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Abstract

This report describes our submission to the EPIC-
Kitchens Challenge 2024, including Action Recognition,
Action Detection, and Audio-Based Interaction Detection.
Our key findings are: (1) Ensembling different models im-
proves the action recognition task, (2) Hybrid temporal
causal modeling is important for egocentric action detec-
tion, and (3) A one-stage action detection framework can
provide a strong baseline for audio-based interaction de-
tection. We achieved st place in all three tasks. Our code
is available at https://github.com/sming256/
OpenTAD.

1. Introduction

Action Recognition, Action Detection, and Audio-Based
Interaction Detection are three critically important tasks es-
sential for automatic video or audio processing and even
multi-modal learning. Action recognition aims to classify
videos into given action categories. Action detection seeks
to localize action instances and then recognize correspond-
ing categories in untrimmed videos. Audio-Based Interac-
tion Detection, however, aims to map audio inputs to the
corresponding action labels. Many previous works have
explored these three areas, but few have focused on the
egocentric setting. Hence, the EPIC-Kitchens dataset [4],
which has diverse verb, noun, and action categories, re-
mains a significant challenge.

For the Action Recognition task, our solution builds on
InternVideo2 [9] and LAVILA [11]. We explore the training
process and ensemble policy to obtain strong top-1 accu-
racy. We first fine-tune the pretrained InternVideo2 model
separately on the verb and noun subsets, resulting in two
strong action recognition models. To further improve the
action accuracy, we explore different ensemble strategies.
Finally, we use a simple but effective ensemble method that
aimed to increase the diversity of model predictions. We
ensemble models with different training targets, i.e., mod-
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els trained to predict verb and noun labels or directly predict
the action label. We also ensemble models with different ar-
chitectures (InternVideo2 and LAVILA). Our ensemble pol-
icy ultimately achieves a top-1 action accuracy of 57.9% on
the test set, securing first place in the competition, which is
1.1% ahead of the second-place result.

For Action Detection, our approach is built on Action-
Former [10] and implemented under the OpenTAD [6]
framework. We train the InternVideo2 separately on verb
and noun subsets and use them to extract noun and verb
features. To capture long-range temporal relationships, we
further propose the hybrid causal block to aggregate the for-
ward and backward information. Our approach results in
an average mAP of 31.97% on action task, which is 5.75%
higher than the second place.

We also select ActionFormer [10] as the base method for
the Audio-Based Interaction Detection track. We achieve
first place with an average mAP of 14.82%, surpassing the
second place by 3.42% average mAP.

2. Action Recognition

A robust action recognition model is crucial for downstream
tasks, such as action detection. Therefore, we devote con-
siderable effort to obtaining a strong recognition model.
Our solution first trains the recent InternVideo2 [9] model
on the verb and noun subsets and combines the predictions
to get the final action scores. Subsequently, to improve ac-
tion recognition accuracy, we explore the ensemble strategy
and achieve the first place with a 57.9% top-1 accuracy.

2.1. Method

To obtain a strong action recognition model, we use
two recently proposed action recognition methods, Intern-
Video2 [9] and LAVILA [11]. InternVideo2 proposes a
progressive learning paradigm, which includes unmasked
video token reconstruction, multimodal contrastive learn-
ing, and next token prediction training stages. LAVILA,
on the other hand, proposes enhancing representations by
leveraging pre-trained large language models. We select In-
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ternVideo2 as our base model for fine-tuning. The LAVILA
model is only used to obtain prediction results to enrich the
prediction diversity for the model ensemble process. In-
ternVideo?2 is pretrained on a hybrid dataset, K-Mash 1.1M,
which contains 1.1M video clips. The model is then fine-
tuned on the Kinetics700 [2] dataset. We further fine-tune
the model on the EPIC-Kitchens 100 [4].

Fine-tuning InternVideo2 on EPIC-Kitchens Action
Recognition. We fine-tune the action recognition model
with the pretrained InternVideo2,-1B. Following previous
experience in the action detection area, we first fine-tune
the model on the verb and noun subsets individually, re-
sulting in two individual action recognition models. Action
scores are obtained by combining the prediction results of
the verb and noun models. To enhance the model prediction
diversity of the ensemble process, we also fine-tune another
InternVideo2 model to predict action labels directly. For
simplicity, the models will be referred to as InternVideo2g) -
1Bgep and InternVideo2g;-1By, respectively.

