and 
Nouns by up to 1%. Mixing actions from different sequences is a key 
component of SeqDG to improve generalization, as it encourages the 
encoder to focus more on the semantics of the actions rather than their 
visual appearance, which is more dependent on the domain. Using the 
reconstruction losses on textual features (𝑟𝑇 ) and visual features (𝑟𝑉 ) 
further improves performance.
Ablation on different modalities. Other modalities, such as Audio 
and Optical flow, may also experience domain shift in forms other than 
visual appearance. For example, objects’ shape and material may affect 
how interactions are captured by optical flow and audio, respectively. 
We show the multi-modal performance of SeqDG in Table  5, observing 
even larger performance improvements compared to the single modal-
ity setting. This not only indicates that our approach can be easily 
extended to other modalities, but also shows that the complementary 
information brought by them helps in the reconstruction process.
Language Model. We evaluate different Language Models for Se-
qDG(RGB only) to extract the textual features used in the reconstruction 
process in Table  6. Despite the LMs having very different model sizes, 
we observe comparable results for Verb and Noun accuracy. We remark 
that text is only used to guide the reconstruction, but it is not part of 
the inference process.
Backbone. In Table  7, we present the results of SeqDG on TSN [16], 
I3D [14], TSM [17], and TBN [24], using the same subset of modalities 
(RGB, Flow) available for all models to ensure a fair comparison. For 
each backbone, we compare the performance of the Source Only base-
line with SeqDG. Critically, across all backbone architectures, SeqDG 
consistently outperforms the Source Only baseline, highlighting that the 
method is effective and agnostic to the specific visual encoder used.
Sequence length. In Table  8, we analyze the performance of SeqDG 
with different sequence lengths (𝑊 ). We observe the best performance 
with 𝑊 = 5. With shorter sequences, the model receives limited 
temporal information from both past and future actions. Conversely, 
increasing the sequence length beyond a certain point may not con-
sistently improve performance, as it can introduce misleading actions 
that are weakly related to the target action and the overall sequence 
context, making them less useful for sequence reconstruction (SeqRec).
Variation on hyper-parameters Fig.  5 shows the effect of different 
loss weights for the visual and textual reconstruction losses, when one 
of two is fixed and the other is varying. Overall, we observe the best 
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performance when  the losses weight is equal to one (𝜆𝑟𝑉 = 𝜆𝑟𝑇 =
1.0). These results can be interpreted as higher weights for the SeqRec 
components, leading to less focus on classification, while the lower 
values for 𝜆𝑟𝑉  and 𝜆𝑟𝑇  reduce the knowledge distillation capability of 
SeqDG.

5. Conclusion and future works

In this work, we propose a method that leverages sequence consis-
tency across diverse environments to improve generalization in ego-
centric action recognition tasks. We validate the effectiveness of our 
approach through extensive experiments on widely-used egocentric 
action recognition datasets, achieving state-of-the-art performance. Fu-
ture work could focus on identifying action patterns of varying lengths 
that generalize well across different scenarios while distinguishing user-
specific behaviors. This would enhance our model’s adaptability to 
more dynamic environments.
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