We select the training hyper-parameters on the verb and

noun training set, and perform fine-tuning directly on the
training plus validation set of EPIC-Kitchens 100 with the
searched hyper-parameters. For each video, we use sparse
sampling to sample 16 frames, and the short edge of sam-
pled videos is resized to 288. Then, we perform the center
crop on these resized videos. The model is fine-tuned for 10
epochs with a batch size of 128. We use AdamW as the op-
timizer with a 0.05 weight decay, an initial learning rate of
le-4, and we use the cosine learning rate decay strategy. We
also warm up the model for 3 epochs. During the inference,
we sample 4 segments and 3 crops for each video.
Model Ensemble. We use a simple but effective ensemble
method to enhance model accuracy. For models trained to
predict action labels directly, i.e., the LAVILA model and
InternVideo2g;-1B,; model, we directly use the 3806-dim
predictions. As for InternVideo2;-1By.,, we first select the
scores of the possible 3806 actions from the 97 x300-dim
action probability matrix and then normalize the scores. Fi-
nally, we obtain the prediction results by weighted summa-
tion of these predictions from different models.

2.2. Results

Model accuracy on the validation set. Firstly, we show
the verb & noun top-1 accuracy of our used models on the
validation set in Table 1. The LAVILA-L model, which
is obtained from the official GitHub repo, could achieve
65.4% top-1 noun accuracy and 73.0% top-1 verb accuracy.
Our finetuned InternVideoZ2s -1Bg, can achieve 70.5 % top-
1 noun accuracy and 77.6 top-1% verb accuracy, surpassing
the previous SOTA by a large margin.

Model accuracy on the test set. Table 2 summarizes the
accuracy of our models on the EPIC-Kitchens test set. Our
fine-tuned InternVideo2-1Bs., achieves top-1 noun accu-

Table 1. Results of Top-1 accuracy on the validation set of
EPIC-Kitchens 100 action recognition task.

Model Noun Verb

LAVILA-L 65.4 73.0
InternVideo2s;-1Bscp 70.5 77.6

racy of 68.4%, top-1 verb accuracy of 73.5%, and top-1 ac-
tion accuracy of 55.3%. By employing model ensembling,
we secure first place with a top-1 action accuracy of 57.9%.

In Table 2, Ensemble 1 refers to the combination of
InternVideo2,-1Bgep, InternVideo2s(-1B,e, and LAVILA-
L models, each contributing equally with a weight ratio of
1:1:1. Additionally, we observe that ten epochs were in-
sufficient for the InternVideo2;-1B,., model, prompting us
to fine-tune another model of the same type for 20 epochs.
Ensemble 2 and 3 incorporate these four action recognition
models, differing only in their weighting ratios. Ensemble 2
utilizes an equal weighting of 1:1:1:1. For Ensemble 3, we
adjust the weights by reducing that of InternVideo2;- 1B,
and increasing the weight of InternVideo2;-1Bgep, resulting
in a final ratio of 0.3:0.225:0.225:0.25.

Table 2. Results of Top-1 accuracy on the test set of EPIC-
Kitchens 100 action recognition task.

Model Action Noun Verb
InternVideo2;-1Bsep 55.3 68.4 73.5

Ensemble 1 57.6 - -
Ensemble 2 57.7 - -
Ensemble 3 57.9 - -

3. Action Detection
3.1. Method

Temporal Action Detection (TAD) is a fundamental task in
understanding long-form videos, aimed at localizing candi-
date actions in untrimmed videos and predicting their start
times, end times, and categories. In our submission, we uti-
lize a feature-based TAD pipeline that encompasses feature
extraction and action detection.

Feature Extraction. We employ the VideoMAE-L model
and InternVideo2,;-1B as the video encoding backbones.
Both models undergo self-supervised pretraining followed
by supervised fine-tuning on the Kinetics-700 dataset.
Given the substantial domain difference between the third-
person perspective videos used in pretraining and the ego-
centric videos in our tasks, we further fine-tune the models
on the EPIC-Kitchens action recognition tasks, detailed in
Section 2. The noun and verb subsets are fine-tuned sepa-
rately, and then we use a sliding window approach to extract
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Figure 1. Hybrid Causal Block.

snippet features, with each snippet spanning 16 frames and
a stride of 8 frames between consecutive snippets.
Improved Detection Baseline. Our detection model is
based on ActionFormer, a simple yet effective one-stage ac-
tion detection framework. We optimize the model’s hyper-
parameters, including the number of feature pyramid levels,
the regression loss weight, the probability of input channel
dropout, and the number of training epochs, thereby estab-
lishing a stronger baseline for action detection.
Bidirectional Temporal Causal Modeling. In Action-
Former, a local transformer is used to integrate temporal
context. Drawing inspiration from recent advancements
such as VideoMambaSuite [3], which recommends using
Mamba for video understanding tasks, we introduce a hy-
brid causal block, depicted in Figure 1. This block con-
sists of both a self-attention module and an SSM (State-
Space Model) module, facilitating causal modeling from
both forward and backward directions. In the hybrid causal
block, input projectors are learned separately in each di-
rection, while the query, key, and projection layers and
SSM modules share parameters for two directions. Hy-
brid causal block not only preserves the benefits of SSM
and self-attention but also enhances the capability to cap-
ture long-range temporal relationships, providing a signifi-
cant improvement over both ActionFormer and VideoMam-
baSuite.

3.2. Results

Our results on the validation subset are summarized in Ta-
ble 3. It is important to note that the models for noun and
verb recognition are trained separately. Initially, by op-
timizing the hyper-parameters of the detection model, we

Table 3. Results on the validation set of EPIC-Kitchens 100
action detection task. The noun and verb models are trained sep-
arately, and we report the average mAP.

Method Feature Noun Verb
ActionFormer VideoMAE 28.73  28.61
Improved Baseline VideoMAE  30.21 30.08
Mamba VideoMAE  30.51 30.35
Hybrid Causal Block ~ VidleoMAE  30.96 30.83
Hybrid Causal Block  InternVideo2 37.02  33.08

achieve an increase in mAP for both noun and verb tasks.
Replacing the local transformer with either Mamba or our
proposed hybrid causal block further improves the detection
performance, affirming the efficacy of bidirectional tempo-
ral causal modeling for temporal aggregation in TAD tasks.

he conclusive results for noun, verb, and action tasks
on the validation and test subsets are reported in Table 4.
To construct the action labels, we select the top-10 noun
classes and top-10 verb classes for each timestamp and cal-
culate their product to establish candidate action probabil-
ities. And Soft-NMS [1] is applied to eliminate redundant
proposals. Using the above action labels, the detection per-
formance for the noun and verb tasks decreases by approx-
imately 2-3% mAP, which indicates a potential conflict be-
tween the two tasks. For example, the mAP for the noun
task decreased from 37.02% to 34.44% on the val subset,
and for the verb task, it dropped from 33.08% to 27.67%.
Ultimately, we achieve an average mAP of 31.97% on the
action task in the test set.



Table 4. Results on the EPIC-Kitchens 100 action detection task. All results on the test set are evaluated on the test server.

. mAP@tIoU
Split Method Feature Task 01 02 03 0.4 05 Avg,
Verb 3273 31.60 29.13 26.74 23.67 28.77
Ours 2023 Submission [10]  VideoMAE [7,8] Noun 31.32 29.70 27.25 2532 2133 2698
Val Action 2573 2498 2372 2246 19.11 23.20
Verb  31.05 2996 28.02 25.75 23.60 27.67
Ours 2024 Submission [10]  InternVideo2-1B Noun 39.36 37.78 35.53 3212 2742 3444
Action 33.01 32.03 30.28 27.86 2498 29.63
Verb  31.01 30.04 28.01 2544 2232 27.36
Ours 2023 Submission [10]  VideoMAE [7,8] Noun 30.32 2876 27.20 2428 20.74 26.26
Test Action 2554 2454 2316 21.04 18.35 22.52
Verb 3579 3410 3048 28.02 24.73 30.02
Ours 2024 Submission [10]  InternVideo2-1B Noun 40.66 38.62 36.31 32.54 2798 35.22
Action 36.09 34.69 32.67 2991 26.50 31.97

4. Audio-Based Interaction Detection
4.1. Method

Audio-based interaction detection aims to localize candi-
date actions within untrimmed videos, emphasizing audio
cues as the primary indicators of target actions. Following
the detection methodology outlined in Section 3, we use Ac-
tionFormer as the baseline model and incorporate the hybrid
causal block for enhanced temporal modeling. Uniquely,
rather than relying on the InternVideo2 features, we priori-
tize audio cues, utilizing the Audio-SlowFast model [5] for
feature extraction. Audio-SlowFast is a dual-stream convo-
lutional network designed for audio recognition, processing
time-frequency spectrogram inputs, and pretrained on the
EPIC-Kitchens action recognition task.

4.2. Results

Our implementation is based on OpenTAD framework [6].
We present the results of our audio-based interaction detec-
tion in Table 5. Compared to the baseline, which uses the
ActionFormer, we improve the average mAP from 7.35% to
14.82%. This significant enhancement confirms the effec-
tiveness of our detection model, establishing a solid base-
line for audio-based interaction detection. With stronger au-
dio features and additional visual features, we expect higher
detection performance.

5. Conclusion

In this report, we present our solution for action recogni-
tion, temporal action detection, and audio-based interaction
detection in egocentric videos. By harnessing the stronger
video backbones and capturing long-range temporal causal
relationships, we have successfully established a new state-
of-the-art, achieving first place in the three respective tracks
of the EPIC-Kitchens 2024 challenges. We hope that our

Table 5. Results on the EPIC-Kitchens 100 audio-based inter-
action detection task. All the methods use the Audio-SlowFast
feature for fair comparison. [5]

Method Subset 0.1 0.2 0.3 0.4 0.5 Avg.
Ours Val  16.85 15.64 14.60 1299 11.22 14.26
Baseline  Test 9.57 851 738 622 505 735
Ours Test 19.81 17.24 14.82 12.48 9.74 14.82

approaches and findings can shed light on the field of long-
form egocentric video understanding.
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